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Abstract

Impacts of drought and cyclonic storms on vegetation and streamflow in Puerto Rico
Jazlynn Hall

Forests are crucial for mitigating the effects of climate change and providing ecosystem services.
Global deforestation trends coupled with changes in climate and disturbance regimes threaten the
ability of forests to sequester carbon, provide timber, and regulate other ecosystem processes.
My dissertation draws from principles in ecology, hydrology, and geography to identify the
effects of forest disturbance from extreme events (i.e., hurricanes and droughts) on carbon
sequestration and streamflow in Puerto Rico. In Chapter 1, | utilized hydroclimatic time series,
geospatial analysis, and statistical techniques to evaluate the relationships between forest cover
and rainfall variability on streamflow regimes. | determined that (i) watersheds with high forest
cover had consistently greater streamflow than deforested ones and (ii) during dry antecedent
rainfall conditions, highly forested watersheds had higher streamflow than deforested ones,
suggesting that increased hillslope infiltration and storage afforded by well-developed forest
soils outweigh higher vegetation water demand in forests compared to other land cover types. In
Chapter 2, | combined field data from permanent forest plots with geospatial attributes, satellite
imagery, and lidar point clouds to estimate forest damage extent and a loss in carbon
sequestration across Puerto Rican forests after Hurricane Maria (2017). | also developed a
random forest model to identify the biophysical and climatic drivers of spatial variation in forest
damage from the hurricane. | found (i) a strong relationship between field-based estimates of
aboveground biomass (AGB) loss after Hurricane Maria and the remotely sensed estimate of
damage, (ii) 23% (10.44 £2.33 Tq) of pre-hurricane forest AGB was lost, and (iii) storm-related

rainfall was a strong predictor of forest damage, in addition to canopy height, maximum wind



speeds, and soil moisture and water storage variables. Finally, in Chapter 3, | quantified changes
to streamflow in Puerto Rico in the months following Hurricane Maria and tested whether
estimates of storm-related forest damage account for these differences. | found that (i) “fast” (i.e.
quickflow) and “slow” (i.e., baseflow) streamflow components reacted differently to Hurricane
Maria, (ii) magnitude of change in quickflow was positively correlated to the magnitude of forest
damage from the storm, while changes to baseflow were unrelated to forest cover or damage, and
(iii) under the same level of relative damage, watersheds with low forest cover had greater
quickflow increases than deforested ones, suggesting that interactions between forest cover and
forest damage modulate the effects of disturbance on quickflow in highly forested watersheds
and exacerbate effects of disturbance in less forested watersheds. Overall, the results from my
dissertation inform management practices by quantifying vulnerability to changing climate and
disturbance regimes, and highlight the importance of forests for regulating water provision and

other ecosystem services.
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Introduction

Global climate models project increases in the frequency and intensity of many natural
disturbances, including droughts, fires, and cyclonic storms (Knutson et al. 2010, 2013, 2015;
Dai 2012; Moritz et al. 2012; Kossin 2018; Gutmann et al. 2018). Although disturbance is a
normal and even healthy phenomenon in ecosystems, this shift in disturbance regimes will have
profound effects, potentially disrupting the provision of ecosystem services (Pachauri, & Meyer,
2014). Preventing and mitigating the negative effects of changing disturbance regimes under a
warming climate requires empirically quantifying the effects of disturbance on ecosystems and
the services they provide. It is equally important to understand the risk factors that modulate the
magnitude of ecosystem damage.

Streamflow, an important component of water provision, is one key ecosystem service
that may be affected by a changing disturbance regime. Streamflow is the product of interactions
between vegetation, climate, and the physical characteristics of ecosystems (Tallis and Polasky
2009; Wu 2013). From a purely climatic perspective, the timing, magnitude, and duration of
rainfall is projected to change in many regions (Neelin et al. 2006; Dai 2012; Feng et al. 2013;
Mora et al. 2013; Greve et al. 2014), particularly in the tropics (Christensen et al. 2007,
Anderson 2011; Mora et al. 2013; Hoegh-Guldberg et al. 2018). Streamflow, however, results
not only from rainfall entering the system but also from the interactions between rainfall with
vegetation and landscape characteristics (Bruijnzeel 2004; Tallis and Polasky 2009; Wu 2013;
Wei et al. 2018). These interactions determine ecosystem function by controlling the volume,
timing, and quality of water supply.

A changing disturbance regime may not only alter streamflow directly but also influence

the vegetation that controls water demand in ecosystems. Disturbance events such as drought and
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cyclonic storms can cause substantial vegetation damage, which in turn can have lasting effects
on vegetation water demand. Drought can cause reduction in forest productivity from tree water
stress (Choat et al. 2012) and increase tree mortality (Tohver et al. 2007; Allen et al. 2010,
2015). Following cyclonic storms, declines in vegetation water demand can lead to increased
water flow to streams (Jayakaran et al. 2014; Chen et al. 2015; Zhang et al. 2018a; Vidon et al.
2018). The effects of disturbance on streamflow can be mitigated or worsened by forests
depending on disturbance intensity and frequency as well as soil characteristics, forest
composition, and topography (Vose et al. 2016; Buma and Livneh 2017).

My dissertation examines how interactions between landscape characteristics and natural
disturbance (i.e., drought and hurricanes) influences carbon sequestration and streamflow across
the island of Puerto Rico. First, I utilized flow duration curves and statistical linear mixed effects
models to determine the single and interactive effects of rainfall and forest cover on low and
peak flows in Puerto Rican streams (Chapter 1). Next, | combined field and Sentinel-2 optical
remote sensing imagery to estimate total forest aboveground biomass (AGB) loss to Hurricane
Maria (2017), and used a random forest model to evaluate risk factors associated with damage
severity (Chapter 2). Finally, I used double-mass curves (DMCs) and statistical models to
examine changes in streamflow regimes after Hurricane Maria and tested whether forest cover
and estimates of forest damage explain these changes (Chapter 3).

In Chapter 1, I investigated the relationships between forest cover, rainfall variability,
and streamflow. Using 15-minute streamflow data collected between 2005 and 2016 from 20
USGS stream gages and 3-hourly Multi-Source Weighted-Ensemble Precipitation (MSWEP)
rainfall estimates, | utilized flow-duration curves and linear mixed regression models to examine

the role of forest cover in regulating the timing and volume of streamflow (Hall et al, in press). |
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determined the effects of rainfall and forest cover on low and peak flows in Puerto Rican
streams, then evaluated changes in these relationships under dry and wet antecedent rainfall
conditions. Watersheds with high forest cover had consistently greater low and peak streamflow
than deforested ones under all rainfall conditions, although the effect was more marked during
wet antecedent conditions, suggesting that peak flow is largely the result of saturation excess
overland flow. During dry antecedent rainfall conditions, highly forested watersheds had higher
streamflow than deforested ones, suggesting greater hillslope storage and release may also be at
play.

In Chapter 2, I evaluated risk factors associated with damage severity caused by
Hurricane Maria across Puerto Rican forests. Projected increases in cyclonic storm intensity
under a warming climate will have profound effects on forests, potentially changing these
ecosystems from carbon sinks to sources. Forecasting storm impacts on these ecosystems
requires consideration of risk factors associated with storm meteorology, landscape structure,
and forest attributes. Using field and remote sensing data, total forest aboveground biomass
(AGB) lost to the storms was estimated at 10.44 (£2.33) Tg, ca. 23% of island-wide pre-
hurricane forest AGB. Storm-related rainfall was a stronger predictor of forest damage than
maximum wind speeds. Soil water storage capacity was also an important risk factor,
corroborating the influence of rainfall on forest damage.

Finally, in Chapter 3, | tested whether forest cover and estimates of forest damage
explain changes to Puerto Rican streamflow regimes after Hurricane Maria. Using DMCs of
daily streamflow components (total flow split into quickflow and baseflow) and MSWEP rainfall
estimates for 18 USGS gaged watersheds, | compared the change in watershed-level DMC slopes

before and after Hurricane Maria. | found higher daily baseflow relative to rainfall after

13



Hurricane Maria for all watersheds, and generally higher quickflow. I then evaluated whether the
magnitude of change in DMC slopes could be attributed to forest cover and damage. Forest
damage increased streamflow after the storm, and forests, however damaged, increase resistance
to storm impacts on streamflow. My results demonstrate how interactions between forest damage
and cover influence streamflow regimes and increase understanding of forest damage effects on
watershed function.

Collectively, the findings from my dissertation support two main points. The first is that
forest cover modulates the impacts of rainfall extremes on streamflow in Puerto Rico. My results
demonstrate that forest cover generated a net increase in hillslope infiltration and storage and
may lessen drought impacts on low flows. However, resilience to prolonged drought may be
limited by finite water storage potential in this steep, mountainous setting. Additionally, I found
that forest cover exerts a protective effect against the conditions that lead to flooding, which
became apparent due to quickflow increases after forest damage. Secondly, my results suggest
that interactions between stand and storm meteorological characteristics are a key driver of forest
damage to cyclonic storms. Expected increases of 20% in hurricane-associated rainfall in the
North Atlantic demonstrate the need to consider how such shifts, together with high-speed
winds, will affect terrestrial ecosystems. These results suggest that watershed forest conservation

and management will be critical in preparation for future disturbances.
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Chapter 1: Forest cover lessens the impact of drought on streamflow

In Puerto Rico

Jazlynn Hall, Martha Scholl, Yuri Gorokhovich, and Maria Uriarte

Status: In press, Hydrological Processes

1.1 Introduction

Deforestation in the tropics, interacting with climate change influencing the amount and
intensity of rainfall, has the potential to affect water availability for humans and ecosystems.
Climate change is expected to change the timing, magnitude, and duration of precipitation in
many regions (Dai, 2012; Feng et al., 2013; Greve et al., 2014; Mora et al., 2013; Neelin et al.,
2006), with some of the fastest changes occurring in the tropics (Anderson, 2011; Christensen et
al., 2007; Hoegh-Guldberg et al., 2018; Mora et al., 2013). In the Caribbean, projected higher
maximum temperatures and aridity (Reyer et al., 2017) lead to an overall drying trend (Diaz,
1996; Taylor et al., 2018) and increased drought risk (Lehner et al., 2017), with longer moderate
to extreme drought conditions (Taylor et al., 2018). Anthropogenic warming is also expected to
increase atmospheric moisture content and extreme rainfall rates associated with tropical
cyclones, which are common in the Caribbean (Gutmann et al., 2018; Knutson et al., 2013, 2015;
Kossin, 2018).

Precipitation determines the magnitude and timing of ecosystem water inputs and is the
primary driver of most streamflow patterns. Streamflow and water provision will be affected by
projected changes in climate (Pachauri, and Meyer 2014), however, in forested watersheds, other

controls on streamflow include interactions between climate, forest cover, and the physical
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characteristics of the system (Bruijnzeel, 2004; Tallis & Polasky, 2009; Wei et al., 2018; J. Wu,
2013). Ultimately, these interactions determine the volume, timing, and quality of water supply.
As a result, ongoing large-scale losses of forest cover in tropical regions coupled with changes in
rainfall patterns (Vorésmarty et al., 2000) are likely to alter water provision and human well-
being.

Although forests play an important role in regulating the movement of water in
watersheds, the effect of forest cover on streamflow is variable (Bonell et al., 2010; Bosch &
Hewlett, 1982; Filoso et al., 2017; Ghimire et al., 2014; Krishnaswamy et al., 2018; Qazi et al.,
2017). Some studies have found a negligible or negative effect of forest cover on streamflow
(Beck et al., 2013; Birkel et al., 2012; Simonit & Perrings, 2013; Uriarte et al., 2011), while
others have found positive influences on low flow or dry season flow and reduced maximum
storm flows (Addor et al., 2018; Krishnaswamy et al., 2018; Ogden et al., 2013).

