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ABSTRACT
Datawary, Valuedriven: Teacher Attitudes, Efficacy, and Online Acces$iataBased
Decision Making

Michael Aaron Hawn

How do teachers use online student assessment 8idtadl districts invest increasimgsources
in online system$or reporing and analying studentassessment datget few studies describe
thedirect use obuchapplicationsor explorehow these sgtems relatéot e a ¢ prafesssodal
roles,data use attitudesy data usefficacies. This dissertation applidsarninganalytics
methods for log file argsis and visual data analytics to explore élxéensivevariation in

t e a c h e e datBusedahdviors and attitudes/er sk months in one urban secondary school.
Descriptive statistics andsualizations obnline usage over timdemonstratstrong
connedbnsbetweerteachergonline behaviorandcommonorganzational factorssuch as
schod level (middle vs. high schoalrontent areaand requiredraining Correlational evidence
suggestshat data use Heefficacies havetronger relationships to online usangeneral data
use attitude Hierarchi@l cluster analysis heatmajpse usedo identify novel subgroups of
teacher online data use behaviors and attituidesse gploratory findings are used to generate
datause dashboarder schootbased leadershgnd anexpanded determinant framewddk the
adopton ofonline assessment sgats Combiningdataintensivemethods wth theoretical
framewnorksfor selfefficacy,technology acceptancandusediffusion, this dissertatioraims to
describeherich variation inteachesbonline data use and attituges wel asproductively

inform the padice andstudyof databasel decision makig in schools.
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Over the &st two decades, increased publicartability for schmls and the expansion
of largescale, networked student datstemshave encouragedsetof schoolmanagement and
instructional straégies grouped werthe lroad heading of dataseddecision makng (DBDM)
(Halverson, 2014)The No Child Left Behind Act d2004 fomalized a structure for that
acountability and preided focus fothe expansionfdaistrict-wide student data sisns
(Marsh, PaneandHamilton, 2006) This alignment of a government mandgiablic
accountability) and technologid®ols (largescak data systemgyovided motivéion and
capabilityto capture combire, anddistribute an unprecedented amount otalen students
(Bowers, Sbho,andBarnett, 2014)

Administratorsand teachers arew inundated bylata from studat information systems,
assessnrd sysems, behaor tracking systems, and instrucaiab software, as welas by streams
from more traditional data sources, sucheasher bservation and gradin@landnachand
Jackson, 2012Broady speaking, DBDM initiatives attempt to leverage smmultiple streams
of data in order to improve educational decisioaking proceses andutcomesThe 2014
Learning Andytics Workgroup, oganized by Staford University addressd the following core
educationalchain ge: At he gr o wtnisupasks the aapery toimake sethae of&t i o
and to employ insights derivable fnadhedad a t o g u i (fea, 2@l4, p.@Thisc e s 0
challenge of datis frequently investigated at largede, across disticts or stategPea, 2014)
However, the samehallenge existstahe local leel, as schoolsrad teaches attempt to engineer
interfacedor convertingaflood of data into reas@d and efective acton.

In the face of increased accountability for student@uts, tlese improved, datbased
decisimsd madeat any leveéfrom the clasroom to the disictd hawe been singled out by

multiple stakehalers as a silver bullet for educatabmmprovement, resiting in myriad
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management and instructional initiatiyaswell asa wide range of commercial assegent
products Sclool leaders antkachers have avked exénsively to leverage tiafor

accountabity purposes and to shift schoolern decison-makingcultures based on professional
intuition to cultures based aollabaative discourse around eviden@owers et al., 2014)0f
course, this dft in epistemology presents a vayietf chalenges to shools, in everything from
an increased need for dditeracy amongteachergMandinachandGummer, 2013)o

heightened expedians for studenperformance.

Unfortunately, the exgrtation of data usén the classroom has far outstripped the
evidence or even ¢hinvesigation of its impact. Researaisehave largely faesed on the
potential of data slage, wilh much less attentiorivggn to explorilg and testing the subsequent
teacheland student outcomesssociated with that usaf@oburnandTurner,2012) Where
resarchers have smpted to capte the peential of multiple andlense streamd student data,
results have been nmad, and aitcomes redting data usage to teacher and student outcomes have
been paiculady difficult to pin down(Mandinachand Jackson, 2012)At the time of the2009
IES Practice Guide, the level efidencefor recomnendingDBDM practices was low, even for
such basic recommertitans asimakedata part of an ongoing/cle of instructioal
improvemend prévide suppats thatfoster a datalriven cdture within theschoolo o r
surprisingly, even foarecommendation agundamentah sdevilopand maintain a districtwide
data syst m@Hamilton et al, 2009) Aimog a decad after this report, thpractice oDBDM,
while effectively changing the tue of pedagogicatonversation nationwid@andinachand
Jackson2012) has yet taatherevidene sufficient tofully justify its potential forimproving

studen learning.
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For those who see tmayriad possbilities for using evidence tomprove decisioamaking
in schools, thisveaknes®f evidence calls out for furén investigation. lds data usagensply
hadtoo little timeto iterate, improve,ral add to studdmains? Have studies failed to catu
key pats of theDBDM process? Or, does currddBDM practice have limited inget on
students footherreasons not yeinderstood?

If this disconnecbetween tle expetations d DBDM and its outcomesontinues
eduational leaders will face an eventusgdlemate and theiown, datadriven decisionshould
they cut their losses arstiep bak from this promising intersectn of evidence, amgsis, and
instruction?Or, shauld theydig deeper into the bakiors and attitdes ofteacher86 pr act i ce a
broade their analysis ofstudent outcomes? Given the difficulties in finding cleagaff for
databaseddecision making, merexploratory works needed to aerve andnalyz teaches 6
interactions with di@ and to placthese interactions within the largeeb of relevant
organizationaland teacher factor§owards this end,ask threeresearh questions about
e d u c aattitodesstadvards datand theironline use of anassessent system.

Purpose ofStudy and Reseech Questions

Applying learning analycs socal-cognitive thery, and technology acceptance models
| examine how tachersusedata in one urban sendary schogldescribingtherelationshifs
betweertheir attitudestowards data use anlddir actuabehaiorsin anonline system for
viewing and intelacting with student assessment daifdis study proceeds from the pait that
teachers and adminiators come to schools witlasred and compix experiencedeelings,
attitudes, and aptites around the eof evidence and particularly aroutite useof quantitative
metrics. What is under investigation here is the int#ige/interface between certaigpes of

testing data, teéice r s 6 ¢hatdam anslsommd relgant attitudes that tehers holdlt is



hoped that investigating these farstcan lead toimproved sipports forteachers in accessing and
usingstudent pgormancedata

InStudy 1: Expgir i ng T e ac h e of StddenDesing Date, | Wil sexeamine
software usage logwith approachedevdoped bythe learning analyticcommunity to beter
understad the patterns of system usage practicetebghersvithin an orine platform for
student testing data will summarize and visu&e usagdogsusing avariety of desadptive
techniques in o to address thgquestion:

(R1) To what extentandin what wayg do teachers use lore data and assessment tools?

Study 2: ConnectingTeache Data UseAttitudesand Efficacy td@Online Data Us will
explore elationsh ps b et we allneuseolstdbnetessng datand their sé-repated
persgectives ondai use, includingheir general dttudes towards data uysself-efficacy
regardingdatause, and related aspectstefiching sekefficacy. Study 2will address these
research qusions:

(R2) What attitudes do teachers have towadds use?

(R3)Towhatexe nt a r e data asa atthudeas,seéhnology aceepe sdf-efficacy,

androlesrelated to their onlinaseof student teshg date?

While limiting investigationto one uban secondary kool hindersthe generalizability o
these stuibs,that sameimitation comes vith the opportunity to describe and goretea c her s 6
online usage ahattitudestowards data witin a rich sclool-level contex, oftenunavailable in
largerscale studies. Téngoals of this study argothexploratory andapplied to inform future
studiesby descriling the variabilitywithin one schol and in the procesgo developpractical

methoa toinform school-baseddecisons.



Research Context

Study land Study 2 arbased orog file data and teacher sieysfrom an urban

seconary schoolm New York Stateln 201516, themost recat schod year with available

data,ProgressSecondarnschml (a pseudonymserved approxnately500 students in the 6th

through 12th graelandwas divided into a middle anddh schoolwith segarate pincipals.The

demographic makeup of the student batlyided betweermiddle (grales 68) and high school

(grades 912), is represeted inTablel below.As indicatel, Progress Secoady seved ahigh

need populabn of studentscross several demographic areas.

Tablel

Student Demographics at Pmags Secondary

School Level
Middle Sdool High Schol Whole School
n=~250 n=~250 n=~500
Student Demographic % % %
Male ~60 ~60 ~60
Female ~40 ~40 ~40
African-American ~50 ~60 ~60
Hispanic ~50 ~40 ~40
Asian ~0 ~0 ~0
White ~0 ~0 ~0
English Language Learner ~10 ~0 ~10
Economically Disdvantged ~90 ~80 ~90




The middle and high schoadds Progress Secondantilized seprate assesments and
assessment schedules veell asdifferent methods foorganizing class schedules, tdeer
meetings, ad teacher assignmextb classesSame of heserelevant differenes are described
below.

Middle school structure and assesmsent. Each graden the middle school was divided
into homerom graupings of studets who taveled together to class for mosof the school day.
Students attended @classsin double periodswo to four times a week, with each single
period lasting pproximaely fifty minutes.To accommodate the neeafsSpecid Education
studentssomeclasses were taught by-teachers, with.earning Specialists providing additial
support to individuak andsmall groups of studentStudents also attendeths&sin physical
educdion, the arts, and Spanish. Eackek several pards were set &de forastructured
program inindependent redng, as well as fointentionallygroupedremediation programs in
math and reading.

Teachers were organized into grdeeel teans, which metmultiple times a week for
planningaround wholeclass and individal studeninstruction. For thenost partteacters in the
middle schootaught within onegrade with the same tema of ELA, Math, Science andSocial
Studiesteachers seragthe sudents bone gradeSeveral teachers wenewly-hiredatthe
beginning othe 201516 school year, andeseral teaching @sitions in the middle schoalere
hdd by long-term substitutethroughout the year

The middle schoatompletedhree inteim tesing sessinsduringthe 201516 school
year,with onegradeleveltest in Emglish Larguage Arts (ELA) andmotherin math fo each

session. Each testing sessinduded a dfferent mix of mutiple choice and constructed



response items drawn fromgtatatetests ad item banks. Additionally, the milte school
admnistered weeklyprogressnonitoring quizzes ifELA and a computeadaptive assessment in
reading ananath three timesover the cowe of the year.

High school structure and assessmentThe ProgressSeconday High School was
organized along ore traditionalines, with cla&ses meéaig one period (appromiately fifty
minutes) a day, five days a wealosthigh sclool classesvere taughby a single teachewith
someclassexo-taught to accommodatkd need®f Special Education studengsn additiona
academic adgiory meetingvasheld one a week for high schbstudentsHigh school teachers
were organized intbothcontentarea andjrade teams, both of which megeklyfor planning
purposes.

Thehigh schal administered four sessions of interimtbeg for studets enrolled in
classes with culminatel in a NewYork State Regats exam. Additional schoolwide
assesmerts included an inbrmal reading inventory administered at the beginning of the choo
year ad the same computer adaptive assessmedthysthe middleschool, but ont
adminigered once at the end the year.

Student data systems School data a®ragressSemndarywas hosed in separate online
systemswhich made it difficult foteaches toaacess some assessment data @ahy combne
data from diferent system$or analysis. TheStudent Information System () itself wasalso
extremely siloedto the cegree that bas data categories like discipline records and grades could
not becombinal for analysis. Additional data was storatlananaged in aitiple systems
including separate online systsfor computeradaptive testing, interim assessngnt
indepandent readin@ssessmenspecial education data and services, and behaviotsraed

demerits Additional studentand clasdevel data were storckand managed #iinthes c he® ol 6



Google Apps foEducation sysm, on a variety of ad hoc spreaddis and dcumentsOther
l'imitations on t he maubded adk dusabifiyrfoe teaehens, datkiofo n o f
flexibility to visualize data, ahlack of a usdke systenfor easily communicatig reports to
teachers.

Student data and analytigslatform. In responseatthese limitations in data integration,
Progress Smndarypurchasdan orine data andassessment platforiat the begnning of the
201516 school yar and inplemented the platforinoth as a warehuse for student data and as a
platform for the creation ad administration of commoassessmestincludingthe viewing and
analysisof assessment results teachers. Multipleypes of studet data were exqrted fran
their separate onlingystems and inmgoted intothe online platformwhos import capabilities,
database structure, and stronger reporting capabiéillowed fo greate flexibility for
administration and stafhithe viewing ad analysis of ggregateand individual studerdata.The
curren studies were conducted in tandemthathe implementatiorof this online data platform

during the 201516 sclool year.



Lit erature Review

In this review of relevamtesearchl will summariz related issuesom theliterature of
databasdand datadriven decision makindDBDM), suggest@aswhere further resarch is
needed, and discuss htlweoriesof selfefficacy,technobgy useand learning analytics
methodsaddress thesneeds.

DBDM is a complex moveent in eucation often tracedaok to the No Cihd Left
Behind Act of 2001, thougprior tothe terminolog o f -dfi d astean 0-b @5 e dildr@a t @i mi
strands of researchdosed orthe intersection of information, evaluatjand decisioimaking
(Natriello, 1987;Riehl, PallasandNatriello, 1991).DBDM has been defined disystematicadl
aralyzing existing @ta sources within the school, applymgcomes of analyses toniovate
teaching, curricula, and school performarara implementig and evaluatinghese
innovatiorsd0 (S ¢ h andKuipex, @GL0 p. 482). Though DBDM has becomevadegpreal
movement, athalargemajority of teachers value data fanderstanding their studisrand
differentiating instructiona similarmajority are &0 unsatisfiedvith the datahey haveaccess
to andthe toolsthey use to aces it (Bill & MelindaGates Foundatia, 2015.

The next several s ecsaeyovew, byvreviewingegkarat st pr ovi
important models and frameworks of DBDM, threove into a reiew of theliterature aound
t e a c h er stéwardsandipttices veith data, ahfinally wrap yp with asection
summarizing finding related to DBDM outcomef®r bothteachers and stients. When
consideri ng srelaatdhdata gsé, Wilp dewte tonsemblespace taliscussing

studies relatedtée a ¢ h e r s 6 s withanlme dé#acandassessment



Models andFrameworks of TeacherData Usage

In discussing the dev@bment & conceptual frameworks for DBDM, | witeview
theories otthangeused toconnect dta use strategies tesults,processnodels (Nilsen, 2015)
sud as theclassicdata use cycleNleans, Padilla, anGallaghey 2010 used tayuidethe process
of translaing evidencento action, and finallysomeof the initialdeterminant framworks
created for DBDM. Determiant frameworksn this senseattenpt toidentify and organizethe
variousbarriers and enadisto implementatiorfNilsen, 2015pft e a c ise aofdatéfor
instruction While often dependeron classicaliieories individual behaviorsuch asSocial
Cognitive Theory Bandura, 198p6or The Theoryof Planned Bhavior FishbeinandAjzen,
2010, determinant frameworkdentify barriels and enablers to adoptidmutwithout posiing
causalityor offering anexplandgory mechanismSuch frameorks are commdg used in applied
fields, such asnedicine, where they hae found broad use implementation projectNilsen,
2015).While someefforts have been made the DBDM literatureto organize antest the
factosrelated o t e a c h eta, i dissestien attemptsit@further that undwanding.

DBDM theories of change and procgs modelsCentralto understanding and
effectvely implementing BDM is articulating a clear theg of changehat connects aains
suchasdata collection, datanalysisandinstructional decisioimakingto oucomes for
students. Arecently a®016 aspecial issue of Teaching and Teacher Educamwvseveral
studies strugghg to articulate clealogic modelfor theinputs anl outputsof DBDM. As
Mandinachand Jimersoi2016 have notegdthe lack of a clear logic model can impac
classoom and school practice.

Table2 (below) summarizes somd the models wldh researchers hawusedto descrile

thebasicstags of DBDM. Where possible, | have aligned parallel stages between the three

1C
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modds and sed arrows to indicate amyissingstages. While thesemodelswereclearly
intendedas simple theoeis of change anabt more comprehensive program ralsdit is still
interestingo notetheir differences, including’hich elements theyclude asentralto a DBDM
process.

Table2

Comparison offheories ofChangefor Data-Based [2cision Making

Mandinach and Jimerson  Poortman and Schildkamp Tyler
(2016) (2019 (2013)
Teachers aredinedto use Teacherganalter practice based on
data analysis of student testing data.

Studentsare tested to gather

performance infomation.

Teachers are givetestresuts in a way
that fostes meaningful aalysis.

Teachers use data to debine  Teachers accessd analyze test data,
the learnilg needs of thir drawing knowédge fran analysis that

students. informs practice.

There will be arimpact on  Teachers adapt thiénstruction Teaches acton new knowlelge and
classbom pradce. according to identified learning alter classroom practice.

neals

These practices will lead to These changes lddo increasec Altered practte has a positeimpact
increased tsident student learningnd on student achievement.

performance. achievement

Note. These logianodels have éen adapted to table form from the text of the articles cited.
As Table2 ill ustrateseven letween tiese few basic logic metk there are pots of
difference. While all modslendwith improved studnt performace, Poortman and Schildkamp

(2016)begn with teaches 6 ofidata ad speciically reference the dgnosis of leaiimg
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needs, while Mandinach and Jirsan begin withteachetrainingon datauseand describe a
gener al ii mp @c tac thatfoleis &snghis wamimy. More elaboately, and
more in keeping wi the dad-use cycles describddter in this setion, Tyler (2013)outlines a
logic model that includeadditiona steps and asumptions, particularly in regd towhich dda
are used (tegg datg and the steps thiga ¢ h enove thiough to make use of data: receive
data, access them, analythem, connet analysis to practice, and act on their knowledge

Along with thesemoresuccincttheories of chang&BDM researcherand practitiones
havelaid out severamulti-stageprocess mods, models whicthavebothdescrbeddaa usé
based omuditative studes of school data use practicandprescibedapproaches teache s 6
datausefor use inprofessional dvelopment.

Mandinach and Jacks (2012)reviewseveaal majorprocess radels ofDBDM,
includingin their reviewonly those modelsupported by reearch Thesegprocess modelend to
pronotea cyclical paternof usage athto collapse the&eomplicatedsteps ingeneratiig usable
knowledge from raw datatimbroaddescriptionssuc h amayzed a t(Means, Pailla, and
Gallagher, 20109r ficollectand pepare studenehrning @ t @lamilton et &, 2009). The
usage famework fromMeans, Padilla, and Gallagh@010) developed throgh examinatiomf
natioral surveys and castudies, is shownn Figurel belowas one examgl of a cyclical
framework. Other, similar models, vidimaintaininga cyclic structurediffer in terms ofthe

content and numbef stags included as key corapents of dia wse.
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REFLECT PLAN

The Data Cycle

ANALYZE DATA IMPLEMENT

ASSESS

Figure 1. Thedatacycle, adapted fsim Means, Patla, and Gallagher, 2010.

This datacycle from Meanst al (2010)is one of many, an@lable 3 belowsummarizes
several data use dgs in tabldormat for easier comparison of their key componérig.Plan
Do Sudy Act(PDSA) Cycle, attribtied to Walter 8ewhart and Edwds Demirg (Moenand
Norman, 200) andhugely irfluential in business improvemenbpes, is included asn

industy-relatedprecursor tdBDM cycles
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4

Table3
Comparisorof DataUse Cycles

Conceptual
Conceptual Framework ~ Framework for A b b o traméwsork |ES PracticeSuide
for school and classran DDDM of Improvement anc Cycle DataCycle
Row PDSA Cycle evaluation (Mandnach et al., Readness (Hamilton et al., (Means eal.,
Label (MoenandNorman, 200) (Natriello, 1987) 2008) (Abbott et al., 2008) 2009) 2010)
Establishpurposes for
Plan: evaluating students
A Design, abandon, rese Set criteria Snd standar Dedde Plan Plan
program components ‘ ; Modify instruction
Or periormance to test hypothese
Do: .
B ° Assign tasks tetudents Implement Implement Implement
Implement banges
mple informton I n I ndPrepar
C Measureeffects of change Sample informao co e_cta d Collect andPrepare Assess
on studet performance| organize data student data
_ . Summarize and
. Study: Appraise stdent Analyze Evaluate data Interpret data Analyzedata
Sumnarize measurenms performance .
Information
Provide feedbacko
E Report results students and others
Act: . Prioritize and Internalze data | Develop hypothese
. Monitor outcomes . .
F Decide on changeweded ) Synthesize Collabaate to improve student Reflect
. of student evaluain
for improvemenm Knowledge Assess performance
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As seerabove, he stages of the PDSA cycle map ob®DM cycles, with sore of its
elements providingseful context fo understandingossibleomissions ireducationbdata use
cycles, particularly theexclusion in DBEOM cycleso f fAr eports 0 n(Qi Jada o w sk |
distinct stageSome of hedistinctionsinDemi ngd6 s debd8weay A Act i g, 00 AP
and i @difer fram,somelaterDBDM process modelaswell. | n Braoudel, folg 6
examplefi Ac t i onotaciualanterentions withtsdents, buinsteadevidencebased
decisions about necessdngh-level changesii P | iamm the PDSA modelefers to deaions
for changan speciic program componentg, n d i D oeis to ¢he actuat implementation of
thes decisions

While extensie common grond exists among conceptual frameworksD&DM, Table
3 also illustraes that key comgnents othe DBDM processvary between modelsAb b ot 6 s
framework(Abbott et al., 2008)for example, introduces collaboratias a compome in row F,
while Natriello(1987) writing from an evaluation perspectiggor to more recentrends in
DBDM literature, incorporates a valuable breakdowrs@feralkpecfic decisionsand actbns
not included in lker DBDM models specificallyby identifying stages for estalshingthe
purpo® of evaluation and setting critarandstandards for student penmance.

As an alternative to strictly cyclical frameworks, Mandamet al.(2008)present an
additionalframework base@n six districtlevel casestudies In contrast to otheDBDM
frameworks, the Mindinach et a(2008)framework (Figure 2)connectdDBDM to informaion
theory on the tranformation of daéto information and to knowleddéckoff, 1989;
Nunamaker, RomanandBriggs, 2001) The malel includes stages afovement, fron{a) the
organiation andcollection ofdata to(b) the analysisand summary of that data as infatan,
to (c) the synthesis ofifiormationasknowledge. Only after data is converted to knowlediges
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the modéproceea to decision, implenm@ation, and fally, to assessg the mpact of the

DBDM process.

District

Building

Classroom

Data
Collect > Organize

Information
Impact

Analyze > Summarize

Tech Tools:
Data
Systems

Data-Driven
Decision Making

Synthesize > Prioritize

Figure 2. Conceptuaframeworkfor datadriven decigon making. Adaptedrom Mandinach and
Jackson (2012).

Building on these geneliaed process models fatatause, researchehave begun to
flesh outsome ofthe key dynamtcsthat impact doption acrosshe stagesf data e Marsh
(2012, p. 4)for exanple, builds @a Mandirach etal 6 s (adacefual framewark by

proposng aclassficationo f fi | eowiemrrtasggte ppi ertaek ofsuppormayimpad the

success oflata e implenentation
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INFORMATION

Data Use Theory of Action
for Teachers, Administrators, and
Students

<

Figure 3. Marsh's @ta useheory of actio. Adaptd fromMarsh(2012.

Figure3ill ustrates both thoverall progression from data &ation, as well as numbered
points wherenterventionsnay fail or flourish As Marsh points ousschool or district acbns
meart to impactDBDM may targebne or moref thesdeverage points in the forraf supports,
norms, incentives, or even mandaf2812) While Marsh (2012) usebese intervention pois
as aschema for ategorizing dat use intervendins, thei presence also points an underlying
set of barriers, unaccounted fargrevious process models. Some of thestcal
implementation factorsingld e a n o r cppanity foraupporbiieaches, the
charateristics of he data in quesin, therole of leadership, thavailability oftime for data use,
the policy ancturriculum context, the role of interpersal relatiorships, and the importaa of
t he da preexistisgeeliéfsskills,and knowledgén regard to gecific componets of

dat use.
17


https://paperpile.com/c/7XkaSI/THshU/?noauthor=1

Marsh(2012) lad the groundworkor laterexplorationand clarifiation of which factors
represent the diéfence betweagsuccess or failure @BDM practice A prime examplef such
factorswould be thempact of thevaried epistemologiesattituces, and mental modelsat
teachers bng totheir professiorand with whch any DBDM interventbn or process must
interact. AsSenge suggesta,thorough understandimg personal mental modeis critical to an
orga ni z at cessroftabgnnpamrad uniied movemen{2006) While teachers may be
receptive in theabstract to dathasednitiatives,a rangeof individual beliefs dout thevalidity
of assessmenther trust in admistratian, andtheir perceptioa of quantificaton and evaluation
may impactanyspecific case of implementation.

DBDM determinant frameworks. While data use has beemcourgedfrom the federal
down b the sbool level,multiple reviews andstudieshawe drawn attention to the many
obstaclesmpacing educatos 6 of student data dheclassroom levelQualitative studiesfor
example have highlighted factors thhtnder or enourage data use, facsosuchas time
availableto use andliscuss studemtata, déa literacy, and timelgnd relevant stams of data
(Hoogland et al.2016). Synthesizinghese qualitative effost severaktudieshavedeveloped
determinant frameworksf the factorsmostcommonly identifiedto encourage and hibit
DBDM (Datrow andHubbard, 2015; Hooglanet al., 2016;PrengerandSchildkamp, 2018;
Schildkanp and Kuiper, 2010;Schildkamp, PoortmarLuyten, ancebbeler, 2017).

As an example of this trenBatnow and Hubbar £015)literature reiew extendghe
work of Marsh 2012) inidentifying severalkcatgories of factes that facilitate or inhibit
teaclers Gata usend organizing these detamantsalonga continuum from individual teacher
beliefsto schoollevel practie to district accounability demandsTable4 summaizes these
factors drawn from Datsw and Hubbard (2015)
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Table4d

Factas that Inhibit and Encourage TeaclséData Use

Organizational

Cakegory Rdevantfactors

Facilitating Factors

Inhibiting Factors

District
Accountability
Stats

Accountability ranking

Examiningschodwide issues and opportunities

for growth

Focusing effots on students at the cusp of

proficiency

Schodwide Tone, Syport,
School Leadership Policies and Structurefor

Discourse

Promoting thougtfitil use of datdo inform action
Using organizatioal learning to understand, not

just identify prdolems

Promotig that data in and of themselvesvdri
action
Emphasizing accourttdity for shat-term,

compliance monitoring

Organizaional Structued Time for

Strong instructional comumities
Gradelevel agendas, norms, and expertis

Protocols 6r analysis/reflection

Implementing multife instructionalnitiatives at

the same time

Context Collaboration Limi t i ng dbigtate fhllg integiiate data
Urgency forstudent progress ) . )
) usage into their practice
Multiple source of daa
. ] o . Lack of trairing in urderstanding and usingth
Teacher Capacity o Competence in data analysigdanterpretation o
Training Lack of trahing in assessment

for Data Usage

Confidence in ging daa to hform instructon

Lack of confidegein data use and statistics

Pedagogical dentation

_ (Remesal 2011)
Teacher Beliefs

Assessmenfor learning vs.

Assessment foaccouability

Assessmentniproves learningnd teahing

Assessment maketuslents accounktde

Data are punitive and deriverbi invalid
assessments

Assessments are unfadirteachers

Changing student performantebeyondeacher

control

Note.This teble sumnarizescontent origimally presentedn paragrah form in Datnow and tbbard(2015b)


https://paperpile.com/c/ealPBm/edQXU/?noauthor=1

Anotherstrard of work contributing to determinant framework®f DBDM hasbeen
conducted byschildkanp andcolleagues irthe NetherlandsSchildkanp andKuiper (2010)
develop their franework through literature review, agell as interviews and documents
collected fronsix bestpractice schools. Téir schema identifie school organizational
charateristics, dah characteristis, data use, druser claracteristicasprimaly categories of
factors impacting data use. Theaddrs contain significant overlap with thosedified in
Datnow and Hubbard (2015), along withme additionatategories actowledgng theimpact
of datacharacteristicssuch asaccuracy and timelinesandof datauses whether instructioal,
policy-related, or accountabilityfocused

Hoogland etl (2016), thhoughsystematiciterature review, iad Schildkamp et al (2014),
through irternatonal comparatie case studiesxtendthis work of identifyingthe determinants
of data usewhile recognizing thedifferent uses of data maytail different sts of
determnants Schildkamp et al (201 explotes these same questionsingalarge scalesurvey
to testthe significane of orgaizational, data, andser characterigts against teachers reported
use d datafor separate purposef accountability school develpment, and instructiat. Figure

4 summaizes hedeterminanframework invesgated inSchildkamp et al. (200).

Type of Factor Enablers & Barriers

Organization Vision & Norms
Areas of Data Use Leadership
Support
Accountability Collaboration

School Development Data Accessibility of timely data
Usability
Instruction Quality of the data

User Knowledge and Skills
Disposition to Use Data

Figure 4. Datauseenablers andbarriers.Adapted from Schildkamp et al., 2D
20



In thecase of instructioral use Schildkamp et al. (2017) found thasahod 6 s
organizational claracteristicsuser chareteristics, and collabvation were alkignificantly related
to instructiond data us€p <.001) with themodel explaiing 19% d the varianei n t eac her s 0
reporteddaa use This 19%of the total variancaccounedfor 16% of he varianceat the
teache-level and 27% at thechoollevel. While a larger proportion of thieetwesn-school
variance wagxplainedthe variane atthatlevel accountd for only 4% of the totalvariation
(ICC) in instructional datasg while thelevel lvariationbetween teaches (with a large
mgority unexplainedjaccounedfor 96% ofthetotal varidility in instructional data use
While Schildkamp andolleaguegSdildkamp and Kiper, 2A0; Schildkamp et al.,
2014; Hooglandteal., 2016; Schildkamp et al., 2017ave followeda rigorows program for
developingschemaand testing factrs related to @a use,the sources ofvariance in data use
between teachenemaindargely nexplained Additional sudies, employing hierarchical
methodd o st udy t eac h e(Bhavg D1,MYler, 2043; Wagnen ai d/.20H)a t a
have found similar propations of schoot vs. teachetevel variance, with dferences beteen
teachers accounting fanost of thevariation in online use of student dafedhese studies of
online data use hawruggled to idetify teacherlevel deternmants impacting thisariation.
Online data usestudies will be discussed more fully an upcomigse ct i on on t eacher
practices relatedtdata useThe next sectiorhoweverwill turntothe i t er at ur e on t e:
attitudes towards da, anareaclosely tied to better understandirapdexplainingthelarge
variatiorsi n t eacher sc66 DBDM practi
Teadher Attitudes Toward Data Use
Teacher attitues towardsthe use of student dat@vebeen exploreth multiple
qualitativeand quantitative studieswith a variey of insrumentsWhile many d thesestudies
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have beercase studiesf therelationslips between teacher attitudes towards data use and
tech er s 6 dat es(Datsw, RikaidKdennedylLewis, 212; Hoogland edl., 2016;
Jimerson, Q14), others haveéackled hrgescalesurveyprojects acroswhole districtgWayman
et al, 2009)

Surveys into teacherd  d exdttimdesiange from theorgriven suveys b pragmatic
todls that help sabols anddistricts captug prati t i 0 n e rtved onpgeacher pand stafata
use.The Teaber Data Use Survey (TDUS), developed by Waynvdilkerson, Cho,
Mandinach, and Supdx (2016)is an example of such aragmatic tool, along vith its
forerunnerthe Surey of Eduator Dat Usage (SEDUWayman, Choand Shaw, 2009h)both
of which hare beenusedin several larg-scale investigtions ofeducator datasage Along with
multiple subscales exploring edtica repabdedfrequency of data usage, the SEDU includes
subscées on Attitudes Toward Data, DataUse act i ce, Computer Dat a
Effectiveness for Peatjogy, DistrictVision, Fincipal Leaderkip, Support for Data de,
Instructional Resourceand Timeto Use ata(Wayman, Snodgrass RangdilmersonandCho,
2010)

In terms of werallteacher attitdes towards datase,Waymanet al(2009a)found that
educatorseported morgositive response on scales measuring their peptenso f dat ad s
overall effectivenesof pedigogy M=3.47)andad i s t visiorcfar Gaga us¢M=3.49).
Educators were &s positive about principal leadersti§22),their personal attitudes toward
data use (M=39), computer systems (M=3.08ndthe support they received for data use
(M=2.99),and theygavethdar most negate respmsesvhen akedto evaluatetheamountand

quality oftime allocated foteadherdatause (M=2.34).
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Teachers expressed some offibleowing generahttitudes andonceris aboudata
usaggWayman et al., 2009aWhile not all teaders shar@thes concern,they were
mertioned frequently enoulgthat the authors included themgemeralpaterns in teacheés
attitude towards data use:

Teachers like getting more informatiabout their students. They want to ds¢a.

O«

0 Practical chaknges in amessing and umg data undermie tre desire to use da.

0 Teachers do not have enough timaise da.

0 Some eacherdelieve that thegplready kiow what the data can tell them abouwith
students, making analysis a wastdioie and energy.

0 Teaher judgementtould betrusted over datandysis. When datéeke precedence over
teacher judgementeaches find this frustrating.

0 Teachersd not trusthow data is used in the school

0 Teaches feel like data use is imposed on them

0 Regardhginterim asessments, teactseare cacerned when stlentsare tested on

corntent that has not yet been taught drew teabers are not integrated into theitimg of

interim tests.

Teachers believe that dataes not capture how their studentslasagring.

O«

0 Teachers d not believe tht studets should be thaghtof as numbers.

Along with these general attitudes towsdhta gageteachemttitudes towards dat
support ad computer systems play a criticaleoh heirresponse to data use. Accessi
disparate computesystems is a uquitousobstacle to datase,with Waymanet al (2009a)
repating over58 separate systems in the districiveyed. Lack of integration among these
varioussystems is saeas a major cae of fristration and a @ajor obstacle to datacess and
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analysis. Some sources oftagparicularly special education and Ergll Languag Learner data
may not even bavailabk to teachers in online systems and negextensive manuatopying to
be acessiblefor practical us.

As data use in schds is a complex and multifaceted canst, soare teacher and
administrator attudes towadls that use. While there is some evickethat teachers are
sympathetic or eveenthisiastic about dta use in thelsstractthere is also adencethat this
enthusasm wanes the closer data ueenedo the paticulars ofa t e aexpereemc@ s
beconing subject tothe constraintof school ptitics, technology, training, and, most
importartly, time (Wayman et al., 209).
Teacher Data Use Pactices

What Data do Educators Use?Teachers access a greati@gr of student data in their
daily practice, everytmg from excused and unexcused absertoadiscipline referralsstudent
surveys, stuent work, stu@nt grades, anahultiple forms of assessemt(Mandinachand
Jackson, 20125tudentnformation Systms (SIS)alone, without the overlay @fssessment or
other analytics systemgenera¢ large amountsf student datan the form of teachey Gecads
of grades andttendance. Nevertheless, the literatof DBDM often focuses on the usé
assessmemndtestingda, as I n Dat ns§g2@lb)aeviavoil elalchred 86 use o
assesnent data, whicindicates that the predominant forrmassessent consulted iDBDM is
interim or benchmarkssessments, defined as those assessne t hat fAeval uate st
knowledge ad skils in a limited time frame andan be asily aggregatedcrassschools and
class r o o(BesnowandHubbad, 2015, p. 3)Interim assessmentseanften given at least three
times a yeaandprovide a framwork for schooldo measte progresstowds dud e nt s mast e
of standards in the context ob@televel testing program. Such assessitsehave become a
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common part of the school year and tears are often expected to analyze #wltsof interim
as®ssments and usigem toplan for futureinstruction (Dathow andHubbard, 2015)

The types of data acessed can also dependitmintendeduse While interim
assessments may plagreder role inplanningschoolwideor gradelevel intervenions,
classroom level loservations or formative assessmerts playa largermpartin deternining
classlevel interwentions, such as student grouping. éled reading inventories or conferencing
may dso impact classoomgrouping a evenindividual interventions or traking, wheresuch
toolscan help determine ¢happropiate level text for independent reading olima remediation
work in math(Pak andDatnow, 2017)

The typesof dda that teacherscaessand their usefor that datacan also vary according
to organiational factors, such as schéelel. Wayma et al. (2010yeporsthat éementaryand
secondary teachers differedtirerr interview responseswith elementar teaches much more
likely to discuss the usef @ata for regrouping students accang to skll or level.

How do Educators UseData for I nstructional Purposes?As discussed elr, data
can serve multiple purposesdinganalyses relatd to accountabiy, sclool development,rad
instruction. Resaah suggests thatachers still strugje with the use of data in thdassroom
context(Hoogland et al., 201&childkamp andKuiper, 2010) Unfortunately while some
studies have gdtereddirectobservations on how teachertealinstruction based on assessment
data, most have been based on seljort.Hooverand Abramg2013)found, for examplethat
96% d teachersurveyed reported differentiating instructifor remediation, 94% reported-re
teaching, and 92% reported changing thegatindruction. At the sameite, lowever 64% of
teachers reprtedthat school paag prevented reachingWayman et b (2009a)reported a
similarinconsistencywhereteachersurvey responsasdicatedthe practice ofeworking
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instruction to meet the spéc neals of studerg, while interview andfocus group @ésporses
rarely referred tausing data to alter classroom practice

Even with these difficultieg capturingcleareviden c e of t eacher 6s
pracice, severaimajorthemesmerge

Limited Use While it is widdy believed that access to intertesing resuts and other
student data has the potial to improvestudent outcomes, this improvemendiiectly
medi at ed by efdatactaguiderthe delivarg ad igsttion (Bulkley, Christman,
Goetz, andLawrence, 2010)A survey ofteachers in Virgiia found that while teachers
accessgdata from a wide range of assessmeisy administered these assessmentg mo
frequently than tley analyzed therand thei analysis was oftenriited,focusingon average
performancgHooverandAbrams, 2013)

Identifying struggling stidents Data use efforts often focus atentfying strugglirg
students andreating gans for remediatioWayman,2009a) In many cases, interventions for
strugding students mape aimed at scalledfi Bu b b | ets, thase ionrdegliately below
proficiengy on state testatnow and Hubbal 2015).

Re-Teaching: more, butthe sane. Onecomnon approach talatauseappeas to ke o
alter the timing of instructional aent in responst evidence while not altering instictional
methods. In other words, imgttorsoftenrevisethe topics of lessonsubnotthe way theydach
those topis (Marsh, 2012) Somecommon tterns of mtervention iderntied by Datnow and
Hubbad (2015)include:

6 Re-teaching, bth on teacherand schobplanned timelines
6 Reteaching basedrocontent or skill for which large numer of studets are

below prdiciency
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6 Reteaching todwest performing students (Though assesnt to monitor the
effects of reteaching wasrare.)

Grouping. Creating shd-termor long-termhomogenasstudent groups Yproficiency
levels in some contenkill area.(Datnow and Hubbal; 2015).

Function follows form. There arenanyindicationsthat eacher s 6 use of
depend on hetypes oftaks included iressessmest Operended studdresessmenthave
fostered more dialogue and collabaratamong teghers, while mulple choice assessments
have led more often to decisions aboutdent placemen{DavidsonandFrohbieter, 2011)

Additionally, the sefulness ohssessmentsan be limitel by the frguency and purpose
of their collection. Fomative interim tests, for example, arken administered every nine
weeks, Imiting how frequentlyteachers can egheir esults to inform insuction. The goal®f
formative interim teting caralsoconstrain lheir use: the alignment of such tests adglevel
standardsmaking gradevide comparison easiecan severely limithte ability of such tetsto
capture he perfomance of students didow gradelevel standards.

The investmenof teachersn assessmemesults may also be closely linked to
ase s s me nt s 6with classeogninstructiom im Kerretald s s t uaugge@006)d a
teachers found review student workand classrom-level assessments more useful for
classbom-level planning, while analysis ddiige scale assessments was seen asusefafor
schoolwideplanning(Rogosa, 2005;. Bupovitz, 200).

Typologies ofTeacher Data UseAnother approeh to understandingeiacher8data use
is that taken by the Ged foundation in thei 2015 study (Bl & Meli nda Gates Foundation,
2015). Havingextensively surveyed, interviewed, andsarved teachers in both traonal and
techforward £hools, the study identifies six subgps of teachdbehavior in regard to these
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of student datand technologyData Mavas, Growth Seekers, Asgtional Uses,
Scorekeepers, Perceptives, and Tiadglists. Data Mavens and@vth Seekers are both hig
frequency and high competency usdrdata, with Growth Seekers focused didaialy on
using stdlent data as a@ans ofinproving their own groth as teachex. AspirationalUsers
believe in the usef data butcan be overwheled in its application. Scekeepers focus on the
use of data fotesting pupose.Perceptives and Traditnaligs both use datless ofterin their
prectice,with Perceptiveslegpending moe on observation of students and Traglitalists on

st ud e nt.dortunatedy dthee Satdpundation methodology does ridentify the
particularsurveyconstruts or observations thatight differentate between théata use types.

While not strictly related to data use, another recentlgstnucted typologyegardiry
teacher us of technology may be relevant to betiadestanding teacbrduse of data
especilly given the integratin of online tetinology with instructional data us&pplying latent
class analysis to nationaltyeneralizhle teacher survegata, Gaves andBowers (2018 identify
four statisticallysignificant subgroup®f teacher teclology use Dexteroudeachers &
frequent and ersatile users of technologgs oppoed to Evader wholimit their use of
technology evendr basic tasksTwo additional categoestend towards specialized uses of
techhology. Presenters faus on technologas an &l in lectures or fortsident presntatons,
while Assessors implement insttional tecimology f or st udent s basic kijlse at ed
in math and rading.

Teacher Usage ofOnline Data Systems While extensve work in theform of surveys,
interviews, and focus grougsss attempted tolarify howteachers accessudent dat, one of
the mos¢ direct ways tdetterunderstand @t accesis to observeheinteractiors thateducators
havewith the manyonline sysems that collet and distribué studentdata While analyzig such
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data failsto capturenow teachers usasthersources ofdataand dearly does not track the uses to
which data is put in the clagsom, itdoes provide an opportunity toaturally olserveand
describe aimportantsubseé of teaters thteractiors with student data ahto explorehow other
teacher factormay beconrectedto thoseinteractiors. So far,despie agrowing demand for
online studentlata and assessment systeomy avery few studies havalescrbed and amalyzed
how they are usedby teachers. More suchstudies that providech description of how teachers
usesuch systemen a daiy basismay aid their developers innovaing and adapng their
products in vays that prioritize and maximize edu t ocgpaciy for responsivand effective
dedasionmakingwith students

Initial forays into the analysis ofache interaction with orihe assessment data were
conducted by \@ymanet al.(2009a; 2011)ShawandWayman (D12), and Shaw2010)in a
seresstudiesof the Mesa Pulc School (MPS) districtrelatedtot he di stri ct 6s i mpl
of the Acuity formaive testing system published by CTB/MaBv. The collection obnlinelog
files from teach e rwee@lyuse ofAcuity was only ore facet of an evaluian which also
included educator surveys, focus grouy] user observations. Waynmetral.(2009)focused
onthree maireasuesof Acuity use: (a) whether¢éacherssie d/ di d n &tenm(b)the t he sy
prevalenceof use, or the total user aat®for each teacheand €) theconsistencyf use,or the
number of weeks that each teachsed the system. In additiothe YeaOne Stdy of Acuity
usebre&ks downteacher uage by subdunctions wthin the Acuitysystem, such as Instructional
Resourcs, Reports, and Custom Test functigigayman et al., 2009)

Soonafter, buildng onthe study of Auity use in Mea PublicSchools Tyler (2013)
st udi e donlinewse dadenshiak testing portal implemented in Cinaiati Public
Schools Tyler dgtempts to aswerquestions simér to those of \yman ato how much and
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how often teachers udenonlinesystem forstudent data, asell asquestions about the use of
specificpages ad categories of student data. While tbarlier studies of Waymaet al. (2009)
were able to capte counts of teacher leigs to the Acity system, Tylef2013) working more
directly withthe log files ofteacher accessyas able to cdpre theactual time spent by aehers
using thesystem, calculating both total yearhetrics of usage, as well as the weeklyetitnat
teachers spent accessing the system. Tdaehers under considerationTyler (2013) were core
subjectarea teachers 8 through &' grades, the goup of teachermost impacted by interim
benchmark teting throughout the school year and, theref moslikely to use the program.
While Wayman et al (2009)andTyler (2013) both analyzed systems that provided
acessprimaiily to benchmark interim testing dataold, Lent, Cole, Kemple, Nlaanson, and
Brand(2012) analyzee d u c auseof a sedndtypeof online systm oneused tocaggregae
student data from multipleoarcesIn suchsystemsst ude nt s 6 o wmteriméedsinayscor e s
beonly one of severdlypes of student dateepatedalongsde information onstudent
attendancegradesand disciplineSuch sgtemsattempt toaddresseacheiconcernghat
different types of student data are housed in too niisparate locations. Golcet al.(2012)
evaluatéd one sich atterpt at data aggregation their study 6the ARIS system implemented in
New York City schoolsn 2008 (Gold et al., 2012a, 2012kYhile sometypes ofARIS data
including biographical, attendancstate testasults and transcrits, differedfrom those
analyzedin Wayman et al(2009)and Tyler(2013) the basic qustiors of acess emain the
samefito what extenandinwh at way s 0 udedthe eadawsiema it qest®on. While
following someof the precedestof Tyler (2013)for the analysis olog files, the ARS
evaluation sudy addgepors of distinct user types withirthe system, digtguishing between
school educatorsghool principals, data specialists, and inquiry teaembers, among other
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user categories, agell as analyzing usage patns for lght, noderate, and ravy users. Heavy
users, br instance, made up hn28% of userdut accounted for over 80% of time spén the
system(Gold et al., 2012)

Analyzing a similar data wahouse syste to Gold et al. (202), but from theperspedte
of a different sebf users, Drak¢2015)applies Latent @ss Growth Analysis (LCGA) to
principal® usage pat ¢a onirdatawmrehauseosetis dourse of agar. Usig
counts of access (agpposed to durain) as the basic unit of analysis,aRe estimates a three
class Latent Class Growth Mddesingpr i nci pal s 6 c uessioventhecoueseaf e por t
the year. The reltiverisk ratios forthe latent clases arelten @lculatedfor a vaiety of princigeal
covariats and survey responses. Wthelog file metricsanalyzedwere the same as pad
studiesthe application of LCGAuggests additionahethodolgical possililitie s for the analgis
of log file data.

Thestudies described sarfhavebased thir analyses om compact set dbg file
metrics These metrics have included countsaieastimes(Wayman et al.2009) total time
spent in the sysim, timespent in various subsiems(Tyler, 2013) andthe useof user types
(Low, Mid, High) to differentiate analys{®rake, 2015; Gold €al., 2A.2). Thesemetricshawe
proven valuald in providinganswers tdasic questionsuchasihow? 0 and Ahow mucl
educators se onine data and assessment systefie ARIS studyGold et al., 201 for
exampe, found thatonly 67% of teachrs logge into the systenduring the 201611 stool year.
For all categories 0ARIS user® teachers, administrators, and specialistse averagenumbe
of sessions was qWwith amedian of 6) accumulating in an &avage of 96.7 minutesof useover
the couise of tke year(medianuse= 32 minutes) with an average session &gy 4.7 minutes
(median = 4.2ninute9. More specifically, he averagclassroomteacher spent 67 minutasng
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the system over the course oé tyaar, dedicating19 mirutesto viewingindividud student
profiles, 21minutesto classoomtlevel data, 3 minute® intensive data reports, and 10 minutes
to systemnavigation (®Id etal., 2012a)

Table5 (below)compars teadherusage meics across availablstudiesand in doing so
draws #&ention tothelack ofviable comparisonsf teacher8 0 n | Withethese stedies
analyzing diferent types ofdata systemand differenppopuationswith differentmetrics,only a
few clearcompaisonscan be made. F@xample the percenageof teachers who usedeée
Acuity system in Mesa Public SchedlShaw and Waymag012)is comparable to the
percentigeof teachers accessing the benchmeating portal irCincinnati(Tyler, 20L3)d 93%
and 98%respetively. But, beyond thatthe metrics used toaptureteachemusageof Acuity are
notdirectly compaable tothe usage etrics usedn Tyler (2013).