These complex and contrasting outcomes led to the “infiltration-evapotranspiration trade-
off” hypothesis, which posits that the direction and magnitude of the effect of forest cover on
streamflow relative to other land covers are the net result of heightened demand from
transpiration, decreased inputs from canopy interception, and increases in water supply through
greater infiltration and soil water storage (Bruijnzeel, 1989). Transpiration rates in forests tend to
be higher than in other land cover classes, leading to lower streamflow in forested watersheds
(Bosch & Hewlett, 1982; Alice E. Brown et al., 2013; Calder, 2002; Farley et al., 2005; Timbe et
al., 2017), although forest clearing may increase surface temperatures and lead to higher soil
evaporation rates (Hashimoto et al., 2004). Tree roots and litter inputs also develop soil structure

that in turn, decreases overland flow and increases soil water storage, infiltration capacity, and
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groundwater recharge (Bargués Tobella et al., 2014; Bonell et al., 2010; Bruijnzeel, 2004; Ulrik
listedt et al., 2007).

In tropical forests, after the initial quick flow discharge, infiltrated storm rainfall
remaining after evapotranspiration may discharge as delayed flow from hillslope groundwater,
which may have residence times ranging from weeks to years (Mufioz-Villers et al., 2016; Post
& Jones, 2001; Shanley et al., 2011). Forest cover increases soil macro-porosity and rainfall
infiltration, which may act to keep soil water storage at capacity (Bonell et al., 2010; Mufioz-
Villers & McDonnell, 2012; Zimmermann et al., 2006). This leads to increased groundwater to
supply streams (i.e. baseflow) during dry conditions (Hamilton & King, 1983; U llIstedt et al.,
2016; Ogden et al., 2013; Pefia-Arancibia et al., 2019; Scott et al., 2005). Additionally, the
surface roughness of forest land cover can lower peak streamflow during intense rainfall events
(Bradshaw et al., 2007).

The complexity of factors that determine rainfall partitioning to infiltration, runoff and
forest water demand has made distilling generalizations about the impacts of forests on stream
processes difficult. Forest cover effects on streamflow depend on a variety of local and regional
factors, including geology, topography and soil water storage characteristics of watersheds
(Malmer et al., 2010; Zhou et al., 2015), the scale of analyses (Ellison et al., 2012), climate
(Addor et al., 2018; Zhou et al., 2015), and forest age and history of degradation (Bruijnzeel,
2004) The paucity of studies on driving factors and streamflow response in meso-scale tropical
watersheds supports the need for more research to examine how geophysical and climatic factors
influence the relationship between forest cover and streamflow.

The variety of responses observed in determining the impacts of forest cover on

streamflow may also reflect the chosen temporal scale of analysis. Many studies examining the

17



impact of forest cover on streamflow have focused on annual flow metrics (Bentley & Coomes,
2020; Bosch & Hewlett, 1982; A. Brown et al., 2005; Farley et al., 2005; Filoso et al., 2017).
However, in many tropical areas, precipitation is highly variable at inter-annual and intra-annual
scales, exhibits high seasonality, and includes frequent intense rainfall events (Biasultti et al.,
2012). Water delivery systems often include widely distributed local withdrawals and reservoirs,
and total annual stream output may matter less for consistent water supply than the timing of
delivery. In these regions, hydrologic signatures such as peak rainfall event-related streamflow
and low inter-event streamflow may be more relevant for water provision and flood mitigation
than measures of total annual streamflow (Ellison et al., 2017; M. C. Larsen, 2016).

Here, we examine how forest cover and rainfall individually and jointly influence several
streamflow metrics in 20 watersheds in Puerto Rico between 2005 and 2016. The island is an
ideal location for this study because it has a high number of gaged streams with similar geology
and slopes, and variation in forest cover (50-99%) that span a large rainfall range, providing a
robust data set to examine these relationships for a tropical environment. Surface streamflow
contributes 84% of total water used for human consumption in the island (Molina-Rivera 2014)
and same-day rainfall (causing overland or near surface flow) accounts for much of the variation
in streamflow, even during extreme drought (Clark et al., 2017; Post & Jones, 2001; Schellekens
et al., 2004). Droughts have led to multiple periods of water rationing (Matthew C. Larsen,
2000), and projected changes to the rainfall regime have led to calls for reevaluating Puerto
Rican water management systems (Murry et al., 2019). This situation highlights the need for
studying the effects of forest cover and interactions between rainfall and forest cover on
streamflow extremes, groundwater baseflow, and total streamflow in Puerto Rico. Additionally,

results from this set of observations across a climate gradient in Puerto Rico can inform driving
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factors and streamflow response in other meso-scale humid-tropical watersheds. Understanding
these relationships will contribute towards improving water and forest management in other
tropical regions with similar climatic and physical characteristics.

Our study examines the impacts of forest cover on two streamflow metrics in Puerto
Rico, low flow (minimum streamflow during rainless periods) and peak flow (maximum
streamflow during rainfall events). We used these data to answer the following questions:

1 What is the effect of forest cover on peak and low streamflow? If forest cover increases
infiltration and groundwater subsurface storage enough to offset evapotranspiration under
average climate conditions, higher low flows are expected in watersheds with high forest
cover compared with less forested watersheds. If forest cover mitigates potential effects
of high-intensity rainfall, decreasing overland flow and increasing time to infiltration, we
hypothesize that peak flows in highly forested watersheds will be lower than in less
forested watersheds. Higher peak flows in highly forested watersheds would indicate a
greater rate of overland or shallow-subsurface flow in these areas compared to less
forested watersheds. This could mean either that forest cover does little to mitigate
intense rainfall (infiltration excess overland flow) or that soils are more persistently
saturated in highly forested areas (saturation excess overland flow).

1 How do the relationships between forest cover and streamflow change under wet and dry
antecedent rainfall conditions? We hypothesize that under wet antecedent rainfall
conditions (a) the hydrological properties of highly forested watersheds (i.e., high rainfall
interception, infiltration, storage, and land surface roughness) will reduce overland and
shallow-subsurface flow volume during rainfall events, leading to lower peak streamflow

than in less forested areas that may experience quicker saturation and less flow resistance
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during wet periods. If we find that heavily forested areas have higher or unchanged peak
flows with high antecedent moisture, this will suggest that forest cover does not have
significantly different hydrological properties than other land cover types. During drier
antecedent conditions (b), if forest water demand outweighs the increased infiltration and
water storage provided by forest relative to other land cover types, we can expect low

flows in heavily forested areas to be lower than less forested areas.

1.2 Data and Methods

StudySite

Puerto Rico (~9,000 km?, 18°N and 66°W in the tropics) is a heavily forested Caribbean
island (Figure. 1.1) with complex topography (0-1,331 m asl) (Kennaway and Helmer 2007;
Carswell 2016). Forest cover is the dominant land cover class in Puerto Rico, comprising
approximately 45.7% of total land area, followed by pasture (34.7%) and urban (15.4%)
(Kennaway and Helmer 2007). Puerto Rico has volcanic, granitic, and sedimentary geology
types that weather to produce soil types with distinctive hydrologic properties (Bawiec 1998;
Reed and Bush 2005; Murphy and Stallard 2012a; McDowell et al. 2013). Infiltration rates vary
from 0 to 106 mm hr! in El Yunque National Forest (EYNF) in the northeast (Harden and
Scruggs 2003), and island-wide eighth hour infiltration rates vary from <1 mm hr? to 292 mm
hr (Lopez et al. 1968).

The topographic relief and prevailing trade winds generate large variation in rainfall
across the island; mean annual rainfall (1963-1995) ranges from 700 mm yr* on the south coast
to > 4,600 mm yr! at high elevation in the northeast (Daly et al. 2003; Murphy et al. 2017). The

island experiences a bimodal wet season common to the Caribbean region, with an early wet
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season from May to July and a late wet season from August to October (Murphy and Stallard
2012). In 2010, annual evapotranspiration ranged from 9 to 2262 mm yr* across the island
(Senay et al. 2020), and was approximately 940 + 593 mm yr ! in the EYNF (Zhang et al.
2018c), between 1963 and 1995. High elevation (>200 m a.s.l.) forested watersheds lose up to
36% of storm rainfall from overland and shallow subsurface flow within hours rather than days
(Schellekens et al. 2004; Scholl et al. 2015), even during periods of intense drought (Clark et al.
2017). These characteristics have implications for water availability for human use: the lack of
adequate water distribution and storage infrastructure paired with shallow reservoir depths and
high sedimentation rates means that much of the water from rainfall is lost as reservoir
evaporation or as surface flow to the ocean before it can be used (Larsen 2000; Molina-Rivera
2014).

Puerto Rico has experienced five major droughts since 1899, with many more moderate
droughts (Murphy and Stallard 2012). The most recent major drought was in 2015, the worst in
20 years, where more than two thirds of the island was under moderate to extreme drought
conditions for months (Clark et al. 2017; USDM 2019) (Figure 1.2). Because of the steep
mountainous terrain paired with a climate that produces long-duration intense rainfall events, the
island also has the greatest flash-flooding threat of any U.S. state or territory (Murphy and

Stallard 2012b).

Data
Streamflow
We selected 20 USGS monitoring stations (Figure 1.1) with unmodified perennial flows

(see Supporting Information) of the 89 stations with data available for the study period 2005-
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2016. This period includes a severe drought in 2015-2016, numerous dry periods (Figure 1.2),
and normal and wet years for precipitation extremes. To ensure that dry periods were captured
for each stream gage, we excluded gages for which the period of record did not include the major
2015 drought period and those that did not have measured values for at least 5 years (e.g., the
period of record began after January 1, 2011 or ended before January 1, 2016), using gage
attributes extracted using the dataRetrieval package (De Cicco et al. 2018). We delineated
contributing watershed areas for each stream gage and various watershed characteristics using
the “delineateWatershed” function in the “streamstats” package (Hagemann 2021). To control
for geological influence on streamflow, stream gage sites were limited to those with watershed
contributing areas containing 50% or more of the most common near-surface lithology on the
island (volcaniclastic) (Bawiec 1998; Reed and Bush 2005). Watersheds containing pipelines,
lakes over 10 ha in area, or dams anywhere in the watershed area were located by flow
modification features flagged in the National Hydrography Dataset (USGS 2020) and excluded
from analysis. We also used the HU12 Hydrologic Unit Modification (HUMOD) codes to filter
out watersheds affected by karst topography and to exclude sites with recorded flow regulations
and diversions in the USGS water year records (see Supporting Information).

Instantaneous streamflow from 2005-2016 calendar years at selected USGS gages
collected at approximately 15-minute intervals was obtained using the “DataRetrieval” package
(De Cicco et al. 2018). We restricted streamflow values to those marked as “approved for
publication”. We also determined the instantaneous peak and low streamflow for each 3-hourly
rainfall observation period (Section 2.2.2), and approximated missing values up to 12 hours

using the “na.approx” function in the “zoo” package (Zeileis et al. 2015).
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To account for variation in drainage area and facilitate cross-watershed comparisons, all
streamflow was converted to specific discharge in millimeters per unit time by dividing by the
contributing watershed area for each gage; the term ‘streamflow’ in this document refers to

specific discharge.

Rainfall events and rainless periods

Although Puerto Rico has a relatively large number of rain gages, the steep topography
causes heterogeneity in rainfall patterns. Few of the 20 selected stream gages had collocated or
nearby hourly or better rain gage data during our study period. Therefore we obtained global
rasters of Multi-Source Weighted-Ensemble Precipitation (MSWEP) 3-hour rainfall (0.1-degree
spatial resolution) from 2004-2016 (Beck et al., 2019) and extracted the spatially-weighted
average rainfall values for each watershed contributing area. We identified discrete rainfall
events and rainless periods using the “IETD” package in R (Duque 2020). This package uses a
rainless period length threshold from a rainfall time series to partition the data into individual
rainfall “events”. Rainfall events were separated using a 6-hour rainless threshold (2 consecutive
zero-rainfall values from MSWEP) as streams in Puerto Rico often respond to rainfall within 1-2
hours (Schellekens et al. 2004; Scholl et al. 2015). The rainless periods were determined as the
time in hours to the next rainfall event so the entire time series was classified as either rainfall
event or rainless period. Watershed contributing areas in the study ranged from 321 ha to 11,283
ha (Table 1.1) and often small rainfall events did not affect streamflow. All rainfall events and
rainless periods with durations below 12 hours were omitted from the analysis, as MSWEP has a
1.5-hour gage inference rounding error rate. 12-hour events contain at least two samples (6

hours) with values independent of potential error. This created a set of rainfall events ranging in

23



size from 0.60 mm to 571.69 mm and comprised 81% of total rainfall during the study period.
This events time series was used primarily to determine periods that contained peak and low
streamflow values, as the 3-hour resolution of the MSWEP data exceeded the actual duration of
many rain events (Scholl and Murphy 2014; their table 3).

To examine the effect of wet and dry antecedent rainfall conditions on streamflow, we
calculated the average 33% and 66% MSWEP rainfall quantiles for 30-day (33%=95.26 mm,
66%=177.04 mm) antecedent conditions across all watersheds throughout the study period. We
classified antecedent rainfall conditions as dry (< 33'), or wet (>66™) if 30-day antecedent

rainfall amounts fell within the respective thresholds.

Watershed characteristics

Watershed-level forest cover proportion was determined using the 2010 Puerto Rico C-
CAP Land Cover dataset (NOAA 2010). Estimates of forest cover loss derived using the Global
Forest Watch data viewer (Hansen et al. 2013) showed that between 2005 and 2016 Puerto Rico
lost less than 1% of the primary forest cover present in 2000, so we concluded that there were no
significant changes to forest cover during the study period. We also considered the proportion of
the watershed above 700 m asl, calculated from the Puerto Rico Coast Digital Elevation Model
(DEM) (NOAA 2006), to account for the relationships between increased elevation and moisture
that may not be represented by the rainfall data. Cloud condensation begins at approximately 700
m in Puerto Rico (Bassiouni et al. 2017; Van Beusekom et al. 2017; Scholl et al. 2021) and cloud
immersion causes actual evapotranspiration rates to be lower above this elevation; in addition,
MSWEP rainfall for high elevation wet sites may be underestimated (Beck et al. 2019). Using

the DEM, we also calculated watershed slope steepness in the study area (mean watershed slopes
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of 11-23 degrees), however, slope displayed high collinearity with forest cover and could not be
included in our analysis. We used the R packages “raster” (Hijmans et al. 2011), “sf” (Pebesma
2021a), and “sp” (Pebesma et al., 2013), to extract these watershed characteristics for each

watershed contributing area (see Supporting Information).

Statistical analysis

To identify the relationship between forest cover and streamflow regimes under different
rainfall conditions, we used two complementary methods: flow duration curves (FDCs) (Lane et
al. 2005; Brown et al. 2006, 2013) and statistical models (Lewis 2006; van Dijk et al. 2009;
Uriarte et al. 2011). FDCs are cumulative frequency curves derived from streamflow time series
to determine the percentage of time a given value of streamflow was met or exceeded during a
study period (see Section 2.3.1). The magnitude of watershed-level streamflow extremes can
then be regressed against watershed characteristics, while statistical models (see Section 2.3.2)
determine the single and interactive effects of covariates (e.g., forest cover and rainfall) across

watersheds.

FDC quantiles and linear regression models

FDCs were derived for each stream gage using all 15-minute instantaneous streamflow
for the study period (2005-2016) and were calculated separately for wet and dry 30-day
antecedent rainfall conditions. Most watersheds in Puerto Rico displayed substantial sub-daily
changes to streamflow. Examination of hydrographs indicated streamflow was back to pre-
rainfall levels within hours in the smallest watershed (50075000, Table 1.1), and within no more

than a few days in the largest watershed (50106100, Table 1.1). To ensure that we preserved the
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flow peak magnitudes that would be lowered by averaging streamflow to hourly or daily
estimates, we chose to use instantaneous streamflow at 15-minute intervals to create FDCs. By
using FDC-derived probability of exceedance values (Q) for specific quantiles (n) of 15-minute
instantaneous streamflow data for each watershed, we evaluated the relationships between
streamflow extremes and forest cover using simple linear regressions (Table 1.2).

To evaluate streamflow extremes (Questionl), we calculated and normalized (see next
paragraph) the FDC-derived specific discharge for streamflow that met or exceeded for 5% (peak
streamflow, Q5) and 95% (low streamflow, Q95) of the study period. To examine how the
effects of forest cover on low runoff varied during dry and wet periods (Question2), we separated
the streamflow data into wet and dry 30-day antecedent conditions based on the >66th and <33rd
percentiles of rainfall, respectively. Wet and dry antecedent FDCs were then generated for each
watershed and Q5 and Q95 determined for all 15-minute runoff values during periods with wet
and dry 30-day antecedent rainfall conditions. We regressed these summary values against
watershed forest cover to evaluate whether watersheds with high forest cover display less
extreme streamflow regimes.

To account for potential differences in total rainfall inputs to individual watersheds, the
streamflow quantiles (Q5 and Q95) for the twenty watersheds in the study were normalized (Qn)
by a mean rainfall event scaling factor for each individual watershed using the following
equation: Qn= Q * Rmax/R; where Q is the station-specific streamflow probability of exceedance
guantile for an individual watershed, n is the probability exceedance quantile, R is the study-
period individual watershed mean rainfall event amount (Table 1.1), and Rmax is the maximum

study-period mean rainfall event amount (R) observed from the set of watersheds.
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To account for potential heteroskedasticity and uncertainty in extremely high streamflow
records (Petersen-@verleir 2004; Pefia-Arancibia et al. 2015), we also repeated the FDC analysis
for Q10 and Q15 values (see Appendix A: Figure S.1.5). Similar relationships between forest
cover and the additional peak streamflow metrics indicates that we have appropriately

characterized relationships between forest cover and peak streamflow.

Mixed linear regression models

Linear mixed effects regression models (LMEs) are also valuable tools for cross-
watershed comparison as they can account for the hierarchical and non-independent structure of
watershed-scale streamflow data (Lewis 2006). LMEs (Zurr et al. 2009; Bates et al. 2015) can
simultaneously incorporate fixed effects (e.g., rainfall) as well as random effects that capture the
hierarchical nature of the data (i.e. grouping variables such as watershed) (Lewis 2006). They
have been used to explain potential drivers of water quality (Uriarte et al. 2011), to predict runoff
in un-gaged basins (Muller and Thompson 2015), and to evaluate trends in streamflow over time
(Vervoort et al. 2021).

LMEs are linear regressions between the dependent variable (i.e. streamflow) and
independent predictors of interest (fixed effects, e.g. rainfall and forest cover) that incorporate
random (group) effects (Bolker et al. 2009). Random effects (intercepts) for the relationship of
rainfall to streamflow capture differences in baseline streamflow across individual stream gages,
or watersheds. By accounting for dependent variable variation among groups (i.e., watersheds),
and interactive relationships between fixed effects, we can make broad inferences about the

relationships between the fixed effects and dependent variables across all watersheds.
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Here we used LMEs to determine the magnitude and direction of the effects of rainfall
and forest cover on low and peak streamflow during the study period. Maximum instantaneous
streamflow for each gage during each rainfall event and minimum instantaneous streamflow for
each gage during rainless periods between rainfall events were chosen to represent peak and low
streamflow (mm s1), respectively. The LMEs were used to evaluate the relationships between
streamflow extremes and covariates (fixed effects), namely rainfall events and rainless periods,
and forest cover (Questionl). Because most hydrographs peak within hours after rainfall begins,
peak flow during rainfall events was regressed against the sum of the rainfall values for 6 hours
before peak streamflow occurred (i.e., for the same 3 hourly increment when peak flow occurred
and the previous). Low streamflow during rainless periods was regressed against the duration of
the rainless period (i.e., the time in hours since the last rainfall event) (Table 1.2). Both models
included an event-based rainfall metric (6-hour rainfall to predict peak flow, and rainless period
duration to predict low flow), proportion of forest cover, and proportion above 700m in elevation
(Table 1.2). Models also included an interaction effect between forest cover and the chosen
rainfall metric. LMEs of instantaneous peak and low runoff were calculated separately and
compared for dry and wet 30-day antecedent rainfall conditions (Question2).

To account for potential non-independence of streamflow data during rainfall events or
rainless periods, we visually interpreted the partial autocorrelation of events for each watershed
and response using the “stats” package (Appendix A: Figures S1.1-S1.4) and found little
temporal autocorrelation past 1 lagged event. Nevertheless, we included an AR2 (i.e., second
order autocorrelation structure) temporal autocorrelation term in the model to account for

potential autocorrelation in the streamflow event data.
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LMESs were fit using the “nlme” package (Pinheiro et al. 2020). We tested model
assumptions and goodness of fit using the “performance” package in R (Ludecke et al. 2019).
LMESs assume that response variables and model residuals are normally distributed, relationships
between the response and covariates are linear, and collinearity between predictors is low.
Streamflow and rainfall metrics were log transformed to meet these assumptions and all
covariates were scaled by centering each predictor and dividing the centered values by the
standard deviation (Becker et al. 1989). Scaling covariates enables direct comparison of model

coefficients and facilitates model convergence.

1.3 Results
Question 1: What is the effect of forest cover on instantaneous peak and low streamflow?

We hypothesized that high watershed forest cover, via increased soil infiltration and
recharge, has a negative effect on peak flow (Q5) and a positive effect on low flow (Q95). We
calculated FDCs for each of the 20 watersheds to examine the effect of forest cover on
streamflow. Normalized Q5 (Q5n) and Q95 (Q95n) FDC quantiles derived for each watershed
for the study period, were both higher in watersheds with high forest cover than in those with
low cover (R?=0.61 and R? = 0.65, p < 0.01 for Q5n and Q95n, respectively) (Figure 1.3). We
also found positive relationships between forest cover and both Q10 and Q15 FDC quantiles
(Appendix A: Figure S.1.5), suggesting that our results are not driven by uncertainty in rating
curves. This suggests that increasing forest cover has a positive effect on low streamflow but
does not prevent peak flow extremes.

We also examined results from the LMEs to establish how rainfall and forest cover

influence low and peak streamflow. Fixed effects accounted for 30-45% of the observed variance
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in streamflow metrics (marginal R?), while considering both fixed and random effects
(conditional R?) increased these values to 44-64% (Table 1.3). Goodness of fit values attributed
to fixed effects were higher for peak flow (0.45 and 0.40 for wet and dry conditions,
respectively) than for low streamflow observations (0.31 and 0.31 for wet and dry conditions,
respectively), the opposite pattern that we observed for analysis of FDCs (Table 1.3).

Not surprisingly, the amount of rainfall in the 6 hours before peak streamflow was
recorded had a positive effect on peak streamflow (dry conditions: estimate = 0.93, se = 0.02,
wet conditions: estimate = 0.94, se = 0.01) (Figure 1.4 a) while duration of rainless periods had
a negative effect on low streamflow (dry conditions: estimate = -0.08, se > 0.01, wet conditions:
estimate = -0.14, se = 0.01) (Figure 1.4 b). We had hypothesized that forest cover would buffer
intense rainfall, slow down overland flow, and increase infiltration and subsurface storage
enough to offset evapotranspiration, leading to higher low flow and lower peak flow in
watersheds with high forest cover. Results from LMESs demonstrate that watersheds with high
forest cover had greater low streamflow (dry conditions: estimate = 0.47, se = 0.11, wet
conditions: estimate = 0.42, se = 0.08) (Figure 1.4 b), indicating increased infiltration and
subsurface storage, and possibly evapotranspiration suppression above 700 m, in heavily forested
watersheds compared to less forested watersheds. However, the same was true for peak flow,
contradicting our expectation (dry conditions: estimate = 0.59, se = 0.17, wet conditions:
estimate = 0.62, se = 0.15) (Figure 1.4 a). It is possible that the greater flows with high forest
cover reflects occult orographic precipitation at high elevations that is not captured by the
MSWEP rainfall product, but the proportion of watershed area above 700m in elevation did not
show an effect on low or peak streamflow. If rainfall is underestimated in high elevation

watersheds that tend to be highly forested, there will be higher peak flow values for every
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millimeter of estimated rainfall in highly forested watersheds than in less forested watersheds. If
this is the case, then after accounting for rainfall, our models would find a positive relationship

between forest cover and peak flow.

Question 2: How do the relationships between forest cover and streandt@amge under 30
day wet and dry antecedent rainfall conditions?