In anotherexample, usagemetrics inTyler (2013) and Gold et al. (201@)emore
directly compardle, yetthese wo systers includesubstantiallydifferent typesof student data,
with theCincinnatisystem focused omeportingbenchmarkassessment dafdyler, 2013)and
the ARIS system in Ne York City reportingbroacer information onstudentgrades attendance,
ard state testing resul{§&old et al. 2012) While the ARIS system appears lhave had less
usagehian the Cincinniibenchmark tesg systemtheir differentpurposes e any
compari®ns limited. The inablity of the literature tgrovide even basic desptive context and
comparisons of scherusage metrics suggeshatfuture studies shouldttenpt to address ik
lack of desaption, as wé as pay attenton to devdoping andclarifying onlineusage otcomes

for common use
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Table5

Summary offeacherUsageMetrics acrossSudiesof Online Data Use

Tyler Gadd et al.
ShawandWayman (2012)
(2013) (2012)
Year Data ©llected 200809 200910 201011 200809 201011
% of TeachesWho
70 93 91 98 67
Usal System
) Mean 33 Mean: 2F
Avg. Annud Sessions NA NA NA

Median 28 Median: 6

Prevalence of Use:

Avg. Instruct Actions 40 128 159
Elementary 171 NA NA
Jurior High Reading 102
Junia High Math 139
Consistency:
Avg. Weeks Used 5 10 9
Elementary 10 NA NA
Junior High Reading 4
Junior High Math
Avg. Hours of Use NA NA NA Mean:7 Mean: 0.88
Median:4
Avg. Weekly Sasions  NA NA NA 0.79 NA
Avg. Weely Duraton  NA NA NA 10 mirutes NA
Avg. Session Length NA NA NA NA 4.7 minues

* Represents all types of users (teachers, administratiod specigts). All othermetrics repesent
teacher uage alone

Despitethe lackof clear comparisonsinecomma observatioracrosshese studies is
the skeweddistribution of overall useAll three studies$hawandWayman, 2012; Gold et al.,
2012;Tyler, 2013)find a strong posive skew with most userslemonstrang low to no usag,
while a small groupuses thesystem at muthigherrates projecting a long il in the positive

direction. As a result of thesskeweddistributions, average usagkien exceeds gtdian usage
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by asubstantiakmount, creatingituatiors, as inGold et & (2012), where 50%of users lad six
or fewe session, yetthe averge numbeof sessions per user was 2tith this type of
distribution,using theaverage usr as aeference magreate an overlygiimistic imageof use
within thesystem Similarly, overreliance on metricsalculatngthe percerageof teachers who
acces a data systemmay paint aroverly optimistic picture of actual usgith mostteachers
accessinghe systembut doing so only sa minimum

Schootlevel \s. teachedlevel vaiability in online data useWith Shaw(2010), Shaw
and Wayman(2012), and Tydr (2013) ushg multi-level models t@analyze teachemsithin
schools, some findings are availabbde understanidg the proportiorof schootlevel versus
teacherlevel vaiability in orline use of benchmartesing systems. For eemple,Shaw and
Wayman (212) report that irthe thirdyear ofAcuity implementation, 23% of the overall
variation inteaches 6 p r eo¥ usd a@ch36% dheir variation in consisncy of usavas
attributableto sdools.Addingteache syéars of expeence and ¢ h o o | 6 abilityas@tasaau n t
the null model failel to explainanyschootlevel variability int e a ¢ prevakscé of use biudid
reduce betwenschool \ariation in constency from35% to 29% andexplaned27.6% of
variance inconsistency ate teaber level (Shavand Wayman, 20125haw (2010), on the
other hand, analyzing a subset of data from the larger sfullguity usefound thata much
smaller, lut still significant 13% of =ariabiity (ICC) could be attributedo schoollevel factors
while 87% of variability in data usevasattributable taeaherlevel factors Tyler (2013) found
similarresults, withonly 10% of theunexplained variaility in te a ¢ homlinesaécess relateto
betweensdool variation. Theseproportians of variancere, inturn, larger thathose foundn
Schildkamp et al. (2007), where schodkvel variation accounted for ondio of tdal variation
in instructional a@ta use, aseasuredby teacherself-report. While resuts awe few, the
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propations ofschool to teeher effets in two dataise studies (Shaw 2010, Tyler, 2013)
parallels findings omore generaschooteffects research, vehe variatiors at theschoollevel
accounfor 8 to 16%of variance in sidentachievenent,and teacher effds areconsistently
larger tharschool effectsvhenbothareincluded in a hierarchitanodel (Teddlie and
Stringfield, 2007)In contrastiwo other studiesfound school effectselated taeacher dta use
to be bothdwer Schildkanp et &, 2017) and lgher (Shaw and Wayman2012) tha the range
suggested by school effects studies ofd#nt achievemengincequalitative workin data use
oftenhighlights the mpact of organizatinallevel determinants oflata use (Dmow and
Hubbad, 205b; Schildkamp tal., 2AL7), more investigationis needed to iuminate how
schootlevel process impds teache®@actual use of data.

While only Wayman and Sha{2012) ekaminethe significancef schootlevelfactors in
relation to nultiple usageoutcomes, it isinteresing to note that of tie two outomesthey
analyed prevalenceand consisten@y consisencyof use (weeksf use/yearwasmore closely
related taschootlevel fadors than wasea ¢ h @revdedice of useThis particubrfinding
sugeests hat different otcome meaures of usagmay be differentially impacted by teacher
and schoalevel factors. In this examplayhere consistency of use was moreselp comected
to schoollevel variation, pelnapsthe impacbf a schod s timgeaadtraining schedules are
more clesely aligned ta weeky measure of us¢han ameasure ofotal actions or dration
with its greater range and variation.i$lmeasure ofconsistency ws, in tun, one of the only
usage metrics tproduce asignificant relationship to stdent achevement (p = 0.01, SD
Difference = 0.0} in the form of elementary readingogvth (Wayman et al., 2017yVith
different conceptions of dime ue implemented irdifferert studies, it is udearhow these
differing metrics may haveimpactedfindings of both the determinanendimpacts ofdata use.
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As to which schoolevel fadors were significant in explaining variationteachers
usage, results across availatdtidies aresparse omixed(seeTale 6). Shaw @010), fa
example, found thatroaverage 100-student decrease enrollment waselated to a sbaction
increase in teacher usage, though this appedrs the oly finding related to shool size The
significance o ¢ h o o k kadl actautietility status are mied acrossstudies while schal
level (Elementay vs. Junior High)s consistently ggnificant across studs yet acin opposite
directions Sudies ofthe Acuity system(Shaw ad Wayman2012; Wayman edl., 2009, 2Q1)
found teab e r rdir® use signitantly higher in the elemeaty grades (3 6"), while Tyler
(2013) found usagegiificantly higher forteachers offrades-8. Even with this switchn
direction, tte significance ottherelationshipbetween schddevd andonline dda use is the
most wellsupported othefactorsanalyzed A more contextual understanding of withiohol
processes may bring to light some of the organizational fambondicating st ooklevel
analyss.

Along with sdooklevel deerminants of eachedata use, the s@e set oftudies
examined tb teacheitlevel corelates that might account for varianio online data use.
Waymanet al.(2009, 201) and Shaw ad Wayman(2012)relate usage outcomes tiacher
demogaphics such as years of experience and level of education, asstelleacher reprts of
(a) frequency of instructonaldata usg(b) the general effaorenessof data for pedagogynal (c)
speific attitudestowardsthe Acuity Systemin regard taease ofuse,dependabilityand
accuracy Shaw(2010)examinesadditional relationship betweergeneral teacher efficgand
Acuity use while Tyler (2013) investigatestdae r onl i ne wusage in relati
academic perfornmze and teachergerformance on valueadded models fastudent
adievenent.
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TaHe 6

Summary ofSchootLevelFactors inSudiesof Online TeacherData Use

Wayman et Shawand
Wayman et Shaw Tyler Goldet al.
al. Wayman
al. (2011) (2010) (2013) (2012)
(2009) (2012)
Schootlevel Factos
i Significant i

Title | Staus *) NA NA Not Sig NA NA

+
% Minority i

NA NA NA Not Sig NA NA
Status

_ Significant
School Size NA NA NA 0 NA NA
Significant Significant Significant Significant Middle Use >
School Level Elem Use > Elem Use > Elem Use > NA Middle Use> Elem and
Middle Middle Middle Elem High Schod

Accountability ) Significant* ]

NA Not Sig Not Sig NA NA
Cate@ry €]

* Consistency of use (but not prevalence) increasguificantlywith betterAccountablity Status(SD
Difference from-0.51to -0.99with referenceto the highesaccountabity category)

Of these possibléeader-level determinants obnline usesomefactors were found to be
significanty related though none castently. Studies by Wamgan et a{2009, 2011) and Shaw
and Waman (2A.2) indicate bth significanceand norsignificance foreéaches 6 y ear s
expeience On the closely related metraf level of educationieachersvith at leasta Mastets
degreeavaagedsignificanty moreonlineacions(13 more actions)ver he couse of tle year
than teacherswionlyaBa ¢ h e | 0o e @aymanetgal, B009Teaches elfreport onthe
instructianal use of data in the classroom vaéso significantwith every om-point increasén
repotedfrequery of instructionaldatauseassocatedwith an aerageincreaseof 18 system

actions Shaw (200) found an invese rel@ionship between general teaectefficacy and Acuity
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use, witha one standard deviation increasésiacher selefficacy associatd with seven fewer
actions inAcuity over thecourseof the year

Interms oft e a ¢ h mantaréa Golaeta. (2012)descibesMath teacherashaving
generally higheonlineusagethan other content are@aches. The same study alsafis that
teaches withschoolwide perm&orsin the ARIS systemshowedhighe use tha teachers ith
classr@m level accessnly. Table7 summarizes some of these teadle®el determinargtacross
the multple studies.

Thesevaluablestudiesof educdaor s 6 o0 ralse preide dfaundationfor studying
how and low much teacheraccess online studedata systemdAt this point, the arying
systens andpopulationsstudied along with diffeent outcomenetrics make explidi
comparison®f teachedatause difficult. However,as the nmber ofinvestigations grow,
researchers may awerge on a frameworthat facilitatesleaer comparisorof usage across
data use system®n the one hand theswtdies indicat¢hat significam proportions of variatio
inte a ¢ h e r eaécesarn attibutableto differences betweesthools and te&ers. On the
other had, few factors lave been consistently identified to account for this variation,
particularl the larger amous of teachetevelvariation. With tealser$online use oflata
sysems genelly low, identifying the deteninants of thatise is critical to théuture of onlire
data systems and by extension how such systems can be best used te smpent

achievenent and learnig.
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Table7

Summay o Teache-LevelDeterminantsin Sudiesof Online TeacherData Use

Way:|1an e Wayman et ?/Czyrs;g Shaw Tyler Goldet al.
: l. (2011 2010 2013 2012
(2009) al. (2011) (2012) (2010) (2013) (2012)
Teacher Demograjits
Yearsof Significant Significant . .

. . . | NA
Experience 0 Not Sg 0 Not Sig Not Sig
Masteros S'gr('f)cam NA NA NotSig  Not Sig NA

Math Use>
Content Area NA NA NA NA NA En.gl|sh,
Science,
Social Stud
Value-Added .
NA NA NA NA NA
TeachelScore Not Sig
Schoolwide
Teader
Use
System Access NA NA NA NA NA S
Classroom
Teacher
IncqmlngStudent NA NA NA NA Significant NA
Achievement )
Survey Scales
Attitude towards .
NA NA NA NA NA
Data System Not Sig
DataEffective for Significant NA NA Not Sig NA NA
Pedagogy @)
Freq of Instuct. Significant .
Data Use *) NA NA Not Sig NA NA
Teacher Efficacy NA NA NA Significant NA NA

)

*Qdds Ratio of 0.68 = 0.01) for Ever Used Acuity

To this point,sectionsof this dissertatiomave discussd pastresearclon theconceptual

frameworksteadter attituds, and teaher praticesof DBDM. This ample bodyfovork has

furtheredunderstandingfa e a c dhat sesb&haviorand ofthe factorsthatmay

systematicallyencourager discouagethe useof datafor instriction, as well ashemore
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specific useof online systens providing access tetudent d&. The next seton considers a
related andritical questionaskng not what teachers do with data, bather whaprograms
encouraging data @sas well as the agal use of studerdatg haveachievel.

Teacher Outcomes for Data Use Interventions

Along with more access tgudentdata, more triaing has been iplementedn schools
onhow tousethatdata. From the federével down, administrats have made cleghat the use
of data in improement efortsis apriority ( i A me Reacaveryand Reinvestment Act of
2009. Interventions@ encouragé e a c tiat use lderefore, have been plgul and have me
with varied degrees of succe€dutcones forthesestudiesaimed aincreasngeduch or sd use o0
data for nstructionrangefrom improvedteachemttitudes towats data use tanincreasen
observedisage of datdn a thorough reviewf interventions spportingt e acher s 6 dat a u
Marsh (2012)reported thatost studeésof data use interventioriscus on implementation
outcomesfew consideramit e r v eimpadt anpaidicpant attitdes and behaviors, and even
fewer addres im@ad on studenachievenent. Seeral of he studies reviewednd that teachers
perceive ata agyenerallyuseful andrsaluable to their practic¢hough unfortunately, #se
studies @ not exanine changes in tehea attitudes before and aft@terverion, asde from
suneying texchers etrospedtely about changes itmeir perceptiorof data e over time.

In several swey-based studies, teachers responded positively to questions about
increass in their own kowledge or skills after datasage inteventions (HuffmanandKalnin,
2003 Marsh, 200Y. Other studes found more mixed results, with some data teams
demonstrating changestimeir thinking abait DBDM and others not. In sonuases, igh

percentages of chersmdicatedthe usefilness or value of datavhile much lover percenhges
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of the sane teachergdicated that the data had changed their thinking about studison
andSlawvit, 2007; Qunt, Sepaik, andSmith, 208)

Beyondinvestigdion of data us alone, Gimore, Ermeing, and Saurets(2009
examined teache satiributionsof student acl@vemenind faind that teachs involved in
collaboratve data teams attribed student gain® the te ¢ h e r s forts,omvile eaehiers
uninvolved in such teams at tdrchatacteristicbr st udent s o
conditionsof studentssuchas soaeconanic status.

Overall, Marsh (202) foundthatacros20 studie®f interventiors meantto increasehe
use of studenperformance datanly half found an increasen reported use of studedéa. One
of thesestudiesbased its finding of inetased da useon theprincipaldreport of increasedtaff
use of datgCodand, 2003) while otherstudies were able f@rovide more substantial Soqrt in
the form d correlaions betweeimplemenation sypportand frequency 6 data se(S.
Anderson, LeithwoodandStrauss, 2010; Kerr et al., 200&everaktudiesalsousedself-report
outcomes related tohanges in classroom practice swhooldecisorrmaking(Denton, Swansgn
andMathes, 2007; HuffmaandKalnin, 2003; Marsh, Sloan McComtzmdMartorell, 2010;
Murnane SharkeyandBoudett, 2005Quint & al., 2008; J. A. Spovitz,2006; Stherland,
2004) One studyf the Getting Rests projectoy McDougall, SaunderandGoldberg (2007)
providedstronger evidence of impact through a qualitativalysis of obsemtion, interview,
and focus grop data omparhg interventionand conparisongroup schols.Impacson
intervention schoolsncluded ircreased attention to acadengioals in instructional planning and
more systematic collection and useaséessment datgaaticularly writing assessmegtto

informteah er s 6 ntde@assns.r o0 o
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Along withthesepositive impactsrbm data intervetions, dher negative or mixed
resuls havebeenreported includinginstances where interventiefailed to impact teachedata
use or whereteacherdeveragedhe struture d accountabiliy metrics by foasinginstruction on
testtakingskills or by drecting esourcesatsoal | edkiidabbl ét hose <cl oses
proficiency on state tests) instead of at a wrdage of studentderr etal., 2006; Marsh,
Hamilton, andGill, 2008; MoodyandDede, 2008; Murnanet al., 2005; PorteandSnipes,
2006)
Student Outcomes for Teacher DatdJsage

While themultiple process models discusssatliersuggespathways byvhich
improved acess tastudent data could impacstudent outcoes, evidece of the impact of
teacheiata use on student outconiegxtremely limitedMarsh, 2012Mandinachand
Gummer 2015 Hooglard et al, 2016;PoortmarandSchildkamp, 20161 n  Ma(2042h 6 s
surveyof datauseinterventions, aly six studisexamined impact on student outcomes, and only
two of thesestudies found posive effects The first,a study of elementaryschools impleranting
the Getthg Resuls model demonstrated arcrease of 15 NormalCurve Equivalent (NCE)
Unitsas compared to an increase of 11 NCE units for comparison schools, gaaudiin
adjusted #ect size of 0.7%McDougall & al., 2007) The secad, a longitudiral studyof the
High Reliability Schots (HRS) Projec{Stringfield, Reynold, andSchaffer, 2008jound hat
improvementin the nationeexam m@ssing ates wasnuch higher for studestenrolled in HIS
model £hools While bothstudies povided promising results, they both investigated schoolwide
reform effortstaking place ovemultiple years, making ifficult to separée out the effets of

data supprt inteventions from the impaof the largesschool wide reform.
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Two other studie¢one related to the High Reliability Schools Project) found an intensity
effect, with increasddatause training foreaches correhtingwith higher stadent acievement
(Marsh, McCombs, and Mirell, 2010 Reynolds Stringfield, and Schaffer, 20p&Reynoldset
al. (2006)found such a effectwithin the larger evaluation dhe schoolwid¢HRS moverent,
while Marshet al.(2010)founda small, but sigiicant relationship (g .001)betweertime
spent by readingoacleson dataanalysiss u p por t aneatlingsathieveemn t s 0

Studes conducted by the Center DataDriven Reform in Educationn largescale
benchmark testin¢Carlsa, BormanandRobinson, 2011; Slavin, Cheung¢iolmes, Madénand
Chamberlain, @13) denonstratel extreméy mixed results acrosgears of implerantation,
content area, and methodanfalysis, though generallihe authors suggest that the
implementation obenchmark testingnd workshops on data useas rot suffident for
improvemenin studet achiz#zement.Larger effects were obsed inthelater years 6 the study
after schools haddoptedand implementedeading or math programs wittemonstrated
evidene of effectivenessAgain, as withstudies relaté to theGetting Results and igh
Reliability Schools pojectsit is difficult to separate thinpact d the data use interventiotsdf
from theimpact of system wide reforms.

In another largescalestudy d the impact of bechmark testing systems, Wayma&haw,
and Cho(2017) analyzetudentoutcome specifcally as they relate tieacheréuse d an onine
system for benchmark forrtiee assessmenfter two years of system use in elementary and
junior high reading and matclasses, the only significariiut smé, relationship wadetween
the consstency umber of weeks) of edator use and eihentaryreading achievement growth
(p=0.01, SD Difference = 0.09)n one of the only other studiedagng teacher onlinelatause
to student achievement, [ey (2013 repats that teacheusageof anonline interim testing
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system wasinrelated to stlent grovth on state exams or to pemtance on quarterly
benchmarlexams for core content area teachergrade 3 through 8.

Other studies attempted to meastine impat of data systems bgvaluaing theimpact
of such systems on a ramdly selected gup of intial usersMay and Robinsof2007), for
example, examined the impact@th i Bebssnalized AssessmdReporting SystenfPARS), an
online system foparents, tachersstudents, anddminigratorsto aidprepaationfor the Ohio
Graduation Tesin the 8L randomlyselected pilot hif schools, there was no evidence of
increased outcoas for students takingraduation exit eams for the first time, but soenimpact
was faund for studerg who ha previaisly taken and failed a state aguation test (My and
Robinson, 2007).

In a similar ein, Konstantopoulos, Miller, van der Ploeg and 20{6)examinedthe
impact of participatimg in two interim assessment g@ams, m@ass ad Acuity, in Indiana
during the 201112 school yearSeventy shools were ramamly selested from a pool of 157
volunteer schools and then randomly assigned to redegvterim testing pragms.With
annualindiana state test scores asocomes, 1 sigrificant effectsvere faind forgrades 3 in
mathematics or reing, while signficant kut negative effects were fodror K-2 for the same
content areas.

Additional studies have foundoimpact on student outimes when comparing
comparisorand intevention conditions A district-level interventon which combined seval
supports foteacher8 us e of d atameworknfouadmo differgnaeis with sinhilar
comparisao districts, as well aso differences imntensity of outcomes relateéo the dgree

implementatio (PorterandSnipes, 2006)A randomized comol trial in Boston tested the
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impact of coaching tehers to better undéasdand useeadngassessment scores, but also
failed tofind significant efects(Quint et al, 2008)

In a more promisinget ofstudiesfor data use in schoolsya&uationsof the Learning
Schoot Model (LSM) in New Zealandshowed evidence of gstanedresulsin reading
achievemen (Lai, McNaughta, AmituanaiToloa, Tuner, and Hsiad®2009; Lai, McNaughton,
Timperley, Hsia, 2009;Lai andMcNaughton, 2016)Unlike previously discusseidterventians
which focugdmore directlyon theimplementabn of benchmak testing, the.SM hadmaore in
common wih the Getting Resultand HRS projectsmplemeanting acollaborative, proble
solving approach where professional léagncommunity teams woddtogetherto identify
problems, collect and analyze datlatedto the problem, andactbasel on their analyss (Lai
andMcNaughton2016).Along with the inplementation of a collaborag, problem solving
approach, the LSMhodelalso diffeedfrom benchmark wing approachesiseveral other key
areas:

1 Devdoped partneships between resgechersand practitioners, prioritized design and
testirg of interventians, leveraged networked communities foarieing and examined
variation in peformanceacross the system keeping withdesign-based research
(Andersonand Shattick, 212) and improvement scier (Bryk et al.2015)

1 Useal data from teaoly observationsrad a range of studeassessments twnnect
paterns of teaching to patterns of achievement

1 Usd a consistent eVaative framework in collaborative disissionsto evaliate
hypothesesnd prgosals, m this case problefhased methodologyRobinsonandLai,

2006)

45


https://paperpile.com/c/ealPBm/y4APe

1 Basa analysisn local, contentarea kimwledge, linking data use professional
developmen(PD) with conteharea ® (Lai andMcNaughton, 2016).

Overall, The Learning hools Model (La andMcNaughton, 2016), theigh Reliability
Sdools Model Gtringfield, ReynoldsandSchaffer, 2008), th&eting ResultdViodel
(McDougall et al., 2007)and ars three and fawf theCDDRE districtreform studySlavin &
al., 2013)providethe mos consistenevidence otheimpactof DBDM interventionson studat
outcomes. Mesedatauseinterventions, howevewere only a subset ofiore comprehensive
schod reforms, makingthe sepeate impact ofmproved accesand useof student peformance
datdifficult to determineForthoseinterventions Imited more stitly to providing accesand
basic training tdbenchmark assessment or data systems (Henderalgr2€07; Mayand
Robinsa, 2007; Slavin et al., 201Bonstanbpouloset al.,2016) w significant results were
found. For bevery limitedstudies analyzig teache®@use of onihe data and assessment
systems, as opposed to access alone, the onlyisagniresult wasound byWayman et al.
(2017) who faundarelationshp between the onsistery of teaherdusage of an onte
assessment sigm andgrowthin elementaryeadingachievement.

Some reseahers argue that this lack sfipporing evidence is nosurprising givertheinfant
stage of DBDM adaption for mostdistricts and tle experinental difficulty of isdating the effets
of data us¢Hamilton et al., 2009; Mandina@ndJackson, 2012)he lack of evidence
supporting the impzt of DBDM is perhapslsorelated tolimited understanding of the daeher
level facbrs enabling and inhibiting e a c¢ da& useAtcounting forthe variability among
teachers in adopting DBDM midnelp refine undestanding of data usmutcomes. A fuller

undestarding of theindividuallevd determnants of teacher onlirgata use, ahgside a fuller
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picture of whad A u ckelike appear critichl necessary for expanding usage of online student
performance datara its possible impas on learning andchievemer.
Limitati ons and Next Stegps of DBDM Research

As describedn the previousections, DBDMn schoolshasnot followedatrajectory of
research to practiGewhere an interventigrgroundedn evidence andelevant theoryis tesed
and refined befre ug. Insteadthe currentmovemen of datausein schools has fwed a
trajectay of expandingDBDM practie withresarchracing tocatch up, investigating set of
practices rapidly diffusg across the .2 landscape. Under thesircumstancesyith researh
trailing pracice, studies of DBDM have tended toward thqualitative desr i pt i on of HAwha
therealmof data use in schools. &g qualitative descriptions have, in tugeneragd process
models which both synthesizdescriptions of @cticeandserve as gide andinspiraion for
further adoption of DBIM in schoolsOnthe one hand these processdelsof Databased
decision making are clear and compelling: Plan Do Study ActedReldowever, elatratingand
gualifying suchmodelsis critical to the successf future datause inteventions.

Recognizinghis need anothe line of inquiryin DBDM studies conducted m amuch
smaller scalehasworked towards establishing determinant framew@xiksen, 201% for data
use frameworksthatdescrike the most imprtantfactors encowging anl discowagingte c her s 6
use of studerdata.Figure5 summaizesthis overallmovement between process madaid

determinant frameworks DBDM researb.

47



Overview of Previous Data-Based Decision Making Frameworks

Type of —p .
P Process Models General Determinant Frameworks
Framework
Description Models that describe Models that identify barriers and
or guide the stages of enablers to implementation
translating research outcomes
into action
EX am p I €s REFLECT PLAN Organizational Level Facilitators Inhibitors
District Accountability Schoolwide focus Proficiency focus
School Leadership Organizational Short-term
The Data Cycle learning accountability
ANALYZE DATA IMPLEMENT
School Context Structured Limited time and

ASSESS

collaboration

power

Teacher Capacity

Data competence &
confidence

Lack of training &
confidence

Teacher Beliefs

Assessment helps
learning

Assessments are
invalid

Type of Factor

Enablers & Barriers

Organization

Vision & Norms
Leadership
Support
Collaboration

Data Accessibility of timely data
Usability
Quiality of the data

User Knowledge and Skills

Disposition to Use Data

Figure 5. Overview of previousdatabased decison making frameworks

While DBDM research has beenczessful agenerating procesmodels and few

examples opossible determinant frameworks, it lsigiggledto quantitatively descrile or test

thestrengh of relationships betweempossiblefactorsdeterniningt e a ¢ h e r staandu s e

t e a c écwalusedf studet data Even witha strong base in qualitative researahyent

determinant frameworKsavefailed to adequatelyxplain variability in teacher 6 BDDI




behaviorwhen appled in lage-scale statistical analyse€verall, the field of BDM in schools
still lacks stong quantitative evidence linking key éters and barriers to variation in teadter
datause.SeeTalle 6 and Table7 for a summary opreviouslyexploredenablers and barrigto
teacher data use
While morelargescalestudiesareneededo generate consensos these derminarts,
in thetwo studies of the dissertation,| apply anexplorabry, desciptive, dataintensiveapproach
to generate ne lines of investigationTo address tle core challengef testing and improvinthe
determinant frameworksf teache data use suggesthree epansions of DBDM reeach.
o0 An exparsion of data and nthods
0 An exparsion of theory
0 An expansion oparticipaton
| provide abrief outlinefor each of these expansioimsthis sectionwith the next section
on Additional Framewrks, Theoies, andCommunites providng themore extensive
badkground and survegf therelevart literature.
Expansion of data and method. A pervasive issue of DBDMeseach, coloring many
of its findings, is amverdependence on survey outconi®aodgass, Rang, Monroy, Bell,
and Whitaker, 208) for operationalzing t e adathuserofied dwe to the difficuly and
expense of obsemg teacher data use in actidggeverd researchersn DBDM havemade the
related pointhata critical and less fregent,areafor researcharee d u c at o r teré&tiomsc t u a |
with dat& , A z o oam theplgseniaelmaily or weeklypractice of dataise(Little 2012;
DatnowandHubbard2015.
As online systems for accessing student data become increasingly ubiquitéog, the
files from these systsns mayprovidea valiablewindow intoeducatod ssageover dags, weels,
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and months. Wi a few studies havaesed log files to analyze teacheinferaction with these
systems\(Vayman et al., 2009; Shaw and Wayman, 2012; Gaidl 2012 Tyler, 2013, the
metrics generateit these studiewiave only begun texplare the ptentials of logife analysis
Wayman etl. (2017) points out that reVvan studies have used limited definitions of usage
based on total number or duratioinactionsto defire teache si@gagement witbnline g/stems,
and tha perhaps addibnal ®naeptions and metrics aisewould further analysis obnline
systems for acceisgy gudent performance data.

To address ik overdependence of DBDM research on surveyomntes andexpand the
potential of log les analysisl adopt methdscommonly usedh the reseach communities of
Educational Data Miningnd Learning Analytic4§EDM/LA) (BakerandSiemens, 20140
analyze the | og fil es sgvihrodineaystenkBakerebah 208s er s 6 i
Rodrigo efd., 2012) These methods alwofor rich, quantified descrippnsof t eacher s 6
naturaistic behavior, beyondtise s ed i n previous studi Xuandof t e ac
Recker, 2012; Maull, 2033

Along with an overdependence on syramalysis the quantitativemethods used in
preMousDBDM studies havéocused orvariablecenteed vs. persn-centeed appoache to
analysis. For example, studiesonline data use (Tyler, 2013; Wayman, 201aydfocused a
explainng schoot and teaherlevel fadors and had dficulty capturng thevariability and the
possble subgroups of educatoas characterized byin atitudes, behaviors, @routcomes
Drawing from the same EDM/LA communities, | emplataintensve methods, such as
hierarchcal clusterardlysis as a &y of simultaneosly idertifyi ng patterns acrossdividuals
and preseiwig a view of the overattomgexity of variation across users and fact@swers,

2010) While expanding the set dataintensive methodssuch as thesejay play a kyrole in

5C



future DBDM researchan epansionof the theoretidaframeworksguiding ths researchs just
as crtical.

Expansion of theory As Mandnach and Jimerson suggeste underlying logic model
of DBDM maybe overly simple. To move lagally from fi(a) train teaclkers to use dati@ (b)
instrudional changes t¢c) improved student psrmanc® may be missin@ gret deal of the
Aconnections t o mopmentalgpsychology and dthireocetia/basesitlealy e | o
may influence bw data uselpys out in clasroons and othe organizatiors ¢Mandinachand
Jimerson, 2016, p. 4n keepingwith thesensights | propose two areagheretheories of
psycholgy and markéng may aidDBDM researchn expamling boththe ceteminants and
outcomes onsidered in data useudies.Exparding DBDM studiesto includewell-supported
theoriesrom other behaviorali€ldsmay help inidentifying the key @ablers and barriers to
teacler data use

While the bulkof investigationinto data usedeterminantfiasfocused on the external
obstacles or necessargplens f or t eac her s @DamavpRarkandKenneayfy, dat a
Lewis, 2013; Hoglard et al., 2016; Hubbard, DatnpandPruyn, 2014) less attention has been
focused on teachdis i n d atttuded and beliefand their association with data usefew
researchers have attemgbte quanttatively describeelatiorships betweedaia use behaviors
and generallata us attitudes suchasthosecaptured by surveys such as the SEDU and TDUS
(Waymanet al., 2009; Wayan et al., 2006 However, more such studies are needed, as well as
studies with expard the range oéttitudesand belie$ mwnsideed in relation tdBDM. Social
cognitive theory(Bandura, 1986)or examplejs fundamental to much contemporary
undersanding of motivatin, and offes the construct of sekéfficacy as a possible adgtminant of
teader involvement in data uséOnly a small nmber of previous studies have apglisoci&
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cognitive theory, in the form of teaching sefficacy, to the analys of DBDM attitudes These
studies have begun to establikb reliability and alidity of survey scales fo measuring self
efficacyinteabh e r s 6 , dsavelleas aipseeahtlack of data useelf-efficacy among teachers
(Dunn, Airola, Lo,andGarrisan, 2013a; 2013b).

A related area of common behavioral theding TechnologyAcceptanceModel (TAM)
(Davis, 1989, alsohaspotential to defie key barriers and enaldeo teaher daa use,
particularlywhen that use isxedated by onlineinformation techologysysems. TAM employs
dual constructs gberceivedusefulness (PERUSE) apercevedease & use (PEOY to explain
varability in the aloption of technological innovatioiMoving past the initial adoption of a
technology to patterris its use overhe longer termUse Diffusiontheory(ShihandVenkatesh,
2004)proposes that uséehaior can ke viewed poductively throgh dimensions direquency
and variety. Such a lemsovidesapossibyv al uabl e framewor k for studi
daa use, cawingthe focus away from sheer amount of time sjpeatsystento the qualiy of
t e a c bnkne en@gement

Expansion of participation. While expansios of method andheory mayprove useful
for DBDM research, an additional expansion of its stakeholders and participantsirthe long
run, prove even more valuable, particyladgardingthe longterm siccess of tanslating
research findingg successful @rctice.Recent movemntsin EducatonalData SciencéPiety,
Hickey, and Bishop, 2034Collaborative Datdntensive Improvemen(Krumm et al, 2018,
and general frameworker Learning Analytics Gasevic et al, 2017) prioritize the irtegration of
reseach and practiceThese movementsquose aange of innovations, froite creation of
new roles and responsibilisgAgasistiandBowers, 201Y, to the leveraging of knowtkge from
diverse discipline(Piety, Hickey, and Bishop, 20)4to designingvisual data analyticshat
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leverage comeix dataand analyses for human judgemediefikowski Feng, and Mean2012;
Krummet al., 208).

With the notable exception of the TeacBata Use Surveyfayman éal., 2016, few
suchvisualizations odashboards exigor informing school decisiemaking around teacher
data useDBDM may bea priority formanydistricts and schds, yet limited tools exist to help
school leaders in matoiring and understandingelstatus othese effais. This studygenerates
visualizdions designed to efficiently infor schoolleaders about the complex factors related to
teacher data use in scheoBuch visualizations may increase schuaibdlities tounderstandhe
impacts ofDBDM initiativesand adat them for sucess inlocal conexts

In summary, based on reviewtbe literature oDBDM, | have identifiedhree areas for
expansion of resedrdn databased decision making, all with the aim of be#xplaining the
factors mpactingteadle r s use of student dat a:

1 An expansion of cata and methodsfrom slf-report masuredo log files ofobserved
data usendto dataintensive methods from tHeA/EDM community.

1 An expansion oftheory to constructs fom sociatcognitive theorythe tecmology
acceptancenodel anduse diffusion theoryto explain variability andexpand outcoms
for teacher data use

1 An expansion of grtici pation by generating new toolf school leaders tmonitor and
improvedata usenitiatives.

In the next setion, | will provide additionalbackground and survey oftheliterature on
relevantmethodsn EDM/LA, theoretical constructs of sociebgnitive theory, technology
acceptancand use diffusion, and current movensaatintegrate reseach, dataintensiwe

analytics, andedication practice.
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Expanding Methods, Theory,and Participation of DBDM Research

Expanding data and methodsThe emerging disciplines of Educational Data Mining
and Learning Analytic6EDM/LA) (BakerandSiemens2014) providehis studywith a setof
methodlogies and conceptual fraeworks for explaatoryinvestigation oDBDM. Thepossible
contributionsof EDM/LA to DBDM research fall into three main areas: elabed techniques
for log file analysisandfeatue generationmethods forhie descripive visudization of high
dimensionéty data, and emrgingframeworls for research thdtridgedataintensive analysis;
collaborative, desigihased approaches; andalase in school$.will briefly introducethese
emerging disciplines anthen discusgheir possble contributions tdhe nvestigation of BDM.

What isEducational Data Mining/Learning Analytics(EDM/LA) ? Over the last few
decadeshe methods of data nmirg and analytics have spread across meltiisdplines. The
field of educ#ion, thowgh a bit &ter than some to make uskthese methodsias increasingly
utilized techniges devadped in the data mining community for analyzing and drawing
actionablenferences from large datasets. In educatgseach, data mining and data
visualization methodabgies have taken root lardgan the Educatinal Data Mining (EDM) and
LearningAnalytics (LA) communitiegBakerandSiemens, 2014)

Educational Data Miing as defined by the Im@ationalSociety ofEducational Data
Miningisfi a n e me cipyne,rcanceched svith developimgethodgor exploring the unique
and increasingly largscale data that come froeducational settings and ugithose methods to
better understand studerasd the sttingswhic h  t h e y ( I &e|rinernational o
Educational D a t2@18. While EdugatiosabBtaiMeningyhasats origins iré
analysis of stuentsoftware interaction@BakerandYacef, 2009)its application andategores
of andysis have expanded widely frothese beginnings.
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Applicationsof data mining and learning alytics methodologis have delved into areas
as diverseaas providng natural language suppdot tutoring sysems(Nye, GraessegndHu,
2014) automated analysis ahtt featuregMcNamara GraesserMicCarthy andCai, 2014) at
risk flags for studenintervention based on wide rangemmdicators (Arnold andPistilli, 2012)
and finegrained explorationsad t ude nt s 6 arnd thenelationdips tosldamminge s
(Baker,D 6 Me, Radrigo,andGraesser, 2010Y o0 accomplish these tasks, researchetisis
field utilize several tbad methods of ahgis: prediction methodstructurediscovery
algorithms, relationship ming, distillation of data for human judgement, agidcovey with
models(Baker andYacef, 2009) Some otthese categoriesglevant to the current stigd, will
be discus=d below.

Predictive modetig. Generally, pedictionmodeling methods attempi produe highly
generalizable mathematical models that predict one depend&itledrom various independent
variables. The waant for the generalizabili of predction modds is often constructed by
following a valdation process, where the statigtipredction model is built using one subset of
the available data and thentasfor its performance on apsgate subset of #t data. In this
crossvalidationmethod, amodd is iteratively trained ad tested on sepate partitions of the
data and itperformance is averaged across those iteratf@fi®on andGong, 1983)As the term
suggests, prediwe methals have den been usetb pralict future eventd passig state tests
(Pardos, Baker, San Pedro, Gowalag Gowda,2013) dropping out of high scho@Bowelrs,
Sprott,andTaff, 2013) andenrolling n college(San Pedro, Baker, BoweemdHeffernan,
2013) Along with anticipating future eventhowever prediction methods have beased

effedively to predict variables that ateo cumbersome atisruptive to collect directl{Baker,
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Corbett, RollandKoedirger, 2008)r that can only be known indiry, suchas t udent s o
knowledge of gparticula topic (Pardos, Gowdaaker,and Heffernan, 2011)

Structure discovenstructure discovery methodmothe broad category of work in
EDM/LA, are usedo explore patterns idata withoutthe imposiion of a prior schema hese
methods contrst with prediction methods in thttey ladk a predefined outcome or label that
guides analysis.tBicture discovey mehods inclu@ clustering, factor analysis, cal network
analysis, andlomain stucture disovery(BakerandSiemers, 2014) In the EDM/LA context,
structure discovery methods have been usedpore the social networks that emerge in
MassiveOpen Online Courses (MOOYX$Rosé eal., 2014)and to cluster studénbasedn a
variety of motivational beliefs and behavior patterns (Beal, QuiL&e 2006).Most relevant to
this study, structre discovery, in the formaf hierardical clugering analysis, has beesad to
explore pasible subgroups of students basadheirgrades over time (Bowers, 201@)eir
interactions with an online le@ing management system (Lee, Recker, Bowers, YRaho;
Krumm., et al., 2018 and thé& acadent performance across variginstructional rathods
(Nitkin, 2018)

Assisting hman judgment Another EDM/LA focus ionthedistillation of cata for
humanjudgement. Analyses, metricagcess to relevant daend information visualizeons
geneated withn EDM/LA have great poteral to assist humn stakeholders in optimizing their
decisimn-making proceséBakerandSiemens, 2014 Researclatthe Open Wiversity UK as
well as onine additons to tralitional live classes haxplored teacherse and access to learning
analytics(Arnold, 2010; ArnoldandPistilli, 2012; Clow, 2012, 2D4). The creation and uity of
visualizatiors and dashboards has be@other area of iuiry, with studies of open student
modelsand learning dashboar@¢erbert et al., 2014; Verbert, Duydlerkx, Govaertsand
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Sarios, 2013)providing useful exploréions of deign and usage.dé&imaps and clustergrams
(Bowers, 2010; Lee, ReckdBpwers,andYuan, 2016)learning curvegKoedingerandMathan,
2004) and learnogram@ershkovitzandNachmias, 200%re all examples of viglizations of
learning or behavior which can inforend u ¢ a t o r -snékinghleoat istsdnt@@the work in
this area hakcusedon generalied frameworks for producing effeeti judgenents(Wise,

2014, on theintegrationof dataintensive methodwith DBDM frameworks(Agasistiand
Bowers, 2017Bowers, Krumm, FenggndPodkul,2016 Bowers, 201y, andon the specific use
of erhanced, datintensve reporting in higiheeds and/asecondary scho@nvironments
(Hawn, 2015; Ocungugh et al., 2010)

Contributionsto DBDM research.Specifically, in relation to this studgpethods used in
EDM/LA contribute inthreeareas(1) intensivdog file analysisand feature gearation, )
personcentered methods for struce discovery, ah(3)descriptive visualizations dfigh-
dimensionality datalhesespecificcontributions willbe discussed in dat below.

Log file analysisPreviousDBDM studies of teacher interaction thi onlinestudent d&a
have used a relativelypmpact set of mats to analyze log file interactis. Thes metricshave
been overwhelmingly based on ratesofess, includingession countfWayman éal., 20®a),
totd time spent in the systerandtime spentn various subsysten$yler, 2013) Studes have
also usedate of access as a means of definiagr categoeis(low, mid, and hgh uses) to
differentiateanalysis(Gold et al., 2@2). While these studies have provided valuable initial
insight into teacher wge ofthese systems, practiceEDM/LA suggess a much wider range of
technques foranalysis 6teacher log file interaizin.

From their leginnings, EDMLA, though particuldy EDM, havefocused orcreating
actionable insight from the tracesusferbehavior captured in log file interactioriBaker and
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Yacef, 2009) While most of this &ort has been focused on analyzstgdentog file
interaction, EMA/LA studies of teacher interaction with onlinarriculum and librargystems
have been conduaes well(Xu and Recker, 2012Maull, 2013) In addition, soméechniques
for analysisof studentog files may bdransferrable to the analys§teacher log filesAt the
same time, it is imptant to recognize that telaer log fles of interaction with an online da
system do nainclude the same rich, momelmy-moment, irstructional performanceand
l earning dat a as intmactidnwith orfline ingtractiond apglitatnd\hitet s 6
it seems likely tht greateunderstading can be gained from ttagplication of BM/LA
techniques to the web usadepeoacttioners, it is also likgl that therange ofinferences available
from & u d eimerastidns with tutorig software willremainfar wider.

Cental to predction modelingn EDM/LA practice is the @ation of an extensivange
of feaures, o inputs, that candusedas descriptions of the dataset in questiath ampredictors
in related data mining analyses. Tfaature gaerationapproach lead® a muchwider range of
metrics basd onlog file interactions. IBaker et al. (2012)or example, 58 featusevere
calculated based on &@&cond clips of student interacatiovith an online tutorThese 58features
were hen aggregat as min, max, ean, and supnfor a total of 232 faturesused to develop
automated detectors of student affect. Many of thesedi8rkes relate to studenfhoment by
moment state dearning,and while thatevel ofandysisis not currentf inherenthn  t eac her s 6
online, datauseinteractions, severall®BV appraches to feature generatioanstill inform
future DBDM investigationsFor example, the time between actions, usage of help functions,
reference to past aotis,the rormalization offeatures, te standard devi@n, minimum and
maximum of interations,number of unique values entered, and the creation of feature
interactiors are all commonly usdeDM techniquegRodrigo et al.,2012)that ould be applied
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to the analysis of teacher log filesa descriptive capacity, as well as for their possible
predictive utility inextended EDM analyses.

Additionally, a limited number of EDM/LAanalyses of teacher Idije datado exist as
precedenfor DBDM analysesin particular, Maull (2013)Maull, Saldivar, and Sumner
(2010b) andXu and Recke(2012) have analyzed teachieteraction withonline curriculum and
digital library sysems, respectively. In these studies, both authors first generatee festisir
summarizing teacher behaviors in the system and theredmblistering techniges,such a K-
means, expectatiomaximum (EM) likelihaod, and Latent Class Analysis (LCA) orcer to
group teachers by patterns of engagement witytbtem. In botltasesthese online patterns
are analyzed in relation texterndinformation about théeachersinvolved. In the case of Xu
and Recke(2012) for exampleyears teaching and comfort with technologgrevalso analyzed.
In the case of Maull2013)teacher iterviews andstudent outcomes were connected to oali
usagedo create a typology of teacher use of an online science curriculum

The overall investigation by MauR013)includes several key cqronents for
consideratin. Severasuwveys, an adoption inteiew, and a clagoom observation cycle were
condu¢ed andanalyzed in the context of the log file analysis. This qualitative vaenktified a
continuum of teacher practice from less to morestiaom differentiatioon the pat of teachers
that could tlen be tested emmically by assigning each interfawedgetof the curriculum site a
category aligned to this continuum of teachiliferentiation. In this case, interface widgets
were assignedseeither a Publishemteractive or Teacheicreated widgetwith Interactive and
Teacheicreated widgets beled to lave more potential for differentiation than Publisher

created materials.
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Continuing the analysis of log file data, Ma(2013)determined the 2thost frequently
used of these intixce widjets and used access counts to those 20 widgets as the bulk of 27 total
experimental features. The remaining seven features includedganeral counts of cksin
thesysem as well as duraticof sessions. Thee features were used in severaktdr aalyses
over both semesters of collected data, utilizing betfiéans andExpectation Maximization
algorithms. An additional Principle Ggonents Analysis (PCAyascondwctedas a comparison
agains clustering methds. For the third analysis, comiig two semesters of data, Maull
refines the feature set to 19, deciding to reenfeatures not explicitly aligned to the
differentiation contimum of teacher practicewch asoverdl duration of use. KMeans and EM
algaithms were then reun, experimerally identifying the number of clusters (K) by testing the
within-sumof-squarewvalues for cluster sizes from1%. The work of Maulket al.and Xu and
Recker to genmatecategriesof teacher interactioopens the wayof future personalization of
thesesystemsaround the needs and classroom contexts of observed types of teaalverbeh
(Maull, SaldivarandSunmer,20103.

A more recent analys an online sciece platform for teachef$nodgrasst al.,2015)
providesa survey of learning analytics methods that might be applietiédgourpose of
reviewing aurricua ard applies Hierarchicdlinear Modeling(HLM) to compare teacher usage
of online curriculato selfreport measures to student outcontisM analyses foundboth
significant positive and negative relationships betweente& r s 6 acafenbne t o ar eas
curriculaa n d s t ueahee statesstéstsesWhen evaluating the usageaidline curriculum
resources, the authors propose investigating four categdiehavior: adherence to use as

intended, patterns of usage sdge/exposure to thestgm andengagment.Patterns of usge,
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in particular stand out as an area for possiblestgation, since past studies of teacher data
systems have tended to foausrates of usage.

While not strictly addressing educator onlmehavior, studies ofserbehavor in
Learning ManagementyStems (LMS) offe other potential methods for ansiy andfeature
generation, some of which may prove fruitful for descriptionsdafcator usage behavior.
Recker and Le€016)reviewthe current literatire on this topic, discussing thdarmation
collected by LMS logs that has been used in predictive or clus&udgs. While many
tracking variables from LMS systems are relevant to data use sgns, otlers, such as the
regularityof the login inerval (Il-Hyun, Kim, andYoon, 2015)r number of download¥'u and
Jo, 2014)may be applichle. OtherLMS studies have appliedustering algorthms in order to
group students acoding tomultiple factors. Such studies have identified participation groupings
of very active, active, and neactive student@Romero, VenturaandGarcia, 2008and grouped
students based on theelf-reported use of strategies and their online LMS tool(usst, Elen,
andClarebout, P13) While most LMSclustringstudies have used therdeans algorithm,
fuzzy cmeans was found to be moresessfuthan kmeans and subtractive clustering in one
study(Yildiz, Bal, & Gulsecen, 208).

These recommendansfor log file analysis more fullgmbrace the humacomputer
interaction (HCI) paragim of investigation into user behavi{@umais, Jeffries, Russell, Tang,
andTeevan, 2014)efined as the exttion andaggregation of user behaviand interaction
from systems capable of recordithgpse bhaviors and interactions for later analy@aull,
2013) The strength of the usbehavior approachnd the appication of EDM/LA methodsis
its ability to generate hypotheses, inferen@eg] metlods for visualization that will ultimately
aid the users of such systeri®r educational systems in particulagny of which remain
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proprietary and hidde(Agasisi and Bowers, 2017)suchopeninvestigations luminate
educat or s 6 nshopsyith egidence, enforenationpand decistamaking, feeding back
into the dsign ofimproved online systems and facilitating their integraiitto school and
classroomprooess

In summary,Table8 lists relevanEDM/LA and d&a use tidies, along with their

approaches tmetrics pagecategorizatin, and analysis
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Table8
Summary of Edzator Online Data Us&tulies

€9

System
Citation Analyzed Usess Usage Metrics Report or Page Categories Analyses
Waymanet al.,2009 2011 Weekly sessionaunts Instructional tinctions: . . .
. Classroom . . Hierarchical Linear
Shaw, 2010 Interim PrevalenceActiongYear Instructional resources .
~ Teachers: . Modeling,
ShawandWayman, 2012 Assessmen Grades B Corsistancy: Managerent, Reports, Usage Corrates
Wayman et al., 2017 Weeks used/Yea Completion status g
Admin. Session counts o
. . M n Descr
Gold et al., 2012 Student Dat:  Teachers Duration of £ssims yRSetugr?S s g; iilslzii\;e
SpecialistStaff Total duration oluse P
ClicksfSession Interactive resurces CFI’LrJiSr:;mIEeJ’
Maull etal., 20Da, 2010b Science Science Duration of sessions ) ' P
. . Teadercontributed Components
Maull, 2013 Curriculum Teachers Clicks on frequenthused . : .
: Publishe-oriented Analysis,
website fatures
UsageCorreldes
: . lasslevel . . .
. Core Subject Total duration of use Class evg reports Hierarchical Linear
Interim . Studens-in-class .
Tyler, 2013 ~ Teachers: Duration of use by page - Modeling,
Assessmen Individual student
Grades3-8 category Usage Corrates
Item-level, Resources
Student achievement
) o Monthly session counts Student demographics Latert Class
Drake, 2015 Student Dat:  Principals Cumulatve session counts Behavior, AttendanceTeaher, Growth Analysis
Other
. 5th G ices: ' . . :
Science . rade Category Indices . Engage, Explore, Explain, Hierarchical Lhear
Snodgrass dl., 2015 Curriculum Sdence Engage, Explore, Explain Elaborate, Evaluate Modell
Teachers Elaborate, Evaate (Website Strature) nd




Descriptive visualiations of highdimensionality dataEDM/LA practice alsaontributes
to the current study through its development of methods farishalization of high
dimensionality datéBienkowski et al., 202). The distillationof daa forhumanjudgement has
longbeen a major fociof EDM/LA (BakerandYacef, 2009) One approach for maximing
human judgement is to present complex information in thma fif visualizationshat keverage
thelarge bandwidth anpatternfindingab i | i ty of t he PNae 20i2h Suchvi s u al
visualizations are often exploratory in that they do ntetnapt to confirm specific hypotheses
(Krumm et al., 2018). Howevean exploratory andesciptive apprach is of particulause and
potentid for schools which struggle to make d#ensdaiy, based on analyses that are
insufficiently powered to providstatistical significance. In the absence of sufficient powem or i
the presence dar morefactorsthanobservationsexploratory andlescriptive visualizations
provide actioable summaries of information (Loeb, DynarsKkiicFarland Morris, Reardomand
Reber, 2017). While such visualizations may fail to generalizéhter gontexts oto accountor
the role of chanceniobservationshey still can effectively and iterativelgform local decisions,
improvement process, and theories of action.