We expected that under wet 30-day antecedent rainfall conditions, high canopy rainfall
interception and hydraulic roughness in watersheds with high forest cover would lead to lower
peak streamflow than in less forested watersheds. However, strong relationships between rainfall
amount and peak flow were evident during both wet (estimate = 0.94) and dry (estimate = 0.93)
30-day antecedent rainfall conditions, suggesting that peak flow is largely driven by short term
rainfall regardless of antecedent rainfall conditions (Figure 1.4 a). FDC quantiles demonstrate
that the relationship between forest cover and peak flow is less variable under dry 30-day
antecedent rainfall conditions (R? = 0.54, p < 0.05), and forest cover has little effect on peak flow
during wet antecedent conditions (R? = 0.42, p = 0.07) (Figure 1.5). Positive relationships
between FDC-derived peak flows and forest cover were consistent when examining Q10 and
Q15 to account for heteroskedasticity in rating curves (Appendix A: Figure S.1.6).

We also expected that greater evapotranspiration in heavily forested areas would reduce
low streamflow relative to less forested watersheds, particularly under dry antecedent rainfall
conditions. However, low flow values were greater in watersheds with high forest cover during
both wet and dry 30-day antecedent rainfall conditions, using either FDC quantiles (wet
conditions: R? = 0.56, p < 0.05, dry conditions: R? = 0.68, p < 0.05) (Figure 1.5 c,d) or LMEs

(wet conditions = 0.42, dry conditions= 0.47) (Figure 1.4 b). All watersheds displayed decreased
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low flow under dry antecedent conditions (Figure 1.5 c,d), nevertheless, the positive relationship

between FDC low flows and forest cover during dry antecedent rainfall conditions remained.

1.4 Discussion
Effect of forest cover on instantaneous low streamflow

A positive relationship between forest cover and low streamflow under dry antecedent
rainfall conditions (Figure 1.5 d) suggests that infiltration and recharge in highly forested areas
in Puerto Rico are greater than those in less forested areas, as suggested by Bruijnzeel (1989).
After accounting for rainfall effects, our analysis indicated watersheds with high forest cover
displayed increased dry-period low streamflow compared to less forested watersheds. When
comparing the relative contributions of climatic and biophysical catchment characteristics for
predicting low flows (Q5) in U.S. catchments, Addor et al. (2018) found that the frequency of
high rainfall events was negatively correlated with low flows, while the proportion of forest
cover (the next most important predictor) was positively corelated with low flows. With steep
watershed slopes in the study area, slowing overland flow and limiting erosion during intense
rainfall events (Bruijnzeel 2004; Uriarte et al. 2011; Birkel et al. 2012) may be a primary forest-
cover function that contributes to observed results in our study. These effects likely offset the
higher evapotranspiration rates of forest compared to other land cover types (Wu et al. 2006,
2007).

Previous studies have concluded that deep soil profiles in Puerto Rico may drive annual
and interannual streamflow variability through storage and steady release to streams (Post and
Jones 2001). The absence of a negative effect of forest cover on low streamflow at any time

during the study period may reflect relatively high levels of water storage in the deeper
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weathering profile (Buss et al. 2013; Krishnaswamy et al. 2018). Although upper soil layers
quickly weather to less-permeable clays, they transition to saprolite and extend over 50 m to
bedrock in some areas in watersheds with volcanic geology in Puerto Rico (Buss et al. 2013).
The positive relationship between forest cover and low streamflow (Figure 1.3, Figure
1.5) may also be the result of the association between rooting depth and soil profile depth in
Puerto Rico. Greater forest rooting depth implies that infiltrating rainfall is available for
vegetation uptake over a greater depth interval, leading to higher transpiration (Seyfried and
Wilcox 2006). Although rooting depth is difficult to determine and is highly variable globally
and locally (Fan et al. 2017), root distribution in the first meter of the soil profile can act as a
proxy for maximum rooting depth. Puerto Rico has a shallower rooting depth than other studied
tropical forests, with approximately 80 % of root biomass in the first 20 cm of soil depth (Yaffar
and Norby 2020). In a study of tree uprooting by hurricane winds in Puerto Rico, Lenart et al.,
2010 reported 0.33 m as the mean depth of highest root density in the soil profile; also in Puerto
Rico, Evaristo et al., 2016 noted most roots are found within the top 0.4 m where permeability is
highest. Shallow rooting depth paired with deep soil profiles having higher storage capacity may
explain the net positive effect of forest cover on low streamflow in Puerto Rico, consistent with
the results from previous studies in tropical regions with deep soil profiles (Ogden et al. 2013,
Krishnaswamy et al. 2018; Cheng et al. 2020). However, further studies are required to
determine whether this is generalizable to other wet tropical regions or whether this increased
storage and gradual release to streams can be sustained under prolonged drought conditions. The
longest rainless period in this study was 43 days, thus longer or more frequent droughts would

test the current balance of net recharge over forest evapotranspiration.
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Effect of forest cover on instantaneous peak streamflow

In our study, we found positive relationships between high percentage of forest cover and
peak streamflow (Figure 1.3), particularly under dry antecedent conditions (Figure 1.5).
Rainfall intensities during periods of high rainfall likely surpass infiltration rates in Puerto Rico,
even in highly forested areas (Larsen and Simon 1993; Clark et al. 2017). Drought may also alter
infiltration rates through changes to soil pores, and can make surface soils water repellent
(Gimbel et al. 2016). This increases the proportion of rainfall going immediately to the streams
rather than infiltrating and being retained in the soils and may explain why we found a larger
effect under dry antecedent conditions. Although forest cover decreases flood risk globally
(Bradshaw et al. 2007), our results are consistent with those of previous studies conducted in
Puerto Rico (Ramirez et al. 2009; Beck et al. 2013; Clark et al. 2017) that characterized peak
flow as a rapid response to rainfall regardless of forest cover or drought conditions. High rainfall
intensity paired with steep topography and poorly-transmissive upper soil layers (L6pez et al.
1968; Harden and Scruggs 2003) could explain why peak streamflow was not significantly
reduced by increased forest cover. We addressed this possibility by scaling probability
exceedance quantiles to watershed rainfall event characteristics in the FDC analyses, and by
using both watershed regression intercept and evaluating dry and wet 30-day antecedent rainfall
conditions separately in the statistical models. All the watersheds included in this study had at
least 50% forest cover with limited (< 15%) impervious surface related to urban development
(NOAA 2010). Since peak flows are highly influenced by impervious surface in a watershed
(van Dijk et al. 2009), flood risk may increase dramatically in watersheds with less forest cover

and more impervious surface.
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Limitations, uncertainties, and other potential contributing factors

The use of MSWEP (a gridded product combining radar and gauge rainfall data) results
in uncertainty in rainfall-streamflow relationships that may have affected our results. Rainfall in
Puerto Rico is spatially variable, increasing with elevation and decreasing across a windward-
leeward gradient (Murphy and Stallard 2012b), and has been difficult to properly characterize
(Murphy et al. 2017). In Puerto Rico and elsewhere, forests are often concentrated in
topographically complex areas which are not well suited for development. Because rainfall at
high elevation in tropical forests is difficult to measure due to high rainfall rates, wind, under-
catch of small droplets and radar-to-precipitation conversion error (Murphy et al. 2017; Beck et
al. 2019), the MSWEP data may underestimate high elevation watershed rainfall. The easterly
trade winds also deliver additional small-droplet precipitation to high elevation windward
watersheds in Puerto Rico that current rainfall data sets are unable to account for. (Scholl et al.,
2021). These increase uncertainty in rainfall-streamflow relationships as well as the relationship
between forest cover and streamflow in the analysis. However, linear mixed models should
partially account for errors in rainfall estimates by including watershed-level random intercepts.
The FDC analysis also examined streamflow quantiles normalized by rainfall event amount
estimates to partially account for watershed differences in rainfall event amount. Further, we
found similar relationships using Q10 and Q15 to represent peak flow in lieu of Q5, which
indicates that we are appropriately characterizing peak flows. Our linear mixed models used the
duration of rainless periods to predict low streamflow rather than rainfall amount, as MSWEP is
more adept at detecting rainfall than estimating specific rainfall amounts (Beck et al. 2019). In
contrast, potential under-estimation of rainfall amount, particularly in highly forested

watersheds, means that our estimates of the impact of forest cover on peak flow are more
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uncertain and using precipitation data sets with lower uncertainty, when these become available,
would be a good direction for further study.

Factors not included in this study, such as soil infiltration capacity and land surface slope,
could have an effect on streamflow values. Linear mixed models offer an advantage in
streamflow modelling by accounting for hierarchical data structures and among-group variation,
but the inability to include collinear fixed effects prevents the inclusion of other important
predictors in the model. Topographic slope and watershed proportion of impervious surface are
important predictors of the streamflow regime, but due to the high collinearity scores when these
variables were included, they had to be excluded from the analysis (Zurr et al. 2009). The spatial
pattern of impervious surface distribution within a watershed could play an important role in
constraining surface streamflow to the stream channel (Gorokhovich 2000; Gorokhovich et al.
2000), however, all watersheds studied were on steep, mountainous terrain with less than 15%
impervious surface and mean watershed slope values of at least 11 degrees (Table 1.1). As all
watersheds were relatively steep and largely undeveloped, the landscape component with the
most variability across watersheds was forest cover proportion. To some extent, the recharge-
enhancing functionality of forest cover may cut across these other factors.

Hydrologic soil group is also closely related to infiltration and runoff rates (USDA 2009).
Strong collinearity between watershed fraction of forest cover and watershed fraction of soil
group B, BD, and D prevented the inclusion of hydrologic soil group. However, interesting
patterns between forest cover and infiltration rates can be inferred. We found a positive
correlation between forest cover and groups B (moderate infiltration rate when wet, r = 0.45) and
BD (moderate infiltration rate when wet if drained, very low infiltration rate when wet if not

drained, r = 0.61) paired with negative correlation between forest cover D (very low infiltration
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rate when wet, r =—0.76). This indicates either that forests prefer soils with better infiltration, or
they create them.

Catchment area and geology may also influence our results (McDowell et al. 2013; Buss
et al. 2013; Xiao et al. 2019). Larger catchments with longer surface flow paths and higher
subsurface storage may buffer the effects of rainfall on streamflow, particularly the effects of
extremely high rainfall on peak flow. While there is moderate correlation between watershed
forest cover and catchment area (r = —0.55), larger catchments do not appear to result in
directional deviations from the regressions of FDC-derived summary values and forest cover
based on visual interpretations (Appendix A: Figure S1.7, S1.9). We have also implicitly
considered catchment area in the linear mixed models. By converting streamflow to specific
discharge and including watershed-level random intercepts, we enable comparisons between
watersheds of different sizes when evaluating the relationships between flow and forest cover.
Agreement between the FDC and linear mixed model results indicates that this approach has
captured important relationships between forest cover and streamflow extremes. However, 16 of
the 20 watersheds selected for this analysis contained completely volcanic geology, and the
remaining 4 watersheds containing partial granitic rock did not appear to be outliers within the
regressions (Appendix A: Figure S1.7, S1.8). This suggests that selecting watersheds with a
majority volcanic geology was enough to enable comparison of watershed forest cover while

minimizing the potential effects of geology.

Comparisons with previous findings iRuerto Rico
Previous studies examining the role of forest cover on streamflow in Puerto Rico found

no clear relationships (Uriarte et al. 2011; Beck et al. 2013), or a negative relationship with total
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annual streamflow (Wu et al. 2007). In contrast, our results show forest cover correlated with
several streamflow metrics. One possible explanation for the discrepancy with previous work is
our chosen period of study. Beck et al. (2013) used a rainfall-runoff model approach and focused
on streamflow from 1951-2000, while much of the forest cover in Puerto Rico was regenerating
from early 20th century deforestation. By 2000, nearly all of the newly forested areas in Puerto
Rico were at least 10 years old (Kennaway and Helmer 2007). Further, cyclonic storms are a part
of the normal rainfall regime in Puerto Rico and can cause substantial forest damage. Our study
controlled for the potential effects of forest damage and regrowth on streamflow, as the last
severe storm to make a direct landfall in Puerto Rico before our study period was Hurricane
Georges in 1998. Although there is evidence that afforestation decreases streamflow (Bosch and
Hewlett 1982; Farley et al. 2005; Brown et al. 2013; Timbe et al. 2017) for up to five decades
after forest establishment (Bentley and Coomes 2020), mature forests tend to display more
conservative water use strategies than regenerating forests (Giambelluca 2002). Although Beck
et al. (2013) did not find a consistent relationship between forest cover and total annual flows
across all watersheds, 8 of the 12 watersheds in their study displayed decreases in low
streamflow after forest regeneration. It is possible that our chosen period of study captured the
stabilized rainfall-streamflow relationships after the bulk of forest regeneration (Filoso et al.
2017). Our results suggest that, with time and under specific climatic and geophysical conditions,
recovering forests can increase infiltration and water storage enough to provide a buffer against
drought conditions.