EDM/LA draws on a long history of exploratory data analysis (EDA) in the stdéence
tradition, from Tu k es (1977) work layingout a justificaibn and disposition for exploration, as
well as asd of visualization methods, through Behré(997) attempts giroviding a more
standardized framework of heuristics for exploratiohrelevance tehe currenstudy is work
on clustegrams by Bowers2010). Clustergrams are the visualizatodra Higarchical Cluster
Analysis (HCA) combined with a heatmap disptdythe factors generating the hierarchical
clustering. These combinati®f dendrograis) heatmapsndannotations appenddd either

obsenations or factors, have offered possii@ktforinsight and hypothesis generation in
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multiple contexts. Origina}l developed in the context of bioinformatics (Gu, &itslSchlesner,
2016), heatmapsave been imigmerted in the educatical context for sidying student grades
over time (Bowers, @10), pedctions of student performance (Villagfanedoet al, 2017),
patterns of kindergarten st udéd€Tudkes,dommether act i o
Moyer-Pack@ham, AndersofPenceandSymanzik,2Q0 7) , | ear ner sdé6 video vi
(Kleftodimes andEvangelidi, 2014), studer@imteractions witranLMS (Lee, Recker, Bowers,
and Yuan, 2016 Krumm, MeansBienkowski, 2018) student®interactions with learning
activities (Nitkin, 2018)and eenthe analysis of learning activities in a museum context (dorio
Roberts, Bowers, Tissenbaum, Lyons, KueradBerland 2018)In eachcase, the genation of
a dustagram, combining clstering and heatap visualization allows for the exposurfe o
pattensin large data sets without sacrificing the details of indigidibservations.

On a more global level, Bowees al (2016) discusses thentersection of EDM/LA
methodswith the systemic improvement models of the DBDM movement, formalibow
previousmodel s f or educator data usen(Bavargsdtalas Mar

2016 might be ntegratad with EDM/LA datrintensive methods

Response &
@ Action

Combine with Apply
understanding &
expertise
Orgamze
Filter b
Analyze -

\_\-
. | Assess
- ¥ effectiveness

< Feedback | OUTCOMES

Access
Collect

Figure 6. Data use theory of action for teachers, students, seldoahistrators and central

office staff Adapted from Marsh (2012nd eproducedrom Bowers et al(2016) with the

permission of the author
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In contrast to the Marsh (2012) theory ofiact n Bower s Canbinedllogicds ( 20
Model of Data Analyticplacesthe logc of school data usaithe contex of a cataanalytics
process, expanding the rangenoéthods for BDM beyand basic exploratory analysesd
providing a roadmap for the iaporation of more compledata analytics, such as those

discussecarlier in thissecton, including pedictive mockling, dustering, and \dualizations

Exploratory
Data
S — Analysis
Stakeholders
+  Students I
+  Teachers SNl il
+ Principals > w Da
+  Schools Collected Processed Clean Data
+  District -
\\ Data Use
H \\~ | Data Analytics
1 ~. L
| R | statistical
i ‘\* Models
1 ~. ! ]
\'“ Machine
l ] > [ ]T A Learning
» Visualizations Algorithms
I .
= \ *===1 Build Data
- 8 Product 1
: *arzach : OUTEOMES ']_:: %\ . Report T
= 4 Analysis
arzh (3012 Datatne for .'.--n-:'l.'.“r-J g 5 Findi“gs

Figure 7. Combinedogic modelof dataanalyticsfor decisionmakingin schools Adapted from

Marsh (2012) and SchudhdO 6 el (2013).Reproduced from Boers ¢ al. (2016)with the

permisgon of the author

Expanding theory. Along with an expansion of methotsinclude innovations from
EDM/LA, an expansion of theory may be helpful in colesing new déerminans for teache s 0
online data usesocil cognitive theoryspecificallyself-efficacyis one of the more promising

lenses for explorin@BDM behaviorsad at t i t u d €19835) soBacogtitive treedrys
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stands at the bas# modern motivational theories and is fus¢o the analysis of data es

behaviors for expaiting motivationalfactorsto include the reciprocal interactions between

individuals, their behawor, ard the envionment. Centrato socal cognitivetheory and its

descendants is the concept  selta@garfizing, proactive, setegulating, andselff e f | ect i ngo
individual (SchunkandPajres, 2005p. 86) whoseindividual beliefs serve as a bridge between

the environmentrad behaior. In the context of the pedagogical use of data, these bediefs

play an especially strong role, as educators struggle with perceptions of feratdsnts,

ingtitutional accoutahility, quantitatve vs. qualitative understanding, and etregir ovn

comfort levels with reading tables, graphs, or interpretingioseWithin this constellation of

beliefs social cognitive theory defines a cent@k far the congruct of selfefficacy: an

individualb s bel i ef s ab outrnonhpeermadionhata speaified levelt y t o | e
(SchunkandPajaes, 2009)

Self-efficacy beliefs impact indiduals 6 ¢ hndaisks and betviors,as well ashe
effort they expend while working on ask(Bandura, 1977)According to Bandurél977),
individual selfefficacy canbe charactezried by three dimensions: magnitude, gelitgrand
strengthRespectively, these represent the belief in the lelviglsk that can be accomplished,
belief in the specificity of theelevanttask domai, andthe certaity of these beéifs These sel
efficacy beliefs develop from four sourdeyperformance accomplishments (As people
encounter success, their efficatyengthens. As they encounter failurayéakens, (b)
vicarious experienceg) verbal pesuasionand (d) emotionalarousd (Bandugr, 1977)

As a general construct, sdfficacy has been found telate to task persistenicethe
face ofobstacles, more frequent positive emotiand fever negatie emotions, usefcelf-

regulatory stategies, and increased academic achiemé(Bandura, 297; Pajares, 1996As a
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domainspecificconstruct, research into selfficacy hasaddressed the selefficacy beliefsof
teachers whichwill be digussed in sections below.

General teaching seléfficacy. Within the professional contexgachingself-efficacy
refers to t eac hrabiitgtd pelbrenlspeafic aspeatds thair teachimpeactice
(TschannesMoranandHoy, 2001) Some of these pscts of practice, defined in inginents
such as the Teacher Sélfficacy Scale (TSESTschannerMoranandHoy, 2001)and the
Norwegan Teacher Self Efficacy Scale (NTSESkaaVvik andSkaalvik, 2010yirectly engage
concepts athe core oDBDM, with subscales suds Effiacy in hstructional Stratgies ad
Efficacy in Student Egagement from the TSES, or, from the NTS#8 Efficacy to Adapt
Instruction to Individual Needs. Thesabscales of Teacher Sélfficacy relate directlyo a
t e a c hiéty té percaivé tie indvidual need of studentsrad repond in an effectivenanner,
either through instructional strategies or methods for studgaipement.

In the development of thESES, TschanneWoran, Hoy, and Hoy1998) bring togeher
two strands of psychogical nquiry into an integrated model for teacher-sdffcacy:one
strand of inquiry into general teacly efficacy (GTE) and another into personal teaching
efficacy (PTE).GTE refers, in a nghell toteachesy 6 b e | tithedverall efflcacyuof he
teaching profession to create positive change with studentbe fae of external factors such as
family andcommunity environrmerda nd e a ¢ h  aldrcogndiv@ stengtles artd i ¢
weaknesss.Work by the Rind Corporatioiinto Teacher EfficacyArmor et al., 1976)
incorporaedstudiesby Rotter(1966)on internal vsexternal contrglRose and Meday (1981)
onteacher loas of controlandGuskey(1981)on responsibility for student achieventento a
constuct addressing t erdaoipearcsd olme IsWhlddsuset lsdu tl i tvhees .

relationships have y¢o be estaldhed for theseelationshps, tacher efficacy, as measured
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from a combmned GTE and PTEegpspective, has beatorrelated to aademic achievement
(Armor et al., 1976),requencyof disciplinary command@RoseandMedway, 1981)

willi ngness to implement innovatio(Suskey 1984) and teacher stre§Sreenwood, Olejnik,
andParkay 1990)

Apply i n g B aoridl gagrdiv@ snd selfefficacy theoryBandura, 1977 this
earlier work orteachefficacy (Armor & al., 1976) Gibson and Demb.984) Bandua
(1997) and TschanneMoran and Hoy2001)created longer and more relialsurveys,
exploring the reléionships letweenthe previous concepts of PTEand GTHanBandur a 6 s
concepts of selfefficacyand outcome exptations. In particular, Bandushiftedthe
measwementof teacher seléfficacyconsiderably by creatinghanstumentthat, mae in line
with his concepon of self-efficacy, attempted to capture tbar efficacy awss different types
of tasks Teaches 6 e f, He positedmight be strongn one aea, such astudent discipline,
but weakin other areas, such asstruction. heseadditional scaledbasd onawide variety of
more specifideachetasks were intraluced by Bandurél997) andfurther developedy
TschannesMoran and Hoy2001)

TschannerMoran and Hoy2001)refine themore generbconcepts of PTE and GTE
into the analysis adpecificteachingask and context anthe assessment of persoredhiry
competencevithin thesecontexts Analysis of theeaching task, indeping with Bandu a 6 s
focus on the taskpecific nature o$elfeffi c acy, ¢ o n sperdeptiorsof apecificc her s 6
category ofe@aching practice @amot the overall capabilitgf the teaching role itsglas would
have been examinday the prior constrct of GTE As ThanneAMoran and Hoy2001)

describe it, the stngth of their mod is in the combination cigentmeangperceptiond
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perception®f personal teachg competence anelé-efficacyd with meansendperceptiond
perceptions of theontingant resources and constraints for specific teaching tasks.

This agyregation of compenceand contingency beliefs pta outin the phrasing of
guestionf the TSEShatconflate personal comgiency and situatnal contingency, as ithe
guestioni Homuch@an you do to get t hr oug(fischarment he

MoranandHoy, 2001, p. 800) Thisitem focuses ongrsonal teachemmpetence (what can

1

y o0 u 0 a c c oemapkhoMesiding thenchnistiaints of the context, in this case the redlity
Adi f f i ens.lOthéritesns af the TSEDNtinue this general pattern, combigithe
constraing of context with réection on perspoal competence.

Figure8 belov summarizes this relationship betmethe analysis of thteaching task
andpersonabssessmentd oompetence, as well @snnecting teacher efficy back tathe

theoretical surces ofelf-efficacy, mastery experience andypiological arousal.

Feedback on Efficacy

> Analysis of the

> Verbal Persuasion - Cognitive Teaching Task R Teacher
> Vicarious Experience o Processing > > Efficacy
> Physiological Arousal > Assessment of Personal

> Mastery Experience Teaching Competence

A

y

Personal Consequences

Teaching P of Teacher Efficacy
Performance [ (Goals, effort,

persistence, etc.)

Figure 8. The gsclical nature of teacheefficacy. Adaptedfrom TschanneAMoran,Hoy, and
Hoy (1998)

Over time, severalayers ofoutcomehave beerconnectedvith teacher efficacy
Researchers have linkedtder eficacy to important teaching behaviors, such as notieiitg

students who amger incorrectly, continuingp assist stdents who have failed attask, and
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dividing theclass intosmall goups forinstruction. All these behaviors are connectethéo
effort that teachers will expend in teaching, their perstgeagainst obstaclesnd ultimately to
t e a c Wiltngness ad tendency to use datinform changes in ingiction. Oher
resarchers hve found teacher efficacy to be related to expenitationin pedagogy,
willingness to try innovative methods, tability to adappracice (AshtonandWebb,1986;
Fuchs, Fucls,andBishop, 1992; Haney, Wang, KedndZoffel, 2007; Tmperleyand Phillips,
2003) and awillingness to work with studdgs who experience di€ulties (Meijer andFoser,
1988; Rdell and Soodak,1993; SoodalkandPodell, 1993)all parallel behviors tothe
intentional use of data to inform instruction. Adiital studies have pvaled evidence of
relationdips with varous student outcomescii udi ng st d-effeacybaliéfs, own s el
studentengagement, and achievemé@rt N. Anderson, GeeneandLoewen, 1988Midgley,
FeldlauferandEccles, 1989Ross, 1992; Shah@hdThompson, 2001)

Teacherself-efficacy instrumentsTwo of the instrumentsecently used for captimg
TeaherSelfEf f i cacy ar e t he Te adeShatrerTs@anerdvoraro f Ef f |
andHoy, 2001 p. 800)and the NorwegiarTeacher SelEfficacy Scalg SkaalvikandSkaalvik,
2007) Asdiscussed above, Tschanrdoran and Hoy addressedaed in the aessment of
teachesself-efficacy by creatig and thoraighly testing a mlti-dimensional instrument designed
to capture th selfefficacy constructln the creation of the Norwegian teackelfefficacy
scale Skadvik and Skaalvik(2007) expanded the nuber of scales assssd, matchinghe
dimensons of effcacyunder considration totherole expectations for teachers in Nogign
schmls. In addition, they Hntroduced a separate measufréhe degree to whicleachers feel
that their pelormance is costrained by externabfces proposingthat theexternal ontrol or

contingency factorof teacher seléfficacyis importantn undersandingoverallteacher efficacy,
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but is better viewed asdistinctcomponentromthe competency factgSkaavik andSkadvik,
2007, 2@0).
Teacher seHefficacy for datadriven decisbn making. Building on work in teacher self
efficacy, Dunn, AirolaLo, andGarrison(2013b)have delved intoeacheréfeelings of efficay
specifically related to the realm BBDM. Their DataDriven DecisioAMaking Efficacy
(DDDM) and Anxiety Inventor{3D-MEA) takes the domin specificity of the TSE&nd
NTSES onestep further, by devepingefficacy scales fospecific gta use tasks. Dun et al.
(2013b)explicitly model their approachn TschanneiMoranandHoyd6 s dev el opment of
TSES and, thefeor e, o n Beavorkdfar selfeffisacyfTe a enh ensesefficyor
DDDMi s defined by t heliefaintheihabilitiss tosoganize aadaegebuter s 6 b
the necessary coses of action to suessfully engage in classnmelevel DDDM to enhance
student perfonance (2013b, p. 88)The goal 6the authors in developing the 3DEA was to
explore thefactors inhibiting orencouraging the adoption databaseddecision making
practicesn sahools, taking up thproposathat more neede®t be done to under st a
psychological sttes in elation to data usage. Duehal.(2013h developedifre subscales (see
Table9) with teachers in the Pacific Northwest. These five scalere léer confirmed in work
with teachers in Midwesten state(Walker,Reeres,andSmith, 2016) Discriminant validity
betveen the 3EME (an earlier version of the 3IMEA) and the TSES is also ablishedwith
correlation coefficients between the two meas ranging from.02to .27 (Dunn, Airola, Lo,

and Garrison 2013b).
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Table9
Data-Driven Deision Making Efficag and Anxiety (3EMEA) Subscales

Subscale Cohenos
Efficacyfor data identification and access .84
Efficacy for data technology use 91
Efficacy for data angbkis andnterpretaton .81
Efficacyfor application of data to ingtction .92
DDDM Anxiety .88

Note.Scales use a fivpoint Likert Scale fronBtronglyDisagree (1) to Strongly Agree (5)

Research uiiting the 3BDMEAhasfaaind t he s u b ®rapplicationfotdkaf | cacy
andinstructk n 6 t o si gni ftoamatiplé reggesscoonn tnroidbedt epr edi cti ng
data use practic§Reeves, Sumers,andGrove, 2016)Other strong factors iis model
included suvey itens assesing the belief that assessmanproves teaching andn item
indicatingwhether teachers had taken an undetgate corse in data use or dab@sed decision
making.Dunn et al.(2013b)incorporate four subscales of BBB-ME (an earlier vision of the
3D-MEA) into a Structural Equation Model suprting inks betweerbDDM Efficacy and
advanced stages t#dacher adoption dDDM, as assessed by the SegéConcern
Questiomaire(George, Hill, and Stiegelbauer, 2008) implementing a pedagjical
innovation.

While one previous study has exploretation$ips between teaching sefficacy and
t e a c &deptiom 6f an onlineata systeniShaw, 201} asfar as | can determe, no studies
have examined the relationshipsyeen the more spefic domain oft e a ¢ hBDM sfficacy)
general data usdti@udes,and behavior in an online data platform. The entistudy will explore
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the relationships betweeedcler selfefficacy,bothgeneral ad specific toDBDM, as well as
other teacher attitudéswards data usagendteachesdsystem usage behavioteveraging he
constuct of ®lf-efficacy may help researchers better undedstha motivationatietermirants
of DBDM practiceamong teahers On an applied level, resehrinto general teachg and
DBDM self-efficacy may help schools cregbrofesional deelopment strategies that overcome
obstacles to #nadoption oDBDM. Knowledy e o f t e-effcdryeas isrélates @®BLOIM
may alsgprovide important preliminaryeédback to teacher mparation programs as they
incorporate and evaltexnew taining for teachers in data analysis and usage.
Technologyacceptance and use diffusin frameworks Developed wthin the
Managementriformation §stems (MIS) disciplinehe Ted&inology Acceptance Mdel (TAM)
is one of the most widely used framewsrfor tnderstand ng user sé acceptance
techhology (IT) systems (Venkatesh, ThpandXu, 2016. As such, 1 is usefulfor bette
understanithg the factors influencing tehers adoption of orihe systems for student data.
Broadly speaking, AM proposes thathe intention to use technology, as welltasadual use
are influenced byhe perception of how usef thattechnologywill be in heping uses perform
their relatedass (Davis, 1989Ali, Asadi, Gasevic, JovanovendHatala,2003; McFarlad
andHamilton, 2006) Along with this construct ofipercevedusefulnesé (PERUSE), AM
incorporates the influene o f u s that sifghdtechnolegy sill béree of efort,
referred to adperceivedease ofused (PEOU) While bothconstructs aréound toimpact the
intention to use technology (Davis,8%), perceived usefulness sometimes posited to atiore
directly on behaior and behvioral intention, with perceivkease of use actingndirectly
through perceptions of usefulise@/enkateshMorris, Davis, and Davis, 2003Questions

remain, howevems to the degree to whi€lEERUSE and PEOU relate toettechnology system
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itself or tothe task completenh the systen. This untangling otaskrelated perceptions as
opposed to coputer or sysemrelated perceptions is a longstanding question in TASesrch
(McFarlandandHamilton, 2006).

At its inceptian, TAM adapted the Téory of Reasonedction (FishbeinandAjzen,

2010) to the particular®f technology acceptance. While Fishbeid #jzen(2010 descrile and
explain extremely generalizableggesses emecting attitudes arsehavioral intentiont
adions, one of the stngths of theiapproach is the insistence oreqdaely specifyingnot just
a general action (e.g. data usaejt the targebf that ation, its context, and time (Ajzeand
Fishbein,1977).The related cornruct of self-efficacy, discussed above, similgrdepends on
adequately specifying the task skill in question (Badura, 1986).

The current study will levegge both the aastructsof PERUSE and PEOU as they apply
to various elemes of DBDM process. Faxamplet e a ¢ h e r isndof upetulnesse p t
(PERUSE)wiIll be investigated in relation to thgperceived usefulnessf the data system itself,
the usefulnessfaypes of avdable dda, and the usefulness of classroom activitieateal to
DBDM.

Perceivedeaseof use(PEOU)will be investigatedn relaiontoteache® per ot pt i on
their general amfort with technolog, ther levels of expertise with the system itself, atieir
perceptions of selefficacy in regard to multipldaa-use tasksTypesof self-efficacy, such as
computer selfefficacy, have been ideniéd as one othe mossignificant contributors to the
construciof PEOU (Venkatesh, 2000). Available DBDB#pecific measures of selefficacy (3D
MEA) are therefore usedls proxies for PEOU ithe current study. Usingnése DBDMspecific

measures allows ewsideration ® u ®fécacsegacosstherange ofskills necessary for
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effectively accessing the studentalplatfam, skills of data interpretation, analysis, arse,u

along with systentelated ease of use.

However the acceptance oftachnology inngation is ony part of the storyand studies

have pinted out the limitations of focusing only on initial gudion ingead of ongoing use (Kim

andCrowston, 2012; Maujl2013 Lee and ReckeB014). Use dffusion theoy (RamandJung,

1990 Shih and Venkizsh, 2004) gpplies a frameworkor examining the ogoing useof

adopters through the dimensions of the cdtese ad the variety of useRate of use refsto

time gent using a product,hile variety of use refert® the multiple waysn which the prduct

is used ShihandVenkatesh2004). Combining hjh and low levels of rate and varietyguces

a typologyof usersepresented in the grid below.

Rate of Use
High Low
Variety | High Intense Use Nonspecitized Use
of Use | Low Specalized Use Limited Use

Figure 9. Usediffusion usertypology

Maull (2013) appliesisediffusion thegy inthec ont ext o f

teacher séb

science curculum. In exploring nethods for operationalizintpe construct of vaety, or the

i mge of 5 e

of

a

t e ¢, i201®, p. 603, sheuthér Kirst applies forms of the Shannon

entropy calcudtion fran information theory to generate a cougsainedmodel, dividing users

into the four quadrants dfi¢ use diffusion tydogy. While thiscomputdional approach was

usetlll in developingmethods that migtdapply across a vaeity of systems, Maull (2013) goes on

to apply a finergraired, clusteringhbased approagistill within the use diffusion framework.

While segmentig theanalysisalong the sameonstucts of frequeng and variety, Maull
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includes a larger number of featufes each expandinghe construct ofivarietyo to include

eight featureshatcapture usage acros&rious functions othe curriclum system. This

appoach yieldedx fine-grained typology ofise behaviorsmoreusefully contextualized in the

specific functions of theysteml nst ead of one s eidentdddinth8 peci al i z
guadrardbased analys, the clusteringbased aproach discoveretivo typesof specialized use,

one focusingnthe use of intel@ive resources ansheon the communityased functionsf

the sywtem (Maull, 2013)lt may be thathe applicatiorof a clusteringas opposed tougdrant

based approach tbheanalysisof use difusion factorscould proveuseful in dhersituations for

establishing typologiesf teacher online use.

Existing typologiesof teacher data and technology use are eithedtssely on
frequencyof use, dviding teachers into categes of light to heay use(Gold et al., 2012)or are
basedon qualitative analgis (Bill & Melinda Gates Foundation, 20},5vhich may bedifficult to
apply to new teacher observations. The apgibn of a use diffusion framewoto the analysis
of teacter data use and atiles mg provide avaluablemeans of egloring relevant subrgups
of teacher behavior.

Expanding participation. In recent yeas, researchensgithin thelearning analytics
community haveenthusiasticallygeneated frameworks for integiiag research relatetd
DBDM into theeveryday experiencend practiceof educabrs. Integrating trends in education
driven by technologyonlinenetworks and information systems (Piety, 201Bleseframeworks
have expanded #role for practitioners irducaton researh. These gntheses have produced
multiple conceptual frameworks catalogng and framingclusters ofesearcltand practie across

EDM/LA practice DBDM researchand othedisciplines
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Educationaldata science In one of the earliest of &se frameworks integting
guestions of research apdactiee, Buckingham Shum, Bwksey, Baker, Jefferfgehrensand
Pea(2013)refleciedon the sarcity of the Educatnal Data Scientist in theild. Piety, Behrens,
and Pe42013) and Behrens, Mislevy,i€y, and DiCerb@2013) sygematially sketch out the
linesof abroad socioteatical movementidentifying shifts in the typand quanty of evidence
available for analysis in education, as veslqualitativeshifts in educaional practiceThey
descrbe how aorthcomingii d i Ig i d @ae a n 0 wih €omlane with threeedtucatonal
shiftsd a movemenéway from irstitutional controlalong witha shifttowardsa wider range of
compeenciesandblended and personalized learqiTo meet the challenged investigatio in
this newera, Piety et al. (2014uggesthat the Educatiod Data Sciences draw fimothe
established fields of statical daéa analysis, classroom/learning technology, leaysiciences,
information sciencg organization and managent science, and de@n seence, all supported

by foundatonal methods otompuer scienceRigure 10).
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Educational Data Sciences

Organization & Classroom/Learning Decision Statistical Learning
Mgmt Sciences Technology Science Data Analysis Sciences
< Information Sciences )

Computational Statistics Data Mining Natural Language Processing Machine Learning HCI & Visualization

Computer Science

Figure 10. Educaion datasciences interdisciplary connectionsAdaptedirom Piety, Hickey,
and Bislop 2014)

Having identified a broadigturefor the fuure of the Educational Data Sciendegty et
al. (2014)go onto identify four emerging communities arising fraitmesesame sociotechnical
shifts: Academic/Institutional Anlgtics, EDM/LA, LearnerAnalytics, and
Systemic/Instructiondimprovement.Significant areas of overlap exist between the four
communities andiBty et al (2014) suggeghatthe boundaries ohese communities will
continue tdblur, recognizing that thegre differentiated byhe scée a which they examine
educaibnal context (irdividual to system) and the stage of learning (early childhoadreer)

but united in their embrace of larger saeichnical trends in education.
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Education leadershipdata analytics. In a similar veinwork by AgasistiandBowers
(2017)and Bowers (2017focuseson the intersection afataintensive approaches with
edwcational adershipadvocating and explaining tleenergingprofessionatole of the
Educatioml Data ScientistSome of the importanbhemedrom earlier workcarry over inthe
goals for ths positian, including the neetb facilitate communication betwe¢ednicd experts
in data analytics, the educatidecisioamakers at the school @mlistrict level, and teaels
themselvesAs the dmainof the Educational Data Scierscgpars from theindividual student to
the school district (Piety, HickegndBishop, 2014) sothe Educatioal Data Scientist musteb
prepared to facilitate across tilese levels (Agasistind Bowers, 2017).

Codllaborative data-intensive mprovementContinuing to elaboate and refinspecific
areas otEducational Data Science, KrumMeans, ad Bienkowski (2018) provide an extensive
treatment in the aptly namé@arning Analytics Goes to Schipdrawingtogethemultiple
researclexamplesnto an applid framework for learning analyticsKrumm et al.(2018)
continueto emphasize thegedfor cambiningdataintensivetopics and method&€DM/LA)
with research on data @$n schools (DBDM), Wwile adding an important fosuon ollaborative
research approacheBy incorporathng wok in designbased research and improvemaeaai¢sce,
Krumm etal. provide a highly useable framework for-devdoping dataintensive solutions fo
schools.

Excitingly, thee newresearctapproachgareprovidingDBDM with an expandig setof
framewoks for investigation Educational Data Sciencgpecifically,along with thelarger
EDM/LA communities offepathwaydor the integration of complex twmanalyticanethods ad
products into previouslyafinedDBDM logic models often in tke form of visualzations that

usedataintensive methods tpresent informatiom ways inteed to l&#erage humajudgment
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Bienkowsk et al.,(2012 groups similaapproaches, from visualeartes for patterns to data
dashlmards,as visual data analyti@amedat distilling trends from complex data seBsich
approaches offer technigaiéor theexpansion of participatigras the audiese for datantensive
methods beaneseducationatlecision miers themselve$othatleadeship andinstructional
levels.

Work in visual éta analytics anBDM/LA visualizations in turn, relies ooroade
framewoks for understandingnd generatingffedive visualizations frameworks thtapply in a
much wider rage of cases, from thaimblebar chart to complex higtimersional
representions. Topics in data visualization are many, from the cognitiuentlationof humané
perception (Ware, 2008; 2013y, humanrcomputer interaction téoigues formatching suitale
visual idiomsto taskgPresce, Rogers, and Shag)15). Visualizaions do not operate in a
contextual vacuunthough,and work byMunzner(2015) providesa useful structure for
distinguishingthe different levels at whitdesign decisions can impadteeffectivenes®f
visualizatons, including the doain stuation, tke task abstraction, the visual encoding or idiom,
and the algoritim. The first two of these categories notably dedhwhe task ofletermining the
visuaization needs of the particulanntext and theffective meas of abstracting dafar those
contexs. The second twievelsdeal with more specific questions of htlveseabstactions
become a visual realiffMunzner 2015) levels which often receive mmfocus in the
visualization feld.

These dissertationstudes conductedn one local educationabntex, yet withdata
intersive methodsprovidesa possibleexample ofEducationhData Scence atvork, atemptng

to leverageanexpandedset ofbehavioratheory withdataintensivemethods to generate
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transferale understandingjof data usgas wellascorcrete tooldor practitionergeady to
interrogate their owfocal context oDBDM.
Conceptual Framework Summay

In thepreviows sectios, | identifieda coreneedof DBDM researchto improve
understanding ahe enablers and barriersteaches 6se ofstudentdaa. | thendescribé three
expansion®f researcho address thateed expaisions ofmethods, theory, and participat.
The two studies of th dissertationmplement hese expansions orderto explorea key
qguestion of current DBM pradice: How are teacherroles attitudes and efficacieselated to
thar online use ofstudent date?

While research into DBDM in schts has produced fascinagj and extensive qualitagv
work and a rich literaturef@uidance for educators, results fréarge-scale quantative and
experimental studies have beaixed as to the key damics andmpacts 6 data uselLarge
scale surveytadies have lefthe majoity of the variation in tegher data use unexplainesh@wv
and Wayman, 2012; Tyler, 201 Rdditionally, theresuts of studies evaluating data use
interventions themselves havedmmixedas to the effectiveness theseintervertions for
increasing teadhr s 6 u vEfor incfeasth@student achievementaaumes Wayman et al.,
2017; Tyler, 203). Given this l&k of certainty in the literaturghese two studiesxpand the
range ofpossibility for DBDM factors and outcomesxploring data use throughe lens of
methods and tleey commonly applied in the BI/LA communities Insteadof attemptingo
confirm existing hypotheses of data usetudies 1 and @&ork towardsgenerang and expbring
high-dimensionality quantitativedescriptiors of data use ialocal schoolcontext Rich,
guantitativedescriptiors of teachers in one sch@olkheirroles,their attitudestowards data use,

and theiruseof an online data systémaim to identify addtional measures andeterminants of
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teacler data useas well as geeratepracticaltools forfuture use in schoaldn thissection, | will
summarize the concelframework forthese two studies, as well as discuss some of the
strengthsand Imitationsof the selected approach to reseamfe thatis deriptive, locd, and
smaltscale

Concepual framework. This dissertatbn draws heavilpn mehods appkd in the
EDM/LA communities anantheories from cognitive psyclogy and nformation science to
supplement the trattbnal methods and questionsDBDM researchThese methodological and
theoreticaladditions are idcusgd extensivelyr the previous setion. In summaryStudy 1
appliesusediffusion theory and learng analytcs methods for log file analysis to deberand
vi sual i ze t eac h evestilheandiolganerate atherpioeea rangetobutconses
for online behawr. Study 2usesdataintensive visualizations texplorethe possibilitieof
teac h e r esbelf-efficdcy andtechnologyacceptacefor explainng variation inDBDM
practice Figurell providesa viswal summary of he overarching approach of this dissertation.

While the context of this stuéythe teachrs of one school using assesahdata over
the course of a semegdeis acore ®tting for DBDM practice, @a settig for research it raises
seveal questions. The moscritical of which, may befiwhy use rich quantitative description as
a framavork for investigation® andiiwhy conduct an ingstigation in only one school with a
smallpopulation of teachers?

| will attempt toaddres$oth ofthesequestionsiext

83
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Disposition to Use Data
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k J
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Expanded e Technology Acceptance Model
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Methods EDM/LA Log File Analysis Heatmaps

Additional Additional
Usage Metrics ‘ Determinants
of Online DBDM Usage of Online DBDM Usage

Expanded Participation
through dashboards for school leaders and
transferable understanding of local data use practice

Figure 11: Expandingmethodstheory, angarticipation fordata-basedlecisionmaking

Why use rich quantative description as a framework for imstigation?Loeb etal.

(2017) poins out thatwhile causal reseach mayseemmore prominentmost research isin fact,
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descriptive For any research problem, sufficiemsgriptionis essential: gablishing the
guantitativelandscap®f who, what, wherewhen, and to what extemforms thepossble
impacts of intervetions andevenwhich intenentions are needeid the first placel(oeb et al.,
2017) While such descrijpve workon its own cannot establish catisn,when properly applied
i t ¢ antize caugalrmeahanismsegmerate hypothes and intervention stregies, interet
the findings of causal research, diagnose prolddor practitioners and policymakersadaddress,
and identify new issuestostudd ( Loeb et al ., wi@lrgedatpsetsate) . Par
available, descptive work can distilland reveal aginable pattersi(Loeb et al., 2017)

Other researchsthavealso emphasizedhé importanceof quantititive description for
bothsciertific and practical enddVork by Bowers,Blitz, Modeste, Salisburygnd Halverson
(2017)has suggested thermfiquantitdive phenomenoby, 6 t o descr prdvidess r es e ar
a ridh contextuaknalysis of relat o n s (Bowers ét al., p. 50While this approach has in the
past been applie@ hationalsurveydata Bowers et al., 201;/Graves and Bowers, 28), the
current study follows a similar overall pattetrexploringa specific phenomenon through
disaggregated visalizations angbersoncentered rathods for patterning across a range of
atlitudes, behaviors, and alaateristicsAs a form of descriptivanalysis, suckvork shares th
largergoals ofdescriptve studiesto inform the generation of netheoies and hyptheses, as
well asapplied deci®n-making

A secondelatedapproach habeen discussed in organiiwattal science byarch,
Sproull, and Tenuz (1991) irtheir provocavel v t i t | ed, Sdinplesa®neorng f r om
Fewero The authors describe Wwaorganizaions, in order to learnmust nterrogate uniqudocal
events (sampled one) for actionable meamg. One of the ays they attempt to dexase the

variahlity and eror around the interpretatioof theseevents is by examining an individualsea
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with greater intensity, creatingarielr descri pti on byl Bagbsegatkeing
(March et al. 1991).While methodsof analysis in Mirch et al. aonly generaly described, the
overall thenes of increased intensity and variety of obseows appar to applyto the current
studyaswellMar c h et mmdpasaf@ gefietain@nbrg reliableunderstandingjat a
local, organizatinal levelrecaynizesthat orgnizations public schools icluded,already usg
and will continue to useheir localknowledgeto generate understaimg and make decisions,
whether or not that knowledgevas generatedith methods thametscientificcriteria for
reliability, validity, or generakability.

I n relation to the curr en fcti wib dning systedme | and
is still sufficdently unknownso aso makean exploratorydescription othese interactions
informative. When ombined withsurveydatamapping the lamlsc ape of teacher sé d
attitudes andgchoolroles, thecurrentstudiesoffer the possibilty of capturing meaninfgl
dimensions and pattero§t eacher s6é dlata use in schoo

Why investigatein only one schoolwith a small number of tachers? The twostudies of
this dissertation investigate one of the fundamental contexigtabasedlecision making:
teachers in omschool using assessment datar the course of a semesiThe small scale of
this study, bothin terms of context (ongchool) and paicipants (approximately 4€ore content
teachers) is both a strength ardhatation. Sincethegod of thisresearchs to generate new
hypothesess tothe determinants afata useri schoolsa solidly-contextwalized,longitudinal,
multi-dimensional description of data use and attitudesme schoomaybe abeter fit than a
largerscale aproachlikely to overlookthe complicated nature @fithin-schoolroles and
strucures.To borrow an anthropological terinattempt toprovidea At hi c ROL7)yeGeer t z,

gquantitativedescription of data use phomenonn one schoglwith the hope thathis style of
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descriptionmay providemore usefulnsightsthanalesscontextualzed, it hi no descr i pt i

data use oalarger scale.
The sacrifice, of course, is that ardapth understanding of a smatialephenomeno

canfail to generalize t@larger populatioror achieve statistical significance is resultsThis

failure tostatisticallygeneralize, however, desaot mean thathe patternsand themesf

observatiorgained througlsmaltscale, coréxtud studiesdon ot r et ai n Atransfer .

(Yanchar, 2006) for other researchers or practitioseasching for patterns in vathey deem

similar circumstance®aticularly, withthe advent of instructional software and online data

systemsthe soures ofdata foreven small numbers of particigarcan be exceedingly rich,

leading toinvestigation otransferable patterns basadwhat Geertz might havdeemed

A e »ednglyextenddac quai ntance with extremely small ma
Along with these moe theoretical justifications dhe value of smalscale research,

considerations of paicality and feasibility ee important to note as well. Perhapsan

importantly, by holding the school context constant, these studies are able stgaeehow the

variation inteachetlevel factorsis displayed against a unified backdrop of scHumslked

scheduling, teams, trdng, and leadershigkeeping the schd@ontext consint allows for

increased exploration andadeption of the heterogeneity Wiiin that €hool. Another result of

limiting these studies to one school is thatdae represer@3% - 8% of thecore contert

teachers in the school and are geliyecompleteacross variables. As opposed to a sample of

users from a wider populationgbe studie come close to representing dreire population

under investigation. This focus anonepleteness of datdlow for a more thorougmvestigation

of how teacher@datause attitudes and actiomsteract within the complexinternalstrucuresof

aschool.
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Additionally, the sudy of Progess Secondargchoolprovidesa ungue opportunity to
study teacher data use faaral reasonsnot the least of whicks that myexperiercewith the
schoolallowsfor a morecontextual presentation of saliatructures and processAlong with
this opportunity fommore richly describedontext, the schdo6 s 1 mp | e mrewdelat i on
interim testing appears similar tbeinterim testing process commonly desedln dataise
literature, making investagion of data use in #hone school more transferablenterim testing
contexs ona wider scale.

Also, & a combinedniddle and highschool, Progress Secondapyovidesa context
wheresomeoverarching schodhctorsare constant, while other schogissems differ between
middle and high schools. Overarching characterissiesh as dta systems, schblocation,
studentdemograhics,training systems, team structaram schoolwide leadershgre held
constamacross shools, whileat the same timaniddle and high schodlave some different
characteristics due fmarticipation in different statdevd testing regimes and@ountability
requirements. While orechod for mostpurposes, Progress Sedary provdesa valuable lens
on how theattitudes and data use of middle and high school teachers mayaditfezy react to
differences in statewide amentabilty and assessent structuresWith schoollevel oneof the
only school factors consistentlglated 6 teacher data ugeeeTable 6), and almst no
examination of observed online data as¢he high schodével, ths ability to investigateboth
middle and high school data use side lo\e 38 particularly valuable.

While limiting investigationto one urba secondary school hinders the generalizability of
these studies, that same limitaticomes with the omptunityto descibe and exploresechas 6
online usage and attitudes towards deithin a rich, schoelevel contat, oftenunavailable in

largerscde studiesBy r i c hl y d e sttwoughbe lengof rélewd thebry thesed

88



studies aim to generate newypotheses, measures, andlsato inform future reseehn and
implementaton of DBDM in sdools.
As the overarchingonceptual framework={gurel11l) suggeststhe work of Studies1 and
2 can lethought of aseries of expansions toetlDBDM literature, ofts methodstheory, and
participation. While thegeneralgoal of these expansions is to extend current determinant
frameworls of teacher data use in schoolse#specificreseach questionguide this wok
across the two studies
Study 1 primarily addresses researghestionone (R1): iTo wha extent and in what
ways do teachers uselm®e data and assessment toolRaststudiesof t eacher sdé6 onl i
fil e analysisuse dffusion theoy, and method$or visualization guide ponse to this question.
Study 2addesesthesecondesearcly u e s t i d\hat {ttiRu@ey dofieachers have
towards data useBurvey responseseviewed in relationo establisheduscales bdatause
attitudes as well asn relation to theerceivedusefulness angerceivedease ofuse construts
oftheTechnd ogy Acceptance Model. After examining t
turnstot he t hi rd r es elawhatlextegtare & & c Gamusé &tiBufles i
technology acceptangcedf-efficacy, andolesrelated to tkir onlineuse of tudenttesting
dat?# 0 Expl oratory <corr el datantensigevisuaizdtiorvaserused us met
across Study B address research gations two adithree.
To expand the participation othool leadership in ongoing effotts betterunderstad
and mplement initiatives in DBDM, Study 2 also presesishboards of teacheata usend
attitudes drawing from analyses ioth Studies 1rad 2 and geadttowardsdatause at a
schoolwide level

Study 1has three maigoals

89



1. Expard the quartitative descrigions of teacher interaction with onlirdatasystems,
particularly in regard to vislizations and metrics fanline behavior,
2. Explore subgroupsand atternsof teacher online behavior alorgjmensions of
frequency, consistencgnd varety of use, and
3. Inform school practice and software desigracilitatet eacher s 6 access and
studendata.
Study 2 builds onthe reaults of Study 1adding seved relatedgods:
1. Describe relationshipsetween data use attitudes, saffcacies,and teach r slés, r o
2. ldentify subgroup®f attitudes, self-efficacies, and technology acceptanceeiation to
teacher roles and ané wseof student da,
3. Explore posibilities for organizing teacher roleself-efficacies, and technology
acceptance inb a deteminantframework for online use of student dedad
4. Suggest possibilities for guiding schqoactice in ways that improveaclers 6 use of
student data for istructional deisions.
Overall, resultssggest t hat t @ngagancennl DBDM $scleooststewoaldc h er s 6
shift from accountabilityd r i v e fs,i zfeorfe t s tadiflerentiateg apprancheshoe s
datause,varied according tdea ¢ h e r s tionspfausefinesg, conterérea needgnd the
internal, professional strtures of shools
By expanding the methods, theories, and patrticipation of DBDM research, this
dissertation amns to assist bottesearchers and mtiioners as thg work to faclitate the

adgtion and improve the effageness of data use systems in stb0
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Study 1: Exploring Teacher s6 Onl i ndestvghDmtge of St uden

Summary and Purpose of Study

During the 201516 schoolyear,Progress Secwlary implementech new data ah
assessmentaitform: Benchmark Datga pseudonym)As part of that implemeation,log files
from Jamary2016until the end of the school year in J@l 6wereanalyzed and visualized
with methods sim#r to thosef thefew comparable sidies(Gold et al., 2012; fler, 2013
Waymanet al.,2009a Wayman et al., 20)7andwith additional analyses drawn from the
EDM/LA community. These log file analysestenpt to add to thdéimited availdle public
researchwhich descrilesteacteruse of online data systen&isinitial and exploatorystudy
attempsto address thillowing research question:

(R1) To what extent and inwhat ways do teachers use online daand assessment
tools?
Researt Context

The school. As described earlieProgress SecondaBchoolwas located in arurban
area of New York Stateandserval approximately600middle and high schoatudentsat the
time of the studyThe student body inatled large percetages of minaty, low-income, and
special education stientsand wadlivided into a middleschoo| serving gades 63 and a high
schoo] serving grades-22. While sharing a location and aegching ledership, ach of these
two schools bllowed differentassessmenprofessional deelopmentand studenschelules.

Assessment &rogress Secomaty. At Progress Seondarymiddle school, formative
interim assessments were administered in both ELAViatt three times over the course of the

2015-16 schoolyearprior toendof-yearstatetesting which took placen May of 2016 All

91


https://paperpile.com/c/7XkaSI/qeEc+D8iA+RcW3
https://paperpile.com/c/7XkaSI/qeEc+D8iA+RcW3

interim assessnmds were dministerel on @per, with multiple choice answer sheets printed
from and scanned directly into tBenchmark Data system using documearteras

ELA interim test conseted of approxnately five reading passage a variety of genres,
each folbwed byfour to six multiple choiceitems testingeading comprehensioELA
assessmestlso included a writig task, scored by teachers accordmthe sameubrics used
to assss student wiing duringthe state testln addition shorter ELA progressonitoring
quizzes vere adninistered weekhand also scanned directly into the Benchmark Data system
Items forboththe ELA interim assessments aprbgress monitong quizes wee selected fnm
sets ofpreviouslyreleagd itemsfrom past state test$he specificitems forELA interim testing
were selected by administratanscollaboration withmiddle schooELA teachers

In Math, middle schoolnterim tests weradministeedon a similar scheéuleto ELA,
three times oer the course of thechoolyear. Rior to eah interimtestng sessionlath
teachers acroghe middle schoofrades identifiedhe state standds that they hadovered to
that pontin theschoolyear. In colldoration withMathteachers, administratothenselected
items representinthese stattards fronpreviously-released statesting items, as well as from
the standardsaligneditem bankprovided byBenchmark DataEachMath interim test conisted
of appraximately twentyfive multiple choice itemand five to seven constructed respe items
Construted response itemwere scored bivlath teachers according to state testing rubrics.

In Progess Secondattyigh school, interimeding was orgarded around thdlew York
StateRegents testing systemsgstem of high school course exitaens requied for gaduaton
(Part 100 Regulations, 2018)ieachhigh schookourse whictprepared studentsr a state
Regents exam, interim tssvere administeed four timeghroughout theschool year. These

Regentspreparatorycourses include@nglish, Living Environment, Eath Science, Global
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History and Geography, U.S. History, Algebra 1, Geometry, andb&#g2/Trigonometryin
English, inteim tests were adinistered irdth, 10th, and.1th grade in preparationrfthe
EnglishRegents administereat the ed of the 1th gade year.

For each of thedeigh schoointerim assessmestteachers identified tretandards they
hadtaught tothat pontin the year. 8hool administators then sedcted items for the assessm
in collaboration with the couedeachersAll items, both multiple choice and constructed
responsewere selected from past New YdslateRegents exams

Benchmarkdata andassesment system Benchmark Datg. During the 201516 school
year, theBenchnark Datasystem allowed for the dektion, distribution, andanalysisof student
testing data, particularly interim testing and progress mongaquiz resultsbut also historical
state test andomputer adaptigtest scoresThrough this online systerteachers and other
school staff hd the abiity to view student data individually or in clags demographic
groupings, create reports that comdd multiple data sources, view assaent resultsn a
variety of brmatsand analses and create and admébér their own assessmentsngeither
itemsprovidedwithin Benchmark Datar their own items.

The process of sharing interim testing results e@nducted both through email, by
sharing links toBenchmark Data ssessment repts, and in person, by concling collaborative
professional deelopmentsessionswhereteachers accessed interim assessment results on
laptops with guidance from school aihistrators.Staff were provided witkrainingon nultiple
occasion®ver the coums ofthe school yeain theuse of the data system

Acrossboth schoolsseveral ¢éacheteaders were involved, not just in the analysis of
testing data after ea@dministation, but also in the preparationeximsand themanagement

of swring within the Benchmark Dataystem. Tkse preparations may have inclu@etivities
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such as eating tests with appropriate answer keys and items weights, assigning state standards

to items, printing student answer docurts scanningtudent answer dmments, and gesrating

score reports irheBenchmark Dataystem.

Becausehie Benchmak Datasystem povided accessnainlyto testing results, the

assessment schedule for both the middie high school provided the overairey context ér

teacher accegs the systenthroughout the school yedrhe list below details school yedates

relevant to he useof the Benchmark Data system for the both the middle and high schools.

201516 Releant School Dates

1/11- 1/15

1/26- 1/29

2/1

2/8

2/15- 2/19

3/3-3/4

317

3/181 3/21

3/19

3/2671 3/28

HS Interim TestingAdministration

ELA and Social Stdies Interim Testing Admistration, HS Data Team Meeting
HS State RgentsTestingAdministration(January)
MS Interim TestingAdministration

Benchmark Datdraining i for administrators
MS/HS Benchmark Datdraining

HS Interim Teting Resultemailedto teachers
Midwinter Vacdion

MS Interim TestingAdministration

HS Benchmark Datdraining

MS Interim Test Results Emaito teachers

HS Interim TestingAdministration

HS Drop Out Pretttions Emailedo teachers

HS Interim Test Resudiemailedto teaches

MS Sate Test Predictiormmailedto teachers
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4/5- 417

4/13- 4/15

4/25- 4/29

5/107 5/12

5/237 5/25

6/11 6/4

6/1471 6/22

6/28

MS ELA State Testdministration

MS Math State T&t Administration

SpringVacation

HS Interim Testing (8ence, EnglishAdministration

HS InterimTest Math, Social Studieshdministration

HS ELA Interim Testing Resul@mnailedto teaches

HS ELA, Math, So@l Stulies and Sciendaterim Testimg resultsemailedto
teachers

HS State Regents Testidgiministration(June)

Lag day of school

Implementation oBenchmark Datdeganjust prior to the period of th study,in the fall

of 2015.Unfortunately, log filerecords oftaff usageof Benchmark Datavere only avdable

beginning inJanuary of 2018deally, analysis would have included the initial months of

implementation, but technical issues with the laggf the data made this imggible.

Data Available n Benchmark Dta. In generalfeaches were able to acesstudent

testing data for studentnrolledn theirclasss. The following general types of datautlined in

Table10, were avaihde to teacherand other staff throbgBenchmark Data
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Table10
Benchmark Data Metts and Daa Categoies

General Category Description Metrics and Fields
Student Student ID numbe Birth date, Gade
Demographics and Basic student data level, Courses, Htish language learner
Classs and SpeciaEducation status

Middle School State ELA and Mdh State Test Various metricsincluding

TestScores Scoresstarting from 5th grad¢ Performancedvel, Scale score

Regents test sces from all _
Regents Test Scawe Testing course, Bte of test, Scale score
coursesand allattempts

Regents Testing, ltemlevelresponses from  Test name, Date of test, Itelevel
Item-levelResults  past Regents testing metrics and linked standards
ComputerAdaptive  Computer adaptivecore Test subject, Date of test, Scale score,
Test Sores history in reading and math Grade LeveEquivdent score,Test gain
Interim Testing and _ _ Ted name, Date, t&ndards alignment,
~Interim testiny and progress _
Progress Monitoring o _ Pecent orrect, Performance by item
monitoring reporting
Results Performance by standard

High School eary warning _ )
Implementation of the Chicago

Early Warning Indicator for dropout risk . _
_ Consortium S grade early waning
Indicator Fhag (Yes or No for Dropout o
. indicator,(Allensworth, 2013)
Risk)
) Individual student predicted _ o

StateTest Predited Linear regression prediction under a

performance on ELA and o
Peformance crossvalidation framevork

Math Tests 20186

96


https://paperpile.com/c/7XkaSI/RCIn1

Methods

Data =t and data filtering .