The contrasting results between this study and previous studies in Puerto Rico could also
be due to the temporal scale of analysis. Our study used 15-minute streamflow with 3-hour

rainfall and peak and low streamflow rather than mean daily data, the metric used by Uriarte et
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al. (2011), Beck et al. (2013), and Wu et al. (2007). This resulted in more accurate pairing of
peak or low flow timing with preceding moisture conditions and more directly related watershed
response to individual rain events. We conclude that in this rapidly responding wet-tropical
system, mean daily streamflow estimates may be too low-resolution to characterize watershed
behavior.

Although global studies have shown increased forest cover generally decreases water
yield, the distinct rainfall regimes in the tropics may result in different forest functions in tropical
catchment hydrology than in temperate areas. A recent meta-analysis of studies examining the
relationships of forest cover and annual water yield found that studies conducted in Central
America have the highest regional rate of positive effects, followed by Asia and Africa (the
Caribbean was not included as a region in that study) (Filoso et al. 2017). Similarly, other studies
conducted in Central America on larger and heavily forested watersheds have also found positive
relationships between low streamflow and forest cover (Ogden et al. 2013; Krishnaswamy et al.
2018). Central America has a humid tropical climate, with high annual rainfall and a reduction in
rainfall seasonality over the last century (Feng et al. 2013), similar to Puerto Rico. The positive
relationships between forest cover and streamflow in the watersheds we studied in Puerto Rico
may be due to high rainfall inputs throughout the year and several factors; enhanced recharge
through forest soils, high storage in the deep saprolite above bedrock (Kolb and Ryan 2021), and
steep topography. This is likely representative of other areas with similar topographic, climatic,

and geological characteristics in this latitude range in the humid tropics.
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1.5 Conclusions

The goal of this study was to determine the effects of forest cover, rainfall, and their
interactions on streamflow characteristics in Puerto Rico. To do so, we examined the effect of
forest cover and rainfall over a period that included multiple high-intensity (as much as 19.5 mm
per 3 hours) and long (was as much as 571.7 mm over nearly 31 days) rainfall events, rainless
periods from 12 hours to 43 days, including a severe drought. Under both dry and wet antecedent
rainfall conditions, we found that low streamflow was greater in watersheds with high forest
cover than in less forested watersheds, indicating that forest cover moderated the impacts of
drought on streamflow in Puerto Rico. Our results are consistent with those from a number of
recent tropical studies (Bonell et al. 2010; Ogden et al. 2013; Qazi et al. 2017; Krishnaswamy et
al. 2018; Pefia-Arancibia et al. 2019) supporting the infiltration-evapotranspiration trade-off
hypothesis (Bruijnzeel 1989). Our findings suggest that on balance, tropical forests in these
watersheds increase infiltration and groundwater recharge enough to ‘bank’ water to offset
evapotranspiration during dry periods, increasing resilience to a major drought during our study
period. However, future rainfall deficits under expected increases in drought frequency across
the Caribbean may test this relationship. We also found that forest cover had a positive effect on
peak flows under both wet and dry 30-day antecedent rainfall conditions. This finding may be
due to underestimation of rainfall for highly forested watersheds at high elevations, or slopes
steep enough, and rainfall intense enough, that peak flow (Q5 or event-based peaks) was not
affected by forest cover.

Our findings support the notion that forest cover in Puerto Rico regulates water provision
and increases resilience to drought conditions by enhancing infiltration and storage of rainfall.

However, this resilience may change under climate projections of increasing aridity and drought
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- the geology and subsurface structure is relatively invariant but the forest, which appears to be a
fundamental part of routing water to storage, will be affected by drought. The drought threshold
beyond which groundwater reserves become depleted is unknown. If future droughts are
prolonged and the Caribbean experiences an overall drying trend, any advantages that forest
cover provides may not persist and the relationship between increased forest cover and low flow
values may eventually become negative. Future research to quantify climatic thresholds beyond
which tropical forests would no longer provide a positive influence on streamflow would be very

informative for water management decisions.
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1.6 Figures and Tables
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Figure 1.1. Monitoring stations (i.e. stream gages) and watershed locations in Puerto Rico.
Forest cover was taken from 2010 NOAA CCAP data (NOAA 2010). Stream gage locations were
obtained using the DataRetrieval R package (De Cicco et al. 2018), and watersheds were delineated
using the “streamstats” package (Hagemann 2021). Points represent the unique USGS gage
locations and point colors represent the gage-specific mean rainfall event depth (mm) after
separating rainfall into discrete events of at least 12-hour duration throughout the study period.
Watersheds are shown in black and forest cover across the island is shown in green. This map was

generated using the “stars” (Pebesma 2021b) and “tmap” (Tennekes 2018) packages.
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Figure 1.2. U.S. drought monitor (USDM) averaged values of weekly cumulative percent area
within each drought category for the entire island of Puerto Rico during the study period (2005 to
2017).

As values for each drought category are cumulative, values for each D category are the sum of the percent of Puerto
Rico in that category as well as the percent of Puerto Rico in more severe categories (e.g., DO a value of 100 and a D1
value of 80 at the same time would mean that all of Puerto Rico was experiencing at least Abnormally Dry conditions,

but 80% of Puerto Rico was experiencing Moderate Drought conditions or drier). Data was accessed from

https://droughtmonitor.unl.edu on December 9, 2019.
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Figure 1.3. Regressions between watershed-level forest cover and a) 5™ (i.e., Q5n, peak flow), and b)
95™ (i.e., Q95n, low flow) normalized quantiles derived from flow duration curves.
Streamflow at 5% and 95% exceedance probabilities were determined for each monitoring station using 15-minute
streamflow. All streamflow values have been normalized by rainfall event volume averages. Each point represents
one of 20 stream monitoring stations, and the color of the points indicates the watershed percent above 700 m in
elevation. Blue lines depict significant (p < 0.05) linear regressions and grey area indicates 95% confidence intervals.

Instantaneous streamflow values have been converted to mm hr* from mm s to enable visualization.
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Figure 1.4. Standardized parameter estimates for covariates included in linear mixed models of
peak (a) and low (b) streamflow data.
Horizontal lines represent 95% confidence intervals for the estimates. Coefficients with lines intersecting

the dotted zero-effect line are not significant.
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Figure 1.5. Flow duration curve results for Q5 (a,b) and Q95 (c,d) streamflow quantiles for wet

(left) and dry (right) antecedent rainfall conditions.
Quantiles are visualized in a regression with watershed-level forest cover. Streamflow at 5% and 95%
exceedance probabilities were determined for each monitoring station, and all streamflow values have
been normalized by rainfall event averages. Points represent stream monitoring stations and point colors
represent the watershed percent above 700 m. Blue lines depict significant or marginally significant (p <
0.10) linear regressions and grey area indicates 95% confidence intervals. Instantaneous streamflow

values have been converted to mm hrt from mm s to enable visualization.
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Table 1.1. Watershed characteristics for selected streamflow monitoring stations.

Forest Fraction
Cover of
Fraction | Drainage Mean Mean
USGS site of Area Rainfall Rainless
identification | Contributing | Drainage | Above Event Period
number Drainage Area 700m asl | Slope Amount Duration
(site_no) Area (ha) (%) (%) (degrees) | (mm) (hours)
50025155 2296 93 83 24 14 44
50034000 4333 69 69 22 15 50
50044810 2100 65 0 18 16 52
50053025 1887 75 2 19 20 51
50055380 1249 71 0 14 20 63
50055750 5724 50 6 12 27 63
50058350 1955 69 0 13 25 68
50061800 2646 81 9 15 31 56
50063800 2243 94 26 14 36 54
50064200 1887 85 27 14 32 60
50065500 1755 99 18 21 31 54
50067000 1006 96 0 18 29 58
50070900 2839 79 8 17 21 58
50071000 3861 78 6 17 27 60
50075000 321 99 44 15 32 55
50106100 11283 65 8 18 16 56
50110900 3725 72 23 20 14 48
50113800 3073 89 38 23 17 50
50114900 1907 84 32 22 16 52
50124200 4876 79 17 21 16 57
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Table 1.2. Streamflow metrics used for each type of analysis.

Analysis | Flow | Dependent Watershed Rainfall Variables Interactions

Type Type | Variable Characteristics
" £ = E | T,
B S 2 S8 .3 |38
] ~ © ==73 T © xs
L A o © P o & o L
S 2 |Sg |38 |8< |<¥

Flow Low | Q95n X

Duration

Curves Peak Q5n X

Linear Low | Minimum X X X X X

Mixed rainless period

Models flow

Peak | Maximum rain X X X X X
event flow
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Table 1.3. Goodness of fit values from linear mixed models of streamflow.
Goodness of fit values include marginal and conditional R? (i.e., proportion of the variance explained
from fixed effects alone and the combination of fixed and random effects, respectively), and root mean
square error (RMSE). Goodness of fit values were estimated using the “performance” package (Lidecke

et al. 2019). The sample sizes in each model are also shown.

Hydrologic Signature Conditions # Sample Points Marginal R? Conditional RZ RMSE

Peak Streamflow Wet 6230 0.45 0.58 1.06
Peak Streamflow Dry 5636 0.40 0.60 1.02
Low Streamflow Wet 4746 0.31 0.44 0.60
Low Streamflow Dry 4435 0.30 0.64 0.46
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Chapter 2: Hurricane-induced rainfall is a stronger predictor of

tropical forest damage in Puerto Rico than maximum wind speeds

Jazlynn Hall, Robert Muscarella, Andrew Quebbeman, Gabriel Arellano, Jill Thompson, Jess K.

Zimmerman, and Maria Uriarte

Status: Published in Scientific Reports

2.1 Introduction

Cyclonic storms (hurricanes, typhoons, and cyclones) represent the dominant natural
disturbance for many coastal forests (Everham and Brokaw 1996; Mabry et al. 1998; Bellingham
2008; Lin et al. 2011). Multiple lines of evidence indicate that atmospheric warming will lead to
more intense tropical cyclones (Knutson et al. 2010). Sea surface temperature increases in most
regions of tropical cyclone formation suggest that maximum wind speeds will rise and storms are
likely to intensify more rapidly (Knutson et al. 2015). Anthropogenic warming will also lead to
higher atmosphere moisture content and increases in tropical-cyclone rainfall rates (Knutson et
al. 2013, 2015; Kossin 2018; Gutmann et al. 2018). Increases in the intensity and frequency of
tropical cyclones may reduce the ability of tropical forests to sequester carbon (Fisk et al. 2013).

Tropical forests account for ~70% of the gross carbon sink in the world forests (~4.0 Pg
C year! (Pan et al. 2011). Although land use change is the predominant driver of change in the
tropical forest carbon sink, natural disturbance (e.g., fires, cyclonic storms) can also have
important effects (Fisk et al. 2013; Van Der Werf et al. 2017). Models and empirical evidence
agree that ecosystems are generally carbon sources immediately following disturbance, but are

likely to shift to carbon sinks as vegetation recovers (Chambers et al. 2004; Uriarte and Papaik
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2007; Fisk et al. 2013). Forecasting the impacts of a greater number of more severe storms on the
ability of tropical forests to act as a carbon sink, requires consideration of myriad risk factors that
determine the magnitude of storm impacts on vegetation across landscapes.

Observational and modelling studies suggest that forests growing at high elevations or on
windward slopes are more exposed to high wind speeds, and experience greater damage and tree
mortality from severe storms (Everham and Brokaw 1996; Arriaga 2000; Bellingham and Tanner
2000; Boose et al. 2004; Tanner et al. 2014). Associations between topography and tree damage
may also be mediated by geology and soil characteristics (Mitchell 2013). Restricted root growth
of trees growing on ridges, in shallow soils, or soils with poor drainage, may make trees more
vulnerable to wind-throw and stem break (Everham and Brokaw 1996; Arriaga 2000;

Bellingham and Tanner 2000), particularly when extreme winds are accompanied by large
amounts of rainfall and flooding (Kamimura et al. 2012). Forest stand attributes are also
significant predictors of tree damage and mortality as tall forests and dense canopies are
generally more susceptible to wind damage (Everham and Brokaw 1996; Lugo 2008; Xi 2015).

Detecting landscape scale effects of cyclonic storms causing forest damage is difficult
using a field sampling approach. Extreme wind speeds are highly patchy (Bellingham et al. 1992;
Imbert et al. 1996), and the effect of large-scale factors, such as spatial variation in storm
meteorology and landscape heterogeneity on tree damage and mortality are difficult to detect.
When based on field plot observations, assessments may miss up to 17% of mortality (Chambers
et al. 2013) and small field plot studies lack the statistical power needed to assess drivers of
vegetation damage (Grimbacher et al. 2008; McMahon et al. 2019). Remote sensing approaches
allow estimation of forest damage across large areas and identification of risk factors that lead to

spatial heterogeneity in storm impacts.
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On September 6, 2017 Hurricane Irma passed roughly 100 km off the northeast coast of
Puerto Rico bringing over 300 mm of rain to some parts of the island, but generally there was
little damage to the forests. Two weeks later, on September 20, 2017, Hurricane Maria caused
widespread damage to forests when it made landfall on the island with maximum sustained wind
speeds as high as 210 km hr! and in some areas, nearly 1,500 mm of storm-related rainfall over
48 hours (Appendix B: Figure S2.1).

Here, we combine field observations and data from remotely-sensed images to estimate
total aboveground biomass (AGB) lost to Hurricanes Irma and Maria in Puerto Rican forests. We
then examined the importance of meteorological, landscape, and forest stand-level risk factors
that influenced spatial heterogeneity in forest damage. Forest damage (proportion of
aboveground biomass lost) was quantified using 25 forest inventory plots from mature, old-
growth forests distributed across Puerto Rico (Figure 2.1, Appendix B: Table S1). Field
damage estimates were used to calibrate a remotely sensed index of damage derived from cloud-
free composites of Sentinel-2 (Drusch et al. 2012) top-of-atmosphere reflectance image that
show the fractional change in non-photosynthetic vegetation (ANPV) over time across Puerto
Rico (312,319 ha study area). To control for forest seasonal phenology the images used were
collected the year before Hurricanes Irma and Maria (September 15-November 1, 2016) and
soon after the two hurricanes (September 21-November 1, 2017). This method (ANPV) uses
spectral unmixing to determine the change in NPV (i.e., woody tree stems and branches) visible
from the satellite. Such change is a reasonable indicator of forest damage from cyclonic storms
and wind disturbance (Chambers et al. 2007; Negrén-Juarez et al. 2010; Rifai et al. 2016a;
Schwartz et al. 2017). We evaluated the relative importance of meteorological, landscape, and

stand-level risk factors for forest damage using a random forest model (Breiman 2001).
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Meteorological risk factors include two-week antecedent rainfall prior to Hurricane Maria
(including that from Hurricane Irma), Hurricane Maria maximum sustained one-minute winds
speeds, and total Hurricane Maria-related rainfall. Landscape risk factors included topographic
indices (i.e. slope, curvature, and wind exposure to Hurricane Maria), surface-level geological
substrate, and soil water storage. Canopy height was used to assess the impact of forest stand

structure on damage.

2.2 Results
Field damageassessment and landscape aboveground biomass (AGB) estimation

Forest damage quantified using ANPV was highly variable across the 312,319-ha study
area (Figure 2.1), although nearly all (ca. 92%) pixels experienced some degree of damage
(Appendix B: Figure S2.2). Values of ANPV were positively associated with all field-plot based
estimates of damage (Appendix B: Figure S2.3). Among the plot damage metrics considered,
the proportion of aboveground biomass (AGB) lost to the storm had a strong relationship with
ANPV (R?=0.58) (Figure 2.2). Total pre-hurricane AGB for the study area was 45.87 Tg (95%
Cl =33.29, 65.27) and an estimated 23% of standing pre-storm AGB was lost to the storms in
forests across the island (10.44 Tg, Cl =8.11, 12.77). This damage translated to a total loss of
5.22 Tg (Cl =4.06, 6.38) of carbon from broken, uprooted, and dead stems, as well as estimated
tree-level branch and leaf loss of standing stems (Figure 2.3).

Since we considered all stem-level AGB of broken trees to be lost as a result of the
hurricanes, our evaluation overestimates the proportion of pre-storm AGB lost in the field. A
complementary, more conservative analysis using 19 plots for which we had information for

height to break estimated 20.73% AGB loss at the plot level, 9.67% less than the 30.40%
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estimated AGB lost for the same 19 plots using our current method. Analyses using the
conservative calculations in these 19 plots instead of using the non-conservative estimations in
all 25 plots yield an island-level loss of 8.11 (Cl = 5.86, 10.37) Tg instead of 10.44 Tg. This
difference in estimates indicates that our non-conservative approach may overestimate AGB loss
by as much as 2.33 Tg AGB across the study area, approximately 5% of total pre-storm AGB

(Appendix B: Figure S2.4).

Risk factor importance

Storm meteorological characteristics, landscape structure, and forest stand-level factors
all influenced spatial heterogeneity of damage (Figure 2.4). Together, these factors accounted
for 51% of the observed variation in ANPV across the island’s forests. Pairwise correlations
between risk factors was generally low, with moderate correlation between Hurricane Maria
storm-related rainfall total and maximum sustained wind speeds for sample locations in this
study (Pearson’s r = 0.43, n =18,903, Appendix B: Figure S2.1, S2.5). Risk factor importance
was calculated (i) as the impact on the model MSE after randomly permuting each risk factor
(i.e. variable importance, VIMP) (Figure 2.4a) and (ii) by averaging the depth of the first
regression tree split (i.e. minimal depth, MD) for each risk factor across all regression trees for
each variable (Figure 2.4b) (Ehrlinger 2014; Ishwaran and Kogalur 2018).

VIMP and MD methods had nearly identical rankings for risk factor importance.
Maximum canopy height was the most important predictor of damage (Figure 2.4). Total rainfall
and maximum sustained one-minute wind speeds associated with Hurricane Maria were the next
most important risk factors. Antecedent rainfall over the two weeks prior to Hurricane Maria

(including rainfall from Hurricane Irma), and soil water storage capacity (within the top 150 cm
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of soil), were the next most important factors, followed by geological substrate (at or near-
surface) and slope. Curvature and topographic exposure to wind had the weakest association with
ANPV compared to the other risk factors considered. The strength of interactions between
rainfall and risk factors closely tied to soil water status is also indicative of rainfall playing a
large role in mediating forest damage by other factors. In contrast, wind speeds displayed few
interactions with other risk factors (Appendix B: Figure S2.6).

Partial dependence analyses of the risk factors indicate that taller forests and areas that
experienced high rainfall during the two weeks before (including Hurricane Irma) and during
Hurricane Maria had higher ANPV values (Appendix B: Figure S2.7). A positive relationship
between high soil water storage capacity and ANPV also suggests that forests in areas with
waterlogged soils may be particularly prone to damage. Water logging may have been
exacerbated by wet antecedent soil moisture conditions arising from rainfall in the two weeks
preceding Hurricane Maria, including rainfall associated with Hurricane Irma. Forest damage
increased linearly with maximum wind speed until 120 km hr*. Forests growing on steep slopes
and in valleys subject to flooding had higher ANPV values, illustrating that forest growing in
these topographic positions are more vulnerable to rainfall damage. Geological substrate had
little discernible effect on ANPV variation among groups after controlling for the effects of other
predictors (Appendix B: Figure S2.7). Surprisingly, forest growing in topographically wind-
exposed areas had similar ANPV values to those in areas whose orientation and exposure were

expected to have more protection from the hurricane wind (Appendix B: Figure S2.7).
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2.3 Discussion

As in many other tropical regions, Puerto Rican forests experience large catastrophic
cyclonic windstorms relatively often. Although there is some variation across the island, return
intervals for hurricanes of the severity of the three most recent storms (Saffir Simpson scale 3 for
Hugo and Georges and category 4 for Hurricane Maria) are 15-50 and 50-150 years, respectively
(Boose et al. 2004). Tree species are adapted to these disturbances and tree mortality rates after a
severe wind storm tend to be low, ranging between 7-12%, only 2-3 times background mortality
rates (Walker 1991, 1995; Bellingham et al. 1994; Lugo and Scatena 1996; Lin et al. 2003; Xi
2015). Nevertheless, wetter and more severe storms, such as Hurricane Maria, expected as a
result of global warming will likely exert stronger pressures on forests (Uriarte et al. 2019). Our
results suggest that storm meteorological characteristics are a key driver of forest damage,
highlighting the need for understanding how more severe storms will influence forest structure,
composition, and carbon storage potential.

Beyond any effects of a single storm on forests, our results also demonstrate that not only
is the severity of hurricane disturbance key in driving forest damage, but the temporal pattern of
disturbance also plays an important role. Trees affected by Irma may have been particularly
vulnerable to damage from Hurricane Maria if stressed and weakened stems, saturating soils and
loosened roots make stems more prone to breakage and uprooting (Kamimura et al. 2012), or
through other mechanisms of damage accumulation. Our study supports the idea that
compounded disturbances can interact in ways that cannot be predicted from the study of a single
disturbance (Paine et al. 1998; Uriarte et al. 2009), an issue ecologists must address to
successfully forecast the future of the biosphere under changing disturbance regimes (Clark et al.

2001).
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The majority of studies on impacts of hurricanes on ecosystems have been conducted at a
plot level (Zimmerman et al. 1994; Lin et al. 2011; Tanner et al. 2014; Uriarte et al. 2019) or
over a limited range of environmental conditions (Chambers et al. 2007; Wang and Xu 2010).
The few studies that have characterized forest damage over heterogeneous environmental
conditions using remote sensing (Zhang et al. 2013; Van Beusekom et al. 2018; Hu and Smith
2018), have examined a limited set of risk factors, and fewer than a third of studies of this kind
have been validated with field data (Hoque et al. 2017). As a result, our understanding of how
expected shifts in storm meteorology may interact with landscape and forest stand attributes to
mediate ecosystem vulnerability to hurricanes is extremely limited.

Our analysis integrated field-based estimates of aboveground forest damage with a
remotely-sensed damage index to quantify the relative importance of meteorological,
topographic, and stand level risk factors on forest damage during Hurricanes Maria and Irma
across Puerto Rico. The few previous landscape and stand level studies on impacts of cyclonic
storms on forests (Foster and Boose 1992; Everham and Brokaw 1996; Xi and Peet 2008; Batke
et al. 2014; Batke and Kelly 2014; Xi 2015; Luke et al. 2016; Rifai et al. 2016b) have focused on
wind as the most important meteorological driver of forest damage. Our study indicates,
however, that extremely high rainfall associated with severe hurricanes can be a stronger
predictor of forest damage. The importance of rainfall in relation to wind speed is supported by
high damage observed in areas with high available water storage and high antecedent rainfall in
addition to the failure of topography to protect against damage from extreme winds. Moderate
correlations between Hurricane Maria storm-related rainfall totals and maximum sustained wind

speeds for sample locations in this study shows that the two variables display distinct patterns
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across the island, which in future analyses should be considered both independently and
interactively as predictors of forest damage.

High rainfall together with hurricane-force winds can cause uprooting of large trees since
roots are more easily dislodged from wet soils (Xi 2005; Xi and Peet 2008) and wet foliage
increases the weight of the tree crowns. This effect can be exacerbated when soils hold more
water or are saturated from antecedent rainfall (Scatena and Lugo 1995; Everham and Brokaw
1996; Xi et al. 2008a; Xi 2015). Our finding that forest damage was greater in forests growing in
areas with high antecedent rainfall and greater soil water storage capacity underscores the
importance of rainfall as a key driver of damage. In a storm with extremely high rates of rainfall,
such as Hurricane Maria, the combined effects of rain on already saturated soils and dynamic
loading from wind gusts as high as 210 km hr? likely led to observed island-wide patterns of
vegetation damage (Pasch et al. 2019). Topographic exposure was the least significant risk factor
of those examined in this study. This is surprising given the significance of wind speed has in
determining damage. One explanation for this may be that the protective role of topography may
be lessened in storms of Hurricane Maria’s magnitude, which may foreshadow similar effects in
future intense storms.