Benchmark aatalog file description.Benchmark Dat#og files for secondsemested
January2016throuch June 2060 contairedapproximately 8,00@ows of usernteractionby 39
core content teach& which wereanalyzed in the currentsdy. Eachuserlogin to Benchmark
Databegan a user session, whigbs identfied with a unique sessioriD. All personally
identifiable information had beeemoved from the datetprior to analysis The following
relevant fieldswere contained in thieg file (Table11).

Tablell

Log File Descripton

Column Name Description Example or List of Possible Response

Date and time of eact Exampe:

timestam
P user action 201603-07T715:13:51.000Z2

_ De-identified numeric Example
extra_user_id

ID for user 779
extra_php_ UniquelD for use Example:
session_id session 35s2sa3smhiu8p8f40pd01****

All Possible Responses:

General action Answer Sheet prietl, Answer Sheescanned, Page
message
J category Viewed, UselLogin, User Logout, Widget Adet,
Widget Removed, Widget Settings Changed
Examples (83 total possibilities):
Specificpage MainWelcome, AssessentListController,
extra_page_class o _
classification StudentProfile, Asessment_Report@htroller,

Gradecam_SheetBgceController
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To facilitate analysisa small set of data cleaning activiti@sre apgkdto thelog filesto
minimize the inclusion ofession®r actions where the usemrs inactiveor had effectively
stopedusing thesygembuthad not logged offKovanovic et al.(2015) provides a helpful
overview of the complexities of estating timeon-task fom log files including approaches for
estimating the length of the lasiten of a sessh. As a domairspedfic example, whe dealing
with similar log files, Gold et al. (2012) imgad last action length based on the median action
length fora particuar task, performed by the appropriate user type, during the same weeak. Give
the limited nunber of users and &ons in the cuent data set, a simpler appcbavas taken.
Expressed iterms of Kovanovic et al. (2018)e current studfollowed a protocolfor limiting
outliers (or abnormally long actions), while dealing with-iastion estimabn, by countingtie
time of last agbn as zero.

Any session$asing beyond four hoursrereassumed to be due & failure to log off the
systen andtruncated to lhe end of the last user actibaforethe end of the sessioBince the
longest session lgth was two and hatfourslong, thisrule was not appliedn appoaching this
same issue ahactivity, Gold et al. (2012¢xcluded all sessieiastingmore tharone hour.
Maull (2013), in contrast, excluded sessions lasting less thaec@dds anthose lastingnore
thaneight hours.

To avoid losing session and actilevel data, whilaninimizing the impact of user
inactivity on analysed,applied an ation-levd rule, whereanyactions lasting an hour or more,
were truncated to halff éheir original lengthThe intenton of this rule vas to mitigate the
impact on aalysis ofanyextralong actions,where thauser may havetspped away frorthe

systemfor some priod Since thesactions were only truncatedny relevant information

98



contained in those actions would nadntirely lost.Such pauses in online activityay be
common in schoolsy h e r e t cenapatérusais $réquently interruged by interactionswith
colleagues ostudents.
In multiple cases, the system initiated anaamatictime out ofuser sessi@after two
hours of hactivity. These cases weretted according to the prigule, wherghe user action
immediatelyprior totheautomaic time aut wastruncateda half its recorded length
Usage netrics. A setof measuesused in previous studiegere geerated from lodiles
t o capt ur dnetsage of the sysef@oldendl., 2012; Maull, 2013; Tyler, 2013;
Wayman et al., 2009a, 201 Broally speaking, these metricxcludedmeasurs of prewalence,
consistencyandvarigy.
Measures of evalenceor frequency Previousmeasures of prevalence (Wagmet al.,
2009a) ad/or frequency (ShilandVenkatesh2004 appear to describteesimilar setof metrics
intended tacaptuethe munt and duratioo f u s er s 6 #&aguenciesah beealculated u ¢ h
at different scales of time (action, session, weeknestgrand fordifferent sets of activities.
While frequencyand prevalencmetrics night referto abroad range dime scals, they have
tenced todescribe useégotal u® of a systemover a seperiod. For this study| calculated the
following measure®f frequencyfor each useralong with their summary statistics.
Counts(Min, Max, Mean SD)
1 Counts oftotal actions/clicksby session, weekand semester
1 Counts of actios by type of user action
1 Count oftotal sessiondy week and semester

Durations (Min, Max, Mean,SD)

1 Duration of total actionby session, week, and semester
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1 Duration ofactions bytype of user action

In this study, measuresf duration weranorecommony used than counts of acti®or
accessPrevious studies have used a var@dtyneasurs to account for prevalence or frequency
of use the number of times user accessogin to the system for a sessiayman et al.,
200%, 201}, the duratiorof time spent accessing the systéifryler 2013) or the count of
actions taken whilégged inb the systm.While action counts, session counts, and duration of
use arall relatal measures of frequengcthe use oéction and sessio countamay be pron¢o
discrepanciesvhencompaing acosssystems andtudies. Sessianfor examplemaybe
counteal differertly in situationswhere a useopens multiple browser windows to ronultiple
instances of the data platfoifidaushik, 2010; Kowanoic et al, 2015. While inthe current
study, sessi@were counted solelyy unique session 10t is difficult to know howprevious
studies have approached this is9vere explicit descriptions dhe methods usetd count
unique ssesionsmaybeneft future studies, as well asviestigation intauserbehaviors involving
overlappingi u n i q u e dacrasansilgpietabs sr bowsers.

The use of actionountsas measures of frequenalgoincludespatential pitfalls given
the complexiy of logging useiactions. As described more thoughly in Dumais et al2014)
and Maull (2013), the typemnd grainlevel of user ineractiongecorded in serveside log files
are subject to the recording infrastruetand logrecording specificationsf each online
application. k seemdikely that different log file recorthg parameters for Tyler (2013), Wayman
et al. (20X), Gold ¢ al. (202), and thisstudymaymake comparisons across action counts
problematic. Tis is not to say that threats taamal validity exist within each study, but by

that comparisons of aoim counts between studies should be taken witlaia of sal.
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Measures of ®@nsistencyAs a complement tprevalence or frequency of usage
measires of consistengyrovide ausefulmeans ofdifferentiating between users who mbagve
used the system foesgeral hours on one occasiand users who engagedth the ystem for
shorter periods of time across multiple weeks of the school lyeresesituations, épending
on measurgof frequency only wuld leave this critical kinaf variation unexploredlhe
number of weeka system is accessed (Waymanlet2009a) providesa useful measure of how
consistently a user accessed the system over @omesistencynetrics calculatedor this study
include:

1 Number of weeks accessed
1 Maximum weekly duration/Totaluration

Maximum WeeklyDurationas a percentagd dotal Durationdesribes the opposite of
consistencyattemping to simplyquantifythedegre t o whi ch a limite@dim s6 beha
time. Thehigher the value of th outcane, the more concentratedias er s access was
particular week of usag8&ince usagetimelinesindicate thatime in the systentencedto
concentratén weeks with profesional development or trainiisgssons, a high vale on Max.
Weekly Usage/Total Ehge may stand as a proxyrfthe degree to which a ufecusedheir
systemaccesgo scheduledschootmandatedessions. A low value on this metric may indicate a
more dstributed and independent paittef access.

Measure of \ariety. As conceptualizé in Use Diffusion Theory$hih and Venkatesh
2004 andimplemented in Maul{2013) usagevariety describeshe range of use across the
available functions in the syste@f all the actions available in Bemoark Data,for example,
how manyand what kindf actionsdid the user tee advantage of? Metrigeneratednclude:

91 Duration ofeachtype of ugractionas a per c ent adgakduratbnofuseat user
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This metricis calculated for all types of usadions represating the proportion of time

spent performingeachtype d action without regard to absolute time.

Creating categories of useraction. Aside from methods for generatingetrics and
featuresanotter ara of preparatiorshould be mentionéotiefly: methodsor groupinguser
actionsfor analyssk. Sinceeach row ba log file can specifyone ofalarge variety otlicks on
specific webpages, menus, or functiosjdies of educato 0idline data use hawgenerally
groupedhese specific clickinto more genel categories, baden the catent or function
associaté with each click. Wayman et aRq17) for examplelassifial teachepnline actions
into instructional and nemstructional functions and thduarther categorized instructional
adions as &) assgning content to studentdy)(managing student informaitn, () accessing
reports, andd) tracking studerst 6 ¢ domgf asgnments. Tyler (2013) grouped webpages
viewed into categories such @ ¢lasslevel aggregate pages) Gtuderts-in-class pges, €)
individual studentevel pages, @) item pagesand €) resources page#/hile these functional
cakgoriesare clearlyusefulfor describinguser behaviomther methods fogroupinguser
actiors by frequency ofeacheusaggMaull, 2013)or clusteing techniques may provide
additional insighs.

Benchmark D#a, like ather assessment and data use platfopnosided avide range of
pages, funtions, and reportis order to helpusersprepae ard adminisertess, as well as
generag, search, and fidtr testresults.Table12, bdow, outlinesbroad categories of user actson
and the associatedd file recordsfor the current stud These categags of useaction were
develod throudp consultation wih an eyerienced system administrat&ach recorded loglé
actionwas assoeited with a user function based on firsthand experiaoaess alkystem

functionality.In reviewing he categoriepresented futherbelow, here ae severbimportant
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distindionsin howtesting data is vieweitt Benchmark Datasomeof which are not
immediately obvious based on the titles of functions alone
1 AssessmerPreparation vs. Assessment Admntiaison vs.Assesment Mvigationvs.
AssessmerSearch Broadly speakingAssessmerRreparationactivities are associated
with thecreation d an assesment, its answer kegndassaeiated standards.
Administrationacivities referspecificallyto actiors used to ceate print, and scan
answer docum@s. Navigation functiors includeclicks requiredo move between system
pages or funtons while Searchfunctions refer specifically to the filtering and search
bar toolsused to call up a particular assesshfor reference
1 Assessment Overview vs. Asseent Boort. The Assessnre Overviewpage appeaifer
userswhenthey first accessreassessnme and preides summary charts theaverage
score percentages aftudentsneeting varioupre-definedperformancethresholdsand
aggregate performance omustlards ad items.Assessnme Reports in contrast, offer
more in depth and specificews of testing dataoften related to item and standard
analysis
1 Repors vs. AssessmeReport. GeneraReportscombinedata from multipe
assessments or other souroéstudent datainto a conbined table viewwhile
Assessment reportas mentioned alve, are elated tan-depthviewing of the results for

aparticular test.
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Tablel2

Benchmark Dat Functions and Asociated Page/Click Types

Gereral UserFunction

Examplesof Associated Log File Pages and Actions

Assessment Prefstion

Gereral Prepgation
Assessment_Field Standard Controller
Assessment_Group Cuwaller
Assessmet_Index Controller
Assessment_ItelnankFieldController

Asssessm@_Materal Controller

Premring Assessment Standards
Assessment_StandardController

Preparing hterpretaion of Results
Assessment_PerformanceBandSetController

Using Itemlank
ItembankController

Assessment

Administration

Preparing/Scanning Answer Sheets
Assessrant_SheetDesignerghtroller

Gradecam_SheetServiceController

Entering StudenResponses
Assessmeet_StudentResponselmportMapController

Assessment_StudentResponse&esontroller

Assessment Report

Generation

Specifyng Assessment Report Fields
AssessmeniAggregatorContraér

Assessment_ReportController

Assessment_ReportStatisti@ontroller
Assessmet_ReportStudentCountsController

Assessment_StandardProgressColetrol

Assessment Navigation

Basic SysemMenus

Assesment_FieldController

Assesment Seara

Search for Assesnents

AssessmentListController

Assessment Staff Sharini

Sharing AssessmeriReportswith Staff

Assessment_PermissionController

Assessment_RepiResponseDistributionController
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Assessment Student

Filtering

Filtering for Studen Groups

Assessment_Studi&Zontroller

Assessment_StudentFilterController

Assessmen$tudent
Sharing

Printing Results for Students

Assessment_ReprtStudentSlipController

Assessment Overview

Overview of Asssanent Results

AssessmentDetailsController

AssessmeniOverviewController

Assessment Report View

Specific Views of Assessment Retsul
PrebuitReport_@®deBasedController

AssessmentExportStudentResultsController

ReportSearch

Search Filters and SearchrBar Reports
Reports_IndexController

Repot Creatio

Creating Reportfrom Student Data
ReportCreator_ChartController
ReportCeator_CoumnAdd

ReportsCreatorManageEdit
ReportsCreatorNIp
ReportsCreatorSortEdit

Reports Data View

Viewing Report Data
ReportsCreatorViav

ReportsStudentProfile

Student Data \iew

Viewing Individual Student Data

StudentDemographics

StudentProfile

Student Groupng

Creatirg Student Groupings
Student_GroupStudentsAddController
StudentGrapDetail

StudentGroupProgramsEdit
StudentGroupReportsdit




30T

Searchindor Individual Students
Student Search SisChooseStudent
SisQuickSearch

StudentAdvancedSearch

Basic Sytem Functions
) Auth_SessionTimeoutController
SysemFunctian
DashboardPage

MainWelcome

SisError
SisLogout
UserPasswal




Analyses The following analyses were cduacted n response to resedn questiorone:
(R1) To what extent and in what ways dodachers u® online data and assessment tools?

Unfortunately, the ratio of observatio(®9 users) to a much larger numbédionensions
did not allow for the use of adegtely povered inferential &tistics. Asa result, methods for
analysis wee descriptre and visial. Thoudp descriptive methods poaeclear challenge to the
generalizabiliy of this study, they more closellign with the pratical limitations & schoot
based angksis andcancontibuteto the framing of futurglargerstudies Loebet al, 2017)

Aggregateuser metrics Descriptive statistics erecalculated fomultiple merics,
aggregating the usage of atltive core content teachers over the coursetloé entie semester.
Additionally, these aggregate measures were broken dowchbyg level (middle or high) and
by core contentarea (ELA, Math, Science, and Social Stg}iWhere appropriatejser totals
averages and sandard deviationgere calcultedfor session countaction countduration of
use secondsessionandseconds/aan. Along with totd usage metrics, usage by type of action
was also calculated acrasshool and conterreain order toexamine variatia in howthe
online data systa was usé according to sabol roles Histogramswveregeneratedor overall
usageo explore thedistribuion of useacross users

Usage imelines As a means of capturinghd describing teacher usage overdimeekly
and ddly timelines of teacher usageere genmtedalongsiderelevant testing and teacher
training dates from the 2018 schod yea. Line graphs and stacked bar charts were used to
represenfiggregate usag# the data system over tinheth interms of total sage and broken
out by specift types 6 user actions.

Individual usage pathways oveeme To capture variation insage acres usersas well

as over time, individual usage pathways were representhd form of bubble charts which
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capure both the typ of user action as well as iduratim. Multiple formsof sorting and
grouping within theseharts allows for visal exploraion of pdterns by user, school, and content
area.

Clustering users by onlia kehaviors Loeb et al. (2017) indate thatclusteing
techniquesre a valuabléool for descriptive studig, offering a form of analysis forguping
units that havaimilar traits, inthis case teacherénline use One suchmethod basel on
methods dveloped in bioinformatics and apglito education ¥ Bowers(2007;2010,
combines the clstering and dendigramproduced by agglomerative hiechical clusteing
analsis (HCA) (Hastie, TibshiraniandFriedman, 2017) witlaheatmap othe clustering fators
for all individual observationsn this studysuchHCA heatmapg, clusteringusers in rowsnd
usagdadors in columns, allovior visual inspection othe HCA clusterswithin the full context
of individual variation inusage, represented by the celixells of the heatmapAnnotations
displayed to the rigt of the heatmagallow for additionalinspection 6 key factorsand
outcanes,such as school level, content graad overal usage in relation to both the
dendogram hierarchynd heatmap represeritait

HCA employs both a dissimildyi measure to eablishthedistance betwen eactsingle
pair of obsevations, as welasa method of linkagased tadefine the disemilarity between
groups of obgwations (James, Witten, Hasied Tibshirani, 2013. In agglomerative
clusterirg, the mehod of linkage isemployed iteratively tgroup the mossimilar obsevations
and groups of observations. HCA and dendrogranthis study wee gereratedusing Rversion
3.5.1 in RStudio 1.1.43 wittodeadapted fronBowers and Zhao2018 and based upowork

supported byhe National Science Fadation undegrant no. 156653
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HCA heatmaps and dendrogramsSindy 1 employ the commomethod ofcenteing all
clustering variables ameanof zero, withtheir standard dewations scaled to oneBecause of
largedifferencesm overall usagbetween riddle and highschool usersall usage factors in
Study 1 are groumean centered bsach sa 6 s olsethér middle or highEuclidean
distancas usedas a measure of dissilanity (James et al.,@.3) and tle linkage betweenrgups
of observationss established wh Wa r d 6 sod (Kbeanovic, Gasevic, Joksimovic, Hatala
andAdesope, 2016 which minimizes the withingroup sum of squares at eathge of linkage
in the hierachical clustering (MugghandLegerdre, 2014)  Wa Malhod was implemented
in R withWardD2 of the hdust function(Murtagh andLegendre, 2004War d 6 s met hod
beenfound b peform better than other clustering techniques in reproducing an orgjimature
of clusters (Blashfield, 476; HandsandEveritt, 1987)

A separatenethod averag linkage(Bowers 2010;Lee et al., 2016Wwhich compues the
average of alpairwisedissmilarities between twalusters was also attempted, as its robustness
to missing data makes ih@&xtremelypractical option In this case, sinaates for missinglata
werelov, War d 6 s waferitstemgehcgommdude evelldefinedclustes.

While one of the strengths tfie HCA heatmap methodologg to makeall clusters
transparentvithin the dendogram structuresome of these clustensll be more disginct and
others more closely relatexs measured byehvertical distance dheir unbon onthe
dendrogramThe interpretation of clusters or even the choice a€lwhlusters to interpret is
often hghly dependent m manual analysis of thdendrogram, awell asontheresearch context
and domair(James etlg 2013. Throughouthese analses the interpretation of HCA heatmap
clusters will be determined byisualinspection of the dendrografor a sensible number b

clustesin relation tofactorsandby a voting recommendatiofior the beshumbers of clustergs
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implemented irR by the NbClust packag€Charrad, Ghazzali, BoiteaandNiknafs, 2014).
NbClust appks 30 indices for determining tinember of clustersandreturns the
recommedations of thee methodsBecause of the small sampize, the minimum number of
clusterswas set tawo in NbClust and the maximum to sevé&or each HCA heatmapesults of
the NbClust analysis are provided ajomith a dendrogam of the HCAresultsindicating the
height at whichthe dendrogram was cutamder to identify a number of clussdor
interpretation (seeAppendix Q.
Results

Aggregate user metrics

Distribution of usage anddescriptive fatistics Overallusage of the system by atire
contert teachers was 154 hourser the course of one school semestich consisedof 112
instructional dgs. Thisoverdl usagerepresets 3.85hours of usgercore contenteacher, or
1.38 hours per ingictional day, or about ten minutes of accessek foreverycore content
teacher

As in previous studies dkeachedata systemshe distribution of thé access wasghly
positivelyskewedWayman et al., 20Q9yler, 20B). The largest numbers tdacherdendedto
access data systems either ai@ll or for only short perids with aminority of teachers
accessing the systefior much longer amounts ¢ime andproducing a charactestic long tail of
users to the righdf the distributionThis distribution is easily sean the currenstudy (

Figure 12), with almost half of teadrs accessing tigenchmark Dataysem for less
thananhour over theentire period of theecond seester ratherthanthe roughly four hours of

averageuse suggestedytotal s/stem usag
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Histogram of total duration of use (hours) (n=39)
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Figure 12. Histogram oftotal duration of use fiours)(n=39)

A breakawn of this skeweddistributionbegins with an overview dé a ¢ htetal aad
average online usage acrashool levelgmiddle ard high sdool) in Tablel13, and acrossore
contentareas (English Language Arddath Scienceand Social Studigsn Table14 and Table
15. In comparingusagebetweemiddle school teachers (n = P@nd high schodieachers (n =
19), high schooteatersaccainted for 69% of time speand ofactions ompleted in the
system Proportion of sessions followed a sometvtifferent pattern, withhigh schoolteachers

accounting fo59% of total sesens.
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Table13

Total Online Actons, Sessions, and Use: Middle and High School

School Level
Middle Schaol High School All Active Users
n=20 n=19 n=39
% of % of

Usage Metrics Total Total Total Total Total
Count of Online Actbns 2,442 31.0 5447 69.1 7,889
Count of Sessions 155 41.1 222 58.9 377
Duration of Use (Hours) 47.1 30.6 106.7 69.4 153.9

Within themidde and high schoolgore contert areadolloweddistinct pattern®f use
(seeTablel4 and Tablel5). For exampleMath teachers dominated system usage in tiugli®
schoo contributng 79% d the total duration of midle schooluse while in the high schoal|
Math teachersccounted for only 43% of total ligchool duratiorof use.English Langiage
Arts (ELA) teachers used the systarith the second highest freguuicyin middle schoolfor
15%of total usage, while Screce and Social 8tlies eaclused the system fdess tlan 5% of
the total middle school aessto the system

Given thatBenchmak Datg as implemented for middle school teachpresented
mostly irterim testing results inrppaation for ELA and Math sta testing, it icompletey
understandable #tmiddle schoolScienceandSocial Studieseachersspent les time accessg
thesystem On the othehand,the curricular standards addressed in Eh#&rim testing

paricularly thosestandards addressingading compreheim, havepossible affordancefor
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instructionin ScienceandSocial Studésclassroomseeciallyregardingthe appropriate level
of textsand the mastery of comprehension straegi

Overal, the relationkipsbetweerthree frequencynetrics (action coats, sessin counts,
and duration) appar to vary widely by school and dent area. At theschool levelthe
proportion ofmiddle school actions toigh schoolctions clossl paralels their proportion of
time spent in the systenThepercentages of sesms, howeer, accounted for by eachhmol,
move in opposite directionwith middle schobaccounting for a lgher than anticipated number
of sessionsTablel3).

Within content aeas,other differences beeenfrequencymetrics aply. The percentage
of actions sessions, and time accounted fghlgh schoolMath teachers are all roughly &
samewhile ELA teachersn Table15account for a bwerpercentage obverallactions (23%)
thanthey dofor overal durationof use (31% suggesting possible differendesuse between

conent areas.
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Table14

Total Online Actions, Sessions, and Duration of Use: Mi&dleool CotentAreas

Middle School Contet Areas

ELA Math Sdence Soc. Stud. Middle School
n=4 n=10 n=3 n=3 n=20
% of % of % of % of
Usage Metgs Total  Total Total Total Total Totd Total Total Total
Online Actions 217 8.9 2,023 82.8 79 3.2 123 5.0 2442
Sessions 21 13.6 121 78.1 5 3.2 8 5.0 155
Hours Wsed 6.9 14.6 37.0 78.5 1.2 2.5 2.1 4.5 47.1
-
= Table15
Total Online Actions, Sessions, and Duration of Use: Higio8l ConéntAreas
High School ContenAreas
ELA Math Science Soc.Stud. High School
n=8 n=4 n=2 n=5 n=19
% of % of % of % of
UsageMetrics Total Total Total Total Total Total Total  Total Total
Online Actions 1,272 23.4 2,357 43.3 1,602 294 216 40 5,447
Sessions 56 25.2 96 43.2 46 20.7 24 10.8 222
HoursUsdl 334 313 45.6 427 20.4 191 74 6.9 106.7




In thehigh schoo] content areatended toward enore eqal distributionof usethanin
middle schoal Math teacherstill used the syiem for thelargest peraatage of tine (43%), bt
with ELA (31%),andScience (19%YXollowing more closely behin&ocial Stuges with only
7% of overall usan the high schogldemonstratethelowestuseacmossbothschoos. This more
equaldistributionof accesdy content aras in the hgh schoolmatches theaccounability
structure of high schoatatetesting, whereRegens testgand therefore interim testing) were
requiredin all four conent areasasopposed taniddle schooktate testig, which primarily
tested studentsn ELA andMath only.

In terms ofoverdl meanusage, the average user across schlogiged in foten
sessions, lasting for about 25 mies each. The average user ctatgaabou 16 actions per
session, witfeach actin lasing alittle less than two mmutes.However, he dfferencesn
ovenrall usagebetween the middle and high school hold when cemisigmiddle and high school
average usagdablel6). High shool teacheraveraged 70%onger actions, 35% lomg
sessions, ahfour moretotal sessionshan middle schodkachers, thougtiheaverage numlyeof
actionsper sessioacrossschools was roughly the same. The standaxhtion for high school

users vas also larger aoss all mérics, reflecting a widerange of teachr behavior.

115



Table16
Average Online Action§essionsand Duration of Use: Middle and High School

School Level
Middle Stool High School All Active Users
n=20 n=19 n=39
User Metics M SD M SD M SD
Action Count 122.1 173.6 2867 472.9 202.3 357.7
Session Count 7.8 10.8 11.7 12.5 9.7 11.7
Hours Used 2.36 3.19 5.62 6.39 3.5 5.21
Avg. SedActions 846 46.0 1419 90.7 112.5 76.1
Avg. Act./Session 15.7 6.2 16.0 12.8 15.9 9.8
Avg. Sec/Session  1287.6  772.2 1737.2 1014.8 1506.6 915.5

Averageusage irhigh schooMath and ELAwasmuch higherthanin themiddle sclool.
In both schooldViathteachers averagedoutthreetimesas manyactionsasELA teachersand
two to three timesheoverall duration of uséTable17 andTable18). At 11.39 ard 10.21hours
respectivelyhigh schol Math andScienceeacherdad the highest averagseover the course
of the semestefollowed by high school ELAeacherg4.17) and mddle £hoolMath teachers
(3.70).Average us by SocialStudiesteachersvasthe lowestin bath middle (0.71) and bh
school (1.47)Such bw access is easily explainable in middle schatblereSocial Studies
teachers did not have accesterm testng directly relatedo Social Studiegsontent (as
oppo=d to geneal realing mmprehension)L.ow access in high schh howeverjs less easily
explainedsince most high scho8locial Stdliesclasses received interim testiregsults through

Benchnark Datain preparation foone of two enebf-course Regents ams.
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Tablel7

Average Online Acti®) Sessions, and Duration of Use: Middle School Content Areas

Middle Scdool Content Area

ELA Math Science Soc. Sud. Middle School
n=4 n=10 n=3 n=3 n=20
User Metrics M SD M SD M SD M D M SD
Action Count 54.3 62.4 2023 218.2 26.3 25.1 410 23.4 1221 173.6
Session Count 5.3 6.5 121 137 1.7 1.2 2.7 2.1 7.8 10.8
HoursUsdl 1.71 2.36 3.70 3.90 0.39 0.45 0.71 0.16 2.36 3.19
Seconds/Agons  103.4 29.3 943 554 41.7 17.6 70.1 214 84.6 460
Actions/Seson 11.4 7.7 17.1 4.2 14.3 8.1 18.4 8.3 15.7 6.2
E Seconds/Sessior 1039.3  398.5 1565.4 8926 673.0 4929 1307.2  727.7 1287.6 772.7
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Table18

Average Online Actiosy, Sessions, arfduration ofUse: High $hool ContenAreas

High School Contet Area

ELA Math Science Soc. Stud. High School

n=8 n=4 n=2 (n=5) n=19
User Metrics M SD M SD M SD M SD M SD
Action Coun 159.0 195.3 589.3 679.0 801.0 1021.1 432 50.3 286.7 4729
SessiorCount 7.0 45 24.0 179 23.0 18.4 4.8 4.7 117 12.5
Hours Used 4.17 3.75 11.39 931 10.21 9.25 1.47 1.68 562 6.9
Seconds/Actions 159.0 118.3 105.9 443 103.5 90.4 1585 77.8 141.9 90.7
ActiondSession 17.4 12.9 19.3 137 25.1 24.3 7.5 2.1 16.0 12.8
SecondiSession 2212.7 1341.8 1625.8 288.7 1498.7 249.6 1160.9 704.8 1737.2 1014.8




Summarizingnetiics fromTablel7, Table18, andTable19 (below) highlightsthe main
usage behavioresulting inlongerduratiors of access ifigh schoobvermiddle schoalWhile
accesdor all content areas wdsnge in the high shool, the tabledescribes hovaccess
increasedlue to diferent user behavioia different content areadlath teachers in the high
school, for example, experienced sessions vitila lengths and number of actiottsmiddle
schoolMath teaters but an average they completed twice as many of tsessionsELA
teachers in hig schal, on the other handompleted only slightly morgessions than middle
school teachers, but thegent more time in those sessipte&king a greatenumber & longer
actiors.

Table19
Usage Behawirs Accouting for Average High Sdol Duration of Use

Difference in Average Duratior

of Use from Middle School Reasons for difference in
Content Area (Hours) Average Duation of Use
o More seconds per action and more actions per
ELA + 246 in High Schol _ _
session ladto longer sessions

Math + 7.69 in High School Twice as many sessions of about the same len

_ o 12 times as many sessions, whthe sessions are
Science + 9.82 in High $hool

twice & long

_ _ o Twice as mangessionsyhere the sessions are
Sodal Studies + 0.76 in High School _ _ _
slightly shorter, wittfewer actions

Correlation of usage outcomedn addition to these aggregatatistics, aorrelation
matrix wasgenerated to comparel#@ionships beveenthe usageoutcomegTale 20). These
various outcomes had pros and consaasurements afsage. Total Action Counfipr example
wassensitive to inflation byapidly completed userctions, such ashe scaning of stalent

answer document$Vhile Duration of Usewas not susceptiblto the same inconsistencies as
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Total Actions, 1 hadits own shortcomingjin presenting sequaltwo types of usersthosewith
fewerlonger sessios and tlesewith more frequentshorter session$itill, total actions iad total
sesgnswere highly corriated wth total durationpothatr = 0.92 Total sessions antbtal
actions were only slightly ledsighly correlated at = 0.86.

Average session lengtm cantrast, was bundto beunrelated tootherusage outcomes
while teachesdmaximum weekly usag as gercentage of their total weekly usdgal a strong
negative relationship withll otherusage outames except for average séws length These low
and regatively corelatel outcomesnaybeexplained by a subsef teacter behaviarsrelated to
requiredschoolevents, sch agdraining sessionsr team meetigsdevoted to viewing interim
testing resultsFor example,dachers whorly accesse the systenaluring suchrequred
sessions woulghroducehigh values for mamum weekly usagéotal usageaswell asahigher
averagealuration of session@s they worked though the forty to fifty minutesadfaining
sessiofbutlow overallduration ofuse due tdheir lack ofindependat access at other tim@s

the school gar.

Talde 20
Intercorrelations forUsage Metrics
Measure 1 2 3 4 5 6
1. Total Actions 0
2. Avg. Session Durain .05 o}
3. Weeks Used .76 -.05 0
4. MaxWeeky/Total Duraion -.62 -.01 -.68 o}
5. Total Session Cotn .86 -.07 91 -.76 o}
6. Total Duationof Use .92 .18 .78 -.60 .92 o}

Timelines of teacher age Along with descriptivestatisticsof teacher usage, several

types @ timelineswere gener@&dto capture th varation in teacher usage over time. Values
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graphedoverweeHy timelinesinclude toal weekly count and dutian of online actiongFigure
13), weekly unique uss (Figure14), duration of use biype of useaction fa all teaches
combined(Figure 15, Figure 16, Figurel17, andFigure18), andby individual teaber (Figure 19)
Multiple graphs and timelines are presshin relation to keyeistng and pofessional
development dates of the 2016 schoolyear.

In Figure 13 (following) teache swéekly count of onhe actions is contrasted with their
weekly duration of etions.Given the commopadtern of nineweek interim tess culminating in
endof-yearstate teshg, this decreasingaternof usage over the course of the ysasomewhat
surprising A reasonablalternative might be to expeah increase in system &ss closer to the
stateted, with the lagest usage of irerim testing results durirthe sessinimmediately priord
the state testnstead usage declines over tweirse 6the year, with succes® rounds of

interim testingassociated witkess anddss access.

Total Count and Duration of Teachers' Online Actions
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Figure 13. Total action count anddurationof teacher§online usage

121



While forthemost part th@verallcount of actions follws the sara trends as theverall
duraton of usethere are some exceptionaurihg a fewweeks in January ancebruary, for
exanple,a peakand subsequent dip the number bactionsarrivesa week out ophase witha
subsequenpeakand declinen theoverall duation of useThe largst number of actions
(1,063) for exampletakes placeduring the week oFebruwary 21st while the geatest duration of
use(70,174 seconds 915 hourg takes placea week lger.

In order to better presenser access relation toindividual teacherdrigure14 presents
duration d usein relationto the weeklycount of unique users. The pattef uniqle users across
weeks isnuch nore stable over time, with an average of ontif@erentteachersaccessing the
system each week. The same difference in tinietgveen actions and kition of use nad in
Figure 13 can also be sean Figurel14, as he nunber d uniqueuses during weks 1/24 ad
2/21remains lowwhile the overall duationof use rise dramaticallyPrior to spikesin unique
teaclers usinghesystem the number ofinique teachenemainscloseto average, while the
duration of theiuse reachesome of the largest amnots of the semestéerhis pdtern of ue
highlights theimportant ple that a small maber d teaclerscantake inthe prepaation of

interim assessantsand their ousizedimpact on overall usage
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Total Weekly Duration of Teacher Actions and Unique Users
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Figure 14. Total weeklyduration ofteachelactions anduniqueusers

Building onthe lroad pictureof usagepresented ifrigure 13 andFigure 14, the bar
charts preserd below dd key elements, such assesmentrelated dates from é&school
calendaandmultiple views ofrelevantcategorie®f online acton. With these additiongigure
16 andFigurel7 allow for easie analysis of shooleventsdriving usage acroghe semester
Figure 15, immediatelyfollowing, displays all types of teacher acttocategorized frortheweb
page classification steam employd within the Benchmark Bta sytem.Figure 16 limits the
actions displayed tthe top ten most frequent categories of use Fagdre 17 displays only
those ations directy related tahe viewingof test resultseliminatingany usage related the
preparéion and administrationrdests,or the search for assessment resiilss highly filtered
view presents patern of peaks and troughs, distinct from maclusivechartsof teadersd

overal sydgeminteractions
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While somewhatlensethe staked bar barts make visible someatterns 6 overall
usage, such as the large investment of tedaherin test prepargin activities in the weeks
preceding interm assessmentaministrations, as wells wtatappears to bghorter periodsf

test prepation actvities happening on a relgr bass.
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Weekly Teacher Online Duration of Use: Stacked Bar Chart by User Action Type
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Weekly Teacher Online Duration of Use: Stacked Bar Chart by User Action Type, Top Actions
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Including relevant dates in tliereefiguresaboveallows forcontextualization of spikes
and dips in usgeover the smester Thelargest spik inusage on February'ifor example,
aligns witha combired middle andhigh schooltrainingand viewing of interim testing results
High school interimestingand Regerst testingadministratioralign with multiple spikes in
usae in lateJanuary, Mart), and May. Middle school interim testing aligns i spikan
usage on March'8 Other momets of high usage are less easily explained by identified events,
such as thepske in usage on February-P&™". Also ideriifiable in tlese figuress how large
spikes in aggregate usagéenconsist ofdifferert combindions of online actions.usges in
usage can occur for different reasons and consisutifple types of teachexctions, whictcan
varywidely depading ontheday or wek in quesbn.

Additionally, several types of teacher acs@eem to follav regular but much lower
levels ofactivity, such as viewinghdividuaklevel student data or accessing basic system
functions. The relationshipver timebeween thee differentways of vieving test regltsis also
visible: @) viewing the initial Assessent Oveview Data View ) viewingmore indepth and
specific Assessment Report Data Views, andriewing Report Data Mws which combine
results from mulple asesments and/ocontextuéize resultglataby school performance bands.
While the most common way @ viewing test results agars to bBthroughthe overall test view
page, substantial time is also spent in mpexHic assessment reports. Repaeins which
combine mutiple typesof student dtaor contextualize test results are the least gform d
student data, though tteeis a pike in usage in the week of MarchRtoinciding with the
release of a repbview which included predicted va¢s of Mddle School t&ate test sores.

Finally, Figurel8, in a similarvein, digplays the top teoategories of use on a daily

instead ofweekly, basis While cluttered, thisiew has some possible use in désog pattens
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of usetha may occurat amorefine-grainedlevel. For example, what appeas agike in usage
duringthe week of February 28in Figure17, is shownin Figure18to consist oinore intense

usage ovemultiple days, when viead asdaiy usage
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Daily Teacher Online Duration of Use: Stacked Bar Chart by User Action Type, Top Actions
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Individual User PathwaysWhile thefiguresabove allow for inspection of overall trends
in accesskigure 19 (seebdow) provides a means foexploringpatterns ofndividual use wer
time, while still in the contekof school and content ardga ¢ h U sectidn svithithe data
systemis presentetly colored squaragpresenting moants ofinteraction, arrangedn the x-
axisin rows over hedays of the second mester The sizeof eachsquare representhe durdon
of the user actigrwhile the cola indicates the type of action. Though the aggregasetsabove
allow for some sintar observaions, Figure 19 brings addel specficity to visualizingindividual
use along with group trend®Vith these individual pathays as a guidegseral interesting
patterns emerge:

1 Figure19 highlights the impact of trainng and professional delopmert on usage, with
many teachrs focusing their @sof the system almost entiredythin screduled school
training and fannng sesgons.

1 Email appears to be aneffective means for@ministrators teshare testingesults with
teachersTeacher sag of Benchmark Dataafterinstancesvhereemailwas usedo
notify staff of the availability of t&ting results demonstrates ontynimal increases,
especially whemompaed tosessions ofri-person training

1 Several userin the highschool show patterref heavyusage related to prepamti and
management of assessment.

1 Neitherthemiddlenor high stiool appeasto make extensive use oftimore intensive
assessmemepats awailable inBenchmark Data choasing insteadd usethe asessment
overview as thir majar point of access for tesesults.

1 While mostusersmove directly to viewing the test idts themselves, some users appear

to spend substantially more tintbanothess in searchingnd navigating® assessments.
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1 While most sage is at the clasadassesment level,a subset of wgsappear to focus on
accessing individudkevel student data.

Sorting byoverall usagenakes visibleghe extent to whicla minorty of uses account for
thebulk of extemed useln middle schoolfor examplepnly 37%of teaclers demonstrata
pattern é more consistent and intensiuse over the course of the yddigh school users
appear to follow aimiilar overall pattern, witt37% of users demonstratg more consistet
semestefonguse. In tle igh school however consigent usersare drawn from &ider variety
of content area€LA, Math, andScienceln both middle and high schodfocial Studies

teachers demonstrat@nimd usage.
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Daily Teacher Online Duration of Use: By User, School, and Action Type
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HCA heatmaps of usage &ctors. As a mean of further &ploring subcategoriesf
teacher usagel appliedhierarchical cluster analysis and heatmappingdtiple factors of
teacher usag&hree HCA heatmaps amecludedin this analysis Thefirst, Figure21, clusters
users accordigto factors of frequecy and consigency, followingWaymanet al .;060s (200 9 ¢
2017 analysesThe followingheatmapFigure22, clustersusersaccording totheir variety of
usage, as describeduse difusion theory(ShihandVenkatesh, 2004gndrepresentein this
caseby theproportion of time that teachers acstd® availableonlinefunctions The third
heatmapFigure 23, follows Maull (2013) in applyig clustering to fatorsdefined in terms of
frequency and variety, the two dimensions seuwliffusion theoryln al threeheatmap (Figure
21, Figure22, ard Figure 23) usagdeatures related tdimensions ofrequency consisteny, ard
varietyare comhnedin order toexplore possible subgrowpd user behaviors.

InterpretingHCA heatmaps EachHCA heatmap pesented irstudy 1 andStudy2 has
common charactestics. Figure20, following, ects as a brief guide to integiing these common
elementsaacoss stidies,identifying anddescriting the esential parts ohn HCA heatmpg, such
as the factors udefor clusteing, the colored heatmap celthe dendrograms clusteringuoand
columns, ad the annotations that helpeiatify relationships betweeHCA clusters and other
factors.

A brief note isalso included with each heatmaplescribing the decisiat identify a cut
off for thenumber of distersto present andiscuss. h each case the dision of how many
clusters taconsderis guided bybothvisual ingection and the voting remmendationsrbm the
NbClustpackage in RCharrad et al., 2014for referenceaversion ofall dendrogramshat

indicaiesthe height at whie clusters were s@rateds included in Appendi C
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Figure 20. Guide to readingierarchical clusteranalyss (HCA)

heatmaps

Thesevariablesareusedby the Hierarchical Clusteringnalysis
(HCA) algorithm to create cltsrs of usersréws) and factors
(columngs.

Colored rectangle (cells) indicateuser®standardized scordsr
themetric indicatedy the column. Standardized scores are
presentedlang aspectrum of blue teedvalues, with the
darkest blue rectangles representing values furbiedstv the
averageandthedarkest red reangles indicatingalues furthest
above the asrage.

This branchingdendrogranindicateshow eactrow was
clusteed by the HCAalgorithm. The height ofinesin the
dendrogram measts¢he differences betweeows and
clustes. Height is measureoly moving up the desrogram
hierarchyfrom the aigin of the ineto the level at which two
rows or clusters are noected

This dendrogranmat the topof the figure indicates howolumns
or factors, were chktered by théiCA algorithm. One larger
cluster made up oksen factors and one smaltduster of thee
factors are visible.

These black and reéctangks @nnotatiors) help theviewer
relate the clusters identified by the dendrogrammimortant
factors oroutcones.All theheatmaps ithis studyincludethe
sameannotations(1) whether the usdaughtmiddle or high
schoo] (2) whether the usetemonstated above arage
duraion of use, and3) what content area the usaught.Here,
for exanple, annotationsliaw the viewer to recagze that
users inClustl tend to have highenline use anteach Math.



Frequency and Consistency Metrics
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Figure 21. HCA heatmapfrequencyandconsistencyof online u&. NbClust found that ten
methods ppposed two clusters, while eiginethods proposkthreeclusters Visual inspection
foundthree clearlydefined goups

Clustering by mline frequency and consistencyThe HCAHeatmap irFigure21
clusters uses by a variety of features relatedpieevalence and consistency of ugéayman et
al., 2009) Where past studies V@ tended to use one majodicator of prevalence or
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frequency total actions (Waman et &, 20M) or total duréion (Tyler, 2A.3; Gold etal.,
20120 Figure21 clusters several indicators of prevalence aadiency dthe level of tie
individual action to sessidevel behavior to total usag€lustering acrosthesemultiple
featuesindicates how muilple usage outcomes may contribute to a fuller pictureanfies 6
online useof studendat.

Clusteringalong featires offrequencyand consistencyFigure21 divides ugrsinto three
mgor groups Two of these goups,Clustl andClust3 containmore useswith above average
use duration, while Clust@nrsistsalmast entirelyof use's with below average duration of use.
Interestingly, Clustl and Ckt3usersappear to rezh their higrerlevels of usagentough two
different pathsClustlusersincrease theiprevalence of use throughore frequent and
consistensesionsof avera@ length while Clust3 userachieve above &rage use tiough
fewer,but longersessionsin contrastto theother two clustes, most Clst2 users are
characterized bkigh values of Max. Weekly Duratiéfotal Duration indicating thatheir
interaction vith Bendhmark Datawas highly focused duringne week of the yeamostlikely
during atraining sessiona wsage pattern also seémFigure19. However, a subcluster of Clust2
does appedo use thesystem with sligtly higher consistency over timeith two of these users
demastrating above avageusage.

Group-mean centering for middle and high salasers appears to leave them fairly
evenlydistributed across the clusters, as opposedhat Table16 indicates abougreater usage
in the hidh school in absolute tiens. Content aga on the other hand, appears to be relatetthé¢
identified clusters of usage, withgher usage Clustl and Clust2 consisairgost entirely of
Math and ELA teacheas and lover-usage Clust2ontaining almost all ahe identifiedScience

andSocial Studes teachers.
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Theusage factorthemselvesrealsoclustered in interesting wayis the middle of the
columns, factors foPercentige ofWeeks Used, Toleébession Total Duraton of Use, and otal
Actionscluster tidntly together withonly a dight sepaation for Percersige ofWeeks Used from
the oher three factors. In contrast, usage factors related to sésgaehaviorssuchas
Average Actions/Seson, Average Secondgiction, and Aveage Session Duration, aggr
critical in descriing differencesetween the three identified subgroups.

Clustering byonline variety of usageHaving explored possible subgroups based on
featuresrelated to frequencyfaise, tle rextheatma (Figure2?2) clustersfeatuesrelated ©
user sd Vvar i eadmemsiorof asadedranndronutise use diffusion frameworlshih

and Venkatds Maull, 2013).
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Usage Variety Metrics
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Figure22idertifies three majorclusersof usage behavidsased on thpropotion of
total use that users allocatedvarious system functis Users inClustl spent amuch higher
proportion of the usa@ timeon test administrain, preparationand navigatiomadivities, with
a smal sulgroup of Clustl focusing on searching amelving individual level student data.
Users in thesmaller Clust2focusedtheir usge on viewing and creatingeportsthat induded
metrics frommultiple studenaissessents Users in théargest duster,Clust3, spentthe largest
proportion oftheirtime viewingteging results and reportnd filtering student grqas. This
largest grop of Clust3 users appear focus onbehavors directly related to thintended usefo
the system for elssroom t@chers, funtions such as viewingverallinterim testingesults or
more specific reports related to iteor standardevd performance ointerim testing.
Interestimgly, then teactersin Clustl and Clust2pert a larger poportion of their aline time
outside ofthis core set of assessment features, eitfwking with the creation and management
of assessments or withpats that combinénformationfrom multiple a&ssessmest Sine Figure
22 operdionalizes vaiety of use as groportion of total use, it is impossiéto say from this
figure whethet e a ¢ h e r s 6uses ipQiustl aadIClust2eepkresenadditionaluses of the
sysem above and beyond usagiecore assesnent reporting aalternativeuses ofhe system
subsituting for the core function of analyzrinterim testing results. In either case, though,
combning a disaggreged yet @tterned approach to visual data ghes (Meanst al., 2010
with metricsfor usage varietyShih andVenkatesh, @04 hashelpeddistinguishuseful
subgroups of teacheata use

It is also important to note thatwle somegrouping are snilar betwea these first two
heatmaps, particularlClustl, overalthe HCA heatnap by variety ofuse(Figure2?2) finds

differentclusters of userhanthe HCA by frequency of useHigure21). Thesedifferent
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outcomes ggestthe importance of oitiple usa@ outcomes when ctaterizing teacher online
data use.

Clustering by onlinefrequency and variety of usd he thirdandfinal HCA heatmap of
Study 1 combineteaturedrom the previous two heatmaps, clustering alowi llimensions of

use difusion theoryfrequency and vaaty.
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Frequency, Consistency & Variety Usage Metrics
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Figure 23. HCA heatmapfrequencyconsistency, andarietyof use. Eleven methods of

NbClust suggested the as thbest number of clusters. Visual inspection sutggethee

clusters as well
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As with the previous twhieatmaps Figure21 ard Figure22), Figure 23 finds three main
clusters for intgoretation. Consistent withFigure21 andFigure22, usesin Clustldenonstraed
same of thehighestlevels of overall usge combinedvith a focus on tesiredion and
administration. @ist2 users demonstratemerlevels of oveall use, while focusing on core
functioralities forviewing ard analyzing test redts. Clust2 uers ako apeared to concerdte
their usage duringcheduledraining sessions, as opgexd to independently aceasy the system
over time.Clust3 usersaredivided into two subgroups, both demonstratimggerthan aveage
length of sessiws The upper goup o Clust3 demonstratedmilar patterns of usto Clustl,
aceessing functions forest creation and managendout with lower overaltluration of use.
The lower group of Clust®verlags with Clust2from Figure22, with usersfocusing on viaving
andgeneratingnore complex reports thapan multiple predictors of studentfmemance
While their membershipsiganerally mixed across middle and high school,ttitee clustersfo
Figure23 demonstrate sbng correation to content area, wWitClustl relating tdlath, Clust3
relating to EA, andClust2 containingmast the entire set of Science and Social Studies
teachers.

Along with clusers d users,nteresting clustes offactors are alsgenerated ifrigure
23. For exampleafter dividing nto two main clustes, the cluster of columnsnthe leftconsists
mainly of features retad to viewng assessmentesults andaports,alongwith two features
related to sedon length and one relatedthedegree that users limit their activity to oneeke
of the semestdiTable21). In contrast, the second clusterfators consistsf severaffeatures
related to totalisaye frequeny alongsie afew featuregelated o test preparation and student
data view.This mixing of dimensions offequacy and variety across clusters highlights the

connections between what usehoose to aess in onlne data systems and hoveyheccess it
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with higherlevels ofoveralluse rehted to testing preparation afedtures relatedtsession
length and fousin time more tightly clustered withssessment analysisctions(Table21).

The discussion sectidiollowing will provide more iterpretation & subgroups defined iRigure

23.
Table21
HCA Clusters for Frequency and \etly Factors
Cluster 1: Cluster 2:
Assessmet and Ted Administration and
Report Results FrequencyMetrics
Report Search [Variety] Avg. Actions/Sessiorts
SubCluster Report Results View [Variety] Test Administréion [Varietyj
A Report Creation [Variety] Test Preparation  [Varietyj
Student Search [Variety] Test Navgation [Variety]
Avg. Session Duration Percerige & Weeks Used
Avg. Seconds/Action Total Sessions
Max Weekly/TotalDur. Total Duration of use
SubCluster Test Report Gneation [Variety] Total Actions
5 Test Results Overview [Variety] Max Weekly Duraion
Test Search [Variety] Max Weekly Sessions
Student Filtering [Variety] Student Data View [Varietyj
SystemFunction [Variety]

Test Report Railts View  [Variety]

Note.*Shading indicats frequency orrgvalencametrics
Discussion

The analyses of Studyyield interesting results in geral areas: fronthe differences
aggregateisage meics across schookVek andcontent aregdo the relationships between
usage over time and schHdmased trainingnd assesaent €hedules, t@orrelations between

usaye factas, and finally to exmratory clusters of users and factors segmented bygiiamed
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indicators d usage frequency and variety. This variety and depth of description apphedirie
data usdighlightsthefactors anautcomes of teacher daisemostimportant to consideni
future studies and provides insights to inform schatd dse interventits. This discussion will
focus on the related threentributionsbelow:
1. Expandng the quantitave desciptionsof teacheinteraction with onlie datasysems,
particularly in rgard to visualizations and metrics for online behayior
2. Exploring subgroupsandpatternsof teacher online behavior along dimensions of
frequencyand vari¢y of use and
3. Informing <hoolpractice ad software design tfacilitatetea c her s 6 aofcess and
student data.

In considering these results, it canbetstated stronglgnowgh that the intention of these
studies is to use teacher interaction datind ways to mke teaches 6 s mardefftient and
more effectie, andnotto evaluate teachers amy way. As Study 1 suggeste, a c her sd deci s
whethe& and howto use aronline system are informed by complésterminantsmany of which
are beyondd a ¢ h e r s and asqgenidusstudies sggest(Tyler, 2013;Waymanetal.,

2017) thesedata usaledsionsmayhave dimited relationship, if any relatiship at all, to
teache sdreeffectiveness in engaging students and helping them learn.
Expanding quantitative description of teacher interaction with online tesing data.

Patterns in overall usag While previous studies differ greatly in the usagerioet
presented, soencanparisons are possible. Tyler (2Q18r examplejn his districtwide
andysis of aninterim assessent s\gtem calculates an average of sahous ofuse by teachers
over al0-month period, or 0.7 hours per month. This study doam average of 3haurs of

use over 6 months, or 0.65 hours per month. While the differerftrames undeinvestigation
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presem strong obstacles to comparistimse $milar durations of averagese are strikingOn a
different usage metri®/ayman etl., (2017) repos anaverage of 127.5 actions per user over
10 months, or 12.75 per month, véhthe currat stuly found an aveage 202.3 actions over six
months,or 33.7 adions per monthWhile atfirst glance, users in the current study appear te hav
used the onlineystan for twice as many actiong,is alsoentirely possit#, but difficult to
establishthatdifferences inthe level of actions loggday thetwo sysems and not actual
differences in user behavior, account for this overall diffeeen

In terms of digribution of use over time&study 1 findsa strong impact of required
professimal developmentral trainirg on hetiming of online usagerigurel8 andFigure 19
clearly showstrongerusage by multipleisers inboththe middleandhigh school for theeweeks
with professional develoment and traimg sessionEven thevariety of usageas indicatedby
the color ofsquares ifFigure 19, seens consistent across users as they participgpedafessional
devdopmentand access similaeports While these bservationgollow only from visud
inspection of usage tinees Tyler (2013 finds a reatedpattern where thrd of teachers
focused thi use of the online system ame of fourtesting intervals. Tylesuggest that this
patten may be due tpromping by supevisors or the timig d school evaluation systemk
both studiespnline usag for a large subsef users appears largely detened by institutional
schedulesas opposed tpersonal or classom-spedfic timing. While his findings ee for
principalsand not teachers,rBke(2015) describes pattermsh e r e pr i nci ptal s 6
warehouse mapgmtothe timing of leadershigecisions for teacher hiring and evaluation. Ehes
patterns in pricipal dah use arelearest when contrastg thebehavior @ principals with hgh

levels of usage with thosiemonstrating the lowest levefl use.
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Usage metics, their relationships and imprtance.Along with patterns in overall usage,
patterns andelaionshipsbetweenusage meics also meritinterpretation In addition tometrics
for online frequencyand conistency of use analyzed previous studies (Wayan,2017; Tyler,
2013),Study lanalyzesusage in relatioto: time per actionactions per sessn, sessio length,
maximum weekly duratia, maxmum weeklysessions, perceade ofweeks used, total sessigns
total actions, total duratip and maximum wedk usage/total usagdlany of these addional
metricswere found taapture les correlated aspés of belavior or todifferentiate betweae
possble subgrops ofonline usage Thesefindings speak to therhitationsof overall frequency
or prevalence of sefor capturing the most relewafactos of teache®usage, particularly in
those cases whenaultiple patterns obnline behavior, suclas moe frequentshorter sessions
ard lessfrequent/longer sessionigoth resulted in larger thaverage durationfase.

Overall, little differene was fomd between metrics related to overaeusuch as total
actions total sessiondptal durationand toalesser etent, percentof weeksusel. Though
percenaige ofweeks used, or what Waymanakt (2009) refer tasconsistency of usevas
slightly less correlatetb total duratior(r = .78) than was tota&ctions ¢ = .92) or totakessions
(r = .92) thecorrelationwas still strong ad dl four of these factors gstered tightlytogether in
Figure216 s AHh&atmap of frequency and consiscymetrics. Since weks usegresens a
less skewed disbution than otal actons, duations, or sessianlends itself tceasier
interpretation, and ithe only usage metric to demonstrate a significantioalship wth student
outcomes (Waymae al., 2QAL7), this matic may be thenost useful of thedur measures dbtal
usae.

Alongside total usagenetics for sessioitevel usagand concentration of usage

provided description of additional aspects ofrusehavie. HCA Clusters inFigure21 depend
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on values fothese usage nrats andater inFigure23 andTable21these same factors of usage
cluster alogside differat varieties buser behavior, indicating their possible w&ece beyond
emprical description of user behavior. Maxiom weekly duratiomnd maxmum weekly
sessions, in contrgsappear to adiittle in clustering analysisHigure21 andFigure 23) to
clustering of user behavioas\d may noprove as useful for futur@nalysesTable 22
summarizesome of thenost promisingnetrics for cafuring user dferencesn frequency and
consistency ofiser behavior.

TaHe 22

Summary oUsefulMetricsfor Online Frequencyand Consisteng of Use

Type of Description Usage Metric

Totd Usage Perceitage ofWeeksUsed

Time per Acton
SessiorLevelUsage Time per Session

Actions perSession

Concentréion of Usage Maximum Weekly Usage/Totélsage

Patterns inmiddlehigh schooland mntentarea usageOne of the more critical
takeawaygrom Study lappears to bthe degree to wbh school leel, in ths caseniddle and
high schoolas well ascontentareaare deeplyrelatedto teacher use ajnline testinglata Some
of these differenceare most likelydue tohow statelevel accountabity impacts asessment.
Particularly in middle school)ack of online access byScienceandSocialStudiesteacherss
easily explained by a lack ehdof-year state testing and, asesult, a lack obenchmark
testing in these areas. Whstate testingesults, comuter adaptivéesting resultsor the litelacy

focusof ELA interim testing mighte useful, at least fipothetically to middle schooSocial

148



Studiesor Scienceeachersthese teacherdo not @pear to access the available repantech
beyord the minimuntor requiredtraining. Howeve, in middle £hoolMath and ELA, both
content areas witinterim assessnmés and enebf-year state testggacherglemonstrate large
differences inonline usagewith Math teachers completing more than twice agnsessionas
ELA teaches on average andompleting moe actiors withinthose sessions

Though reitherof these peviousstudesincludes high sabol usageTyler (2013) and
Wayman éeal. (2017) describamilar usagedifferences betweellath and ELA with higher
levels of use fomath versus eling teacherOn theother had, where the current stly found
higher ofine use for high school than ddle schol, Gold et al.(2012)briefly describes higher
usage for middle school over both elementary aimghtschool, hough the dataystenmthey
investigatedvasa platfom for summary student data andtnspecifically, for analyzing interim
testing resultsGiven their data and functiolity, direct comparisosbetween the two systems
may notadequatelyxorsiderimportant differerces

Extremely limitedresearch o high stool dat systemgGold et al. 2012), combined
with the accountability structure for NeYiork State makeStudy 1findings on high school dat
useparticularly interesting. Even undeiN&w York statewide assessmesystemwhereall four
core contenareasare equired to administer miiphle end-of-yearcompetency testand where
interim testhg was conducteat Progres Secondarin all four core contenareas impreparation
for these tds, largedifferences in umgye arestill foundacross cotent areg, with averageonline
usein Math andScienceexceedng that of ELA andSocial Studieby alarge amount

Along with thesedifferences in ta@ frequency of useStudy 1 also findghat cortient
area teehers may demmstrate differehpatterns ofiseat mdtiple levels,duringsessions ah

evenindividual actions.For examplewhile average useisimilar inhigh schooMath and
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Scienceacross mltiple indicators ELA andSocial Studieslemorstrate sevetalifferences, with
Social Stuliesteacherspendinga smilar amount of time peaction butcompletingfewer
actionspersessions for an overatiwer duration of use.

Another interesting distinabn is thepatterns of usage by whidhath andELA teachers
reach high ograll durations ofise.As indicated inFigure21, while Mathteachers appeao t
reachhigh levels ofusageby either § more frequent/shorter sessions lorléssfrequent/longer
sessions, ELAdacherappear to almost exclusively follow pathay (), with less
frequent/longer sesons to achieve higher teels of useWhile many hae discusedthe need dr
increased timeetlicated talatause(Schildkamp and Kuipe2010; Datnow edl., 2013 it is
interestng to considr, based on these resythatMath and ELA teachermight kenefit from
not just moreime for data usgbut different disributions oftime. Paralleling bheir observed
online usageMath teachers mabe able to e#ctively utilize shorer mae frequent sessions to
analyze muiple discretdtems on a testyhile ELA teachersnay benefit fran more extended
sessionsa betterundergand exénded reading pasges and analgzstudent opemesponse
writing.

In order to nterpret theséndings more fullyd both in terms of overall uga and
sessio-level behavior8 more gualitative analysisanalyzigt e ac her s 6 npgheiremmp ect i v e
usagealongside nore intensivestudy of individual clickstream patterns wd be helpfulMore
extensivaresearh onclassroom datase establishebe general imporance of pedagogical
content knowled@ (Blanc et al.2010; Datnow et al., 201Fuchs éd., 1999; McNaughton et
al., 2012) However, even in tharea ofclassroondatause, ew sudies appeawotdiredly
addresdlifferencesby content area Hooglandet al, 2016. Sq while theoverdl importance of

content aeagoalsand knowledgeseems clean both classroom and online data use, additional
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studies are needéa both congéxtsto unravel howexactlythe dynamics ofDBDM play out in
specific disciplinary cotexts.

Onespeculativehypahesis at leastregardingonline datause, builds on the facthat
different content areatepend orifferenttypesof itemsand methods ofraalysiswithin online
assessent gystems Thesecontentspecfic items and analyses tarn mayencouragedifferent
patterns of online @sEven when analyzing similar standadized,multiple-choice teshg results
Matht e a c dnkne istéractios with standalonemultiple-choice iems may appear notieably
different fromE L A t e antink iateration withsmallgroupsof multiple-choiceitems
which directly referto precedingeadingcomprehensiopassage of varying length and
complexity.

Differing hierardies of state standaanayalso make a diffience for onlineinteraction.
While Math teachergan generallyplace eachviath testitem on aladderof diff iculty tied to
gradelevel standards, ELA teachensustplaceitemsin reference tanuchbroader readig
comprehension staadls,as well asake into accounthedifficulty of a reading pssagén
multiple genresOr, in the case dscienceandSocal Studies orline interaction malook
differentwheremultiple-choice items assesst ud e nt s 6 domaoispecdiacgntety as f
opposed tabilitygaperfdrie digciplibary skik, such asmterpreting teks or
performingcalculatons In asimilar vein,Hooglandet al. (D16, p. 382) report that focus group
discussions on classroom data use easged the importanae f ledr insightintocur ¢ ul u mo
andicl ear , c o entifiablelearning trageat d i e d . 0 -leVehnath stasdrda t e
come clogrto providinga dear learning trajectory may help explain the tendendylath

teachers tanake greater use of lome assessment dasdigned to these &ndards.
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Exploring subgroups of teaher behaviorrelated to frequency and vaiety of online
usage Analysis ofHCA heamaps inFigure21, Figure22, andFigure 23 reveat additional
subgoups of teacher online behargalistnct from differences based on schaeVvel or conent
area.Featurexlusterel along dimensions dfequency and varietyandthereforealigned to use
diffusion theay (ShihandVenkatesh, 2014 provevaluable in Stdy 1 for exploring subgroups
of teacher aline behaviors. Additionally, the disaggreghtsual analytics of the lagmap view
allow for more &tensive interpretatio of the digribution of bdnaviors acoss the popul#on than
do meastes d central tendecy and dispersioalone For example, a ratric indicating low
average access ta anline report may hidehe underjing patterrthat a subgrqu of users
accessethis report iiensvely, while other usrs simplydo rot. Visual analyss of HCA
heatmap, incontrastallows for theidentification of these possiblsubgroups of users and
behavor, as well agentativeinterpretation obubgroup$ased orthe clusteing of factors.
Additional featires of tle HCA heatmapsuch as thetandadization of factorsand inclusion of
annotations alb enhancéheir utility for effective visual analysis.

Following this visual analytis approachStudy 1 explogsthe possibilities buse
diffusion theory to gnerate algers of behawr alongthedimensiors of frequency rad variety
of use. BasedroMaul | 6 s ) methdaldlaBdindings, analysis in Study 1 wast aimed at
groupingusagento one of the four quadntsdefined by the itersection 6frequency and
variety.Instead multiple featureselatal tofrequency and véety of usewere used to clust
users ad behaviordn a search for potentially meagil subgroups of onlinbehavior. Figure
24 sunmatizes sane of thesexploratay subgroups of usageadtified in Study 1 anglaces
them inthe context of use diffusiondtors. Oveall, several clusters can be intetekas

instance of limited,specialized, or intense eisinterpreting clusters as rspeialized, howeer,
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proveddifficult. Maull (2013)notes asimilar challenge where the itive relationship between
frequency andiariety makes it difficult to find ues who have bt low frequecy and high

variety of useAs usage increases, the vayief pages accessl tendsdincrease as well.

Rate of Use

High Low

Intense Use Nonspecialized Us
High -Assessment Magement &

Analysis (Intensive)

Variety of Specialized Use Limited U2
Use -Multiple Measures Analysis | -Assessment Analysig faining
Low -Assessment Management | based)
-StudertCenteredAnalysis

Figure 24. Exploratorydatauseclustes related taisediffusion typology

Each of the exploratory subgups inFigure24is briefly discussed irthe nextsection.
Though these clusterseaoften quite small, whin an alreadgmallpopulation, they find
pamllels inprevious typologies relatedt e ac her s 6 wv®weardadatdandt t i t ude
technol@y. These relationships previows work will be discussedn the sections below, as well
assummarized imable23.

Interpretinglimited use The largest cluster of teacher behaxs identified in this stdy
follows a pattern of limited &sVisible asfiAssessmenAnalysis (TrainingBased in Figure
25, this subgrop is defined byalow rateof overall use combined wh low variety ofuse as is
memberdocuson the coe assessment features of the sysieest Result©verviav, Test
Seart, and Student Filteringn terms of fequency of usehts same cluster tergdto have higher

values for Maxmum Weeky Use/TotalUse, indicating @robablefocus & use during required
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training sessionsyhere teachergiewed variouseportson recent iierim testingn a guided
setting

This subgroup of limited wsfinds paralled across previous typologiespinMa ud | 6
( 201 3intereStedrNoA d o pt aMagy ,matno et taah.eds HDPPD)wed t o D
Gravesard Bowers (208 ) felsv&hdle based in slightly different domaiésonline
curriculum use, gemal data use attides, and technology use, pestivel\d these categtes all
indicate limited ue of data and/or data ushnologiesWhile this group of se's may be
proportiondly smaller vihen considering teacher technology ms#e generally (Graveand
Bowers, 2018or when considering online thor curiculum usethe category ofimited use
appears to apply ta large percentage of users (Maull, 2Q0T3/ler, 2013 Wayman &al., 2012,
Gold et al.2012. Study 1 found 62%fausers to fall into th limited use dagory Assessment
Analysis (Taining-Based). While his proportion of limited us is larger than inther ypologes
it may be that requireorganizationatrainings effectively combined limited and moderate users
into one categorywherein Maull, 2013 for example, they cluster ivb separat groups.

At the saméime, a separateypology, generatefftomalbrges cal e survey of t
attitudes towarddata usend data use technologies (B#l Melinda Gates Fauwdation, 2015),
found nultiple typesof users within, what might be osideredthe largerimited use category.
Within the Gates Foundatiaypolagy, Aspirational Users, Perceptsj@and Traditimalistsall
consider themselves limited users of data, butlffferent reasons. gpirational Uses believe
generally in dataisebut find applied usdlifficult; Perceptives prefeto use their own
observabns when making decisions abolét teaching;and Tradtionalists prefer to use
student performance capéarin the form of gradewhen making istructional decisions. While

Study 1 onlyanalyzestac her s & o0 b s etiswneréstind) sconsideyas tbe Gates
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Foundation Typologsuggests, thalifferert attitudes about and obstacles to data use may
manifest behaviorally inhe same largeategory of Limited Use.

Understinding specializeduse Several smaller clusterd epecializednline behavor
are identifiedn Figure 25, specificallyclustersof online use related i SdentCentered
Analysispit Mu | t i plr ee s MeAamadhiAssessmetanagemetio The subgroup for
Multiple Measures Analysis tends towaa longer session lengthitkvusage focused omiewing
studentdata gathered from multiple assessments into aestaglular view. One erapleof a
multiple-measures reponhight beonethatcollects scores from several assesmntsrelated to
reading: A state testing data, computeragive test scees in reding, and results from a
decoding assessment.

A second spealized usage categorfiAssessment Magemend demonstrates m
intensive usef functions related to testgparation, administratiomnd scoring. More
specifically these functiongnight include acivities such as selecting items fromitam bank
formatting answer documts, linking itans to standards, or using a dawent cameto capture
test results. Thase of such assessment mgament functions would be hightigpendent both
on their aailability within the online system, as well as schootlevel policiesfor sysem use.
Neverthéess, with many online testirgystems derin g t e a c h e r st@dcreftaithect i onal i
own testsactions devoted to assessment nggnaent are impdant to hdudeas part of the time
devoted to DBDM.

A final subgrop of specialized us&tudentCenteredAnalysis privileges searchingnd
viewing sudent data at the level tfe individual student. Agpposed to reporting multiple
metiics for multipke studentsstudent data views provide more comprehensive reportmg o

student metrics forrdy one studenfThis tendency to view individilized stdlert data views
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may be compardd tothe desire of the DatMaven subgroup (Bi& Melinda Gates Foundation
2015) toview holistic student data on multiple measures. Whitker (2013)finds thatteachers
tend toaccessstudentlevel data at vey low rates, Study 1 raises the questiah whether this low
level d access to studetvel data repesens generdly low acess or,insteada small subgroup
of usesintentionally acessingstudertlevel data, while the &st majorityfail to use suchews.

While the domains under investigati areslightly different,categories of specialized
use sud as thosedentified in Study 1, have beeidentified inseveraprevious typologis.
Wayman et al. (2009jor examplejdentifiesa category of teacheas usingi Eta as a
Supplemend suggeting that data use may habeen incorporated inteachingpractice in a
specific, spedalized contextPast typologies frequently identify sudstial categories ofagrs or
behavios focusing on specialized usagfsdata, vihether they arenteractive Resurceor
Community Seekinpecialists engaged with an onlstwence currialum (Maul, 2013,
Scorekeeper teachers focusing their use of datssessment (Bidk Melinda Gates
Fourdation, 2015), or the speciatid Assesss and Presenters found in atimaally-
representative suey of teacher technology use (@eaandBowers,2018).

Theimpad of roles and responsibilitiesAn important factofor understanding
specalized usage fternsis thepossiblempacto f t e a ¢ h e rote$andirésdordlitieso n a |
While not explictly identified in data collecn for thecurrent study, teachefeequently
fulfilled additionalroles and responsibiliteewithin the schol. These roles may have bderked
to a job title, such as Learningp@cialist, assigreeas part of committee workr contractedor
outside ofregular sbool hours. Related datase tasks may have includesbnitaing student
performane by grade levadr by demographic gr@s,repating informaion on st udent s o

Individualized Education gram(IEP) for Special Edwation servicesadvising on clas
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groupirgs or helping create, adgnister, or score schoolwide tesStudy 1 finds sevdralusters
of specialized use, with some teacheevotirg alarger proportion of theitime to managing
assessments, viewing indiwdl level studeindata, or angizing groypsof students by multig
student measure®/ithout additonal teacher data it impossible to dtermine the degree to
which sgecializedusemay be due to additional signed responsibiles, as opposed to
individually-driven inmuiry.

Similarly, Gold etal. (2012), found largdifferences in usage between classnbased
teachers anttachers withchoolwide roles and responsibiés. Teahes with schoolwide roles
were found to use thARIS online data system fanore than twie the duratiorof classrom-
based teachers. Sugbesialized teacher roles and resgibilities may play darge role in
determining online usage amongtders andnay be at the root of usagefféirences in the
current study as well. Elithg more infornation on teache s 6 Isz@deesgorsibilities nysbe
critical in explaining variabn in online data usespecially inmterpreting the behaviors ofgti
frequerty useas. Are such users highigvested Data MansandGrowth SeekeréBill &
Melinda Gate Foundation, @15), indgpendentlyfocused on clasoomlevel DBDM, or do they
haveadditional professionaksponsibilities that require access to onlistedent dtg or both?

Schildkamp et al(2017) highlightsa related issue for genédata use, wherthe same
actas can uselata for multiple purpass, in this case for accountalyilischool improvemengr
instructionalpurposes. The authors repdrat schod tendto make greater use oath for school
improvement and accountabilipurposes, as @osed to instrational ores If data use for schdo
improvement and accountabilitgrids to be linked moreidectly to spedic teacher roles and
responsibities, thismay be one possible explana o n f o greateraise ofaatasirdte

areaghan fa guiding instuction.
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Differentiatingintensiveuse While high frequency oltiseappears related teevera
specializedpaterns of teacher accessie 81 b g r Asgssment Management and Ansiky
(Intensivgo Fidure 25) appears to wsthe sysmwith highe frequency acrosassessment
management and assessnamdlysis functionsEven these userepwever do not appear to
equaly distribute their usage acrosategories, bunstead spend the greatpsbportion of the
time in assesment maagement functionsWhile the matintensive uses,then may also
demonstrate greater vatieof use, it igpossible that the categorydfl ensiveUs e 6 mi g h't
betterconceptualized a&s more intensive form opegcialized use,ras a categorthat comlines
functions of specializedse The Assessment Management andIgsia(Intensive categay, for
instance appears to combine higher gedor asgssment management aasbessment aryais,
but not for studententered views oreports of multple measwegs The variety of use for thes
teachers, then, does not stretclaltacategories, but dpencompassessbset of functions.

The Gate$-oundation typology(Bill & Melinda Gates Fouradion, 2015appears to
support this diversiied view of theintensiveuser by finding two categoriax the most intensive
data users, thData Mavens and GrolwBeekers. Whilboth types are intensive usefawide
range of data, theyifter in that Gowth Seekergclude a largr inclination toapply data as a
means okdf-reflection for improving pactice.

Overall, a visual analytigsrocess employing HCAdatmap views i local school
context has pradedinteresting findings thatdith support andualify earlier typologiesnd
categories ofea ¢ h emgaeinent withdata use antkchnology Table23 provides a summary
of the typdogies referenced ithediscussio above alongde the exploratory chters found in

Study 1.
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Figure 25. HCA heatmappossiblesubgroups ofrequency,consistency, andariety of use
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Table23

Comparison offypologies for TeacheiData Use and 8chnology

TeacherTypology

Types of Teaches, Attitudes, orUsage

o Limited Use Nonspedcilized Use Specialized Use Intensive We
UseDiff usionTypology _ _
_ Low frequency Low frequerty High frequency High frequency
(Shih& Venkatesh, 2004 _ _ _ ) _ _
Low variety High variety Low varigty High variety
DataUseAttitudes ) _
-Opposed tdata -Data as a Supplement -Data isEssential

(Wayman ¢al., 2009)

Usage ofOnline Science

_ -Uninterested -Moderate -InteractiveResource Spe¢10%)
Curriculum . _ -Ardent Power User(8%)
Non-Adopter(32%) Genenmlist (36%) -Community Seeker Spe€l4%)
(Maull, 2013)
Attitudesto Data and _
-Perceptive$14%)
DataUseTechnology a . -Data Mavenq28%)
) _ -Traditionalists(10%) -Scorekeegrs (11%)
(Bill & Melin da Gates, o -Growth Seeker§&0%)
-Aspirational Userq17%)
2015)
TechnologyUsing
-Assessor$28%)
Teachers -Evaderq22%0) -Dexterais (24%)
-Presenter§25%)

(Graves& Bowers, 2018)

TeacheOnline DataUse
(Current Study)

-Assessment Analis
Trainingbased 62%)

-Assessment Maagement{15%)
-StudertCenteredAnalysis (8%)
-Multiple Measureg\nalysis(8%)

-AssessmarMgmt. &

Analysis Intensive(8%)

* Where available thpercentage represented byleaabcategory is presied inparenthess



Informing school and oftware designdecisionstof aci | i t a tceesstardauseh er s 0
of student dai@a. While Sudy 1 describg only a srall sample of teacher behaviors, that sample
provides rich informatiorior school leaders and sofase designers dbey support instructional
dedsion-making. Analysedrom Study Imight inform decision makingt severblevels, fom
overall stool proces, to gradelevel or contenteam planningto specific teacher roles and
responsibilities.

Most fundamentallywith 62% of teachers clustergda limiteduse categoryfindings
from Study 1 sipport past findings on tHew ratesat which mosteachers amss online student
data(Wayman et al., 201Zyler, 2013,Gold et al. 2012) or are satisfied wht data use
techrologies (Bill& Melinda Gaes Foundation2015). At thesame time, district vestment in a
variety ofonline data ad assessmeststem conhues to climb steeplyMolnar, 2017, making
the need to increase meanirigkacher interaction ith student dataver more pressing. As
more sarce resorces are diveed to DBDM solutionsd educational problemssuch as closing
the achievenm gap or reeting state goals for student proficiedcthes solutionanust see
strongeroutcomes than they havhus far Tyler, 2013;Wayman et al., 201).

The exploatory analysesf teacher usage in&ty 1 suggest several pdssi ways to
increase meangful interaction withonlinestudentesting data, printdy by adapting to usage
paterns expressed by cemt areas and spialized subgroups of td@r online belaviors.

Suppoting contentarea needs Study1 suggests that teher®decsions to acces
testing @dta may beelated to a web of organizatiorfaktors, such as schdelel, content area,
and speialized professinal responsibilitieDiff erences in acess by conterdreain particular
asdemonstrated iaggregatetatistics(Table17 andTable18), and in HCAresults(Figure21

andFigure 23), bear futher investigation.While Math teachers have the highest rates of use,
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lower rates of use f&ELA, Science, andspecially $cial Studiegseaches indicatearea for
possible collabrationand partnerkip betweercontent teanisonert speciailstsand educational
data scientists, mapping the disciplispecific needs of data use aedting wag in which those
differences can baccommodated andveraged in shod processsand onlire software
Contentspeeific frustrations and suess with classroorrbased formativassessment, especially
in ScienceandSocial Studieswould seem a fruitful areaif rearchpractiioner partneships.

Supportingaccess for subgnops ofspecialized tacher acess Since thedecisions of
teachers wittspecialize roles and responslities may have impact across classrooms or student
groups, informing these decis®with datamay have a highljeveraged impacKnowledge @
subgrops ofspecializeduse, such a those iéntified inHCA heatmag-igure22 andFigure 23,
may have mltiple usedor both schols andsoftware designerérom idenifying content for
more specialized, schbbased traiimg, to the eentual creaon of recommendenstans (He,
Parra, and Verbert, 2015) focused on the recommendation of student inforamatianalyseto
teachersSuch sygeems mightprovide automategrompts and sggestionsbasedn
recommendealgorithmsthat use exptiit labels(of uses and conteth dongside implicit user
behaviors to make recommendations based on the preferencedarf ssers ad the
similarities of content items (He, Parrd Verbert, 215)

In the Benchrark Data sy&em, curreny, a system we with skaring privileges
intentionally assigns reports to users, many with possibly unknown, temporary, or ad hoc roles
and responsilities. Pertaps eventually, Benchmark and simi#gstems foceedon data and
asessmentepating for teachersmight combine anbysis ofteacher onhe wse with system
delivered survey® help define the kind of reporésidaccesshateat educatofindsmost

usetil. A brief survey, for instance, ohé perceivedisdulness oftonent area indrmation,
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types of assessmes, studant-centeed reportsimultiple measureseports and other forms of
student data might feed system functionahtyecommendig eithereports available metrics,
or training @portunitiesto teachers, whilealso providng guidinginformation tosystem
desgnersard instructional leadersabout the analyses and evidence that teaslearsh out and
find useful. Teachrsdrankingsof assessmemeports and viewssombined vith basic
information about their roles and resibilities mightprove a pwerful feedtack tool for
sydem designers and educational leadership, as wea#efsl input for information and
reportingbasel reconmendersystems for educators.
TheHCA findings and identfic ation of teacher subgroups in Syutland Study 2 may
help adlress some fthe existng challenges for recommender systems around transparency, cold
start issues, and identiiton of impatant ®ntexual information (He, Parrd/erbert, 215).
Suppoting through training and school strutures Also at the schodevd, Figure 16,
Figurel7, andFigure 19 suggest thathe imporaance of iapersm trainng and sharing of results
is difficult to overestimate The mosextensive teacher usage occurs during structured sessions
of training and saring of resuts. No suchincrease in activitpccurs after links to testing resalt
are enailed to teahess. While increasing the amount aochsstency of requiredrainings migh
be the initial response to such findings, it is important to carefullyageany ineased
demand® n t e a c h ¢erms 6f thé quatity and the focubtraining, teache® going
evaluation of such professial development, and, nsbcritically, whether any required increases
in time spent accessing student data resuttéaningfuanalysis, adbns, andmprovemenbf
student engagement and learning.
Supporing through mearingful distribution of test resuls. At the same time, Hperon

meetinggequire substantial effort to organize, implement, and atsnfindingmore effectve

163



asynchronas means of distributgntest results may be an importantlof inquiry aswell.
Focus goups and structured inteews conducted aroundarying ways ofdistributing results
might be an interesting place to start for identifyiagtors impatingteaches 6 deci si on t o
closer look at test results.

Managing assessmnt managment. Severalof the most intensive usein Study 1
dedicae a large propaetion of theirusage towards creating and manadeds (sed-igure23), as
opposedo viewing and analyzing $&ing resultsWhile teacher®participation in the prepamation
of schoolwide assessents maybuild valuable skills, intease transparencyoaind testingand
fosterteacheibuy-in, the demands of such involvement may also detraf r o m useeoh c her s 6
online features dedicated togpiring for their ownclassrooninstruction. Tacking this overall
balance of time spent owl@inistration versuanalysis ovemultiple years may help schools
better prioritize their time and effor relation to onihe tesing sysems.

What i s Idaénline use® Wisilé Siudy 1 makes advances identifyingpossible
subgroups of teacher amé usage, it is urtde to suppdrinferencen the success of that usage,
from either the user or an orgaational perspéive. The inabilty of this and othertadies of
online datause todentifyoreffe t i vel y di scuss fAs nsraisestisefneetl 0 t e a
for another réated area binquiry, the evaluation of successful use of the systenypia telated
to web analyicsdfocus onconversionKaushk, 2010; Dumais, e#l., 2014. While in e
commer ce terms, Aconver si onoingohdanadndgomdosiac s t o a
make a purchase, the applications of the concept can Bd@®@ad much morbroady in terns
of the proportion ofisits or vsitors tret complde their desird task or a task that the
organization feels importanfommercialweb analyticss clear indefining the metrics for

Asuccessful 0 a cmetrissfor bad feequehcyorteennvariety of use(thggh
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these retrics mayplay a ole inmeasuresf succesg(Kaushik, 2012). The usage of a customer
who goes onine and quickt purchaseshe exact book they want is an online success, even if
both freqguency and varigtof use were lakingin the interactio. In a similar way, teachersay
make lighly successfubndeven impactfuluse ofan onlne daa systen, by quickly and

efficiently retrieving important studentdatg even if such an interaoh woulddemonstrata low
durationand variety of use.

Thinkingcritically about @ad definip G sessf ul 0 ufsrenlineidaiatuger act i ot
systemsouldopenlog file anaysis to moreactionable interpretations by schools. Clearly
reproducibleand actionale definitions o fc efisssuoc w o u | ndorogressand heawiyy r ki
impactal by whatteacters themselves deemesl asuccessful interaction with the systeYiet,
the procss of identifing and monitoring even tentative markers of prescriptiveesgsuchas
aceessinga reportwithin a particular tine frame might provide d&oothold for bgic models that
connect teacheds u s edenbdata teriora critical teacher and student outcomes.

Another possiblenethod for evaluatin of cata and ssessment systernssto apply
exiging frameavorksfor evaluation ofearnirg analytics dashboards online curriculum
resourcegBodily and Verbert2017;Snodgass et al., 201500, Lee, Jo, and Park, 2015)
Limitations

Generally, Study 1s limited by is use okexplordory and descrigte analygs, analyses
thatdo nottest amy hypotheses and cannopgeort any causal inference. Stutlys also Iimited
by itssmall sample size, which makes generalizingfardings impasible. The use ofog file
analyss also introduce seveal limitations toStudy 1. While the use ofog filesattempts to
addresanover-dependence on survey methadstudies oDBDM, logfil es of dateacher s

use hae theirown severdimitations. Teacher access &m onlne systenis, in the endonly
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that time gent on avebsite.lt is not obserationof actual data use that imgts teaching or
even evidence #i a teachenas seriouslgonsidered the evidence presented on thesescr

This analgis of log fileswas al® limited by the use of aexpet-derived ategorizaton
of web functions anghagesand the level of specifigitof the analysis. Empiricaligerived
categoies for web pges ormorefingr ai ned an al gnbne@ocasdhayhasea c her s 0
arrivedat uséul distinctions, such aglistinguishingbeween teaker u relatedto specalized
roles and responsibilitieend use relateth coreclassroominstructiondresponsibilties.

Along similar lines, log file analysisself has limiations, particuldy in capturingthe
time ofthelast ation in asession om idenifying and disountingoverlong actions where a
user is no longer engaged witletivebsite. Tachoiceof Study 1, to not estimae a time for the
last acion in each seson, will have mderesinated uage for all users ways that aralifficult
to predct. Metrics forvariety of usemay also have lintations due their calculation as
proportionof online acess and not an absolute measurement.

Another |limitation of Stuly 1 is theamoun of sibjectiveinterpretation inolvedin HCA,
from the sorawhat sulective determrmationof the number of clustefsr interpretatiorto the
interprdation of the smilarities and differences between subgroups.

Conclusion

As roted above, thistudy tas severémitations. Even wth these limitations,though,the
resuts andanalysegrovidepreviously unseen glimpses bfe a ¢ tnkne usedd studentdat.
Though amilar studiesexist, no other study obnline teacher data usieat | have beeable b
find has compagdt e a ¢ h ta ussbétveehmiddle and highschoolsandaaoss content areas
critical organizationaldatures of disicts and schols No othe studyhas explored e ac her s 6

data usacross theombined meics of frequeny and \ariety ofuseor has visualizedhese
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factas beyondthe repreentation otentral tendencya represetation that hatended tabscue
variations in use amssimportart subgroups of teacherGiven the sizef the online assessmie
market, projeted atl.73billion by 2020t is impeative thatmoresuchpublic, exploratory
degriptions be generatedptinform thedesign of onlne data systents the benef of teaches
and to informschool and district leersof realisticexpedationsfor adopiton anduseas hey

investigateadopt and implenent future systemgor DBDM.
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Study 2: Connecting TeacherRoles andData UseAttitude sto Online Behaviors

Building onStudy1, Study 2expands the methods, theory, and participatfaesearch
into Daa-Baseal Decision Making (DBDM). Specitally, Study 2 emplgs method for visual
data analysis employed in lgang analytics alongside ¢bries of sié-efficacy and technology
acceptancéo explore determinants of edh e anlfné use ofesting data. Wire preious lage
scale studies havesbn unabl¢o find consistenty significant&é t er mi nant s inef t each
data us€Tabe 6 andTable7), this smaliscale, descriptive study, embezttin alocal sdool
conextgenerates explotary metrics and determinant framewarkor teachedata use¢hat may
inform future studies

Toward theend of the2015-16 schoolyear,core contenteacherst Progress Secondary
participated irsurveys explang ther frequency ofdaa use perceivedusdulnessof school
software programs andata typesgeneraldata useattitudesandself-efficacy for daa-driven
dedsion m&ing. While any staff member interested in providiegdback was encouraged to do
so, onlythe respases oftore contenteachersvereincluded inthe current study.
Purpose and Resarch Questions

Only alimited number oftudies havexploredthe el at i onshi ps bet ween
use attitudes and teacheoidine data use behavio(8Vaymanet al., 209, 2011 Shaw,2010)
Waymanetal. (2009, 2011) includéndingsfrom the Survg of Educator Data USESEDU),
one ofthe surveysmployed in Stdy 2.Shaw (2010) administered a survey on Teaching Self
Efficacy TschannerMoran et al., 298), subscale®f whichare ale used in Stugl2. Thes two
studies found contradiury results rgarding the significance @feneral d&a use attitdes (See
Table7), along wth surprising relationships where bat suscaleredte d t o daénesés ef f «

for pedayogy (Wayman et al., 2009) aadeachng seltefficacy scale (Sha, 2010) wee found
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negdively relatal to online use=.01andp = .05, respectively)Study 2revisits possible
relationships betweethesesurvey coigructs tested previdy andattemgsto expandn their
resultsby exploing relationships betwedracher§online usageand self-efficacy in datadriven
decision makingStudy 2 als@pplies the les of the technology acceptance mdddeat e r s 6
online datauseandexplores more manceal visual analyses of the relatishipsbetween these
factors Study 2 addresssthe following researclyuestions:

(R2) What attitudes do teachers have towards dse¢& u

(R3) Towh at e xt e n tdataaus a&ttitutbs tachniolegy acceptan, self-efficacy,

androlesrelated to theipnlineuse of student testirdpte?

In addition to these westionsthe Discussion section @tudy 2 exploregvays in which
schoolsmight leverage log file and surveytdaoevaluate shool data use, plan pfessional
devdopment, andnform decisioamaking.

Methods

Participants. Of 42 btal core contenteaches, 37 (88%) participated in theurvey and
35 (83%) participated irboththe survey and logged into the onliBenchmak Datasystem at
least once
Survey Methodology.

Recruitmert and consent ppcedures Participants were recrudehrough grincipal
letter,and wihthepr i nci pal 6s per mi ssi on, fdartheonlmeo |l unt ary
administration othesurveyin the sping of the 201816 sclool year.Thevoluntary nature of the
surveywas emphsized.

Survey pocedures After partcipants signe the conserform, they were givera unique

participant ID,a choice betwen online and pgaer administrationard remirded touse their
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participantiD when respnding to thesurvey. No personaliidentifiable information was
requeted as parof the survg, which tookapproxmately twentyfive minutes to complete.

Teacher backgound factors.For general backgrounthe suvey askedarticipants
about thenumber 6 yeas they had been employed iruedtion,which position they held
currently atProgress Semdary andwhich grades they worked with

Technology acceptancaétors.According tothe technology acceptanoeodel TAM),
thefactors ofPerceived Gefulnes{PERJSE) of a system and tiRerceved Easef Use
(PEOU) are two oftte most imprtant influences ortechrology acceptanc@avis, 1989)In
this studyPERUSE was opetianalizedasp ar t i ¢ i p a rusefuléess pfineBenehimarke d
Data systemas wellasthe perceived usefulnessrelevantdata types Perceivedcase ofUse
was opeationalizedasitemsindicatingp a r t i @enera comferblevel with technologyd
thar level of use for the Benchmabata Sgtem(possible responses for bdottems were:fi N 6 n
user, 0 fiNov ageHseldos eorr, off EAxvmditional itethsfa thePEOUfactor
weredrawn fromthoseassessing se#fficacyfor DBDM-relatedanalses While somestudies
separate PEOWENd s#-efficacy ashighly-related but distinct factors(McFarlandandHamilton,
2004 Venkatesh, 2000;omputer sk-efficacyhasconsistatly been fomd to be a strong
significant determinant of PEOU (Venkatesid Davis, 1996, Venkatesh, 2000). its earlest
coneeption, in fact, the TehnologyAccepgance Model (TAM)explicitly drew uponSociat
Cognitive Theory an® a n d wonsirdcisof self-efficacyas an expression of internal congrol
related tahe PEOU costruct (Dais, 1989).Given the strongprevously identified
relationships Btween tlese onstructs and the exploratorgtare ofStudy 2, seHefficacyitems
relatedto DBDM are ncluded whert o n s i d e r i pegeivedecase of efer théonline

DBDM system.
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Survey instruments andubsales.Surveyscontained subscales frorseveral df ferent
instruments: the Survey &ducatoData Usage (SEDUWayman et al., 2009f%Vayman, Cho,
Jimerson, and Spikes, 20Q1ZheDataDriven DecisionMaking Efficacy and Anxiety Survey
(3D-MEA) (Dunn, Airola, Lo, etl.,2013b) the Teacher SeEfficacy Scale Shat Form
(TSES (TschannerMoranand Woolfolk Hoy, 2003, and the Norwegn TeaherEfficacy
Scale (NTES)SkaalvikandSkaalvik, 2010)Table25 summarizes subscales and reliability
metrics fortheseinstrumentsPlease see AppeixdA for complete survey scalesvhere ublicly
available.

The Surveyf Educator D& Usage (SEDU) vgaused to captuteaches attitudes
towardsseveral aspects dfaita us. Resposes for all scales in theeEBU were set on a 4oint
Likert scale rangindrom 1to 4, with responses g@popriak to each gestion.Participans 6 s cal e
scores were created by averaging their @s®es to alitems in a sale, with item scores ranging
from one to fourDescriptionsof each sale are presented below

TheD a t affedivelsssfor PedagogyScaleincludedfive itens which asked eduaat
how well cata could improve specific aspectdrndtruction,including plaaning, identifying
learned concepts, and selecting learninglgo

TheData Use PracticeScale used five itas to asessthedegree to whi teaches gply
data use to instructim Iltems askedducators to agree/disagree withestagnts abouheir use of
data to plan lessons, identify learning needs, and alten@tistn.

TheData Attitudes Scale included foutemsabautteac h e r s-lével Apprgath to

datg whether they findlatauseful an whether it helps theinstruction
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The Computer Data SystemsScale included four items relating to computer systems in
useat the shool, specifically their ease of ugbeir efficiency, and to whatlegree tey provide
a diversity of data

With six items, theSupports for Data Usescale gestioned tedters abouhow
supportedhey felt in data usthroughprofessional develapent anddedicated staffing.

Frameddifferently thanother SEDU scales, thénstructional Resources Scaleaptured
how frequentlyeducators reported using data for ¢igistructioral purposessuch as forming
small groups, tailoring instruction, or idefigthg leaning goals.

Otherselectedtemsfrom the SEDU did not represent geral corstructs,but instead
gathered e a c h epectivés opehookspecificdata systms anadypes These schoedpecific
itemswere grouped into categoriesaferallcomfort with technologyreported frequency of
datause,percaved wsefulness of da typesand percéved usefulness ofodtware prograns.
Specific items for each categame summarizeth Table24.

Table24.
SchoolSpecificltems from the&urvey of Educabor Data Use (SELJ)

Response Optian Items forResponse

Comfort withtechnologyand level of use

(1) Nonruser 1. Student Information System
(2) Novice user 2. Benchmark Data

(3) Average user 3. Gmgle Drive

(4) Expert user 4. Gaogle Clasroom

Percéved usefulness oflatatypesfor undestanding stdents and targeting instruction

(Nul)ld m not sur e wh 1. Yourownassessments

(1) Not at all useful 2.Your own observations

(2) Slightly usefd 3. Your own gralebook/records

(3) Somewhat seful 4Data from studentsd use
(4) Very uséul 5.Studet sé6 performance on
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(5) Extremely useful 6. IEP Information
7.5t e nt st gradd a
8. Interim Testing Data
9. Progress Monitoring Quiz Data
10. Computer Adaptir TestData
11. Data orBtuden t 6 snitive 8kijls
12. H.A and Math State Test Scores
13. Regents d@sting Data
14. Statistical predictions about how st will
perfomm on séte tests
15. Attendance ahTardiness Data
16. Discipline ad Behavior Point Dia
17. Statstical predctions aboutwhether students amat
risk for dropping out
18. Lexile Leves

Perceivedisefulness ofoftwareprogramsfor accessing data

(Null) Not applicable 1. Student Informigon Sysem
(1) Not at alluseful 2. Google Docs and Sheets
(2) Slightly useful 3. Benchmark Dat

(3) Somewhauseful 4. Gagle Clasroom

(4) Very Usetil
(5) Extremely Useful

Reportedrequency oflatausefor specific types of data
(Null) Never 1. Your own assessmds:. tess/quizze/assignments
(1) Less than once a month . Discipline data: disciplinenciderts/points
(2) Once or twice a month . Student Softwardata

(4) Afew times a week

2
3
(3) Weeklyor almost weekly 4. Formdassessmentsnterim and computer adaptive
5. State Achievement Tests: ElMath/Regents
6

. IEP Goals/Infamation

Instead of geeral attitudestowardsdata usgsubscales fothe DDDM Efficacy and

Anxiety Survey(3D-MEA) (Dunn, Airola, Lo, et al., 2013lgssessetl e a c sekkaffisady
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regardingspecific data useasksby askng ther level of agreement ona five-point Likert scak,
ranging from Strongly Degree to Strongly Agre&ubsa@alesadminisered from the8D-MEA
included the following:

Efficacy for Data Analysis andinterpr etation assessetbachesdconfidence in
undestarding assessent reprts andinterpreting score repesenting student performance

Efficacy for Application of Data to Instruction askedteacherabouttheir confidence
using data to guide instructipspedically their confidene in identifying studets with special
needsgaps in arriculum, and gapin sudent understandg.

TheEfficacy for Data Identification and Accesssubscaleassesedt e ac her s 6
efficacy for accessing statestingresuls andfor knowingwhich reportsto access for
understading gudent peformarce.

TheEfficacy for Data Technobgy Usesubscale agldteaclers about their confidence
in using the datsystemgrovided by the school to retrieve information, filter studeatsl
seach for standards.

Along with the SEDU an@D-MEA, sulscales othe Texcher Sdfl-Efficacy Scale
(TSES), the Norwegian Teacher SEfficacy Scale (NTSES), anddiNorwegian Eternal
Control Scale (NECSprovided insight intanore generatreas oteacter sdf-efficacydeeply
relaed to data us@he TESasked teaches abouttheir ahlity to perform arange of teaching
functions,promptingg A How mu c h. ¢ and hayng teabelswesporabn a nine
point Likert scale ranging from None at Ath A Great Deal. The NTSES astiteachers to
respondothep r o midow cetain areyou that you can.  witld responses falling aloray

sevenpoint Likert scale raging from Na Certainat All to AbsolutelyCertain The Norwegian
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External Controkcak took adifferent approachasking teachers the degréo which a sebf
staementsvere Falseor Trueon a 6point Likert scale.

Within the TSES, two subscales askdmbut more sgcific areasof teaching sel
efficacy:

TheEfficacy in Instructional Strat egiesscale askedeaclers theextent to which they
could useavariety of asessmenapproacheand alernative teaching strategjesmorg other
teachingasks TheEfficacy in Student Engagemat scale askedeachers about their ability to
engage studentsicludng the degree to whidiey couldmotivate stiderts and helpstudens
value karning.

From theNTSES, the subscale fédapting I nstruction to Individual Needswas
particularly relevanto theadaptive use adata, with items asking teachers tHeirel o certainty
for adaptig assgnments to studeésbneals andor organzing classroaons to adapto both low
ability and highability students. Th&xternal Control Scale(NECS) askedteaders the degree
to which a teacher or a school can impactettéichevementibove and beyatthe influence
of stucertsd orhe envionmentor innateabilities. Table25 summarizeshe type, nurber of

temsand Cronbachdés Al pha for all subscal es.
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Table25
Summary of @vey Scales

Subscale Crorba ¢ hAlplsa
Surveyof Educabr Data Usage (SEDU) (Wawn et al., 2009b)
(4-point Likertscale
Computer Da Systems (#tems) .90
Attitudes Toward Data (4 items) .89
Data Use Practice (5 ites) .96
D a ts Effectivenes$or Pedagogy (5 items) .95
Instructonal Resurces (8tems) .95
Support forData Use (6 items) .92
DBDM Efficacy and Anxiety (3EMEA)
(5-pointLikert scalg
Efficacy for Application of Data to Instruction (6 items) .92
Efficacy for Data Analyss andinterpretation (3 #ms) .81
Efficacy for Data Hentification and Acces$ (tems) .84
Efficacy for Data/Bchnology Use (3 items 91
Teache SelfEfficacy Scale (TSEShort Form)
(9-point Likert scalg
Efficacyin Instruction& Strategies (dems) .86
Efficacy in Studert Engag@ment (ditems) .81
Norwegian Teacher Seffficacy Scale
(7-point Likert Sale)
Efficacy to Adapt Instructbn to Indiviclal Needs (4 items) .87
NorwegianExternal Control Scale
(6-point Likert Scde)
ExternalControl Scal€5 items) .79
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Data Ses. In addition to the survey data collectday the researcher, retrospectoegta
from the 201516 school year \as providedy the schoglincludingthe log file exportanalyzed
in StudyOne,classesaught andprofessional developmengéceved All dataprovided by the
school was stripped of psonallyidenifiable information,with unique identifies used for dl
teaders Three main data sets were used in the current study.

Data Set 1 Online Data Usage Only included40 core contenTeaclers with actve
accounts inthe Benchmark Dataystem out of a possible total of 42\ subset of 39 teachers
who used the stem at any @int in the semestéractive use is also used foseveral
andyses.

Data Se 2, Survey Only Analysis, includeddatafrom 37 of the total42 core content
teachers.

Data Set3, Online and SurveyAnalysis Comhbned, includeddata fomthe35core
contentteacherswith active accounts in thBenchmark Dataystem and suey participaion.

Missing data. Missing data were tréed invarious ways @pendingon the analyses
employedIn avery smallpercentagef cases whereng item to le includedn a surveyscale
wentunanswered,ite scalescorewas still calculated withhieaverag of heremaining iems.If
more than oa itemwas nissing, the sale wasnot calculated and considered miggiin later
analyses. For all desptive statistics, coelation matices, and Gy n b & Alphécalculations
pairwise deletion was empfed.