The record-breaking rainfall brought by Hurricane Maria to much of Puerto Rico also led
to an unprecedented number of landslides and widespread flooding (Bessette-Kirton et al. 2017,
Pasch et al. 2019; Keellings and Hernandez Ayala 2019). Landslide occurrence in Puerto Rico is
strongly linked to rainfall intensity and duration (Larsen and Simon 1993). Hurricane Maria was
a high-intensity and prolonged rainfall event that caused a landslide density of at least one per
km? in 34% of Puerto Rico (Van Beusekom et al. 2018). Although there were no major

landslides in our field plots, the high landslide frequency across the island may have contributed
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to the relationship between rainfall and satellite estimates of forest damage used in this study,
particularly for areas with vulnerable clay-rich soils such as those from volcanic geological
substrate (Appendix B: Figure S2.1) (Van Beusekom et al. 2018).

Observations and models in previous studies have demonstrated that atmospheric
warming will increase rainfall rates as well as wind speed during hurricanes (Kossin 2018).
Some of the most significant increases in cyclone-associated rainfall are likely to occur in the
North Atlantic. Models predict that by 2100, maximum sustained wind speeds during tropical
cyclones in this region will increase by 6-15%, coupled with increases of ca. +20% in
precipitation within 100 km of the storm centre (Knutson et al. 2010, 2015). Maria is the
strongest hurricane to have made direct landfall in Puerto Rico since Hurricane San Felipe in
1928 (Boose et al. 2004) and may presage what atmospheric warming will mean for future North
Atlantic hurricanes. Recent analyses (Keellings and Hernandez Ayala 2019) of associations
between extreme rainfall events in Puerto Rico and long-term (from 1956-2016) climatic trends
in sea surface temperatures found that the probability of observing a storm with precipitation
similar to that of Hurricane Maria has increased almost five times, and hurricane return intervals
have decreased by 50%. Expected change in cyclonic storm meteorology and our results suggest

the impacts of rainfall on forest damage deserve more research attention.

2.4 Methods
StudySite

Tropical forests in Puerto Rico are an ideal system to examine meteorological, landscape,
and forest stand-level risk factors associated with severe hurricanes, as the island encompasses a

variety of marked environmental gradients in a relatively small area (910,400 ha). The island’s
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complex geologic history is reflected in its rugged topography (0-1,338 m a.s.l.) and diverse
parent soil materials, which include alluvial, limestone, volcanic, and ultramafic materials
(Miller and Lugo 2009) (Appendix B: Figure S2.1). Mean annual precipitation, ranges from 800
to 4,500 mm yr! (Daly et al. 2003). For this study, we limited our study area (312,319 ha) to
forested areas in Puerto Rico (Kennaway and Helmer 2007; Helmer et al. 2008; Hansen et al.
2013). Field plots (Thompson et al. 2002; Barone et al. 2008; Muscarella et al. 2016; Schwartz et
al. 2019) cover the rainfall distribution, elevation gradients and two dominant geologies
(volcanic and limestone), that are reflected in the diversity of forest characteristics present in
Puerto Rico (Figure 2.1, Appendix B: Figure S2.1, Table S2.1).

This study considers the impacts of Hurricane Irma, a category 5 storm that passed 100
Km to the northeast coast of Puerto Rico on September 6™, 2017 together with Hurricane Maria,
a category 4 storm which crossed Puerto Rico on September 20", 2017. Since these storms
occurred within 15 days of one another, it is impossible to differentiate the effects of each
Hurricane on forest damage. However, the majority of tree damage is ascribed to Hurricane
Maria based on the visible effects of each hurricane on the forests (author observations, 2017)

and the objective measures of storm intensity in Puerto Rico (see Appendix B).

Image processing

To assess damage with remote sensing, Sentinel-2 TOA reflectance images (Drusch et al.
2012) for Puerto Rico were collected from September 15 - November 1, 2016 (the year before
Hurricane Maria) and September 21 - November 1, 2017 (after Hurricane Maria) (see Appendix
B). Images were selected for the same months of each year (2016 and 2017) to represent the

before and after periods to control for seasonal phenology. Pixels without cloud or cloud shadow
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were retained from the original Sentinel-2 TOA images within the study period (see Appendix
B), and used to create composite cloud-free images for the selected periods before and after the
hurricanes, using the median non-masked pixel for each pixel location, within each series of
images. Primary and secondary roads in the forest area were masked using TIGER 2016 (U.S.
Census Bureau, 2016), and streams were masked using a stream file taken from the Puerto Rico

Center for Municipal Revenues (http://gis.otg.pr.gov) (CRIM 2006). Image processing was

conducted using Google Earth Engine (Gorelick et al. 2016) and ESRI ArcGIS software (version

10.5 https://desktop.arcgis.com/en/arcmap/).

Spectral mixture analysis

We used spectral mixture analysis (SMA) to quantify the pixel-level change in non-
photosynthetic vegetation (NPV) fraction between composite images to obtain our metric of
storm damage. SMA assumes that every pixel is a linear combination of target endmember
spectra (i.e. green vegetation, shade, and NPV), and quantifies the per-pixel fraction of each
endmember (Adams and Gillespie 2006). As storm damage increases the amount of woody and
dead vegetation exposed to the sensor, the increase in NPV fraction (ANPV) after Hurricane
Maria reflects the magnitude of storm damage (Chambers et al. 2007; Negron-Juarez et al. 2010;
Rifai et al. 2016b; Schwartz et al. 2017).

We applied linear spectral unmixing to each composite image using endmembers for
green vegetation (GV), NPV, and shade. Endmember values were determined following similar
analyses conducted in the Amazon (Negron-Juarez et al. 2010; Schwartz et al. 2017). Following
unmixing, we normalized the fraction of NPV without shade as NPV/(GV+NPV) so that

fractions reflect only relative proportions of NPV and GV, and not differences due to effects of
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shading (Adams and Gillespie 2006). ANPV was calculated by subtracting the normalized NPV
fraction in the post-storm composite from the pre-storm composite. In a previous study in the
Amazon (Negron-Juarez et al. 2010), ANPV acted as a signal for damage that lasted for
approximately one year following an extreme wind event, until post-storm recovery generated
sufficient new green tissues (mostly leaves) to obscure the NPV signal. In Puerto Rico, estimated
NPV decreased in large areas in the south and other small patches scattered around the rest of the
island after the storm, suggesting that these areas suffered minor damage from Hurricane Maria
(Figure 2.1, Appendix B: Figure S2.2). Rapid greening in the dry forests of the SW portion of
the island, far from the storm track, was likely the result of high rainfall without severe wind
damage. We set these negative ANPV values to zero for the aboveground biomass estimation, as
we are interested in estimating vegetation damage, rather than forest re-greening after the storms

(Figure 2.3).

Field damage assessment and landscapeveground biomass (AGB) estimation

To validate our remotely-sensed index of damage (ANPV), forest damage was assessed
across a series of 25 permanent georeferenced field mapped plots distributed across the island
(Figure 2.1, Appendix B: Table S2.1) (Thompson et al. 2002; Barone et al. 2008; Muscarella et
al. 2016; Schwartz et al. 2019). A survey of all trees > 10 cm in diameter at breast height (DBH:
1.3 m from the ground) was carried out in 23 plots between January and May 2018, and in the
remaining 2 plots in the Fall of 2018, to assess tree damage resulting from the hurricane. For this
study, trees were marked as dead if they had no living foliage at the time of survey. The survey
recorded several qualitative and quantitative observations on tree damage resulting from the

hurricanes, including the type of damage to stems (uprooting or break), tree crown damage and
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branch loss using methods similar to other studies conducted in Puerto Rico (Uriarte et al. 2009;
Canham et al. 2010). Field assessments for loss of branches and canopy damage were combined
into three classes: low (0-25% loss), moderate (25-75%), and severe (75-100%). To link field
plot data to the Sentinel images required that we aggregate tree-based damage data to the pixel
scale (Sentinel-2 pixel size is 10 m). Plots differ in size and shape, so we used two approaches.
For small plots (i.e. <1 ha) we aggregated data for the entire plot. For larger plots, we separated
data into adjacent non-overlapping subsections (Figure 2.1, Appendix B: Table S2.1). The old-
growth forested area of the largest plot, the 16 ha Luquillo Forest Dynamics Plot, was divided
into six 0.36 ha subplots, while the 1 ha old-growth plot from a set of chronosequence plots was
divided into four subplots ranging in size from 0.23 to 0.24 ha. Only old-growth forest plots were
considered and two plots that had been assessed for damage were eliminated, one due to cloud

shadow and the other for partial cloud cover in the Sentinel-2 composites.

Pre-hurricane AGB

We calculated AGB (leaf, branch, and stem levels) of stems > 10 cm in DBH for all dicot
tree species present within the 25 plots, using DBH measurements and the allometric equation
developed for general dicots in forests in Puerto Rico (Scatena et al. 1993). This size class
accounts for the majority of AGB in the plots. Height for the dominant palm species Prestoea
acuminatavar. montanathe most abundant tree species in some forests in the island, was
estimated from DBH following the approach outlined in a previous study of palm diameter and
height relationships (Uriarte et al. 2009). A separate allometry using estimated palm height
(Scatena et al. 1993) was used to estimate P acuminataAGB. Pre-hurricane landscape-level

AGB (Mg hat) for the study area (305,972 ha after removing roads, streams, and cloud-covered
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pixels) was calculated using a regression of field-estimates of AGB and LiDAR-derived canopy
height data from the 3D Elevation Program (3DEP) (Carswell 2016). The regression accounted
for 37% of observed variation in field estimates of AGB (Appendix B: Figure S2.9). Pre-
hurricane canopy height for the entire study area was derived from the 2016 3DEP LiDAR data
by subtracting last return elevation values from that of first returns. Errors and unrealistic canopy
height values (i.e. < Om or > 40m) were omitted (Appendix B: Figure S2.1). Field canopy
height values were estimated as the area-weighted average of canopy height values for pixels

within each plot.

AGB loss to hurricanes

Direct observations of forest damage were used to estimate the field plot-level AGB
damaged from the combined impacts of Hurricanes Irma and Maria. Plot-level damage was
characterized using a variety of metrics including total damaged biomass, proportion of pre-
hurricane biomass damaged, proportion of basal area severely damaged (i.e. broken, uprooted or
dead=BUD), stem density BUD ( 10 cm DBH), and proportion of stems BUD for each plot.
AGB loss was calculated by summing the stem-level biomass of all stems broken, uprooted, or
dead. For standing stems, field-based estimates of the proportions of canopy damaged (see
above) were multiplied by the allometrically estimated branch-level AGB to estimate AGB lost
from branch damage. The middle percentage value for the canopy damage classes described
above (i.e. low = 12.5% loss, moderate = 50% loss, and severe = 87.5% loss) were assumed for
AGB loss calculations. All leaf AGB was considered lost, based on field observations. Branch

and leaf loss of standing, non-BUD stems were added to the estimate of stem AGB loss.
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Landscape-level biomass loss was estimated from the regression between ANPV and the
proportion of estimated AGB lost from field observations in the 25 plots (Figure 2.2, Appendix
B: Figure S2.3). For all pixels with damage, the proportion of AGB loss was calculated and
multiplied by the estimate of pre-hurricane AGB. Carbon mass was assumed to be 50% of AGB
values (Figure 2.3) (Brown 1986). Estimates and 95% confidence intervals of AGB and AGB
lost to the storm were calculated based on the regressions between field-based estimates and
remotely sensed estimates for the 25 field plots (Figure 2.2, Appendix B: Figure S2.9). ANPV
and canopy height values for each pixel in the study area were included in the prediction as new
data. The sum of pixel-level estimates and lower and upper confidence intervals represented the
AGB and AGB lost for the study area.