Analysis. A variety of analyses wereonduced in esporse to theesarch quetions of
Study 2

(R2) Descriptivestatistics (nean and standard dation), correlation ratrices, and

Cr o n b a phhwerecaléulated on all survey scales and subscaalgarding(R2) AWhat
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attitudesdo teachers havewards @ta s e Rire chats compaingaverage survey responses
acros school level and conteatea wee generated, as wels HCA heatraps clusterig
teachersalongsurveydimensionsHCA heatmap methodsllow those decribed in Stug 1.
Row numbers id&tifying uses are not coperablebetween Study 1 and Study 2.

(R3) To investigate (R3jiTowhat extenaa r e t elataule attituslgstechnology
aaceptanceself-efficacy, andolesrelated to their omhe use of studnt testinglaia? o
explaratory Peason corelaions werecalaulated lgtween teacher survey scores (aklss and
subscales) ananline ddéa usage features geated in Stay 1. Additionally, HCA heatmaps
were generated clusteritgachers ntheir self-reported frequengof data usgthe wsefulnessof
data typesthe usefunessof data activitiesgeneral dta usattitudes self-efficades PEOU,and
online usge metrics.

Unfortunatelythe small data set &5 core contenteachersloes nballow for suficient
power b conduct twetailed T-tess forsuch a largeumber d correlation coefficients. In awsdy
with a larger dataet, significance test would beconducted, aing withthe BenjaminiHochberg
ProcedurgBenjaminiandHochbeg, 1995 to control for heoverdl rate of false coverywith
multiple correlationsConsideringhe limitations of thisschootspecifc study, a rore
exploratoryapproactwas taken irexamining correlaons. Such a approach, evewith its
faults, still hasthe mtential to rchly describe complex relationships onext, providinguseful
descriptiveanalysis (loeb et al.2017 or wha Bowerset d., (2017) term a quantitative

phenomenology
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Results

Given the lage number of fetors, esults of aalysesareorganizednto three setions:

1. A schootspecificdata userofile by reported use arngsefuhessof data types

2. Relationships ad patterns aossdatause attitudeand efficacies

3. An explorationof the Technolog Acceptance Mdel (TAM) for undersanding

teaher sO a@nse.i ne d

The first section focuses on criegt a rich profile of schoalatause through survey
regponses to twasic questins: How often do you uspecifictypes of data? Andow useful
arethey?Results ge presented in thfierm of desciptive tables explomtory correlationsline
graphs, ad HCA Heatmaps.

The second secticgxplores relationshgpbetweeratitudes and dé-efficaciesrelated to
t e a c e of data. Specifally, generatiata use attitdes from the SEDU arrelaed to
teacher8sefl-efficacies for datadriven decision makip (3D-MEA) and eaching selefficacy
(TSES, NTSES)De<riptive tabks, eploratay correlationsand HCA Heatmaps are used to
investigde patterns aoss these psyological factors.

The final secton explorestie TAM factors ofperceived ease of ugeEOU) and
perceivel usefulnes$PERUSE) as possible detemmants of tea h e r s Gusewmistudent data.
Exploratory correlations and HCAeatmaps are &d to investigee PEOU and PERUSHE i
relaion to teacher8roles andonline use.

The two basic researcjuestions remaithe samecrosstie three sectionsvith relevant
resultsgeneratd ineach

(R2) What attitudes do teachers have towatata use?
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(R3) Towhatexten ar e t e useditedesstéchndl@pceeptace, selfefficacy,
and roles rel&d to theironline use of studemésting data?
Population and Sample As shown inTable26 andTable27, suvey respondets in cata $t 2
represented 37 (88%) of 42re contenteachers aProgress Secoady. DataSet3, combining
active Benchmark Dat&Jsers and Survey respondents, inclu8gd83%) of 4Zore content
teachers.

Table26
Teache Sampe by Stool Level

Core Content Teachel  Survey Respondents  Had Benchmark Data Aess

n % n % n %
Middle Schml 22 52 20 54 20 50
High School 20 48 17 46 20 50
Total 42 100 37 100 40 100

Table27

Sample by Ame Access ad Survey Response

Responded to surve  Did not respond to surve  Total

n % n % n
Yes 35 95 5 100 40
Accesso BenchmarlData
No 2 5 0 0 2
Total 37 100 5 100 42

A School Data-UseProfile by Reported Use andUsefulness oData Types Onthe whole
(seeTable28) teaches at ProgresSecondarygonsidered themselves to be either average or
expert in €rms of overall comfonvith technologyuse of tle studat information systemand
use of the Googt Suite for Education platfornBenchmark @tahad the lowest average user

proficiency(2.35) ofthefour systems included in the surveyougihly equal numédrs of users

180



reporedthemselesasaverageusersof Bendimark Dataas reported thesslvesnonusersand

novices combird. No teachers reporteeing expert users oBenchmarkData The laver

reportedoroficiencyfor Benchmark Dat#és not surprising giveits first-year implementation

andthe complexity d the system

Table28

Suwvey Responses: Technology Comfort and Usefel

(2)

3)

(4)

(2) Novice  Average Expert
Nonuser user user user Mean
Survey ltem (%) (%) (%) (%) (SD) n
Geneal Tech Comfort 0 0 19 (56) 15 (44) 344 (0.50) 34
Levd User:
0 0 12 () 25 (68) 3.68(0.48) 37
SIS
Level User:
0 0 11 (30) 26 (70) 3.70 (0.46) 37
Google Apps
Level User:
5(14) 14 (38) 18 (49) 0 2.35(0.72) 37
Benchnark Data
Levd User:
5(14) 5(14) 16 (4B3) 11(30) 2.89 (1.00) 37
Google Classroom
Level Usr:
0 1(3) 24 (65) 12 (32) 3.16 (041) 37

Avg. All Systems

As shown inTable29, BenchmarkDataalso ranked lowesn perceived gefulness

amoryg teachers, belowath the Student Information Systeamd the Gogle Apps Pldorm. A

combined 71% reported the progragedher somewhat, vergr extrenely useful with the

other 29% reporting the program as only sligh8eful or not at &luseful.
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Table29

Survey Responses: Peneed Usalflnes of Data Systems

) 2) 3) 4) ®)
Not at all Slightly Samewhat Very  Extremely

useful useful useful useful useful Mean
Data System (%) (%) (%) (%) (%) (SD) n
SIS 1(3) 3(8) 6 (16) 16 (43) 11 (30) 3.89 (1.02) 37
Google Apps 1(3) 1(3) 5(14) 14(39) 15 (42) 4.14 (0.96) 36
Benchmark Data 2 (6) 8 (24) 8 (24) 12 (35) 5(12) 3.24 (1.13) 34
Average All
1(3) 2 (5) 9 (24) 17 (46) 8 (22) 3.79 (0.85) 37
Systems

Reportedfrequency of dad use Results fo teacher8reported frequency of datise are
summarizedn Table30, with dda typesanked from the nost frequently used to the least.
Teachers reported ugj their own assessments mivstjuently with 65%repating weeklyuse
or usea fewtimes a week. D@plinerecord and IEPinformation followed, with 57% ah46%
reportingweekly or grateruse.Sumprisingly, hereportedfrequency of use for formal
asessmentsadministered 3 times a year, wasnly slightly higher tharthat of Statetests
administeed only once gear. However His difference in frequencmay be underésnated
basednthelimited number of responsetams. Sinceinterim testing, dministered every nine
weeks,and Statedsts, dministered annually, arboth offeedfi| e s s talmanth 6o ntchee
same response was likely selected for batie lack of drequency rgsonseoptionfor use
occurringiOnceor Twi ce a Qu) aaytcdlapse thé differensetwaeenl theese two

saurcesof data.
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Table30

Suney Responsefeoorted Frequency of Use for Data Types

(2) ®3) (4)

(1) Onceor  Weeklyor Afew
Less han ace twice a almost timesa
Type of Student a manth month weekly week Mean

Data (%) (%) (%) (%) (SD) n
Own Assessments 2 (5) 10 (27) 16 (43) 8 (22) 283 (0.85) 36
Discipline Records 12 (32) 3(8) 9 (24) 12(32) 2.58 (1.27) 36
IEP Goas 8 (22) 12 32) 6 (16) 11(30) 2.54 (1.15) 37
Software Data 18 (49 5 (14) 10 (27) 3(8) 1.94 (107) 36
Formal Assesmels 20 (54) 13 (35) 3 (8) 13 1.59 (0.76) 37
State Testing 26 (70) 7 (19) 4 (11) 0 1.41 (0.69) 37

Along with thessummary tablestwo types @ figuresare used to explomesults related
toteache s 6 r espaodrusetuldesof data typed-irst, smple line plots are used tmmpare
group meas between midé and high school and content aregecord, HCA heatmapare
usedas aform of visual data analytics (Bienkowski et al., 2018)facilitate pattern recognition
acrossadisaggregated viewf usa behaviors, factors, andizomes. In eachase, the HCA
heamap visualizationbuilds on the simplarie graph byroviding a morefine-grainedview of
possible subgroups of teacher attitudes iati@h toteacher roles anasage. While the
underlying daa of thesepairedanalysess the same, thegrovide comptmentary descriptions,
onefocusing on ovall trendsin school and coregnt aeaandthe otherfacilitating the search for
patterns acrossdividualusers.

Line graphs breported frequencygf data use The line graphs belo compare the
averge responsdsr schoollevel andcontentareg visualiang patterns irhow teachergepot

their frequency of usage. Each graph includes a dottedrieating the combined average
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responses, along thisgarate lines representing tesher groups. Line graphs represding
middle school include 20 participantdigh school gaphs represeitheresponss of 17
participantsandgraphs combining mitle andhigh school represe7 partcipants totalData
typesare listed along th&-axis from thehighestreported freqancy on the lefto the lowest
frequency orthe right Seveal interestng gioup-levd differences inmreported frequencsre
suggested by #seprofiles ofschool and caentarea

In compaisonsbetween middle and high sabideachergFigure26), for exanple,
reported frequecy is similaf or t ewnadsessmends, IERformation,formd
assessments, argiatetesting data. Sincenigh schoolteaches in Study 1demonstated hicher
average usof testing datdhan middle school teachelisis interesng tha their perceved
frequeng of usein these keyesting categorieis still similar tothat of the middle schdéoSome
of thesesimilaritiescould againbe due to lek of sensitivityinthesuv e y ,  washtlean encefi L

a mo n thehlawest feequecy reponse option

184



Average Reported Frequency of Data Type Use: Middle and High Schools
4

—_—

Freq Own Freq Discipline Freq IEP Inform  Freq Software  Freg Formal  Freq. State Test
Assess, Asgsess,

Content Area

@ Middle All Content Areas @ High All Content Areas Total All Content Areas

Figure 26. Averagereportedrequency ofise bydatatype middle andhigh schools

Ontheotherhand,Figure26 indicatesdifferent reported frequencies for Digline Data
andData from Irstruction& Software. While there amany possible reans for this difference,
from fewer discipline igidentsin high schoothan middleschoolto the useof different
instructionalsoftware between shools the differing patternsayalso indicatedifferent
schoolwide approaches to the use iofformation Middle schoolteachersfor example, report
accessing a Wer range of information merfrequent}: their own assessmentslisciplinedata,
IEP information andsoftwaredataareall corsulted on averge more thamwnce or tvice a
month. Thehigh school in contrastreportsusingonly their own assessments an&P
information at the san@gh rate, wth all other sourcesf informationused less thaonce a

month.
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This portrait of data wsisvery different from theone painédwhenconsideringonly
online usagef the Benchmik Data sgtem a system in whicthe high shool demonstrates
higherrates of access. Given that the smm# of inform#on thatthemiddle school reports using
moast frequently vere not accessble n Benchmark Datathis suvey profile of reportel data use
in middle andhigh school offera comgementary viewanda reminder of he limitations of
considering onlineisage on itewn, withoutfactoring inother possit# sarces of sidentdata

As comparedo middlehigh schal differences, the prdés ofreported us by content
area Figure27) appear remarkably similawith theexcepion of ELAt e a c feponted 6
frequency oluse. While Math, Science, and Sai Studies showimilar trajectorie®f reported
use ELA teachers reported high@wels of usage for IEP informaticamd lower levels of usage
for data or instrudional softwae. The larger numbeuf IEP gals relatedd literacy and
language needs, apposed to specific content area Whedge, may providere possible
explanation fothe higher reported usage of IEPormationamong ELA teachers, since the
monitoring and repding of literacy goals may gelire more exensivecollabaation from a

studmt 6 s ELA teacher
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Average Reported Frequency of Data Type Use: By Content Area across Schools

Freq Own Freq Discipline Freq IEP Inform  Freq Software  Freg Formal  Freq. State Test
Assess, Assess,

Content Area

@ Middle/High ELA @ Middlg/High Math @ Middle/High Science
@ Middle/High Social Studies = = Total All Content Areas

Figure 27. Averagereportedirequency bdatatype use:by contentareaacross schools

Viewing reported frequency of uskvided by ghool and content arg@igure 28 and
Figure29) it becomeslearthatthe differences in ELAccess tolEP informationandsoftware
informationare largely dven by highsclool reponses, which fédw a more vaed pattern of

reported usthanmiddle school.
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Average Reported Frequency of Data Type Use: All High School Content Areas
4

Freq Own Freq Discipline Freq IEP Inform  Freq Software  Freqg Formal  Freq. State Test
Assess. Assess,

Content Area

@ High ELA @ High Math @ High Science @ High Social Studies
@ High All Content Areas

Figure 28. Averagereportedrequency oflatatypeuse:all high schoolcontentareas

Average Reported Frequency of Data Type Use: All Middle School Content Areas

Freq Own Freq Discipline Freq IEP Inform  Freq Software  Freq Formal  Freqg. State Test
Assess. Assess,

School Level/Content Area

@ Middle ELA @ Middle Math @ Middle Science @ Middle Social Studies
@ Middle All Content Areas

Figure 29. Averagereportedrequency ofdatatypeuse all middle school contentareas
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Figure 28 andFigure29 compare content areas assmiddle andhigh School While
middle schoolcontent areafollow basicallysimilar profiles of repoted u, high school
reported us&aries quite a bit ’m content area to conteatea In ELA, for example, there are
striking differences in the reptad frequency of access to IEP infotioa andaccess to stattest
data. While it is not immediately @dar why theéwo schools should diér so muchregardinguse
of IEP informationone reasommay be thathe semestebased gradingperiodsof high school
andtwice-yealy state testing require moreefuent access IEP information inorder to verify
modified grading criteria or testing @@mmodations

While additional profile plots byontent area are included under Apgi B, an
interestingobservatiorcomes withexamhing Figure30, comparingELA teachers acrossiddle
and high schoolThe lowervalues forsoftwareuse in both schoskaisethe possibilitythat ELA
teachers are not viewing the use of Google Bdéar student writing as a form of ddtam
Instructional Séiware. Whilethere is no clear reason wtgachers should have caived of
GoogleDocaas fAi nst r u cotheydoaecess largefadunisaof sident writing
through the systenlternatively, ELA teachers may not have felt tistudent writing itself
should beconsidered data. In eithersegthe lack of inclusiorior thislarge categry of student
work/instrudional informationspeaks to theorstraints that teachersay feel as to what

constitates NANdat a

189



Average Reported Frequency of Data Type Use: Middle and High School ELA
4

Freq Own Freg Discipline Freq IEP Inform  Freq Software  Freq Formal  Freq. State Test
Assess, Asgsess,

School Level/Content Area

High ELA @ Middle ELA

Figure 30. Averagereportedrequencyof datatype use:middle andhigh school ELA

The nex section ofanalysesppiesthe HCAheatmapmethodology discussed in Studl
to thereportedirequency 6data useSome of the same patterns emeagenthe prevous
profile plots, along wth other possible subgroupéteachersutting acrossschool evel and
cortent area

HCA heamap reported frequency ofseby dat type Figure31 clustes teachers in
rows and data types columns according to theieported frequency of usBendrogams on
the top and left @scribe the hierarchicalugdtering, while annotations the right of theneatnap

indicate school level, above average duratiorusé, and contérarea
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Reported Frequency of Use for Data Types
I
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Figure 31. HCA heatmapreportedirequency olise fordatatypes.In NbClust, 8
methods proposed 2 asters foreported frequencygf use factorswhile 6 methods each
proposed 3 and dlusters. Visual Ispection suggesteticlustersSee Appendix C foall

heatmap dendrograms widistance scales andefined clusters
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The fourclustersdentified inFigure31include:users withhigh reported fregency d
use for most types of dafClustl), higher usef instructional software and digtine incident
data (Clust2)higher tharaverage frequenayf acces to IEPgoals(Clust3), andower ovenrall
frequencies of reported access (Clustdi.the casesf Clust2 and Clustheatmap clstering
identifies sinilar patterns athe profile plotsabove, where middle school teachers repaote
frequent accss to irstructiondand discipline data ahmale up thanajoiity of Clust2.

Similarly, high schooteaches make ugghe majority ofClust3 a clustercharacteeed by hgher
access to IEBoals

The final Qust4 reported generally muchwer rates of use acros®ethard, even
regardirg their own assessmentdsess reporing high frequency access of multiple data types
(Clust]) are distributed across dudle anchigh school bt consist almost entirely dflath and
ELA content teacher€onsstent with Study 1SocialStudiesteachers ap@e concentrated in
Clust, reportingthe lavest frequency of data use, evegardingheir own assessments

An interesing contrasto how oten teacherseportusng differenttypes of datas how
often trey reportusing datdo conplete differentinstructional tasks Thefrequencies of daé-
basel instructionalactions (as opposed tieequency ¢ accesdo datatype) are visualizedin
Figure32, by viewingresponses to individuétems of the Inguctiond Resources Scale of the
SEDU. Itemsn this scalendude datauseactivities such as ideffiying studeh s 6 | ear ni ng
needsgoals tailoring instruction, recommendirtgtoring, assigning students to classasd small
groups, and ideifying which content ¢ teach.

HCA heatmap reportedfrequency ofdata usefunctions Figure32 clusters participants

in rowsanditems from the Instructional Reswas subscale of the SEDU inleamns.

192



Reported Frequency of Data Use Functions
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Figure 32. HCA heatmapreportedfrequency ofdatausefunctions. 13 methaglfrom the

Identify Not Struggling Stud.

NbClust package proge 2 clustes, with 5 methods proposing 4 stas. Visual inspection

suggests 2 chiers
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In contrast tdrigure31, whee only a smaltluster of €achers indicatethat they use
multiple data sources meifrequentlyFigure32 showsthe majority of teachers indicatg
higher frequency of datase actions, suctsfrming small groys fa instructionand
identifying struggling sidents.This contrastmerits furtherinvestigation morethan half of
teaches indicate thy arefrequentlyapdying importantdatabased sttegies in the classroom
but theydo not repardrawing frommanyof the possible sarces of student performandata to
implemert those striegies.

Abovethecluster ofteacherseportingfrequent clas®omuse of datatraegies(Clust2)
asizeable goup reporiower frequencis of data use actisn(Clustl) In bothClustl and Clust2,
however teachers report tirefrequencyof data usdairly consistetly across catgories of
actiorn teachersespom either moe highlyfor almost all data use actiora, they respondhore
negaively for actions While these actionsould hypotheticdy be completed by one teamtat
very different frequenies, perhaps forming smallayps more frequentlthan identiying
content for clas teacher8responses indicag@milar frequenciesf actions across the gup.

Also interestingthetwo largeclusters seem tavoid concentations of midde or high
sclool teachersbutdo appear elated to online ugge, withteaclersdemonstratingbove
averageonline usagelusterng in the high frequency gupfor data use @ions In terms of
content areaScienceandSocial Studiesluste in the low fequency grougClustl) This pattern
holdsdespiteScienceeachers reportig more frequent acceto data typeshan a Social
Studiesteachers. Math teaels and some EL#eacherdend to dormatethe high freuency
group(Clust2)for data use actions

Perceivedusdulnessof data types Table31 summaizesteacher responsedout how

usefulseveral types afaaarefor undersanding studets and targting instrution. The
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perceived usefulness of dalypeds oneway in which this stug operationalizethe TAM
constuct of PERUSEDavis, 1989. PERUSEwWiIll also be considereldter inthese resultm
relationto thedata systm itsef. The percentagda the tableare reported as a percent of the
total who responeldto eachitem and who were aware of thge of datan questionData typs
are Istedin the tablefrom highest perceid usefulness to least
Aswithreportedfrquency of ownassessinesaas ek asheibown
observationsaind gradeboolvererankedhighest followed by IEP InstructionalSdtware, and
CognitiveSkills data.The high level of usefulness feoftwarerelated data is ieresting given
how outside of teachebsontrol such gstems often arevith metrics genettad from studets 6
unseen interaction witthe software ystem Various types of standardid testing wee ranked
lowerfor usefulness, ith interim testing rankethe lowest. Studet s 6 Past Grades, t
gererated byknown colleagues and fellow teacheenked only kghtly higher tharstatetesting
for usefuness. Alsmf note was thathe wsefulness ofliscipline records fell below thaf state
testing. Thiganking is surprigig giventhe high frequency with whichteachers reported using
these recorsl Such anismatch between usefulness and use nradicae a morebureaucratic
than adaptie use for disipline datain other wordsteachers may be required use discipline
datafrequentlyfor some repding or rewad process butay not perceive tharocessas uséul
to their instructionlt is dso intriguing thatstate standards and Léxilevels,despite the
complexity of the datthey representvere considred some of theore useful types of data
Two other omplex metricd predictions of studeaté r i pgng autfof hiylv sshool and
predictions ok t u d eitoré stafe sdordsfared less wellyith teachers indicating a lower

usefulness for these ddtgoes.
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Table31

Suwvey Respaes: Perceivetlsefulness of Data Tep

1) 2 3 4) 5)
Not atAll ~ Slightly Somewhat  Very Extremely
Useful Useful Useful Usell Useful Mean

(%) (%) (%) (%) (%) (SD) n
Own Observations 0 103 0 13 (35 23 62 457 (0.65) 37
Own Assessrants 0 2 (5 0 14 (38 21 (57 4.46 (0.77) 37
Own Gradebook 0 13 103 15 (42 19 (53 4.44 (0.70) 36
IEP 13 2(5) 4 (1) 15(41) 15(41) 4.11(Q96) 37
Software 13 113 12(34) 15 (43 6 (17 3.69 (Q90) 35
Cognitive Skills 13 4(12 6 (18 17 (50 6 (19 3.68 (1.00) 34
State Standards 13 4 (1) 13(35) 14 (39 5(14) 3.49 (0.96) 37
Lexile 2 (6) 6 (18 8 (29 11(32) 7 () 3.44 (1.B) 34
Attendance 13 7 (19 13(35) 9 (29 7(19 3.38 (109) 37
Past Grdes 13 6 (16) 14 (39 12(32 4 (1) 3.32(0.97) 37
State Testing 2 (6 10 (30 7(2) 9 (27) 5(15 3.15(1.20) 33
Discipline 2 (6 9 (27 11 (33 7(2) 4 (12 3.06 (1.12) 33
Regents Testing 5(19 7 (20 10 (29 8 (23 5(19 3.03(1.27) 35
Drop-out Predict 5(19 8 (23 8 (23 9 (26) 5(19 3.03(1.29) 35
Progresfuizzes 4 (1) 8(23) 12 (39 8 (23 309 294 (1.14) 35
Comp Adapt. Test 5(19 9 (29 11(32) 6 (17 4 (1) 2.86 (1.22) 35
State TesPredict 6 (17 8(23 14 (4) 4(11) 3(9) 2.71 (1.15) 35
Interim Tesing 7(19 10(27) 12(32) 6 (16 2 (5 2.62 (113) 37

In the sameway thatFigure26 throughFigure30 visualizeresults for eportedfrequency
of use,Figure33throudh Figure36 use line gaphs tocreate average responsegdiles byschool
level and contentraa. h contrast to the largafterences beveenmiddle and high schools in
repated frequency of useemarkaly similar profiesare repodby the two schds for the

perceived udelnessof datatypes In other wads, repated frequency of use tentsdiffer more
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across schodevel, while rgportedusefulness of data types diffemore across content areas.
Data types are eanged on th&-axis in the plot®elow from highest repted usefubess to
lowest. If thee is a diference between middle ah@yh shool it would appear tde in their
perceptions of formalized and standiaed testing, with high schot@achers perceing these
teds and quizzes todslightly more usefuhando middie school teachers. Haver,given the

small sampe sizetheimportanceof this differencemay be neglitple.

Average Reported Usefulness of Data Types: Middle and High Schools
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Figure 33. Averageperceivedusefuhess ofdatatypes:middle andhigh schools

Unlike theschootbased viewn Figure33, the ontent areaview in Figure34 indicates
greaer differences ér the perceived usefulnesofdat types. SocleStudiesteachers, for
example, irkeepingwith their lower reportedrequerty of useand lowerobsrvedusage irthe
Benchmak Datasystemreportedower levels of usefulness for almost altaléypesWith this

persistent negative treni seemsextranely important tobetter understanite rektionship of

197



Social Studisteaches to theinstructionaluse of informationas wel as theaddtional sources
of informationused bySocial Studieseachersn making instructional decision§cierce

teachersin contrastindicatedhigher usefuless forformalized and standardid testing.

Average Reported Usefulness of Data Types: By Content Area across Schools
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Figure 34. Averageperceivedusefulnessof datatypes:by contentareaacrossschools

When compang profiles ofperceivedusefulnesin themiddle and high school, the
middle schol profile, as withreportedirequency ofdata use, appears neaunified across
content aras, while thepatterns of usefulnessportedacrosshigh schookconent areas are
much more variedl' hat saidmiddle schoolScienceteaches do appear to havadistinct profile
for usefulness of datypes Figure 35), ore which indicatesigher usefulness for standardized
and fomal testingthanthe profilesfor other middleschal content teams High school contat
teams, in commast, show severatrongdifferencesin pereivedusefulnesgFigure36): the

usefulness of Lexile Levelfor examplejs perceived quite differentlydiwea Scienceand
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Sacial Studiesn the one hanénd ELA anl Math onthe other, wittMath andELA reporting
much higher usefoess of LeXe data. This is an interestingrdrast given that thepurpose of
Lexile data is to help match texts to studentaragppropiate levelof difficulty. With the
nonfiction reaing demads of ScienceandSocialStudiesclassrooms, Lexile Levevould seem
to havestrongpotentialfor matchingclassroonreadings o s t reatliegrievets On the other
hand if Scienceand Sccial Studiesclasses are corrstined in their choice afexts orhavelimited
ability to leverage Lexile data imstrucional decisios, a potentially useful metrike Lexile
level may notbe considera paticularly usefulgiven constraints on deston making

Teather®d erpeption 6IEP Data in thénigh stool is amther areavhere the vaation in
reported usefulness ssirprising At first glance, the individualized data of an IEP migbém
equallyusefu across content areas, yet high schooAEIndMath teaches record it as mie
useful thando Scienceand espeially Social Studieseachers Another interesting difrences
thedegreeto which high schodMath teaters found attendance data mosefu thandid
teachers imther content areagvhile difficult to know the reasus for such a preferencit,is
eay to imagine a scenarishere systematic learningrogressionsn Math demanda higher
awareness aftudentattendanceAlternatively, higker ugfulness of attendance data might
indicatea mae policybasedpattern,as wih theminimum attendancpolicy in effectat

Progress Secmlay as acourse passing regeiment.
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Average Usefulness of Data Types: All Middle School Content Area

School Level/Content Area

@ MiddeELs @ MiddieMazth @ MiddleScience ) Middle SocialStudies (9 Middle AllContent

Figure 35. Averageperceivedusefulness oflatatypes:al middle schoolcontentareas

Average Reported Usefulness of Data Types: All High School Content Areas
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Figure 36. Average perceivedusefulness oflatatypes:all high school content areas
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Figure54, Figure55, Figure56, ard Figure57, included in Appendix B¢ompareeach
con ent ar e assfdnesoedpta typs wetiveerthe middle anchigh schoolGenerally,
Math and ELApresntsimilar patternsacross the two sclblevels with highe usefulness
reported inhigh school fodaa from bothstandardized anibrmal testirg. Profiles for Science
and Social fudies on the other handiemongrate larger differences betwekow midde and
high schooteachers perceive thusefulness ofdatatypes

Overall,profile plot visualizatbnso f t e eepoheefreqiérty of useandof their
perceivedusefulnes®f data typesuggest multiple differeces between éehers basedn both
schod levd andcontent areaSchootlevel differencesinclude geaer middle shool access to
discipline and software data. Content amifferencesnclude greater usefulness of formal
testing forScienceteachers, grater usefulness of attendance datdath, ard lower usefulness
for many data tygs for Social Stuéesteachers. FiEman applied perspectyvisualizations such
as thesefter school @ministratorsactionable data for departmental or scHewokl inquiry.
Schoolwide trends are easily identifien these line graphs, shast e a c prefererscé for
eithertheirown dda (own assessmentgbservations, andyrades) or fodattailored to
individual students in complex profiles, such as IEP informatiognitive skills, instructional
software, &d State standards. Teseoverarching treds in data prefenecehave plannirg
ramifications for howthe data from formalized assessm&might bebetter structured and
presented to provide use to teachers. Altevebt the lowranked usefulness of fornzéd and
state testing shudd call for moe honest, internainquiry into wrether and how such soesof
instructional data can beademore usaliil.

Along with schoolwiddrends, these visualizationanpinpoint rot only specificdata

types, such as Ldeilevel and IEFANnformaton, which stancout as underutilizd,but also
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identify which instructionateamsarebest positioned to sinetheir use of data with colleagues.
ELA teams, for example, are quickly iddigd through the profile ploas users ofexile data,
who might be interested imeouraging lesserthusiasticScierceandSocial Studieseaclersto
usethatdata

These fndings cleary suggestthad t e a ¢ hat theGndersectioh & scholelvel and
content are, appears tanpact the prceived value and use of many specifipggof data.What
is lessclear flom these comparisonshew each otthese differences ifrequency angerceived
usefulness aris&omething as basic Aswthe statewideéesting structurdiffers between
middleandhg h s chool o rdeceionth enplenrernt aiesnuttionalsoftware
programcan haveamiffications for data usefulnessidfrequencythatoverwhelm any individual
attitudegthatteachers may havegading data useAdditionally, the smalscale naure of this
study makes it imposdibto speak tanytrends in dataise between middle andgh schoos or
content areamoregererally.

At thesame timehowever, theevarieddataprofilesfor content aremspeak t@ontent
knowledge, and more sgpifically pedagogical content knowledggh(iman, 1986)asapossible
deteminant ofdata use attide and usePedagogicatontentknowledge nodoubtdemands
specific varieies of instructional feedizkin the fam of pedagogicady-relevantand content
specifc forms ofstudentdata.Generalizd practice and traning inassessent iteracyandin
formal and standardized testing msyppat but utimatelyhave difficulty capturinguch
contentspecificdemands fomformation While multiplesubjectareascan ke assessed through
formdized multiple-choice testgo increase assasent reliability arrangng assessment tasks

that validlyinform the gdagogyand disciplinary skillspecificto eachcontentarea is a me
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challenging taska taskwhich may hae beerunderexplored in an accountabiliyssed
framework br databaseddecision making.
ThenextHCA heatmag in Figure37 andFigure 38 cluster user respoesbased orthe
perceived usefulnesd data types and datasks.While these heatmaps repeggthe same
underlyng data ashe line graph abovetheir disaggregated view of participants allows for a
more ruanced search for patterndween each of thesPERUSE faors t eachand s6 r ol e
obseved use of th&enchmark [@ta System.
HCA heatmap perceivedusefulnes®f datatypes Figure37 clusters participants in rows
anddata types in columns, accorditigsurvey reponses evaluating thigoerceived ugfulness

of data types.
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Figure 37. HCA heatmapperceivedusdulness ofdatatypes. NbClust wasnable to generate
results, suggesting thebmefactors may be too highly correlated. Visual inspectof the
dendrogramhowever, sugges three or possibly five akiers for intepretation.

Figure37 groups teachreresponsesito three clustersClustlreporting lower usefulness
of data types, a smalllust2 reportingonsistentlyhighea usefulness of data types)ada large

Clust3reporting mixed impressionsf usefulnessTwo sulgroupsof Clust3 ppear defined by
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the greater or lesser perceived useftdneso f t eacher sd own ®@ssessment
gradebook. Orhie other haah, in absolute, as opposed to stiardized, tens the rangeof

responses for survey items oeftiseflnesso f t ea c h er s 6as bighly comstaainedr i al s
to the top two optins, withalmost allteachers selecting eitheeky or Extremely Weful for

these tpesof data. That said, a sth minority of teachers idl rank these data types iedativdy

lessusefu, and that pattern may mefurther inquiry, if only to support tebers in making the

most of tlesecritical soures of student infanation.

Theannottions ofFigure37 fail to indicatestrong patternsegardingonlineuse, schoo)
or cortent areaexcept in the case bigh-usefulness Clust2vhichconsistdargelyof high
school teacherdVhile accoding to theTechnology Accefance Model TAM), perceived
usefuhes might be predicted toave a strongy relationship wih data system usk,is important
to remember thah this sectiormany of the data sources lidti@ the survey were not available
within the data system, makjrihe relationshipetveenthesesurvey items and observed uga
much morderuous.In the final section of theesults in a more specific anais,the PERUSE
of data types will be filteretb include only those available witihthe Benchmark system.

HCA heatmap perceivedusefulness ofdata activities Anotherperspective orthe
usefulnes®f datawas provided byheitemsoftheD at a 6 s erteds foePedagogubscale
of the SEDU Including these itms separately, as colusin anHCA heatmap(Figure 38),
allows for examingion of paternsin theperceived usefulnesd data usectivities as opposed
to theusefulnes®f datatypes. Sometems in this scale asklabout thegeneral efectiveness of
daad whetherstudents benefftom data use (&idents Benefit)whether dataisebenefitsthe
t e a cstuentS personalMy StudentsLearnMore), and whethestudens benefit

schoolwidefrom data us€SchoolStudentsLearnMore). Other iems akedaboutthe
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effectiveness of partitar types of dad, such astateassessmentState Test Vhad), formal
assessment (Formal §tevalid), orlocalassessmentgTeacher Made Valid More action
orierted itemsasked about the effectivesssof datafor particular &sks, such gslanning
instruction (Plan ingruction), gainingnew informaiton about atdents LearnNew Information),
knowing the concepts thatudents are leamg (dentify Learned Concepj, and identifing

learning goalsSet Learring Goals).

Perceived Usefulness of Data Activities
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Figure 38. HCA heatmapperceivedusefuhess ofdataactivities (SEDU). NbClust proposed

three as theest number of cluster¥isual inspection confirmed three groups.
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In Figure 38, three mairclusters are visle based oneacher8perepionsof the
effediveness of data usativities. In thesmalltopmostClustl, teachergonsistentlyranked data
activities low for useaflness. The somewhat larger Clust@sstentlyreportedhigherusefulness
for data activiies, and théargest Clus? appeas divided béveen responses thateperred state
and fornal assessmémover classmm data use antiose that preferrettherevers, classroom
use ovestate and forml assessmentRelatonships to school level and caamit area arelso
apparentMath teachers, foexample, appear to chigs in eithetigh uséulness Clug or in a
subduster of Clust3 which finds formalized testingpre useful. A cluster of ELA arfgbcial
Studiesteaches, in @ntrastappears in anothsubcluster bClust3 thatprefers classroom ata
use to formalizedessting.

Two easily inerpretablecolumn clustersppear as well ifigure 38. The cluster to the
left includes mainly specificlassroom strategies, i the cluster to theght includes tems
related to formalized testing anldet schookpecific effectivenessf@atause.

Overall, as with reported frequendataactivities are considered more uddahan data
types.While maeteachers are skepticadou the available typs of datamanyfewer eachers
are skeptical about thestructional activities impacteay dag.

Relationships ketweenreported frequency ofdata use andperceivedusefulness
Correlationsreported inTable32, between the rported frequency of data use and the regubrt
usefulness of data typeshile present, wee not as strong as mighe expectedfrom a simple
hypothesized reteonship whee usefulddaa typesare sed more frequely. The usefulness and
frequercy of use forsdtware datafor examplewere correlate atr = 0.34 and fordiscipline
data atr = 0.31. Reported frequency of userfiormal assesments, on the otheard,

demonstrated positiveorelatiors to the usefuless of several formal assessnseto the
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usefulness ofLexile levels ¢ = 0.41), drop out predictions ¢ = 0.42),computer adaptivetesting
(r = 0.47), andinterimtesting ¢ = 0.39). The highest colliaion between reported fragncy and
usefulness wasbind for IEPinformation ar = 0.51.

Weakercorrelations(or evennegative relationsps) between frequency and usefsis
may suggedhatthefrequency of data usis oftendetermined byactors beyad its perceived
usefulnesssuch as mndatedise,or schoolpolicy based tasks.|gernaively, lower correlatiors
may indicateinformationthat isusefulbut availableonly infrequently as with standardizitests
adminstered annually otognitive testilg batteries administered enethree yars to special
education studentdnfrequentadninistration alone may not impact the perceived useiess of
these data sourcest |east with survey responsdéisese dijunctions letween the perceivede
of data tys and theireportedirequency of useraises concerrfer how the TAM can account
for mandated usgeof information technology and data soes.If technology acceptance is
motivated byobligatory professional demandbken relationships betweeARERUSEand usage
outcomesnayweaken.

Possiblefuture work maywish to tease apattie opposit ase as wélwhere data types
arereported asessuseful butmorefrequently accesseaswith an earlier descriptioaf
disciplineincidentdata middle school teachisranked their frequency afse for sich data
relatively high (Figure29) but its usefulness mudbwer (Figure33). Such a contrast may
indicatearea where recordkeeping feels duof balance with utilityof information. t mightalso
be weful to dril deeper onthetypes of data judgeiashdispensable, but with areonly available
on an infreguent basis. There may bpamings in these inconsistenctesncrease the usefulness

of lessuseful putmore freqently used)data, either by altang its reporing context or
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alternatively,by limiting bureaucratidenands folessuseful data types iarder toredue

unnecessarreporting for teachers

Table32

Intercorrelations of Reportedriéquency and Perceived Usefulness

Reported Frguency

1 2 3 4 5 6
Reported Frequency
1 Own Assess 0
2 Discipine 41 0
3 IEPInfo .39 .05 o}
4 Software 21 45 -.10 o}
5 Formal Asses 43 .08 .35 .25 o}
6 Stte Test .26 -.06 .60 -.05 .59 0
Perceived Usefulness
7 OwnObserve .23 .06 .36 17 .25 .28
8 Own Assess 12 -11 41 -11 .19 27
9 Gradebook .26 -.06 .29 -.07 .20 .26
10 IEP Info .06 .07 .51 -.05 .28 .38
11 Software A3 21 .30 .34 .28 31
12 Coqitive Skils .32 44 .38 .25 19 A7
13 State Stand -12 -15 .26 -.03 .20 11
14 Lexile .03 -13 .28 A1 41 34
15 Attendance -.09 -.18 .32 -01 22 .16
16 PasGrades -.18 -.05 .29 .02 .07 21
17 StateTest =17 -.14 .24 .07 .26 .36
18 Disciplire .37 31 .24 21 .38 .09
19 Regents -.26 -.32 .35 -.02 .25 .25
20 Drop OutPredict. A2 -.06 .33 A1 42 21
21 Test Quiz .08 .01 .34 .10 .38 .33
22 CAT A7 -.06 .49 .16 A7 .28
23 State TdsPredict. -17 -.13 .18 .08 .20 27
24 Interim Testing -.02 -.04 42 .08 .39 .38

Note. Carrelations higher than= 0.3or lower tharr =-0.3arehighlighted in green
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Relationships andPatterns AcrossData-UseAttitudes and Efficacies Descriptionof
results now turns from teachéogpinions onthefrequency ad usefulness afchootbasddaa
typesto more general dataeisttitudes iad self-efficades Basic descriptivsurveyresults for
General Data Us Attitudes (SEDU)Data Use SéiEfficacy (3D-MEA), and Teaching Self
Efficacy (TSES) are presented ihalde 33, including minimum, naximum,mean, standard
deM at i on, a nbhaCalcolatesba rmhstarsdardized items. Becausdow
reliability, the NorwegiarExtemal Control $de wascalculaed in twoways both with and
without asingle reersecoded itemReliakility was gererally stong for all €ales, higher than
0.8, except for the Eximal Control Scalewhich hada Cio n b a ¢ h 6 s .58 inqutirga o f
reversecoded itemand 0.79 withait. Any inferences based on the Exig Controlscale should

considerthis lower reliability.
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Tabe 33
Descriptive fatistics and Cronbach's Alpha &urvey Scales

Cronbacld s
Variable n Min Max Mean SD Alpha Composite Variable
Survey of Educator Data Usag
Dat a @diveriessfor Q1-5;
1.00 4.00 3.34 0.75 0.96 .
Pedagogy (1) Strongly Disagree
1.5;
Data Use Practice 37 140 4.00 3.25 0.70 0.92 Q )
(1) Strongly Disagree

. Q1-4;

Attitudes Towards Data 37 1.00 4.00 3.20 0.76 0.94 )
(1) Strongly Disagree
Q1-4;
Computer Data Syseems 37 150 4.00 3.11 0.67 0.91 )
(1) Strangly Disagree
QL6;
Support for Data Use 37 150 4.00 3.01 0.64 0.8 )
(1) Strongly Disagre
Instructioral Uses of Data Q1-8; (1) Less than

. 37 100 4.00 2.50 0.89 0.95
/Instructioral Resources once amonth
DBDM Efficacy and Anxietgnd Survey (B-MEA), Sdf-Efficacy for. . .

Data Analysis and Q13;

i 36 1.3 5.00 3.90 74 0.92 .
Interpretations (1) Strongly Disagre
Application of Data to Q1-6;

: 37 100 5.00 3.86 .78 0.95 .
Instructian (1) Strongly Disgree
Data Hentification and Q13;

37 167 5.00 3.77 .79 0.81 .
Access (1) Strongly Disagree
Q1-3;
Data Technology Use 36 1.00 5.00 3.66 .90 0.90 i
(1) StronglyDisagree
Teacher SelEfficacy Scalé (TSES Short)
Efficacy in Instructional Q1l-4;

. 36 55 9.00 7.48 .90 0.82
Strategies (1) Notat all
Efficacy in Stident Q1l-4;

36 5.00 9.00 6.80 1.07 0.81
Engagersnt (1) Not atall
Norwegian Teache®BelfEfficacy Scale (NTES)
Adapt Instruction to Q1l-4;

. 37 350 7.00 5.60 .98 0.89 ,
Individual Needs (1) Not cetain at all
Norwegian External Contd Scale

1.5;
External Contol 35 1.80 540 3.08 0.82 0.58 Q
(1) False
Externad Control Q1-4;
1.00 550 2.94 0.53 0.79
(No ReverseCoded Item) (1) False
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Correlational analysis.Relatiorships between all surveyaes are presnted in the form
of acorrelation mérix (Table 34). As staédin the Methods section, the sireampleprecluces
anystatistical significance testvith pog hoc correctins The correlations beloware merely
exporatory and await cdirmation infuture work.

Overall, sulscdesfrom the same survegre highly corelaied with each other, such te
r=0.82 betweetheD a t a 6 sverteds foePedagy and theData Use Aitudes subscalesf
the SEDJ. However, soma sulscales demonstratinterestingindependeng such as th SEDU
Computer Data Systems and Suppartsiata Use scales which demongtriower relatiorships
with other SEDU scales.

3D-MEA sales appear to be mter-correlatedhan SEJ scales,indicating that these
constucts d datadrivendecsion makingself-efficacy(Technology Use, Identificatioard
Access, Analysis and Integtation, and Apjtation to Instructionare tappingnto related but
substatially separate areas offiefacy in teachr practiceThe threesubscales ofeneral
teaching efficagd Efficacy for Instructional Strategies, tert Engagemety and Adapting
Instruction to Studet Need$ are alsoonly moderatly correlated supporting thie ability to
distinguishbetween diferert forms of teaching $eefficacy.

Correlationsacross surwsindicate a few areas of oveplaaswith the strong
correlations betweemé SEDU scales dffective Pedagogy, Data Use Praetiand Data Use
Attitudes and the 3IMEA scale oftfficacy for Aplying Data to Instruiion. Otherwse, the
3D-MEA scales foEfficacy in Analysis and Interpretatiorddnification and Access, and
Techology Use demonisate only weak to moderate relatships with SEDU subscade Since
as far as can bestrmined theSEDU and 3DMEA surveyscales have ot been preiously

compaed,it is interesting to note their poteatifor capturingseparateimensiams of data use.

212



General teaching efficacy scales nstructional Strategieand Student Engagement
showlittle correldion with eitherdataattitudes SEDU) or dataefficacy BD-MEA) scales,
emphasizing the differencestbveen general teaching efficacy dudata useonstucts
However, theefficacy for Adaping Instructionsubscag of the NTSES demonstratesne weak
to moderate correlationsitih subscalesf the SEDUand the 3BMEA. Some relationship
between these subseailvould make intuitive sense ginghat the primaruses of student data
are for adapnginstruction. The weess of the relationshippwever, is woth noting in that
teade r s 6 feflcacy ia adapting istruction appears to be largely independsrtheir

attitudes or efficacy wardsdata use.
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Table34

Intercorrelation Matrix: Al Survey Scales

SEDU 3D-MEA Teaching SelEfficacy
Survey Scke 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
SEDU
1 Effective Pedagogy o}
2 Data Use Practicg=37) .80 o]
3 Data Attitudegn=37) .83 72 o]
4 Comp. Data st. (n=37) A7 A1 41 o}
5 Supp. for Data Usén=37) .03 .05 .19 .35 o]
6 Ingructional Res(n=37) .58 73 .62 .16 .18 o]
3D-MEA
7 Analysis/Inerpret.(n=36) .03 .19 .39 .50 .18 .39 o}
8 Apply to Instruct.(n=37) 75 .68 .84 .36 .06 .65 39 o]
9 Identify/Accesg(n=37) .28 .37 A1 .38 .20 .37 .54 .37 o}
10 Tech Usén=36) .23 .30 .52 A7 14 .35 .61 .58 .62 o]

TeachelSelf Efficacy (TES, NTSES)
11 Instruction. Strai{n=36) .00 .07 -11 .18 .33 .08 A1 -14 -05 -20n o}

12 Sudent Engagén=36) 15 13 .05 A1 .08 17 01r .10 .10 16~ .46 G}

13 Adapt Instructiorfn=37) .08 .20 .24 .33 .60 .23 30¢ .23 .18 .18 A41* A3 o}

14 Ext. Contro(n=35) -.19 -.32 -17 -.12 .24 -.13 14~ -.18 -.15 -.24~ .07 -.10 .18 o}

15 Ext. Contol, No Rev -28 -38 -25 -12 .25 -21 10~ 21 -10  -16- .01 -.09 14 .95 0
(n=35)

Note. * n=36, "n=35,~n=34



The treefollowing heatmap explote possible sbgroups oteachesbgeneral dat use
attitudeg(SEDU survey scalesFigure39), daa-use seHefficacy BD-MEA survey scaleg-igure
40), and combinedata-use andeaching selefficades @BD-MEA, TSES/NTES suveyscales
Figure4l).

HCA Heatmap General data useattitudes (SEDU) Figure39 clusters p#icipants in
rows and subsdas of general datase attitudes in coluns. Siscales capture teacher tatties
towardssupport br data use and relevant computer systemsgaiaiih more genel atttudes

towards whether data ugeinterestingand effectve for instructiam.
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Data Use Attitudes (SEDU)
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Figure 39. HCA heatmap surveyof educatordatause(SEDU) ScalesNbClust suggets 2

clusters (10 Methods) and 5 clustersvi@hods).

In Figure39, teacher responsés SEDU subscaleslusterinto two maingroups with
interesing posible subgroup<Llustlappearsmore negtive to data usevhile Clust2 appears

more positiveAlong with thesetwo main t¢ustersan interesting subgroup of Ctasappears to
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respond moréavorablly towardsh e s ¢ h o o Isystemsarad suppoyesstl respond
negativelyon sales of oveall attitude towardslata useAn opposed sublgup appears in
Clus, with more n@ative responses towards data suppodtsysems,butwith generdly more
positive responsesowards dataise attitudes. Cli2 alsoincludes a subgroup withgostive
view of bothdata suppdrand data use attitudes.

In relation to teachrefactors,higher levels of usagelong with a greatesoncentration of
Math andScienceaeacherappear in Clust2 with more positive attitdes towads data us
Clustl, with lower data ue attitudescontairs a larger concentration ofiddle school an&ocid
Studiesteachers.

While one might guess thhigher peceptions of dataisesupportwould go had in hand
with morepositive perceptiosof dah use in generakigure39indicates that this relationship
mayapply only someof the time and thdt e a ¢ h e ptisnd of the quality of syjort may
opeaateindependeny from their general itudestowards datase. Teachersn other wods,
may feel supported in tireefforts to use data, but thiavel of suppat may not alteran existing
negative stance towar@BDM.

HCA Heatmap Data-driven DecisionMaking Efficacy scakes (3DMEA). Figure40
clustergparticipants in rowsnd four subscalesf datadriven decision méing efficacy in
columrs. Subscaleassess confidence in dadentification and acces dita technéogy use, data

analysis and interptation and applying data to instruction.
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Data—Driven Decision Making Self-Efficacy
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Figure 40. HCA heatmapdata-driven cecisionmaking (DDDM) efficacy scales(3D-MEA).

Data Analysis and Interpret

NbClust was unable to ave at a solutin, possiblypecuse of hghly-correlated valuesvisual
inspecton suggests two clusters.
Clusteringfour scalef the3D-MEA survey sugests two major cluste(sigure40):

Clustl of usersvho indicate higher leels of DDDM self-efficacy and Clust2 of responses
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indicating lower levels oDDDM self-efficacy.While only two major clusterare evideh a
subgroup of particularly higbelf-efficacy alsoappears in Qistl. Annotdionssuggest strong
relationship beteen higher levels of DIDM self-efficacy and highethan averag®nlineuse.
Math andSciene content arasalso havea strongerelationsip to higher DDDM Efficacy. This
heatmapsuggests that dataise s#-efficacymay have a sbnger relationship to uge outammes
and contenarea thardid SEDU scalegor general data use attitusle

HCA Heatma: Data-Driven Decision Making and Teaching SeEfficacy (3D-MEA,
TSES) The final HCA heatnap in this sectionfdhe resuls combines pdicipants in rows with
data use self-efficacy, and teaching selefficacy in cdumns. This combined view of a range
self-efficacies explores the ways in whitdgacher confidence in general ingttional skils

relates to conflence in dat use.
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DDDM and Teaching Self-Efficacy
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Figure 41. HCA heatmapudatadriven decisionmaking andeachingself-efficacy. NbClust

suggest$ clusters 12 methods).

Overall, columns irFigure41 group neatlynto a teacher sekfficacy custer m the left
(including allscaks from the TSESand NTSESand, on the righ a datause seHefficacy

cluster of sibscales fronthe 3DMEA. Across rows, lustering geneldeaching sekefficacy
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along with datauseself-efficacy identifiesseveralkubgrous based i positive or negtive
trends inthe wo broad céumn clustersClustl and Clust2esponsgindicat higher levels of
general teaching se#ffficacy and lower leels ofdata useself-efficacy.Clust3responsg show
the opposit@attern:higherregponsedor DDDM self-efficacyand lower for geeral teachig
self-efficacy. Clust4 and Clust5 include participamégking therselves higher in all areas of
self-efficacy. This range of clustefsighlights the separ@in oft e a c éffeacysirofurdamenta
areasf instructioral strategiesandstudentengagemenfrom confidenein data use skills, such
as access andterpretaton of data.

Strong patterns of content ar@ad online use are als@sible acrossheseclusters.
Interestindy, above agrage se is more present in Cldsand Clust5 where sers are aafident
in bothteaching and data use than it is in Glu&here usexrare more confident in data use only.
Clug3 users tend to dath teachers, while ELA schers tend to group Clust2 aad Clug4/5,
not unconfident witldat use, but onlyn combinatbn with efficacyin general teaching skills.

Exploratory Correlations of Data Use Attitudes and EfficaciesThesame data use
attitudes ad efficacies exploredbove tihoughvisud data analtics ae also investigated
throuch exploratory Pearsonorrelatins. Table35 repors relationships betweeeacher survey
scalesandmore specific metds ofonlinedata us developd in Study 1While most of tlese
metrics for online useswch as tothadions, total sessiongtal duration, and maximum weekly
duration/toal duration e explained in Study 1, an additional factotatél duration (view
results only) requires intduction. Total durabn (view results only) separates otlte duration
of time that users spenpscificdly viewing test results the main instrationally-focused use of

the syster@ in order to explore relaticips to that spéfec category of use.
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Severainteresting corraltions ardound between the variogsirey scaleSEDU, 3D-
MEA, and TSES) iad obseved online behavior®?erhaps most intestirg arethe correlations
(Table35) related togeneral data usetatides(SEDU subscées) anddata useself-efficacy (3D-
MEA). Neitherfactorproduced strong caglations with usage outcomdsjt multiple moderate
strength corelations were found betweerDIDM self-efficacyscale3D-MEA) and usage
outcomeswhile consstently weaker cortations werefound between geerd data use attides
and usage factorkfficacy for Applying Data to Instructigrirom the 3DMEA, for example,
correlated at = 0.42 to otal session®f online ug, and Efficacy for Interpretation ath Analysis
correlatel at r = 0.48 to total duratin (view results only. Overall, this same scalgfficacy for
Interpretation and Analys, appearetb have the strongest relationship to usage outcomes of any
variableout si de of t e a criess pfishé BepohmaData sysendtselft Beengmu |
this scale asked abtt e a c toefidema in(@) understanding assessment repol, (
interpretng student performance from a scaled score, @ridtérpreting scoes to determine
student strengths amgeaknesses. Sinceds interpretation activitis are all central tathe use of
the Benchmark Dta platformthis stronger correlation sensa reasonale fit between a specific
area of user se#fficacy andheintendel useof the system.

The same 3EMEA scales also demonated the stongest negativeorrdation with
teacler s © t e n d e n ceyn mandatefl prafesssonalidevelgpmerdsongmax
weekly/total duration) t he hi gher aintereretéomand Ahalysieof data,¢cha c y
weakertheir tendency todcus their sage in one weebf the school yearr(=-0.41). While
previous sudies involving the 3EMEA have found aignificantrelationship between Efficacy

for Application of Data to Istructionand selreported data use behaviditss study may bene
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first to tentatively relae DDDM Self-Efficacyto t e alBDBM bebkadioran the form of
usage in an online dasgstem.
Table35

Intercorrelation Matrix: Surveyscales ad Usage Outcomes

Max Total
Avg. Weekly/ Total Duration Total
Total Session  Weeks Total Session  (Results Duration
Survey Scale Actions Duration  Used Dur. Count Only) of Use
Survey of Eduator Data Use (SEDU)
Computer Syem A7 -.19 14 .06 A1 .07 13
DataUseAttitude .25 -24 .22 -14 .24 .20 .23
Data UsePrectice 14 -.08 15 -.25 A7 .08 14
Effective Instr. .08 -.16 .08 .00 .09 .07 .09
Instrucitonal Resurce .02 -.00 .25 -.26 .16 .16 .07
Data UseSupport -.08 -.13 -.09 .24 -.13 -.19 -.16
DataDriven Decision Making Efficacy (3IMEA)
Apply to Instr. .35 -.31 37 -.35 40 .33 .35
Ident. & Access 27 A7 22 -.19 .29 .35 27
Interpret. & Analysis .39 .04 45 -41 47 48 A4
Techmology Use .32 -.05 .25 -.30 .28 .24 .30
Teacher Selfficacy Sales (TSES, NTSES)
StudentEngagemen -.15 .23 -.30 A2 -.32 -.27 -.15
Instructonal Strategy -.08 .21 .02 A7 -.10 -.08 -.03
Adaptfor Instuction -.07 .00 -.14 A1 -.18 -.19 -17
Exterral Control -.02 .03 .01 A2 -.03 -.01 -.05

Exploration of the Technology Acceptance Model (TAM) forunderstanding
teache sodline data use Shiftingfrom a consideratiom f t eac h er sfbicaceesthei t ude s
final sectionof the resultsexplores the core factors of the technology acceptance model:

pereived usdilness(PERUSE) angberceived ease oase(PEOU)as detaninants ofte ac her s 6
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online chtause The concepbf determinants or a detemant framework (Nilsen2015, in this
case, does namply any causal relationships, but rather a set of fa¢ctat mg be related to
implementation succesin this sectionPERJSE facbrs are operatiotized from survey itens
askingfi How us eufulnddo tyhe Bench mtmdaskibgditHo ws ywsted ma,| a
do you think the following kinds of data are. . those tiypeg of data included in thdioe
system PEOU waperatiomlizedthroughitemsasking aboutparic i p aganeral 6omfort
level with technologyand their level of se for the Bechmark Data SystemAlso, in order to
tailor the PEOU costruct tothe DBDM context, dditional items fo PEOU were dawn from
the 3D-MEA subscales forata se selfefficacy. Given the exploratory nate of Study 2 and
the strong relationspifound in pevious studies between PEOU and-sdficacy (Davis, 1989
Venkatef andDavis, 1996, Venkatesh, 2000esedata useself-efficacy itens are included aa
proxy for teacherSPEOU for the online DBDMystem.

HCA heatmaps of PEOUPERUSE andonline use.The treefollowing HCA
heatmapselatethe constructs ?dPEOUandPERUSEt o0 t eac her s 6 fegsiohal ne use
roles. Figure42 begins byclusteing factorsrelated to the PEOWf the Benbmark Data Sstem,
includingsurvey scalefor datauseself-efficacy, generalamfort level with technology, and
level of usefor BenchmarkData.Figure43 contintesby clusteing these PEOUactors
alongsidefactorsrelated to th?ERUSEof the Benchmarlata Systemcombiningthe mgor
factors of the TAM into one visual data analysimally, Figure44 clusters EOU and PERUSE
alongside sesral metricdor online ug developed in Study 1 in order to explore more-fine
grained relatiaships between ¢ use attitudes and specific usage behavio

HCA Heatmap:PerceivedEaseof Use(PEOU). Figure42 clusters users in ns and

systemspecific PEOU factors in columnshdugh similar tgreviousclusteringaroundself-
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efficacy for DBDM, the PEOU awstructusedherediffers by includinguses [evel of expertise

with thedat systen and their general levef oomfort with technology

Perceived Ease of Use for Data System
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Figure 42. HCA heatmapperceivedease ofuse forBenchmak Datasystem Nine NbClust

methals proposed Blusters; 8nethals proposed Zlusters.
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Overall the top two clustersof Figure42 (Clustl and Clust2yroup responses with
higherPEOU for the Benchmark system. €2 differs from Clustln thatClust2 response
were slghtly lower forgenerdcomfort level withtechnolog, while still high for system
specfic ea® of useBoth Clustl and Clust2 relate strongly to above averaggeisawith the
strong relationshipo online usdound inFigure40for DDDM self-efficacy alone.
Unsurprisindy, high regponses tdevel of use forthe Benchmarksystemappearstronglyrelated
to above werage usagéanyof the casewherehigherlevels of DDDMself-efficacy do not
indicateabove averagese belong toScierceandSocal Studiesteachers, who habeen found
throughout ® have lower levels of usage. Of the 23 teachers clustered withr hegleés of
DDDM efficacy, 11 indicat@aboveaverage usagd the Benchmark system. @feremaining 12
teachers, half areitherScienceor Social Studieseaches. While many Social Staliesteachers
indicated low PEOU for the online data system, a fagtoch might help explain their more
limited usage, even tlse Social Studieseachersvith high PEOU apea to have made ore
limited use of the system.

The lackof clusterng across coimns is also interesting twote inFigure42. Instead of
finding subclistersof factors the HCAappeas tofind a padtern d increasing distance fio the
concrete access and use of tedbgyto the leftof heatmapo the more generabnstruct of
comfort with technology.

HCA Heatmap Perceivedease ofuse andoerceivedusdulnes. CombiningPEOU and

PERUE, Figure43 clustersalongkey elemats ofthe TAM.
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Perceived Ease of Use and Usefulness of Data System
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Figure 43. HCA heatmapperceivedeaseof use andusefuhessfor the Benchmark Data system
11 metlods of NbClustpropose 2 loistes, 5 propose far clusters. Visial inspetion sugyests

four clusters
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Supportingthe expectaions of theTAM, comhining PEOU and PERUSE igure43
creats more precise cisteing in relaion to online data useln the previousclusterfor high
PEOU (Figure4?), 50% ofuserq10 of 20 demonstrated above averagegeshooking at
Figure43, in clustesidentified for both high PEOU and high PERRE (Clust3 and Gist4) 62%
of userq8 of 13)demongrated above averagesage Of thefive userdan Clust3 and Clust4
without above average usagiereeweremiddle schooBcienceor Social Studieseachers
without access to ietrim testing data for tlrecontent areaOverall visual anlgsis of PEOU
andPERUSE factors sugges they are highlyreleveh o t eac hatassé onl i ne

While generally clustering along the lines of PE@id PERUSE factors, twodtors
break this pa#irn in an interesting wayirst, the itemasking about thegrceved usefulnes of
the data systeritself falls into the cluter of items assessingh e sy st eOmihesoth&fE OU .
hand, one item measuringfsefficacy for applying dito instruction isgrouped not with other
items intended to apture PEOU, but wth items assesgithe PERUSE of datgpes within the
system. Geerally, thoughthereis a marked degree of homogeneity to responses across both
PEOU and PERUSE responses.

HCA heatmap: PEOU, PRUSE and online usdn afinal HCA Heatrmap for these
resuls, Figure44 clusters he previouslhyanalyzed TAM factors of PEOU and PERUSE with a

range of metcs for online use, devgbedin Studyl.

228



Data System PEOU, Data Type PERUSE, and Online Usage
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Figure44. HCA heatmap: PEOUPERIWBE, andonline usagemetrics 11 NbClusimethods

propose Zlusters;7 methodsuggest 3 clsters. Visual inspection suggedtslusters for

interpretaion.
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Of the four clustergdentified for intempretation,Clustl and Qist4 appear tgroup uses
with higherPEOU, higher PERUSEof the Benchmark systenma data typesand ligheronline
use.Thedifference between Clustl and ClusBersappears to bene of cegree where Clust4
uses demongrate slghtly lower levels fofactorssuch agpercenage é weeks use, total
duraion of useandaverage actionger sessior\While users irClust4 demortsate somewhat
higher leveldor these factors, Clustl uselemostrate the higheséVek acrossall clugers.
Most of the userm these two lusters demostrated higer tharavelge total usage of the online
sygem.

In contrast, only thre of the 23 uars in Clust2 and Clust3 demonstrated above average
usageWhile the online behaviorsf users acossClus2 and Clust3 appear siiar, they differ
morestrorgly along he linesof the first cluster oEolumns which includesscales for datase
self-efficacyandthe perceived usefulnesstektingdata Clust2 repondednore negatively
acmossall these factors demonstrating lowerEBOU and PERUSEhan Clust3while still
demongtating similar patterns of usage.

Inspection of the HCA clustermof columnsin Figure44 revealsthat most itemselated
to thePEOUandPERUSEof the Benchmarkysem itself clustred togetheon the left, while
usage metrics clustered on the righelf-efficacy for accessnterpretation, and analysis
clustered more tightly with the PEFSE of specific types of $8ing data, such agate testing,
interim testhg, axd computer agaive testinglt is important to note that higher levels of this
combned PEOUandPERUSHEactor, while highly related to above average usage, are not
sufficient to guarantee it. In faca large group of uss appear to have both hgghPEOU and

PERUSE 6r a set of gtremely relevat data use factors, without manifestinglmer than
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average usef theBenchmark systemConverselya small subset of Clust@ith lower PEOU
and PERUSEdJoesdenonstrate above avage use. While difficutb tease apart in ik limited
aralysis, contenairea and school level may play a criticale in tresecontradicbry casesof
higher PEOU and PERUSBut lower usage of online stant testing data.

Exploratory Pearsoncorrelati ons between PEOU, PERUSEand online usage
metrics. Resultsfor additionalanalsis of these factor@re presented lmv in the form of
explorabry Pearson corretéons Table36 repors carelations betweagtechndogy acceptance
factorsandase of metrics réated b onlineuse While overd correlations betweeREOU,
PERUSE andobserved onlineisag factorspresatedin Table36 werelow to moderatesone
interesting tends in caelation are summare below.

In keeping with he TAM, teacher8PEOU and PERUSI6f the Benchmark Dataystem
had the strngest corlatiors to usage outcome$hese includedevel of Benchmark Data User
(r = 0.39 to Total Sessins), perceivedisefulnessf the Benchmark sysin § = 0.54 b Total
Actions), andperceive usefulness of progress monitoring qdeta ¢( = 0.50 b Total Duation,
View Results Only)While not surprisingthese stronger relationgls ae reassuring irthatthey
leaveopen the pssibility thatby increasing teachis perceivedease of useas wel astheir
perceptions of system uséfass long termteacher usgemight be increased as wellhough
clearly @usation could act in thgoposte direction asvell, with increasedsystemusage leading
to improved perceptins of usefuless anaase of use

The degree to which teachers founieAdance/Tardess and Pigress Quiz data useful
alsocorrelatedoositively at a moderate level withrange of usage outenes(r = 0.44 wth
Weeks $ed) While strongecorrelatiors with progressamonitoringquizzes ¢ = 0.50 to Total

Duration, View Resu$ Only)match epectationd since progress quizsults were only

231



availablethroughBenchmark Datandavalable at more fquent intervald a stronger
relationship with Atendance/Tardiess data andsage outcomes isare difficult to explain,
since thatype of data wagenerally mavailable iBBenchmark DataAdditionally, sin@
Benchmark Datavas a mairsouce for state tésg results, conputer adajive testing results,
regents testig results, ad state standardaformation, it is surprising that celations between
the perceied usefulness of these data types and usagernas are not strongér.maybe that
even forthe most ddicaed user obtate testing result;frequentannual and bianual state
testingsimply doesnot enougtoffer enoughimeto substantidy increa® overall usage
outcomesOn the other handnierest inmore frequently atlinisteredprogress ranitoring
quizzes appearsd be more closelyetated to actuaonline use.

The degree to whicteachers find interim testing usefulght alsohave leen
hypothesized to have a strong relationshiBenchmarkDatausage. One ddenchmak Dat a 6
major functons, after allwas the disemination of intem testing reglts. However,no such
relationshp was foundIit may be that requirettaining sessionspecificaly directed at accessing
interim testing resultslouded the relationshipebwveen the perceivedsefulness of iterim
testing and actual onlinesage in a wathat does niboccur for other da sourcesThis lack of
relationshipon a key sourcef instructonal data clearlynerits further investigation

On the other handh terms of negative relatinships teacherétendencyto focus their
onlineusage in mateted sessionsapturedoy the oticome for Max Weekly/Total Durations i
only weakly ngatively carelatedtd e acher sd PEOU andrkPaEaRWEIE f or
Strongemegadive correlationsvere found bet@en max wedy/total duration ad the usefulnss
of progres monitoring quizzegr = -0.48), drop out predictions € -0.44), and dicipline

incidents ( = -0.43).Thesestronger negative ralionship betweeperceivedusdulness of
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progress quizzes ancdctual onlire use may be due tedchers loggimin more cosistently to
accessnformation they finduseful The othe two relationskps are moe difficult to interpret
Since discipline incidnts were only ailable inBenchmark Data in dimited form anddrop out
predictions availablenly at one pmt in the senester, itis more dficult to imagine how these
factorsmight demonstrat a strongenegative relationship to teach@mndency taestrict their
online usag tomandatory traimg sessionsSomne of the inplications for theseelationshipwill

be addresed in the Discussh section.

Table36
Intercorrelation Matix: Perceived Ease of Use, Perceived UsefulnasdOnline Use
Max Total
Avg. Weekly/ Duration Total
Total Sesion  Weeks Total Total (Results Duration
Variable Actions  Duration Used Dur. Sessions  Only) of Use
Perceived Ease ddse (PEOU)
Gereral Tech ©mf. A1 -.23 .09 -.08 .22 .20 14

Lev User:Benchmark

PerceivedJsefulnes®f Daa Typesand System@PERUSE)
Benchmark Dat&ys.
Attend/Tard.

Comp. Adpt Test

-.25

Disc. Incident
Drop Out Pred.

Interim Test A5 -.21 -.03 -.05 -11
Lexile -.07 .09 -17 -.16 -.24
Progress Quizzes 31 -.01

Regent Test .19 -.24

Stae Standards -.03 -.05 .04 -.27 .00 .06 -.08
State Test .10 -.02 .20 -.26 .10 15 .06
State Tet Prediction | .26 -.06 .25 -.22 .23 .22 .19
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Summary of Results Study 2 hadhe overaching gods of expanding tle methods and
theory of DBDMresearch bgombiningvisual data analyteard the TAM to investigae
deteminant framewdks for online dad use. Resultwere organied into three main sctiors:

1. A schootspecific data use pfile by reporte use and sefulness of data types
2. Relationships and pattes across datase attitués and efficacies and
3. An exploratiorof the Techntogy Acceptance Mdel (TAM) forunderstanding e ac her s 6
online daa use.
Analysegproducedarange of @scriptiondor local datauseand attitudes.

The first section generatedsahool data use profilebedon t eachedr s report .
frequency buse and usefness of specifitypes dataThese resultsuggestoundational
differences in data use across schHeeél and contet area that may be helpful in framng
variation in data se for future studies

Thesecad section searchidor relation$ips across eange ofdata usattitudes, fron
general attudes towards da&EDU), to data use efficacy (3MEA) to general teachg
efficacy (TSES/NTSES)Overall, general attitudes weards the effectiveness andagtice ofdata
use werdighly interorrelated, butlistinctfrom dat use selefficacies, whib in turn were
distinct from teacher sekfficacy, evenateacher selefficacy directed towards adapting
i nstruct i oeedst Thess findimhighlightthé muitiple attituds and efficaies that
mustbe condiered searately when fanning aroud the determinantsrma outcome®f data use.

The third setion explored ta ¢ h e r & &nd PEROSE in relation to their online data
use. As suggested by TAM, the tvo factors were mormdicativeof online usehhan were
attitudestowardsthe genedl effectiveress of dataPEOU anl PERUSEwere possiblynore

effectivein clustering hgh online sage when used together than when consideredagtely.
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Along with resultfrom these three stions, severaluidbgroups bboth user bhaviors
and factors wes also geneted from HCA heatmaanalyses. These are summarizedlable39
and interpreted ithe Discussion section.

Applied Results: DataDashboardsfor Educational Leadership. Turning from
analsis b action,afinal setof resuls includesa collectionof daa use dashboasdlesiged for
schoolleadeship. | presenteveral hypothetical dhbards, both at the schib@nd teacher
level, eachintegratingsome & the most importantesultsdiscussedhroughait Sudy 2.Schoot
Level dashboals, inFigure45 andFigure46, offer afaceted, mulform view of related data
Such viewscan exploit multiplevisual encdings of datad support mulple abstractionand
their related tasks. Arggle morecomplex view such as an €A heatmapmight pregnt more
information in onesiew, but the visal encodingsof more complex sigle displag are less able
to prioritize speific factors for analysis paction (Munzner2014). Schoolevel dashboais
combinetreemaps, heat maps, arat bhartsas separattacetsof the displayto more drectly
inform spedfic areas of decisiemaking around dat use.

The factorsncluded in loth schoot andteachetlevd displays(Figure45 andFigure47)
were selected based on firedings of Study 2For example, théreemapin thetop-left position
of the £hool-level views (Figure45 andFigure46), visualizeshothovemll online ug andthe
factor of data us séf-efficacy (3DMEA), found to be more highlselated to online use than
generhdata use #tudes. Positioning the treemapaasinitial viev at the todeft follows the
common visual pattern of Overview Fir&oom and Filer, and Detds on Demand
(Shreiderman, 1996), wére the treemap providessahootspecificOverviewof critical factors

(Online Use, Ease of Data Use, andr@ent Area)The heatmap ahbar charfacetsthat follow
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provide the Zoom and Filtespect of pesentation, Wwile the teaberlevel displayprovides
Details on Demand foipgcific teachers.

The use of a temap displaleverages the strength of this wadization idion to show
conplete infomation dout hierarchical school structutgough containrant(Munzner,2014)
allowing school leaderso quickly identify relationshis b et ween content

frequencyobnl i ne use, a-efftacywatadatbuser Eadh duseetdnfleof the

ar ea,

treemap represents one teacher, withdize of th rectangle idicatingatached s r el at i v e

weeksof use and its color inditiag their relative selfeport br data usefé cacy. On a slightly
larger scalethe groupingf rectangledy contentarea dbws for easy comparison across
conter groups onhiese same dimsions.

Treanapsare particularly se€ful for the current sitution, where the goabf analysidgs to
betterunderstand attributes at the leawdsa shallow kerarchical tee(Munzne, 2014) in this
casetheattributesof teadierswithin the shallow hiearchy ofaschodd teachetin conter area
in school. Treemapare al® helpful for identifyingoutliers in hedisplayed attributesn this
caseidentifyingteachers withparticulaty smallor large values fodatause or dataise seH
efficacy.While human judgememstcomparing therectangllar areasised in treemapsremore
prone to errothan hose comparindpars in a bar chaftMunzner, 2014)theintendedaskfor the
treemapview is notto make specific ranking decisionsoab t t eoalineluseroseld
efficagy, but ratherto diagn@e more general issues teldto data use within the orgaational
hierardy, quickly identifyingcontentareas or teachein need osupport.

The treenap ofFigure45, for examge, efficiently communtcatesthe degree to which
Matht eac her s & u s alg schodl olima ancassyile at the shme time

demonstating how thedrge majorityof Math teachersdel stronger in tir efficacy for ded
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use. Overal trendsin contert area use and efficacgre visiblealong withindividual cases
meriting further aention, suctas a middleschoolSocial Studieseacher \th relativelylow data
useefficacy but highetevels of onlineuse. Or, in the cas® high school Figure46), members
of the ELA and Social Stuels team witHower levelsof self-efficacy, dong with lower levds of
overall se.

Once an eea of need is iddified in the treemap vievthe heatma viewto the right
provides additional conte for supporing teachersr the contentteam The heatmapglisplay
allows for comparison of BRUSE underthe i t | e AlIH,0dv Rrsdhfisaself-efficacy
withthetl e, A How E pescgnagdof weeksl of anine datase.Since measures of
overall online frequency werfound to be highly correlateBercenage ofWeeks Used was
seleted for its greter interpretabity, based ora moredirectmapping onto thechool year.
Teac her s 6of e sugperted thepfelvasincluded as well, @t because it was found
to be directly related to online udeut becausi most directly maks the connectiobetween
the ations of leadeship and teab e r s 6 e fohlinecuseclycluding merceptions support
in the heatmamoredirectly supportsownershipby school leadetsi p i n t eacher sd d:

Matrix re-orderingis also employed irhe heatmap viewgs rows withireach content
area areorderal from the highedPercenhge ofWeeks Used to thedwestPercerige ofWeeks
Used.This ordering haa subtle effect of prioriting the outcome of access toioeldataThe
heatmap view itseis employed foits high densityof information disgaying information for
multiple users and factors in a coagp pace (Munzner, 2014 Thelimitation of the leatmap
view is a lack of sgcificity in the values presenteldie to thenability to distingush between

subtke variations ircolor (Munzner2014), howe\er, because the gbaf the view is not to draw
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fine comparisons between usethjs limitation does ot impede the overall goaf providing
support for teachatata use.

In the particular casef @rogress Secalary, theheatma view providesa quick
comparison acrossontent areas andchools, indicatingargedifferences in perceedsupport
between midle and high school, whilglso providing a method for diagsing teachemneeds.
ELA teachersn the middle skool, for examp, demonstrateower ease ofise alongside lowe
weeks of usagesuggesting sarting place for professiai development. Or, irthe high school,
the heat rap views suggeslifferent approehes for supprt to ELA andSocialStudiesteaches.
While bothcontentareasndicatelower levels of support fiodata use, the concernsSdcid
Studiesteachers appean £xXend to strong comens over the usefulnesstbe data and their
ease of useof data systms. ELA teacher respges are less gative in bothhese areas,
suggestirg thattheir perceived ldcof support may be related tchetr,more technical or
logistical concerns.

The kar chartsthat follow offer middle and high school instructial leaderg$urther
specificityint o e ac h s c h oobthetusefulpessf date tppesand acsvitiesandthe
opportunity torespondasedn theseschoolwide prioties Color is used ithese views to
groupdifferent types of data on the left areported useersus frequency afse on the right.
These views ofl at a 6 sessuak effe insight when viewd at the level of individual teber

profiles inFigure47, Figure48, Figure49, discussed next.
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Middle School Online Data Use Dashboard
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High School Online Data Use Dashboard

How Often do Content Teams use Benchmark Data and How Easy is it to
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In additionto schoolwide dashboards, three exampldsaxter profiles of data use dn
attitudes are prested.Figure47 presentshie profileof Teacher, ahigh schooELA teacher
with above averageveralluse;Figure48 presems Teacler 2, a middle scbol Math teacher with
approximagly aveage use; athFigure49 descibes Teacher3, a middle schddELA teacher
with online access far below the average. Each of these teacher prdiitaseis the complex
natureof attitudes and usagvhen itcomes to evidence asnschods.

Teacherl (Figure47), for example,ndicated strong levels of usefulness for most data
types and activities, agell as denonstrating above averagee. These strong peptions ad
online acces, havever, appear to havgeen achieved igpite of Teacherl indicaing much
lower levels of schol support for data use. It is interesting to condiey more advanced ess
may perceive levels of supporsdow, not in an absate sensehut to the égreethat support
fails toadd to their akady substatial skills. The same teachaiso reportsower frequency of
data use for forming small groups and séteptontent.These spefic data points might be
helpful as an entrygint for discussion abdihowthis teacher might beetter supported

TeacheR2 (Figure48) poses a sharp contrast with Teacheks a middle schddVath
teacher, Tezher2 comes from a teamittr some ofthe highet levels 6 use and rost posiive
attitudes towards data use yetigates strong negative fams about the udalness of multiple
types of data. While TeachBiaccesses the online systat an average les, his or her
perception®f the usefiiness ofdata typesnd lowerdata useself-efficacy may be prompts for
further discussioraround how dta types could benade more usefuparticularly in the context
of a content team with genedgaimore positive ditudes towards data typasd activites.

Teader3 (Figure49), a midde school ELA teacheoffers an inteesting contrast to

Teache2. Where Teache2 had low perceptions of usef@ss for many types of datach
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average online use, Tasa 3 has high pareptions of sdulness for manyelevant data types,
but wellbelow awerage access to onlinatd TeacheB does, however, tlicate lower levels of
data use seléfficacy, which maye related tdis or heroverall lack of use. While Tacher 3
indicatesstronger scholosupport,his or kerlower levels of data use &fcy ndicate that school
supprt was notsufficient to encousige online access.

The uses and audiences for such scleal and individual profés are manyAt their
mostbasic, they demostrate how muiple organizationeand individual determinantsgd inb
decisions to engage thievidence While school leadarmight effectively use similar tools on
their own for panning and making decisioranother possibility is toreate teachefacing
versionsof these tools in@erto generate useful discusss between teachers and scthoo
leadershin feasible and ingxtful approaches to evidence use, particularly in reigard
adapting data types amgtivities to the particar needs of eacbonent areaFor instance, the
obsenation that é&Social Studieseache does not find certaidata types usful should lead to
discussionwith a content team of whether that dataim fact, useful, and ifos by what routes it
impads classroom desiors.

While these hypotheticalprofiles are alreadylense a usefuhext step maypeto include
infformat i on summar i zpattegsofausayeih ordeet@prokiddeedback orthe
system functiosteaches chooseo prioritize. Anotherindicatorto include might be the dege
of teachesdconnectiorto statelevel accountability demand. Middle school ELA algth,
along with high school teaches§ coursesndingin statetests would beidentified at a highe
level of articulation with the state aaguability system.Giventhe explaratory nature of these
studies these dashboards are generated as a starting place for futalber@tive work creating

visualizationsto improvethe nature and usef evidencefor school decisions.
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Discusson

Study 2 tells the story, albeit a quiative and empiricastay, ofonesch o ol 6 s
and interations with online student datim telling that story | hope tdemonstrate how an
expandeddolkit of methods and thepicaninform central goals bDBDM research, such as
improvingdeteminantframeworks of teehe datauseand expandingavenues foprectitioners
to participate innquiry with ingructional evidenceEDM/LA methodsof log file analysis
(Krumm et al., 2018Rodrigo ¢ a., 2012)andvisual data analytics (Bienkowski et,&012;
Bowers, 2010) qupat theseach for patterns it e a ¢ &ceessmdresponse to student data
while theoretical framewogkof use diffusion (Shih andevikatesh, 2004%elf-efficacy
(Bandur, 1977; Dunn eal., 2013a; 2013bjand the TAM (Davis1989);guide theinterpretaion
of thosepatterns.

Overall, the aplication of these methods and thesrprovides evidence fatusters of
data usattitudesrelationships to online datee,the mpact of teache@professional rolesand
possibilitiesfor improving determinanframewoks of online data uselhis discissionis
organized into four areagegarding

1. Relationships b&teendata use attitudes, sdlfficacies, andeaches fles

2. Subgpoups of attitudes selfefficacies, and technology accapte inrelation to tealer
rolesandonline use of student data

3. Possbilities for organizingteacher rols, selfefficacies andtechnology acceptaeinto a
determinant framework fasnline use ofstudentdatg and

4. Possibilities foguidingschool pradtein ways that improvéeaches s d student

datafor instructonal decisions.
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Teachers and schools approach the use of ddtaxadence based on compldtitades
and organizationatonstraing, and nodata seor analytics can provide the whole fpie of
studentsuccess dteacheimpad. Study?2 is an attempt tdisentangle and prioritize st of
these factors anghauld in noway be congrued as an evaluation or judgment of teadiehavior
or performancelf anything, this study sugests thathe datadriven systems created to increas
teaclersdresponsiveessto studentscould bemuch moresensitive andrespongre to teahasd
own needs in the classroom, their attitudegardsdata, theirhardearnedpedagogical content
knowledge, andheir considerdle organizational constraints

Relationships betwea data useattitudes, self-efficacies andteacherroles The
resuls of Study 1suggest foundationghdividual differencesn data usettitudes ad
efficades along with complex relationshifpetweerthese factorsschoollevel, andcontent
area While focusng on attitudes and $eefficacy,as distincfrom online s¢ this section
discusses connections to past studtessefulness of data pes theusetulness of data use
activities,possble clusters of data use attitudes agfficacies, andinally, organizdion-level
relaionships to schodevel and contentraa.

Comparingsurveyresults to past studie§urvey realts on data use attitesfrom Study
2 are comparable to thof®m pas studes. Previous administrations bkt SEDUsubscales
relatedbtead e r s 6 t@watds data dse feund similar meatuea to the current study.
Wayman (2009a), for exampl@undan average and stdand devation of 3. 41 (0. 57)
Effectivenesf Pedagogy and a lower 2.36 (@) Tnean for teacherd uctiosaltUses of Data.
Study 2 foundsimilar means of 3.340(75) and 2.50 (0.89) for the same measures. Both studies
follow a pattern ohigherscoesfor abstract belief in datand lowerscoredor specific

instructional usesf data.Values forSupportfor Data Use wrefound to be slightly higher in the
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curren study, with a mean of 3.01 (0.64) as opposed to 2..856)th Wayman et al. (20%).
Tale 37 summarizes results fno Mesa Public Schd®in Wayman et al. (2009aas well &

results from three school digits presented in Wayman, Cho, Jimerso Spikes(2012).

Tabe 37
SEDU Results<Comparison
Study 2 Boyer Gibson Musial Mesa

Attitudes Towad Data 3.20 3.05 3.13 3.12 NA
Data Effect. for Pedgogy 3.34 3.34 3.42 3.45 3.41
Compute Data Systems 3.11 3.11 3.07 2.94 NA
InstructonalUses of Data  2.50 NA NA NA 2.36
Support for ata Use 3.01 NA NA NA 2.79

Usefulness oflata types In terms of their usefubrss to teacherblCA clustereddata
typesbroadlyintof) t eacher s 6 o waludirgy observatessassaimetd ad a |,
assessmentsh) State Testig datg and €) all other types of dat@rigure37). Line graphs
preseting data types in ordef preferencaddfurther context Figure33 andFigure34), where
t eacher s6 odthe highest aseragemking interien testing one of the lowest
average scoreandstatetestingaranking in between.

Theresultsin Table31 of values for perceivedsefulness ofdata typesproduce an
interesting insance whes data fom the same source is considered both more and less useful.
Teadhers were asked about the usefulnddsoth Lexilelevds andcomputeradagtive testing.In
this paticular case, howevethe administration of the same computataptive eading tet
geneated both a Grade Level Equivalent (GLE) and a Lexile scamading. A studeninight
scoe, for insaince,a 3.5 GLE inreading,indicating3™ to 4" grade @rformance, anc 700
Lexile Measure (700L) both from the same tesg adminigration. Though @nerated from the

same computer test, teachers found the edalel much more useful than the Gk&ae.
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While reasongor this require futher investigtion,one mssibility is that tle closeassociation of
a Lexile score witta classrom decisbn (seletingtexts & an appropriatdevel of difficulty)
makes the usefulness of such a measwch more apparentn icontrast to th6&LE scorethe
Lexile is both a represntation of he stul e nreaslidg ability anef text difficulty (Lennonand
Burdick, 20@}). This option fa teachersof interpreting the Lexile as a measure of texts and not
of the studentanay helpavoid concernsraund minimizing tudents to scores dmumbers.

Usefulness ofdata activities The HCA heamap inFigure 38 presents interesting
subgroups of t,echd daketypespburptieerofcdata usa aotikigs. Twomain
clusters can bmterpretedpneincludingbeliefs about how @ful daais for performing
classroorrlevel activities, suls as setting learning goals and planning instruction, and the other
including beliefs about the validity of formal, seatide, ad teacheimade testsSeparatiornto
these twdactors mirrorsatypology of daa usefrom Schildkamp et al(2017)distinguising
data use for instructigrsuch as setting learning goals andtaily instriction to student needs
from data useor accountability andschoolimprovementsuch as usingssessment resulisrf
exteanal reporting or internal evaluan. Whilenot a grfect match, thelCA groupingof
instructional and testing aspectsdata useKigure 38) provides additional quport for ths
typology.

Possible clstersof data use attitueésand efficacies Additional clusters of fators are
apparent from Study 2 analysesgeheral attitudes towardstd (SEDU), data usefficacy (3D
MEA), andgeneral teachmefficacy (TSES/NTES). Overall general attitudes wardsdata use
effectivenessand padice werehighly intercorrelategdyet distind from data use seklfficacies,
which in turn were distindtrom teacher selkéfficades eventeacher selefficacy drected

towards adajmg instructo n  t o sdedqdabla3d) sSAdew excetions to tese gneral
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separationgre apparent when interpreting Ibtiie correlatiormatrix in Table34 and he
clustering of factors in the HCAeatap of SIBU scales irFigure39. For example, self

efficacy for applying data to instruon is more highly correlated several SEDscales
measuing data use practecandeffectivenessi(= .68- .84) than to othredatause sdtefficacy
scales within th 3D-MEA (r = .37- .58). Additionally, HCA clusteng in SEDU scales suggests
that pereptions of computer data systems and supportifta use ay form their owrsubgroyp

of perceptions distinct from other SEDWales.Takingall these findings intacount, Table38
summarizes exploratogjusters of attitudeand efficaeesfrom Study 2 clusterswhich may be
usefu for choosimg factors for investigation in futarDBDM studies

Table38

Summay of FactorGroupings forDataUseAttitudes and Efficacies

Category Top Survey Subscales

Data Systems and Suppor ComputeData §stems (SEDU)
Suppats for DataUse (SEDU)

Self-Efficacy for Data Efficacy for Data Identificatiorand Ac@ss(3D-MEA)
Analysis Efficacy for Analysis and Interpretatid8D-MEA)
Efficacy for DatalTechnology Us€3D-MEA)

Attitudes towards Effectiveness foPedagogy (EDU)
Data andData Wse Data Use Practice (SEDU)
Data Wse Attitudes $EDU)
Efficacy for ApplyingData o Instuction (3DMEA)

Teacher Seltfficacy Efficacy for Instructional Strategs(TSES)
Efficacy for Student Engagemeg(iiSES)
Efficacy br Adaptinginstrudion to Indivdual Students (NTSES)

These findngs highlightthe mutiple attitudes anéfficadesat play across the range of

data use practisefrom a general stance towadhta, to school support, to specific efficadi@s
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analyss, to general tedwing skills.While sharing limitedrelaionshipsin some caseshese
categories seem tgeratefairly indgpendently, where higher values in ameof these areas
fails to guaantee higher values in anothkr.other wordsteacler® ense that data issafulmay
notrelate totheir selfefficacy for aalyzing datatheir practice ofdifferertiationin the
classroom, or, especially, thagenerakonfidencewith instructional srategies ostudent
engag@ment With the lack of corelation between these egories, it eems importanfor
schools and digtits to separtely considerorganzationd strudures,training, andevaluationin
regard to eachlusterof factorswhen planmg for implementation and evaluation of DBDM
process

Organizational impact: réationships b schoollevel and content areaAlong with
insight into categories bdata e attiudes,Study 2 offers evidence regarding the relasbip of
theseattitudestde ac her s & r o | specialstsat aparcularéevek of sahocdinag.
Relevant attudes include perceptions of spécifiata typesas wel as generatflata us attiudes
and efficacies.

Study2 suggest several differaces in how often middle drnigh schooteachers
reported using data types armulahusdul they perceivedhem to be. ferences appeared
betweercontentarea as well,both whensubjectarea teaherswere conbined for middle and
high schooland when theywereseparatedScience ad Social Studieseaches in particular
followedvery different profiesfor perceived usefiness ofspecifictypes of dataOnemore
generabatternworth furtherexplarationwas hav teac h e reporéed frequencyf usefor data
types was fairly similar aoss content aredBigure27), but differen for middleand highschool
teachergFigure26). Teach e r ero@ived gsefulness of data types on the other handpllowed

theoppasite patérn: similar responses between middle and high sqreglire33), but differing
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regponsedy content area-igure34). Though further evidese isneeded, lis interesting
contrast mayndicatehow differences in the frequency of use particdar data typearemore
relatal to differing expectations anequiremens at different school levels, in thicaseniddle
ard highschool T e a ¢ heecepsois ofthe usefulness of data typesthe otker handmay be
more closely tiedo each¢ a ¢ hneadbsseoh curriculum andpedagogical content
knowledge.

Severaother dtitudes andelf-efficacies appar closely tiedo schoolevel and conten
area Aside fomthe usefulness of datapgs, theusefulness of data activities appears related to
schoollevel, asmiddle school eachers tended teespond more favorépto data usecross all
SEDU scales, wile high schooteachers tended to clustiera sibgroup thatassigned higher
values tahe valdity of formal and state assessrtethan to claseombased instruatinal uses
of data(Figure 38). Thishigh schoobreferancefor the validty of Sate testingnay be duén
partto the close relationship betan high school ate testing and course curriculum, as each
high school statRegents exarassessetheaccumulated content as#tills from ane yeatlong
course Otherschootlevel differencesncluded higher levels ofgrceived support, but lower
self-efficacy for data usin the middle schod@Figure39, Figure40).

In terms of contenarea differences, the most vilghelationship was betvee lower
usefulness of datgpes Figure34, Figure37), lower ugfulness of datadivities (Figure 38),
and lower vales fa data use support and attitudesg(re39), all for SocialStudiesteacters.
Math teachers, in contrast indiedta higher sefuness for dataise activitiesKFigure 38) and
higher valies for dataiseself-efficacy over general teaching sefficacy Figure4l). ELA
teachersndicated a preferae for instrgtional uses of da over the validity of sta and formal

testing Figure 38).
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While evidence from Study 2 does not support nefigces about the gse ofthese
differencesschoollevel and contet area haveeen foundd berelatedtota c her s 6 dat a U s
attitudespreviously. Qualitative studies in partian) boh large and smaliscale, have
highlighted similar differences in hogroups within orgaizationsapproach evidendgg€obun
and Talbert2006; Horn KaneandWilson,2015).Coburnand Talbert (2006)jescrbe how the
nature of work roles anithe specific histories of instructional refan movementsreate pockets
of teachemnd leadership attides tovards the validityf evidence about stlent learnig and
how thd evidence shouldhe usedFor content areas particular,

Professional preparationqgramsprovide rolespedfic and discpline-specific

conceptions of valid edence, professiohassociionsembed meanigs ofevidence in

thar standardsand teachesis®ciations prorote views of evidence usersistent with
practice in their professien Thus there are multiple and at tés conflicting norms of
evidence usehat coexist in thenvironment of public scholing. (Coburn and Tddert,

2006,p. 490)

It seemslikely that these ingrained differences professional training and practice mayeexi
tocont ent t e ac bfthe wsdulness of dat pypes antivities and evendtheir
self-efficacies fordataaralysis

Datnow, Park, andKennedyLewis (2013) also notéhat educational reform meediated
by content area, with differerddms dplaying different organizati@hcultures. The authors
found similarcontentareapattensin their qualitative stdy ofdata use in lgh schoolswhere
the Math department demastrated the furthest advament in a datdriven curriculumThe
authors sugest that thigriority in Math mayhavebeendue to the tendencyto ew mat h fAas

seiesoftda k s or tstkders leasntandbhattemches facilitate to mastery (Datnovet al.,
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2013, p.257). Intnerdisciplines particularly English an&ocialStudies therelative
importane of contentareaskills and contentvas far less estalstied (Dahow et al., 2013),
impactng the depamhe n t s t§ to strbctué DBDM efforts.

While on a smaller scale, @ties 1 and 2 may contribute to mappinglérels@ape of
evidencebased practicand thediffering perceptions oévidence underlyinghatpractice In
particular, onceptufizing data seasspecifc to the inersetion ofschod level and content area
may provide a more solitbundationfor future analysis ofvariation in teacher data use and
attitudes

Connecting toonline use:subgroups of attitudes, selfefficacies, ard technology
acceptancem relation to teacher roles andonline use of student dataNow kringing in
results related to onlingata e, this section first discusserrelations between attitudes and
online use, then reews schol-level and contet arearelationshipgo online e, and findy
discusses podslie subgroups related torade range of factors: attitudes, efficagiproessional
roles, and online use.

Correlations of attitudesand efficades to online dataise.As dscussed more
extensivelyin the resuk sectionsmoderate coelaions were foud between online usage and
DDDM Self-Efficacy scalesFor instance e stremth ofthe correlation betweetotal sessions
and Te ac h eforinterpré&dtidrof @ata ¢ y .47), wvassecad onlyto the correation
betwee total sessinsandperceivedusefulnes®f the Benchmarbata system itselfr = .50).
Overall, teaher responses regarding the perceivséfulness of thBenchmark system drhe
usefulnes®f relevanttypesof datahadthe stongest relatnships tanline use, followed closely
by the slightly more generahta use seléfficacy scales of the 3MEA. Scalesf abstract data

use attitude$SEDU) and measures of teaching sfficacy showed wdato no correlation with
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usage outomes. Even aurvey scaleelated spatically to selfefficacy for adapting instretion

to student need showed almost no elationto online data access, whilelfsefficacy for

student engagementmenstrated a modeie negate correlation tdotal sssionsin the one
compaable studyShaw(2010) also dund a slight negative c@lation between teacher efficacy
and onlineuse ( =-.10).

Based on these exp#iory findingsdata use seléfficacyandtechnology aceptance
factors, such as pmeivedease of useral perceivedisefulness fathe data systerandof data
types appear rore closely related to online access oflstut déa than mee generalized
judgerrents about the importance or effectiges of data use the clasroom. Whilethese
findings may suggegiossibilities for usingheliterature ontechnology acceptance tcchease
t eacher s 6 obstudentudta, tley shoukddse raise concerndaut the disconnects
bet we e n onhlineaaccess, tiwstbongdesire to respontb stuce nt s 6 and theaird s ,
perceptiors of their own efficacyas teacher€ven if succesfully encouraged, increasedline
accessnayhave little impacton evidencebased intervention in the classroanstudent
outcomes.

The usefulness of data typesnd inteim testing As noted abe e , t eaceiveed r s 6
usefulress of data types demonséhone of the relatively stronger relasbips wth online
usageDiscussion ot few specific data types may provigeeful insight ind how teahers
relate tothesediff erentsourcef evidenceThe definiton and impact oformative and interim
testing, for examplehas provoked extensive disssion(Black and William, 1998; Dunnand
Mulvenon, 2009; FilseckeandKerres, 2009). Study @ppeargo highlight somef thesesame
ongoingissueswith interim tesing asoftenpraciced in relation to endf-year standardized

testing.In Study 2tead e r exogiveg usefulness for interitmsting was the lowest for all data
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types and was foundurprisngly, to be unreli@d to € a ¢ h e nesagcess tBénchmark Dta,
a systenprimarily used to distribute imrim testing resultdzigure33 andTable31.

Table31 show stong ageenent about the lower usefulness of staddaadand formal
assessments as compared to teacteated assessntsrand observations. On the other hand
line plotsin Figure34, Figure 35, andFigure36 showhow opinions about data types can differ
quitea bit by content ardaoth within schols and betwen themMath teachers, for instance
tendedo rark the usefulessof data aavities highe than other comint areas and demonstrated
higher actual use ohé Benchmark Data systemgcantentareatrendmirrored in Wayman edl.
(2017).

While one possik explanation foMatht e a c lhigher gség of orline testingsysems
is ther greater corpetency with quatitative reasoninganother possible explanatitas inthe
strong alignment foMath teacherdetweertheitems on nterim assessmés) state sindards
which categorize and rank thfficulty of theseitems,andclassroompractice centeed around
the frequent use dlistinctmath problems. Fdviath teachers, accessing online data on interim
assesment may be particulpruseful: knowng which itens students got wrong allows for gkiic
selecton of similar itemsfor classroonpractice or bmework, while kowing that an item
matdiesathird o fourth grae standard givedlathteachers a general semdgrerequisite
skillsand difficulty. Qualitative findings from Datnow et al. (2018)entionel abovemay
supportthis interpretaion.

This level of alignmenbetween interim testg, standardsand classroomractice is
difficult to imagine in other coent areas. In ELA, foexample, classom practicenay focus on
discussion, reading cgrehensin, andwriting tasks on previouslystudied texd, noton multiple

choiceitemsand ondemand writingpromptsabou previously uareadtexts The interpretation
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of item performance a&ording to ELA sandards preents difficulty as well, when failarto
ansver anitem correcty may ssem fromoverall textdifficulty of a passage and not from
difficulty arising from theparticularcomprehension standard attachedrtatam. Social studies
andScienceeachers faceheir own difficulties translating stue nintexid test performaceon
a smallsample of cotent knowledgétemsinto more generatlassroom planninfpr conent
review. Student prformance on itemassesfg a very specific ement of contenknowledge
might serve as a useful, biattherlimited jumnping off point for adaping instriction. While
making instructioal decisions based de@edbaclof the standardlane,s uch as, #A50% av
performance on stalard 9.2 Belief Systens, Rise and Imp ¢ t , 0 vereeew lesk direct
connection to insuctionthanfeedback baseoh paticularitems. In disciplinary contexs where
online data aass is lower, the level dype of information availabl&om interim tesing may be
simpy out of step with tle type of irstructional decisions that teachers ableor interested in
making.

These obswations, whie speculative, layn with qualitative vork on the role of
pedagog@al content knowledge in eviderbased practie. Multiple researchs have
highlighted therold hat t eac her s 6 knpwdedge(§halgan, d9Bbplaygsmnt e nt
activating evidence foclassroom useCoburn, HonigandStein (2009and Coburn and Taért
(2006) have highlighted this need fromistdct-level perspecte, while Mandnach (2012)
approaches the conversion of datan&irucional practice froma teacher trairing perspectie,
referring tothe need for pedagical data literacy. More rectly, Horn et al. (2015) provides a
framework br analysis of teachgy e v i-bdselpracécej ncl udi ng teacher sd e

stancethe repesentdions of pratice they emplqy, activity gructures, and pblem framing.
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Sud schema hee great potentialdr qualitative work aimed at better mappinglcipline
specific pectices relatedo evidencaise

Relationship of schoolevel andcontentarea to online datause Both theresults of Sidy 1
and previos work (Gold et a] 2012; Tyler, 2013; Wayman at, 2009a; 2017) point to
substantial diffeneces in how differemichool levels ad differentcontent areas use online data.
In fad, schod level (Elementarys. Jurior High) is one of lhe only factors @nsistently
significant across studies of onlidata use. Shaw and Wayman (2012) and Waymah et
(2009; 2011) found e a ¢ h e e ws@sigoitmntly higher in the elementary gesd(37 6™),
while Tyler (2013) found usge significatly higher for eachers of grades®-8". Descriptive
work by Gdd et al.(2012)finds online use of the NYC AR system greater foniddle schools
than for bothrelementary and high schools. In a@ast toGald etal. (2012),Study 1 of this
dissertatiorfound substantily higher useof a testing and assessment systenhigh school
than middle schod[Table13). While comparirg acossdifferent types of data use sgstsand
different school disricts complicgées thes results, dwool levd appears to play a key role in
online datause.

Comparisons obnline ug betweencontent aretéeachersareeven fewethan those for
schoollevd. Wayman et al. (2017) found thamnior high schod Mathteaches cemonstrated
roughly1.6 times tle prevalace of use ofunior high schoolreadingteachersand roughly twice
the consistency of use. Stutlyjound thissamedifference if slightly mae pronounced, with
middle schooMathteachers demonsting more tlan wice the nmber ofsessions anduration
of use as middle school ELA teache®sudy 1 régsie dascriptions of high school usage, where
ELA, Math, Science ard Social Studieseaches al facel statelevel testingpressuresalso

found diferences beteencontent aga teachrsacrosamultiple usage metrics able18).

258



There arehoweveralternative explanatits forwhy theonline ug of one ©ntent area
might exceedhe usage adinotherin one explanton, differences ironlineusemight arise from
thedifferent perceptionsf the usefulnesthatdifferent content areas hold ftire available
student datdn another, the same differences niigbe explained by organizational tacs.A
principal with expettisein English might povide nore individudized coaching for ELA
teaders, accessing and s$lyasizing online assessment datdlteet e ac her sd behal f
leaving Math teachers taccesshe data system on theawn. Under tliese conditionsELA
teahesmight b e A andine stslent datayjs as requentlyhrough tkeir principalas
Math teachers, but their online use would appear much lower. Inamnubisible scenario,
different asistant principals overseeing diffearecontent areamight equire their assigned
teamdto train and engagwith studentdatadifferenty. Such requirementsauld overwhelm the
effects of any individual e a c tereleng®tovards online data usédentifying some of the
most plausible ofitese possiblexplanatioswill be a fruitful aredor future investigaton.

Neither Gold et al. @12)nor Tyler (2013) ppear to address differences in how content
area teachers acsegnline systems. Further exploi@t of how schoolevel and contentraa
impact teabh e rodire datause are criticaldr shedling light onhow teacher rolesnpact
DBDM.

Identifying subgrops ofteacher attitudes, efficacies, professional roles, andiros
use. Previous studies of teheronline data use hay@imarily suggested subgrqs of teaher
behavior based oroverall frequency of us (Gold et al., P12),but notonteacherévarying
patternsof use ordata usettitudes Typologiesof teach e r s-line dath dse havbeen proposed
as well, based on qualitative aym$. Wayman etal., (2009a) describeabree ypes of teacérs:

those comletely opposed to data, those ivda of data as a supplement, and those who feel data
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is essendl totheir practiceBased on irdrview and surveylata, the Gates foundation pregd
a morecomplex typology of six tyges of techer approdees to data ahtechnology (Bill &
Melinda Gates éundation, 2015)More recentlyGraves and Bower (2018) use ¢at Cbss
Analysis of nationallygenealizable surveylata to generate a foeatasstypology oftednology-
using teachers.

Reviewof subgroupgrom Study 1 &sed on online useStudy 1found adlitional
subgroups based dne a ¢ ¢tnkne Iseldaviors when weed through the lens dfJse Diffuson
theory (ShinandVenkatesh, 2004V ariety ofonline usewas found tointeract withfrequeng of
useto produceoverlaing, butdistinct groupings of ontie behavior. For example, while many
users from a cluster of dif-frequency usage (Clusih Figure21) overlap witha sparate
cluste of users who pridtize test @ministration finctions (Clustl,Figure22), otherhigh
frequency userslustaed into goups thatprioritized the creation and viewing student reports
(Clust2,Figure2?) or theviewing of test resultiews (Clwst3,Figure22). Thereis, in oher
words, more thanne way to be a higirequeng user. Similarlymiddle and low frequency
usersalso prioritzeddifferentvaridies of functions

Subgroups of frequencyfmsistency, as well as vaty, appear stngly related to
organizational factorsparticularlyto content area, and possibly toegjialized teacheptes.
Overall usage itself alsappears hidi relatedto schod-level trairing and &sting schedules, as
seen in usage timelines $fudy 1 Figurel8 andFigure19). In future studies, &sing inErenes
of teader data use on overdilequency/casistencyalonemayoverlookeither imprtant facets
oft eacher s 6 vaiticdl gganzationafactors e o r

While the usediffusion framework(Maull, 2013; Shih and Venkatesh, 200dhovided a

useful sarting placefor the analysis obnlineusg, the dility of theframework itself wasapidly
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repla@dby the identification of specific figroups of data use, each preferriogess to a
specializd mixtureof system functiondt may be that a strictenierpetaton of use diffusion,
conceptualizig frequery and variety of use as simgtlimensions dming a fourquadrant
typology, mighthave overlooked interesting subgrombslata useln contast, the lustering
approach employed iBtudy 1 identifid five possible subgroups of te&ers énlinedata use
related to ) trainingbasedassessment aryals, (b) assessment managemeia), gudent
centered analysisd) multiple measures amgsis, and (€) intensive assessment management and
analysis.

While Study1 oonsiders these five sgiooups in reition topreviousteachetypologies of
dataor techndéogy use, also important twonsidelis how thesame subgroupmight relate d
e d u c agbats inssidgdat, whether their purpose is in usidgta foraccountdility, for
school improverant, orfor instruction (Schildkamp et al, 2017)n other wordshow might
these teacher grougefined ly online accesbe using their onlindaa? Without a more fine
grained analysis of teachenlineusage their inteidns reman largely opaque, but@nme
tentativeobservabns may be worthwhile.

For example, he lagest identified subgroup of teach8rsrainingbased assessment
analysi® primarily accesse Benchmark datduring training sessions designedaiacourage the
use d online reports presentingtudentlevd interim testing datasuch asummative tesscores,
correctness of items, and performance omdtads. Teachers in this subgroupfamisng
acces®n student datshat couldnhypotheticallypbe used to maka varety of instructional
decisionssuch as settg studen learning goalsgonducting tem analysisarrangingsmall
groups forfocused instuction, or selecting standards forteaching. While the possibilityor

instructional usexists it is unclear whiher teackrsin this category aessed the syem
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intensively enough to translatedhrelevant infamation into specific lesson plaand, if they did
so, whethertheseclassrom interventions would be suffient tosubstantially increase student
learning

Two other subcategoriesfteac h e r s Gusemsessnemtananagement and interesi
assessmentamagement and analysis, defingein regardto managingassessments, as ogpd
to analyang them While sich behaviordall outside the bounds of onlinaid use casidered in
previous atdies (WaymamandShaw 2012; Tyler, 2013), some telaers appear tnd value in
assessment platformgrictions forcreathg assessments or @hclassroom content.
Unfortundely, the current level of analysis cannot detiee whetlerte acher sdé use of
asessment managnen functionsis impacted by some preding analysisf st udent s6 pas
performance ois simply predetermined by the nextitunf study. While not explicly related to
changes in daily instruction, on& behavics that integrate theralysis of pevious asesments
with thepreparatiorof future assesnentscould indicate strong levebf adaptability and
knowledgeseeking orthe part of the classroom telaer. Data use in #se casa would consist
not just of andysis, but of the arragement of inqiry to produce more reliabler actiorable
knowledge abroader perspective that might enquass more stages aflatause cycle.

The final two subcategories ohline use, studeftentered analysis and mulgp
measurgaralysis nay servemultiple purmpses. Studert-centered analysis, wheitge teacher
views a profile ofthe available performae data foone studenmight serve amstrudional
purposesuch agreating individual learning goals across cahtges, or, dternatively, a
studentcenterd view mightbe leveraged in the accdability context of parentteacher
conferences (Schikhmp et al., 2017) dor a childstudy team vhere teacherdiscusone

c hi | d énsore holisticdlly in relationatan indivMdudized student plathat functons acoss
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classroomsSuchstudenicenteed analysisnight be less efficient, though, for malyj traditional
classroorrlevel instrucional decisions regarding stedt grouping or wholelass reteaching.
The find subcategry of use, multiple masures analys, involvesreports where
individual sudents are repsented in rowsvith their results irmultiple assessments listed in the
columns ofthe reportSuch repoling might be easily applied to school improvermefiorts,in
an analysis ofrends instudens performance across multiple assessrseand classrauos.
Another possible uder multiple measures analysisight befor assiging studentsto
schoolwide progamsfor remediation or enrichment. This purposkselectng students for
scloolwide program seems tofall outside the category ofadia use for irtsuction Thoughsuch
ananalysishas ami f i cati ons f girmasnot explieity alenhstrictiosihanu ct i on
existing classrom. Perhaps aore appropate category for sutdata usenight bethat of data
for analysis, propasd by Riehl, Ede, Nagarajan, Schwitzman, and Vewfik(2018). Data for
analysis describabe ue of datato solve altbat i on pr obl ems, f i nghi ng wa
studentdo tracks, teachersy supplememtryservies ( Ri eh!|l et). al ., 2018, f
Overall, tre largest category of teacher onlingald training-based assessment anal§sis
seems tdall, at least hypotheally, into the category of data use for ingtion. Thedaa use
purposes ofheother idetified stbgroupsfor assessment managem, studententered, and
multiple measures analysase less clear, suggestisgmediffic ulty in aligning types ofeater
data users witbnly onepurposeof datause The compéxity and flexibility of roles and
regonsiblities in school settigsmayencourage useaypologies that combine multiple puiges
of data use as teacheis for differentanalytical goals acrostheir classroom, committee, or

leadership respwbilities.
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Additional sibgrougs based omole, attitude, andusage. While a subsebf teacher
attitudes and efficacy correlate modergti®l online use, clusters based on éatiudinal
factors do not mp neatly onto online data usage. When clustazedrdingto attitudes and
efficacy, for exanple, highfrequency users @lustl(Figure2l) are dividednto multiple
clustersand subtusters according to #ir dfferences in perceived usghess (PERUSE)faata
activities Figure 38) andgeneral dta use attitude§€SEDU Scaledrigure39). Consideing HCA
heatmapesultsfor attitude and efficacythe moseffective factorsfor grouping high fregency
users were those basedPDDM Self-Efficacy (Figure40), perceived ese of use (PEO)for
thedata systemHigure42), andPEOU and PERUSEf data typesKigure43). Thelad of these
clusters, based dPEOU aad PERUSE of data typesppearsto bethe most successful in tightly
clugering high frequency users.

Table39 attenpts tosummaize some othesecomplexrelationshipsbetwesndata use
factors, school lesl, cortent area, and onlingse. Wherviewed through the rictescrptive lens
of Study 2 varied ancconflicting motvations for teachers become apparent. ELA teachers may
privilege classrom use of data ovdormal testing but high school teachers mésel the
opposite Where, tha, does aigh school ELA teachdind value?Math teachers may have
geneadly higher onlhe use, but also feel less supported in data use andflsssvefin heir
general teadhg practice Why is a lack of support in thissse related to higher onlinese?
While higher PEOU and PERUSHppea strongly related to tgheronline use, PEOU and
PERUSE are mixed for many teachers and appear to furvtibim the cotext ofan impactél
set of orgarzational factors.

Middle schoolteaches, for instancetended to expess lower sekefficacyfor daa u®,

lower usefulness for datctivities, andower PEOU and PERUSE for the Benchmark system.
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At the sameime, howeve, they expressethore satisfactio with support and technologgif
data use. Middle schooldehers ab indicated frequent usaf sdtware and discipline data,
neither of which wereavailable in the Benchmatkystem(Table39).

High school teachies were moresupportiveof formaltesting and lessupportiveof
classbom data use as comrpd b middle school teachers. @halso tended tduster around
lower satisfaction with data use support and mogaitne general attitudes towds data use,
while at the sana time uang the onhe system at highmeates han middleschool teacher@lable
39).

Important to point out is the degree to which clusbérsgh freqency usage were
unrelated tog¢ a ¢ h e r sirdthelgenéraingdrtance of dat use, theisefulnes of classroom
data use activies,and even beliefs ireacheréown teaching d&-efficacy for adapting
instruction to individual needs. Whithis diconrect makes explanations of amdi data use
moremanageable, ishould caution dwols and gstems tht successfly implemerting systems
for online data usés a far cry fromimplementingresponsiventerventiors andsuccessful

classroom instruction.
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Table39

Summary of H& Heatmap Analyes

SchootLevel Conent Area
Factors Clugered HCA Column Qusters HCA Row Clusers Relationships Relatiorships Online Use
Lower Frequency Soc Stud +
Reported Fequency of L L .
>Software/Discipline  Software/Disdpline + Middle + ELA -/ Math + Lower Use
Use for Data Types ) oL )
(Figure31) >Testing/IEP Gals Discipline/IEP + High + ELA +
g Higher FregencyAll Soc Stud Higher Use
Perceived Usefulness of >0wn Data Lower Usefulness Soc Stud +
Data Tyges >StateTesting Mixed Usefulness
(Figure37) >Other Daa Types Higher Usefuhess High +
) Lower Usefulnes Middle +
Perceived Usefulness of )
L >Classroom Use Classroom Use / FormalTests+  High +
Data Activities .
(Figure 39) >Formal Testing Classroom Use + / Foah Tests- ELA +
g HigherUsellness Middle + Math + / Soc Stud
Support - / Generdi High + Soc Stud +
General Data Attitudes >ComputertSupport Support + [Generall Middle +
(SEDU, Figure39) >Attitudes Suppat - / General + Math + Higher Use
Suppat + / Geneal + Middle +
Data UseSelf-Efficacy Low Efficagy Middle + Science
(3D-MEA, Figure40) High Efficag Higher Use
DataUse and Teaching i Teaching + / Data use
) >DataUse Efficacy i .
Self-Efficacy (3D-MEA, _ i Teading - / Data use + Math + / ELAT
_ >TeachingEfficacy . i
TSES Figure4l) Teacting +/ Data use + Higher Use
PEQU for Benchmark Dat Lower PEOU Soc Stud +
(Figure42) Higher PEOU Higher Use
PEOU/PERUSE for SPEOU Lower PEOU & PERUE Middle + Sciencd
Benchmark Data Mixed PEOU& PERUSE ELA +
>PERUSEof Data Types

(Figure43) HigherPEOU & PERUSE Soc Stud Higher Use




Possbilities for organizing teacher roles, selefficacies, and techology accetance
into a determinant framework for online use of stucent data. Correlatiomd and HCA
evidence suggestsat DDDM Self-Efficacy andTAM factorsof PEOU and PERUSH®ould
make astrongcontibution to existing determinant frameworks for DBDparticularly in regard
to online dataise. The twoTAM (Davis, 1986)factors were more ggestive ofonline use than
were attiides for the general effectiveness of datd were potentiallynore effedwe in
clustering high online usage when used togetien wherconsideed separately.

Figure50, following, lays ot asimple diagram vthin the structue of the TAM,
including factors relevant to Studiesdd 2.While a full determinant framework woulddtude
a wider rang of organiational and other factg the framework presented herdravs only on
factors and fidingsfrom the currentstudies.To expand the outcomes of onlinse Figure50
collects esults fromStudy1 regardingusage metricéTalde 22) andtypologies of user behaer
(Table23). To identify and categorz e d et er mi n a meé data osthedamefigurb er s 6 o
drawsfrom summay Table38 andTable39, aswell ascorrelatiors fromTable35 andTable36.
Asin Study 2, PEOU inalides elements of DDDM 8eEfficacy and systerspecfic ease of use
Thefactor forPERUSE however, has been expanded beyond isib application in Study 2 to
include some of therganizational factors that may impact the perceiveefulress of datass
well as seHefficacyfor appling data tomstrudion, a surveysubscalewhich consistently
clustered withfactors related tperceived usefulness in HCResults Facilitating condions
identified inFigure50 relateto findings fromStudy labout the strong relationghbetween
profesionaldevelopment andsaggFigure 19). Thoudh Teacher Efficacy had almost no

correlation to onhe use, it isncludal inthe schema based on H@&aults indcating a possible
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relationdip betweerhigher usagefor teatersand the combined presenofhigher teacimg
efficacy and IDDM efficacy.

Online usage outcomesuch as sessioand actiodevd patternsfound relevantin
Study 1 indicate that dine usemay differ in important way beyond ovell frequency and
consistencyln fact, it is imprtant to keep imind thatfrequercy itself is not areliable proxy for
mor e MfASuUCcCces s Mhauseds, nuesiraegsgntin an ondine system may inadite
uncertainty or inexperience tagr than morefficient and sucasful useEvaluation of
Aswes s f ul ttomesnmglsodifferuaccording tsome of the samschool or content
areafactorsimpactingthe percaved wsefuness of datand datasystens. Sucessful online use
may lookmarkedly andystifiably differentfor a high school special edation Englishdacher
assigned tononitors t u d Respgorséto Intervention (RTI) progress than fmiddle schol
Math teache with and no additional resnsibiities. A valid model otead e rodirie datause
should be ble to incorporate a range sxiccessful pattas, as opposed tmplicitly judging

success in terms afcreasing frequencyf use
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Perceived Ease of Use

[ System-Specific Ease of Use

[ Data Ident. & Access Self-Efficacy (SE)

[ Data Analysis & Interpretation SE

(N R N —

[ Data Technology Use SE

Perceived Usefulness

{ Usefulness of Available Data Types} Online Usage Dimensions
[ Usefulness of Data System ] [ Total Usage }
[ Apply Data to Instruction SE ] [ Session-Level Usage J
ﬁscipline—Speciﬁc Tasks, Skills, and Content ] ntention [ Consistency of Use ]
[ Discipline-Specific Data Needs ] [ Concentration of Usage J
[ External Accountability Demands ] Va"iitiy n‘:)iiei.cllsil:ser
[ Specialized Teacher Roles ] Specialized User
[ Teacher E fﬁcacy] Intensive User

Facilitating Conditions

[ Data Systems and Supports }

[ Internal Assessment and Training Schedules }

[ External Testing Schedules }

Figure 50: Summary of explatory relationshipsbetweenPEOU, PERUSE, andonline
usageNote. Since Study 2 failed to test wrcausal relatinships or pathways,otted lines are
used to show proposed relationships between factors.

On the one had, theseeaults and discussiomdicatethe possible contribution that
relevant theor ard an exploratorydataintensive approacbanmake tofurther understandingf
teadh e rodifeuse d data.On the other handecognizingthe importage ofthesetechnology
aceptance and seéfficacy factorst o0 t e a ¢ h e r wlypopahathaorta martee s s
qguestionsabouthowt e a c pecepsend ofease dbuse and usefulnesslat to local data
systems antlow thesepersonafactorsinteract withthe organizaonal factors that have pjed

such a large role in thesestdts While thes studies cannotpvide clarity around thealative
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impactof individual versus @anizational factora online usethey do highlight a&ase where
large variationn usagepersistsamong users in the sanxhool, responding to the same
organizationbstructures.That sut variation persists undsimilar organiational constraints
seres to emphasize the importanof individuallevel facbrs in data se decisionsas well as
the needor more research to the relationshipbetween teamology accepnce self-efficacy,
and ubiquitousorganizational factorsuch as schodével, content aredraining, assessment
schedulesand specializedesponsibilities.

Possbilities for guiding schod practice in ways that improvet eacher s6 use of
student datafor instruct ional decisions Studies 1 and 2 offer a rangeiokights anddols for
the use of stient data in locachool contexd Some of tese insights applspedfically to the
local coniext of Progress Secondaryhie others may have value mom@adly.

Implications fordata use &ProgressSecondary.Dashimards createdf school leaders
(Figure45 andFigure46) suggest several areas fimquiry and interventionOf biggest
relevance to the Benclark Datasystemare thdow rankings for the wfulness of intem and
standardized testing across all content arBeacher leders shold engage irstructurel
explorabry conversations with contentabms examining wly interim tesing is perceived as $s
useful and whether famot) it can be made amne useful. At thesame time, the leadership team
should reexamine lhe goals ofnterim testing andconsidemwheher thosegoals might be met
through the ge of types of da that teachs consider more usdfisuch as teachenade
asessments, gradebogl® instructionakoftware.

Aside from thesschoolwideconcerns wh interimteging,themi dd |l e lewerh ool 6 s
onlineuse d Benchmark Data and lower datise selefficacy for ELA, Sccial Studies, and

Sciencecontent teamgFigure45) should prompt a dialogue centeredund thedata priorities
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of these teams, thetontent-specific decisions and needsrfevidenceWhile the middle school
Mathteam demonstrates/erall higherdaia use efficay andonline use, severaldehers idicate
lower levels of support and usefabs of datalThesenealsshould be examined with theamas
well.

While high school tachers demonstred higher levels of ome use and generalhigher
data usefficacy, hey also idicated the sameoacerns a middle school about interim testing
(Figure46), promptinga similarinquiry into how interimtesting might be made more uskedr
whether its goal miglht be fulfilled throudp othersource of data. As opposed tine middle
school, where percaphs of useflness an@fficacy appear to be the mgsessingneed, a
general &ck ofsupport seems tcharacterize teacher attitudestive high schooln partiaular,
while both theELA and the Social thdies team demotrated much lower online data usee
needs bthe ELAteam appear to be more focuseth ladk of support, whi¢ Socid Studies
team apears reticent about data usearms of support, udness, and ease of usesa
starting placedr better understaling the needs of tH&ocial Staliesteam, itmight bevaluable
to first talk with theone menter of the team wdhhdemostrates highedaa useattitudes and
efficaciesin order to get a coahtspecific perspective oth e t e a modsposeildy®d s an
recuit that teacher for a leaderstipmentoringole araund data use in thgocial Studés
cortext.

Along with sclool-level and content tan differencesStudyl alsoidentified several
subgraips ofspecialized use with the Benchmark Datsystemstudentcentered analysis,
multiple meastes analysisand assesment managemerithrough convesaionswith these

usersschoolleadership may ant to identify the specific tiks and decisions theyre seking to
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inform and hen assigninternal,district, or vendr staff toiterativelydesign reorts tailore to
anyregularly occurring evideneeasddecisons.

General impications for evidence usin schoolsThe line graphdiCA heatmapsand
datadashbards of Study 2 abbfferthe possibilityfor schools tanalyzedatause andittitudes
acress schools ahcontentareas. Such profiles efficiepthllow for the diagnosisf spedfic data
use isses, as demonstrated in the getabove. They alspresenta  bi r d 6 s owrgle vi ew
program cokrence and alignmé, allowing leaders to quicklysaess whethéeacher6 dat a us e
andperceptions ofisefunessmatchl e a d e r s hiptiye @&gectatine FRorcexample, if
teachers & expected to use Ld&ilLewels when assigningxes to lowlevel realers, do
visualizaionssuggest this use of datadgscurring If leadergip perceives interim testing as
useful, but teachers do not, wihe is the discorect? Line graphs in Study 2 aiso usefufor
assessg the degree to whicketche r s 6 p e fign acps<iorten areasor other
subgroup. Of caurse contentareas mwfeel differently about data pesandactivities for
importantand legitimateeasons Acknowledging and encougang discussion arourttiese
differences is panf the function othesevisualizatiors.

Implications for teacher traing. The literature ofdatabased decision making haada
substantal focus on how t&cher training itersects with data and assesstiiéeracy (Jimerson
and Wayman, 2015; Mandinaci2012; MandinactandGummer, 2016). Sih work has made
suggestions retad to teachetraining that align with observationsoim Study 1 andStudy 2,
particularly in regard tdahe critical importance of defing data broadly anaf including
pedagogical amtent knowledge as @re component dfaining in evidencdased praate
(Mandinad 2012; MandinachandGummer, 2016). Atite sametime, Sudies 1 and 2 raé some

possibldimitations to the focus on telaer education as a mesaofleveraging evidencasefor
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improvementm schools. Specially, in Figure39, Study 2 suggesthat possibleh-clusters of
teachers may feslpported in their use of data and coafitin computer sysms for using
data, ye still have lesshanpositive attitudesowards data use and feabre negativel about
data use practice and effectiveseMany teachersdespite scorigthemselves higlt on DDDM
self-efficacy factors and easé system uséFigure4?), still show low usge of online dta,
allowing organizaional training requirements tteermine the majority otheir acess to online
testing data, often at the minimum level requitedhese eses, morerad betterfaining may
not bethe solution.

Stated in terms of hTAM andteacler factoran Figure50, increasd training may
partially address some of the selfficacy factors related togpceived ease of usbut may be
much lesdikely to impact factors related to the peiredusefulnes®f data syeems and data
types, especiallin cases where teachers are uaébimpactexising school systems or where
convincing successfuéxampleof contentspecific &idenceuse are unailable Many
organizational factors impactinteatier datageareoutsi e of t eacheresdé6 contro
constraints of training, timend protocols, tahe management of external accountability
pressures, to #development or puret®e of online testig and éta systems, to curricular
decisionmaking and the impementationof schoolwide intervention strtuies. With these
significant orgnzational impats, any efforts at enhancing teacher data use througheteach
educatioralone® without extensive effds at understanding and improving evidence @ag a
organizaional leveBd may see limited success. Fitstte r st andi ng t$®aedher sdé ov
logics, repesentations, and practice of evidemse andater, or smultaneously, design@or

adapting systemto syport these existing, practidxmsed gstemsmay providleamore
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productive path for enhancirije usefuness,usability, adoption, andltimately the
effectiveness of evidenagse for student learning.

Overall,the resultsof Study land Study 2suggestthattd aci | i t at e teachers
in DBDM, schools shouldhift from accountabilityd r i v e rsizef i ¢ gl@daaiseb data use
thatengages wider range of evidee ands differentiatedby the professional structures of
schools: less das-driven decision makindasel on accountabilitybased testingand more
dedsion-driven dda makingbased on theorntent and contextspecific needof teachers.

Implications for data use softwar designers ath companiesAlong with suggestias
related o the developmerof recommender systems dissed in Study 1, evidenceom Study 2
may encourge system designers to prioritidevdopment ofmethodgo facilitateteacher86 e a s e
of use within he systemalong wit customizatiorby teacher roles aresponsibilities.
Softwaredesigners may also decidestgoportembeddedlecision-making functimswithin data
use systems to make the usefutnekdata more relentto users. However, findings from both
studies suggeghat a majopriority for any dda use system is the tailowg of the system to the
particdar roles structues and needsf theschool, many of which may changapidly andon
an ongoing basis.

While one day data use systems may be igegit enough rzd/or data sence expertise
avalable enough to satisfy theeeds of school$n the meantne, data system mdors might
efficiently satisfya range of school data use needs fioyiding ongoing, @note support from
educational data sciensgAgasisti aad Bowers, 207; Piety, Hickey, ad Bishop, 2014 While
tradtionally software vendors prade ongoing traimg in the use of theparticulr product,

s ¢ h o caybérefit mordrom the ongoing spport of an educatiorprofessional who can

knowledgably iterface with a shool about theistructures and processed)ile also efficiently
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building schootspeeific reporting capabilitie®r collaboratingvith softvare designers on the
development of ataintensive or desiontargeted repds. Training in systenuse under thes
conditions beamesa natural etension of the needs of tlesehool, as opposed tione spen
learnng touseyet anotler onlinesystemWhile roles for educational da scientists mighdlso
be housed withm districs (Agasistiand Bowers, 20Y), independenschools or smalbr rural
districts may strugle to hiretheappropriate exgrtise. Educadnal data scientists eaged
through software vendors would be positidrte anticipate sajol needs through résw of their
online pratice (with appropriate permisions in place)inform theirorganizationaktructures and
process, and ragly leveragereporting capabilities deloped acoss a network of school&iven
the omplexities of lochsdhool structuresrad dynamics, the mosmnpactful soluibns for data
use companies totegrae and maximie the useof their onlinetools maynotbe a software
design decision, buatherthe cration of new roles for supportireghoolsandefficiently
comnunicating feedbacketween schools andsaftware provider

The information market sygem: a shift in thinking about evidencebased decisions
in schools While admittedlybeyond the scope of these resythis section reflects on possible
theaeticalframeworks that might better represéme complex naterof how schools use
evidence fodecisionsSupporting vark by Piety (2013), thbetrogenel of resultsn these
studiessuggest that neither a techdigegew of evidence useadvacating fa moredata andbetter
training nor asocialview of evidencefocus ng o n @eatcepasanbeled
sufficiently advance undersandirg of data ue in schoolsParticdarly, the proposed typologpf
online dda usgFigure24 andFigure 25) based in both frequency amariety of teache use
suggetsthat teacheraresearching for value in dasysems in waysinanticipated by a

monolithicunderstad i n g a 0 fgtafiteray, or gereralizeddata use attides.The
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framework that Piety (2013uggest, and these studissipportis that of the rarketplacea

marketplace ofmall, discrete désions about educational inforation and its use$he

marketplace iew acknovledgesthe complexity btheinformation system while giving a central

placeto thequestion of how userggerceve value and makspecificchoicesfor information use

The markgtlacemetaphor readily handiehe complexityof how different edud@onal roles

intersect with types of data amdth goals for analysisSometimes thesatersections oaa in

unexpected waysPrincipals may find value infine-grainedgradebook data famproving

instruction, whileteaches may find valuableuses for state testing data inform school

improvementlUnder amarketplaceview thesedataarectg o od or badieforut have |
specific irdividuds and purposes ( yYP20EfThe ValueExchang, paagraph 2

[At] every instance of informiain use, an exchange is made; vakjgerceivedThat

exchange, in many cases, mayadiwe simply spendig time in onevay or withoneset

of tools versus anbér. . . When pradiioners find value in theata for their teaching or

managing, they will likly repeat the exchang®iety, 2013The ValueExchange,

paragraph 1)

Such markebasd systems are alegly playing a growing rolalongside districbased
programs A recent aidy finds thaB7.6% of instuctional software licenses purchased through
districts are not used intensively (Bakend Gowda2018) Yet, otheronline products médseted
directly to eacherssuch as ClassDoj&haykowski, 2017)Kahoot!, or Gradecam appeto
find widespread use&swch edicational applications, along with onlinersmunities such as
Instagram and teaerspayteaches.com are upending district and schbierarchiesdy appealing
directly to teache sénse of valueSuch apficationsmay bemore successful than district

administered programs in tapm the potentialof teaclerdpersisentattemps at sensemaking in
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the classroom (Riehkal, 2018) attenpts thatare oft& disancedfrom analysisof standardized
testing

While notexplicitly advocéing a marketplace franaerk, Coburn and Talbert (2006)
describe how in respse to district level pressures evidence intie form of standardized
testing, refomsshouldfost r a fi sy st e nthaballowefer andl suppts @cess soe
differentkinds of evidence forfferent pur poses at di f fCeeatiagihis | ev el
syst em ianglwmbnd the slefuge oktandardized test scoresctalect and nake
accessible to educatordmader range of datagable d answering diffeent kinds of questions
thatpeople in different roles face inthecoursée diei r ongoi ng Watbetk. 0 ( Cob
2006, p 491). While not as fingrained as ansideing ead data use transaction asegegate
unit, Coburn and albert(2006) recognizé he need fwwdendeofferenmndi ffer
pur poseso adl siadiwiftehriem tam seggksiing astong dexibilityins y st e
defining value een for the sare useyas theyengage in dferent purposes for datese.

As exploratoryvisualizations timelines oflog file analyss in Study 1 andHCA
Heatmapdrom Studies 1 and Zarewell suited br idertifying pocketsof valueand subgroups of
usagebehavior, where teachesbexchangewith theonline data use systenn anotherform of
datahasb e e n A porlrotiese cased rifoemation needareinferred fromthe actions
individuals take to sdeout anduseinformation actions which may bleeavily nfluenced byob
roles, ad ho responsibiiti es, and organizatioheontext Visualizationsof the search for
information, suchas those used in Studies 1 andhay beparticularlyusefulwhen it canes to
edalishing segments of value to teachersther users.

While the ramifications of ik switch in perspective affar from clear, oa impact would

be to consideboththe technological data systems that sch@ohploy, along with their
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collaboraive and oganizational structuresll as part of onenarket system,heinfrastructureof
which, whenwell-designedsuppors eacheducatorin searchmg for the informatin theyneed n

that momenandfor that goal.
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Limitat ions, Contributions, and Future Researb

Severalimitations of this work have beensdussed throughd ard a fewwill be briefly
returned to herelhis study &amines evidenckom a small number deacters, inone school,
over one semester. Given thdsnitations, any inferences or obsations ae tentative at best
andcannot be condered broadly aplicable. The Benchmark Btasystem was analyzed in its
first year of adopdin, so anydentified patterns of use ay be diferent fromthe stable use of
experiencd users. Survey measures were admirestenlyonce and at the end of the school
semeter, giving no ndicaion of how attitudes naht have changed over the ceeiof the
semesteor in rehtion to use oftte onlire system. Finally, even one school isoenplicated
place to study, and thereris doubtthat many additional and confoundifagtorsimpacted
eithe teachesbaccess to da or their attitudes aboutater the coursef the stug.

Despitethesdimitations this work makes contributiorte thestudy of DBDM In its
analysis of lodiles, Sudy 1 expands the range of usage intdicsarelevant tdeac e r s@ u s e
online dataand generates novel ways fasualizing and ontextualizng teacher@usaye of seh
systems over time. In exploring ricklationships between these online teackevidknceuse
behavior and multiple facet§ b e a ¢ h e ussatitudésand efficacythese studies expand the
limited quantitative escriptionsof teacher8online behaiors and make previously unmade, if
tentative connections between onlidatause DDDM Self-Efficacy, and the TAM Analysis
ard clustering of teaddr attitides andnlineuse both suppothe findingsof previous
qualitative schéarship on teachradatabased decision making and generat@ample of possible
tools foruse ineducatimal leadeship decsions.By relatingtheir desdptions to theory irself-

efficacy, technolgy acceptance, and use diffisj these studieslow for theincreased imact
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of theseand othetheories into the inquirgnd applications afatabased decisiomaking ad
evidenceuse.

Based on Sidies 1 an@, several strandsf futureinquiry intote ac her s ébasedv i d e n c ¢
practce can be envisioed as wellBuilding on theii ma rskyestt e mo f r amewor k fro
previous se@bn, these suggestions for future inquattemp to capture petter undestand or
crystallize the varyingransactios in which edcators find value for evideecComplex
relationshipsbetween individuad and orgaizations,only hinted at in this work, ake clear that
several levels of analysialongwith multiple methods oinquiry, mayprove the most
productve for future researctSuggestions for future stugdi are organizeftom the smbest
scale tohe larget
Start to Finish EvidenceUse.

Onthesmalkstscale, ongotentiallyproductve stud/ would combine work by two
researchers previously mentioed studyby Horn et al(2015)thatimplemens a frarmmework for
analyzngteacher8logic, and pratice forevidenceuse andtudiesby Xhakaj, Aleen, and
McLaren (20162017) on teachedsise ofstudem data from an intelligent tutorg system.

Xhakaj etal. (2017 track theuptake and use of evidence fratart to finish,from prior to the

t e a c éxposusdb theeventualuse of evidence in thdassroom. Aeach stagthey calculate

the attrtion of possible insights into studel@arning fromthe evidenceandinsightsthatmalke it

into a lesson plagno the insights tht resultin classroom actia Captuing the same stages of

use but for a wder range otlassroonuses of evidencenight prove valable in pinpointing the

specific steps and barrierebween reeivingandus ng e vi d e n c eQl5)frhimewark et al
for analyzingt e a c lbgicsasddppatunities for evidence uéeincludingtee her sd epi st e

stancethdr represerdtions @ pracice, the structure of theviderce-useactivity, and he
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framing of theproblemd would complement these aryakes byprovidingfactorsfor analying
teacle r s Oeptoms wfozalue for different evidenase transactions.
Storyboarding EvidenceUse Practice.

A second line of inquiry, at dightly larger scalginvolvesthe need forbetter describing
and dissemiaingt e a c éxistingsdéscipline-specificandindividualized approaches to
evidence usdnstances where they currentlgdivaluefor a wide range of dataVhile
additionalstudies observing and readingteacher practicenay be useful, there may beysg to
leverageand amplifyexisting troves bqualitaive data avoth a practicatesourcedor teachers
and as a todbr deepeningdesignbased research withchools For examplethe Spencer
Foundaton recenly funded extansive qualitative work studygiteachers withxpertise indata
use asameans todentifying promising evideneese practiesalreadyembedded in teachérs
everydy instruction (Barnes and Fives, 2018)hile each separate study Barnes ad Fives
(2018 makesuseful points and coattualizes usefubxamples otvidenceuse, grhaps secific
anecdotal examples of teacheradase could be extracted and summarimea fomat
commonly used in usarenteed degjn: the storyboardAleven, Xh#&aj, HolsteinandMcLaren,
2016; Kalbach, 2@6).

Storyboardgresent a gees of panelsigualizing a process or scenario accompanied by
short descriptions of each image. Whitetprimay goal of storyboarding would be toptare
the key elementsfteacle r s 6 hasedeitence aese, it mightdpossible taagan
incorpord e Ho r rf201&)tfamework dysreferring where possiblettee acher s 6 epi st ¢
stancs, their repreentatims of evidence, the structure of theWdenceuse activityand ther
framing of he prolbem, eachwithin a sepaate frameof thestoryboardgcreatinga stricture tha

would allow storyboards to be easilyrged arrangedor varied according tthe facors of the
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framework Capturing evidereuse scenarios in siboardsand cataloginghem dong
dimensions from Hm et al. (2015and/or othes would serve seeral furctions
1 Facilitate efficient understaing, use, andnlinesharing by teachexs pradical
evidenceuse strategies.
1 Provideavaluable andiccessile resouce for resehers to sharand usen thecontext
of professional develpmentwith schods, or fa studieseliciting teacher feedbacko
evidenceuse strategies, or more genbrain designbased implementation research
(Fishman, Penuel, AlleighengandSabelli, 2A.3) andresearckpractitionerpatnerships
(Colurn, Penueard Geil, 2013, Kumm et al, 2018.
1 Generate content to integeawith existing or futurenlinedata uselatforms to provide
additional support foreec h e r s 6 -malengarosindevicenceuse.
RecommenderSystems forEvidence Use

Finally, as describeci Study 1 muchadditiond work can be accomplished working at
scale with large online systems that eithlbow access to student data or provideislen
support for evidere-baseddecisions. @taintensive methods from theearning Analytcs
community,web analyticsand log fie analysis can help identify pattemisuse and amplify the
usability and effetiveness of such systems Iprloting recommader systems tancreag the
capmbilities of such systems tmeet the needsf educators imifferent roles, whether leadeship,
contentarea, schodkevel, or specializd teacher responsibilitieBhe developmat of Smple
recommender systems for evidense systems would alserve tle purpose otontinuing to
explore undiscosred areas of vaie for evidene use.

Anotherrelatedneedfor integration and testingofdatas e sy st ems i s with

existingclassroorbasel formatve testingregponse o interventionprocessesand specia
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education data system# more samless intedce for data access, intenion, and progress
monitoring wouldbe a valuald stepowardsmore fully-fledged decision sugpt systems,
similar to those used in metheto support clinical decision makirn(@lther andReady, 2015)
Taking full advantage fonew frameworks and medls br inquiry in learning analytics
andeducationbdata sence, as well athe integration ofheoretical perspectives from
evaluation, mplemenation sciencemedicine, behaviotaconomics, and decisioscience

would be impatant steps towardbe fuureinvestigation oevidenceusein schools
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Appendix A

Survey Instruments and Subscales

The DBDM Efficacy and Anxiety Survey (3DMEA) (Dunn, Airola,Lo, et al., 2013b)

Please indicate how much you agree or

disagree with the following statements:

I am confident that | can use data to
identify students with specidéarning

needs

| am confident that | can use data to
identify gaps in student understanding of

curricular concepts

I am onfident that | can use assessment
data to provide targeted feedback to
students aboutheir performance or

progress

| am confidehl| can use assessment data |

identify gaps in my instructional curriculur

| am confident that | can use data gooup
students with similar learningeeds for

instruction

I amconfident in my ability to use data to
guide my seletion of targeed
interventions for gaps in student

understanding

Strongly
Disagree

(N of iems =6, Cronb OK Q &

Disagree

Seltefficacy for the application of data tinstruction

P LK

Neither
Agree nor

Disagree

I_I

ddH U

Agree

Strongly
Agree
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https://paperpile.com/c/7XkaSI/0gcY

Selfefficacy for data identification and access
(Nofitems' 0oX / NRyol OKQ&a ! f LIKIF T ¢
- Neither

Pleese indicate how much yoagree or | Strongly Strongly

, _ _ _ Disagree| Agree nor | Agree
disagree with the following statements:| Disagree _ Agree

Disagree

| am confident in my ability to access
state assessment results for mtudents
I am confident that know what types of

data or reports | need to assess groug

performance
I am coffident that Iknow what types of
data or reports | need to assess studer
performance
Selfefficacy for data technology use
(NoF AdGSYa I' o / NRyol OKQa ! f LK
- Neither
Pleasendicate how much
_ _ | Strongly | . Agree
you agree or disagree with, Disagree Agree Strongly Agree
. Disagree nor
the following statements: _
Disagree

| am confident | can use the
tools provided by my
RA & O Ntk ©©dhrlagy F
system to retrievechats,

tables or graphs for analysi

I am confident | can use the
tools provided gy my
RA a 8 dafa @chablogy
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system to filter students
into different groups for

analysis

I am confident that | can us
mydsi NA Ol Qa R
technology toaccess

standard reports

Seltefficacy for data analysis and interpretation
(Nofitems=3/ NRBy ol OKQa ! f LIKI I' dymo

Please indicate how much you agree o Neither
Strongly | Strongly
) ) ) ] Disagree| Agree nor | Agree
disagree with the following statements:| Disagree _ Agree
Disagree

I am confident in my ability to understan

assessment reports

| am conident in my ability to interpret

student performance from a scaled scol

I am confident in my ability to interpret
subtest or standard scores to deteine
student strengths and weaknesses in i

content area
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Teacher SelfEfficacy Scale- Short Form (TSES - Short)

(TschannerMoran & Woolfolk Hoy, 2001fi R easheTools- Megan TschanneN o r aWeb s

Si 120190

Directions:

Please indicate your opinion about each of the quesbelow by ming any one of the

nine responses in the columns on the right side, ranging from (1) None at all to (9) A Great Deal

as each represents a degree on thd@inaum.

Please respond to each of the questions by considering the combination cdiryent

ability, resources, and opptunity to do each of the following in your present position.

Efficacy in Instructional Strategies
ran.86)/ NPyol OKQa !

0b

To whatextent can you use a variety

of assessment strategies?

How well can you implement
alternative teahing strategies in

your classroom?

To what extent can you provide an
alternative explanation or example

when sudents areconfused?

To what extent can you craft good

guestions for your students?

27

None
at All
1

LGSYa
Very
Little

2 3

Some
Degree
5

Quite
a Bit
7

A Great
Deal
9

f
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https://paperpile.com/c/7XkaSI/V6L1
https://paperpile.com/c/7XkaSI/V6L1

Efficacy in Student Engagenent
raagl)/ NRPyol OKQa !

ob

How much can you do to motivate
students who show low interest in

school work?

How much can you do to help your

students value learning?

How much can you do to get
students to believe they can do wel

in school work?

How much an you assist families in
helping their children do well in

school?

27T

None
at All
1

LiSyvya
Very
Little

2 3

Some
Degree
5

Quite
a Bit
7

A Great
Deal
9

t
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Norwegian Teacher SelEfficacy Scale NTES) (Skaalvik & Skaalvik, 2007, 2010)

Adapt Instruction to Indivi dual Needs

_ Not certain Quite
How certain are you that you )
at all uncertain
can;:
1 2 3 4

organize schoolwork to adapt
instruction and assignments to

individual need.

provide realistic challenge for all
students even in mixed ability

classes.

adapt instruction to the needs ol
low-ability students while you
also atterd to the needs of other

students in class.

organizeclassroom work so that
both low- and hidh-ability
students work with tasks that are

adapted to their abilities.

(N2F LGSYA I' nX / NRyol OKQa ! f LJ

Quite
certain
5

Absolutely
certain
7
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https://paperpile.com/c/7XkaSI/nWKi

External Control Scale

(N of Items =

Please indicate how true you feel
each statement to be.

How much students can learn in
school is primarily determined by the
abilities.

If students have not learned disdip
at home, there is not much the schoc

can do.

A teacher cannot do much tmprove
studeni Q I OKAS@SYS
students have limited abilities for

schoolwork.

*Good teaching is more important to
studkey 1aQ Sy3dl 3SYSy
than students' home environment

It ispractically impossible for a teache
to motivate a student dr academic
work if that student lacks support anc

stimulation at home.

*Reverse Coded

False

5, Cronbachoés Al pha
Mostly | More false | More true | Mostly
false | thantrue | thanfalse | True

True
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Appendix B: Profile Plots by Content Area

Average Reported Frequency of Data Type Use: Middle and High School Math
4

Freq Own Freq Discipline Freq IEP Inform Freq Software  Freg Formal  Freg. State Test
Assess. Assess.

School Level/Content Area

@ High Math @ Middle Math

Figure 51. Averagereportedirequency oflatatype use:middle andhigh school Math

Average Reported Frequency of Data Type Use: Middle and High School Science
4

Freq Own Freq Discipline Freq IEP Inform  Freq Software  Freq Formal — Freq. State Test
Assess. AsSess.

School Level/Content Area

© High Science @ Middle Science

Figure 52. Averagereportedirequency oflatatype use:middle andhigh school Science
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Average Reported Frequency of Data Type Use: Middle and High School Social Studies

4

Freq Own Freq Discipline Freq IEP Inform  Freq Software  Freq Formal  Freq. State Test
Assess, Assess.

School Level/Content Area

@ High Social Studies @ Middle Social Studies

Figure 53. Averagereportedfrequency oflatatype use:middle andhigh school Social Studies

Average Reported Usefulness of Data Types: Middle and High School ELA

5
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School Level/Content Area

© HighELs @ Middie ELA

Figure 54. Averagereportedusefulness oflatatypes:middle andhigh school ELA
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Average Reported Usefulness of Data Types: Middle and High School Math
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Figure 55. Averagereportedusefulness bdatatypes:middle andhigh school Math

Average Reported Usefulness of Data Types: Middle and High School Science
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Figure 56. Averagereportedusefulness oflatatypes:middle and highschool Science
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Average Reported Usefulness of Data Types: Middle and High School Social Studies
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3
2
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School Level/Content Area

@ High Social Studies @) Middle Social Studies

Figure 57. Averagereportedusefulnes®of datatypes:middle andhigh school Social Studies
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Appendix C: Dendrograms with Distance Scale and Qister Divisions

HCA: Online Frequency and Consistency

15
I

10
1

Height

Usage
hclust (*, "ward.D2")

Figure 58. HCA dendrogramonline frequency andonsistency

HCA: Online Variety of Use

12
|

Height

Variety
helust (*, "ward.D2")

Figure 59. HCA dendogram: mline variety ofuse
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HCA: Online Frequency, Consistency & Variety of Use

15
|

Height
10

Variety
helust (*, "ward.D2")

Figure 60. HCA dendrogram: wline frequencygconsistency, andariety of use

HCA: Reported Frequency of Data Use Functions

15

10

Height

ReportedFregDataFunction
helust (*, "ward.D2")

Figure 61. HCA dendrogram:aportedfrequency
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HCA: Reported Frequency of Use for Data Types
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|

Height

ReportedFrequency
helust (*, "ward.D2")

Figure 62. HCA dendrogram: eportedfrequency ofisefor datatypes

HCA: Perceived Usefulness of Data Types
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Height

PERUSEData
hclust (*, "ward.D2")

Figure 63. HCA dendrogramPerceived usefulness déta types
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HCA: Perceived Usefulness of Data Activities
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10

Height

PERUSEDataActiv
helust (*, "ward.D2")

Figure 64. HCA dendrogram: @rceived usefulness of data activities
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HCA: Data Use Attitudes (SEDU)

12

10

Height

g [ e

SEDUDataAtt
hclust (*, "ward.D2")

Figure 65. HCA dendrogram:wvey of educatordatause(SEDU). NbClust suggests 2 clusters

(10 Methods) and 5 clusters kfethod).
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HCA: Teaching and Data Use Self-Efficacy

10
1

Height

DMEA_TSES
hclust (*, "ward.D2")

Al

Figure66. HCA dendrogramdatadriven decisionmaking andeachingself-efficacy. NbClug

suggests 5 clusters (12 methods)
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HCA: Perceived Data System Ease of Use

10
|

Height

Bl

PercEaseofUse
hclust (*, "ward.D2")

Figure 67. HCA dendrogram: @rceivedease ofuse for Benchmark Dasystem.NineNbClust

methods proposed 5 clusters; 8 methods proposed 2 clusters.
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HCA: Perceived Ease of Use and Usefulness

15
I

10
L

Height

PERUSE_PEOQOU
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Figure 68. HCA dendrogram: @rceivedease ofuse andusefulness oflatatypes.11 methods

propose 2 clusts; 5 propose fouclusters
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Figure 69. HCA dendrogramperceivedease ofuse andusefulness oflataactivities. 15 methods

from Nbdust propose two clusters. Visuaspection suggests 3 clusters for interpretation.
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