Since many broken and uprooted stems will not completely die or will have delayed
mortality (Uriarte et al. 2019), this method likely overestimates immediate biomass loss. To
quantify the potential error in our estimate of AGB loss, we used the most conservative estimate
of AGB loss available with the data that was collected (Appendix B: Figure S2.4). In some field
plots (n = 19), stem break height and the damaged branch percent were recorded. To estimate
AGB loss above the stem break, stems in the plots with stem break height were modelled as a
series of truncated cones. The radius of each cone was estimated using default parameters of
tapering functions (Metcalf et al. 2009), which have been found to be the most effective among
several competing models in tropical forests (Cushman et al. 2014). The proportion of AGB
above a given height was estimated, and AGB lost above the break from each stem was extracted
from tree-level AGB (see above). In instances where percent branch damage was recorded, this
was used to estimate branch damage rather than the midpoint of each damage category (see

above). We used estimates of the proportion of AGB lost within the field plots to compare the
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method considering all broken, uprooted, and dead stem loss as well as branch and leaf loss to
this conservative method using estimated AGB above break height and percent branch loss. As
we have no basis for deciding which trees will live or die beyond the proportion of mortality of
uprooted trees that died after previous hurricanes, both methods considered all uprooted stems
living at the time of measurement to be lost, which may overestimate the actual future loss of
these stems by as much as 45% (Uriarte et al. 2009). Nevertheless, uprooted stems usually
remain alive by sprouting new stems from the fallen trunk while much of the biomass in the
main fallen stem will be lost. The landscape-level estimate was recalculated using the regression
between plot-level proportion of AGB lost and ANPV to consider the total potential error in

AGB loss.

Random forest models: Evaluation of risk factor importance

Meteorological, landscape, and stand characteristics were used as risk factors for forest
damage (see Appendix B). Meteorological characteristics include Hurricane Maria maximum 1-
minute sustained wind speeds (km hr?), rainfall data for the day of Hurricane Maria landfall in
Puerto Rico and the following day (September 20-21, 2017), and antecedent rainfall for the two
weeks before Hurricane Maria (September 6-19, 2017), including that which fell during
Hurricane Irma (on September 6. Landscape characteristics include indices of slope and
general curvature (curvature in the direction of water flow), binary topographic wind exposure,
soil water storage capacity, and bedrock geology type. Canopy height was also included as a

stand characteristic.

Statistical anayses
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Fitting models with all our variables is computationally unfeasible for all the pixels in the
island. For that reason, we assessed the association between ANPV and risk factors by randomly
sampling 20,000 points within the study area. Sample points were excluded if we lacked risk
factor values for the location, which left a final total of 18,903 ANPV observations in the
analyses. Risk factor values were extracted for a random subset of ANPV pixels using the R
package “raster” (Hijmans et al. 2011).

Random forest models were fit to assess the relationship between the sampled ANPV and
risk factors. Random forest models fit many nonparametric regression-trees to the data using a
randomly selected subset of predictors per tree. As output, they give the average prediction of all
the individual regression-trees (Breiman 2001). This process accommodates nonlinear
relationships between the response (i.e. ANPV) and predictor variables (i.e. risk factors) as well
as interactions between variables. All risk factors (i.e. Hurricane Maria maximum wind speeds,
Maria-related rainfall, two week antecedent rainfall, slope, curvature, topographic exposure to
Hurricane Maria winds, available soil water storage, geological substrate, and canopy height)
were included in the model and a random forest model with 1,000 regression-trees was run.
Analysis was conducted using the “randomForestSRC” package and the results visualized using
the “ggRandomForests” package in R (Ehrlinger 2014; Ishwaran and Kogalur 2018). The
importance of the individual predictors was assessed using two methods; first, we examined
prediction strength while randomly permuting values for each predictor variable (VIMP);
second, we calculated the minimal depth for each variable (MD), averaging across the 1,000
regression trees (Breiman 2001; Ishwaran and Kogalur 2018). The importance of the selected
variables was assessed using both variable importance (VIMP) and minimal depth (MD)

methods. Partial dependence plots of the response variable to each risk factor were also
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generated by averaging prediction values for all other risk factor along the distribution of the risk
factor of interest keeping other risk factors at mean values across regression-trees (Cutler et al.
2007). Partial dependence plots (Appendix B: Figure S2.7) were created using MD variable
sorting importance order (Figure 2.4 b). We also quantified all pairwise interactions between
risk factors in the regression-tree using Friedman’s H factor (Friedman and Popescu 2008). This
statistic measures how much of the variation of the prediction depends on the interaction
among risk factors. It assigns a value of 0 if there is no interaction at all between one risk
factor and any others and 1 if all of the variance comes from interactions between risk factors.
This analysis was done using the “pre” (Fokkema and Christoffersen 2019) and “iml”
packages (Molnar 2018) with a 3,000 point subsample of our 18,903 ANPYV sample points due

to computational constraints (Appendix B: Figure S2.6).
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2.5 Figures and Tables
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Figure 2.1. Fractional change in non-photosynthetic vegetation (ANPYV) in forested areas of Puerto
Rico caused by Hurricanes Irma and Maria in September 2017.

Blue colours indicate absence of damage, including re-greening, while tan to dark red colours indicate
damage. A value of 0-0.05 (i.e. light blue) indicates little or no change from the year before the storms
(September 15 — November 1, 2016) to after the storms (September 21-November 1, 2017). Black circles
indicate locations of field plots measured for this study. The additional inset panel shows the locations of
the plots clustered within the boundaries of El Yunque National Forest. Clustered plots include
subsections of the Luquillo Forest Dynamics Plot, all subsections of a forest succession plot, all elevation
gradient plots, and two climate gradient plots (Appendix B: Table S2.1). Non-forested areas and forested
areas not included in the study area due to cloud cover for the study period are shown in grey. ANPV was
generated from Sentinel-2 TOA imagery (Drusch et al. 2012) in Google Earth Engine (Gorelick et al.

2016) and visualized using ESRI ArcGIS software (version 10.5 https://desktop.arcgis.com/en/arcmap/).
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Figure 2.2. Results from the linear regression between the change in non-photosynthetic vegetation
(ANPYV) and the proportion of aboveground biomass (AGB, Mg ha?) lost as a result of Hurricanes
Maria and Irma.

Estimates of AGB lost were taken from the 25 field plots. As a negative ANPYV value indicates
regreening after the hurricanes and no field plots displayed no damage or negative ANPYV values,
the figure x-axis (ANPYV) lower limit was set to zero for plotting purposes. Grey areas indicate 95%
confidence intervals for the slope. AGB lost was estimated by including the stem-level AGB for all
stems broken, uprooted, or presumed dead, as well as the estimated branch AGB lost based on
canopy surveys. All leaf AGB was considered lost (see Appendix B for alternative AGB loss

estimates).
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Figure 2.3. Estimated AGB lost as a result of Hurricanes Irma and Maria. AGB loss (Mg ha?).
Estimates were calculated by multiplying the estimated proportion of AGB lost to the hurricanes
(Figure 2.2) by the estimated pre-hurricane AGB (Appendix B: Figure S2.8). Estimates for AGB were
calculated using a regression between field inventory data and area-weighted LiDAR-derived canopy
height for field plots. Estimated AGB loss is shown in colours from blue to red, representing low to
high values of damage, respectively. Three insets are shown to highlight the variation in damage
patterns around the island. Areas with no data are shown in grey. This figure was generated using
Sentinel-2 imagery (Drusch et al. 2012) in Google Earth Engine (Gorelick et al. 2016), canopy height
derived from USGS 3DEP and field plots and visualized using ESRI ArcGIS software (version 10.5

https://desktop.arcgis.com/en/arcmap/).
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Figure 2.4. Importance of risk factors from in random forest models (R? = 0.51) in predicting

ANPYV.

The importance was determined by randomly permuting values for each predictor variable (VIMP) (a)

and by averaging the depth of the first split within the regression tree for each variable across 1,000

regression trees (MD) (b). VIMP is expressed as the difference between MSE of ANPV when the risk

factor values are permuted, multiplied by 1,000.



Chapter 3: Watershed forest damage from a severe hurricane

magnifies increases in streamflow yields

Jazlynn Hall, Martha Scholl, James Shanley, Serena Matt, and Maria Uriarte

Status: In Preparation

3.1 Introduction

Climatic disturbances are occurring with increased frequency and intensity (Knutson et
al. 2010, 2015; Kossin 2018), placing pressure on forests and the hydrologic services they
provide (Zhang and Wei 2021). Streamflow is a crucial component of global water provision,
and forests act as natural buffers and reservoirs by regulating the timing, stability, and quality of
streamflow (Brauman et al. 2007; Zhang et al. 2017; Zhang and Wei 2021). For current and
future watershed management, it is imperative to evaluate the impacts of disturbance on forests
and to determine the hydrological consequences of forest damage.

Tropical cyclonic storms are the prevalent natural disturbance events in many coastal
forests of the tropics (Everham and Brokaw 1996; Mabry et al. 1998). Atmospheric and sea
surface temperature warming are projected to lead to more intense tropical cyclones (Knutson et
al. 2010), which will intensify more rapidly and have higher wind speeds (Knutson et al. 2015).
Increased tropical cyclone rainfall rates are also expected as a result of higher atmospheric
moisture content (Knutson et al. 2013, 2015; Kossin 2018; Gutmann et al. 2018). Increases in
tropical cyclone wind speeds and rainfall may lead to higher cyclone-related damage to forests,
with potential consequences for the hydrological services these ecosystems provide (Kossin

2018; Hall et al. 2020).
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There have been numerous studies on the effects of forest loss and degradation on
streamflow, with some emergent patterns. Deforestation generally increases surface water flow,
while afforestation decreases it (Bosch and Hewlett 1982; Farley et al. 2005; Brown et al. 2013;
Timbe et al. 2017; Zhang et al. 2017; Bentley and Coomes 2020). Total annual streamflow also
increases after forest damage resulting from fire (Ebel et al. 2016; Hallema et al. 2018), selective
logging (Abdul Rahim and Harding 1992; Bruijnzeel 2004), and cyclones (Jayakaran et al.
2014). However, in many tropical areas, human water delivery systems often rely on local
channel withdrawals and/or surface reservoirs with limited water storage (Taylor 2009) where
precipitation is highly variable and includes frequent intense rainfall events (Biasutti et al. 2012)
that increase sedimentation and flooding risk. In these areas, total annual stream outputs may
matter less for consistent water supply than the timing of delivery occurring on finer temporal
scales. In these regions, characterization of the effects of disturbance on groundwater inputs to
streams (i.e., baseflow) and overland flow or flow from shallow soils (i.e., stormflow, quickflow)
may be more relevant to water provision. Quickflow and baseflow also react to rainfall at
different temporal scales (Harman et al. 2011), making partitioning streamflow into these "fast"
(quickflow) and "slow" (baseflow) components useful for evaluating watershed response to
disturbance.

Studies of the effects of forest cover and therefore, potential impacts of disturbance on
these two metrics, are mixed. In many cases, forest cover increases baseflow and reduces
quickflows (Hou et al. 2018; Addor et al. 2018), particularly in the tropics (Stallard and Ogden
2010; Ogden et al. 2013; Filoso et al. 2017; Nainar et al. 2018; Krishnaswamy et al. 2018; Pefia-
Arancibia et al. 2019). Tree roots and litter inputs develop soil structure and increase soil water

storage, infiltration capacity and groundwater recharge (Bruijnzeel 2004; llstedt et al. 2007,
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Bonell et al. 2010; Bargués Tobella et al. 2014). This leads to higher stream levels during dry
conditions and drought (Hamilton and King 1983; Scott et al. 2005; Ogden et al. 2013; listedt et
al. 2016; Meaza et al. 2021), and lower quickflow during intense rainfall events (Bradshaw et al.
2007). In contrast, overland flow becomes the dominant pathway in degraded forest systems
(Krishnaswamy et al. 2012; Birch et al. 2021), leading to higher quickflow and reduced dry
season baseflow. Forest degradation from fire may decrease baseflows (Cingolani et al. 2020),
and logged forests subjected to repeated fires and grazing are associated with increased
quickflow and surface erosion (Zhang, van Meerveld, et al. 2018).

Initial changes to the streamflow regime after disturbance are generally thought to result
from reduced transpiration from forest damage (Dai et al. 2013). These changes lessen over time
as forests recover, although the timescales are dependent on forest recovery dynamics influenced
by the type and magnitude of forest disturbance (Coble et al. 2020). The “fast” (quickflow) and
"slow” (baseflow) streamflow components may also be determined from separate processes and
so may recover at different time scales (Harman et al. 2011; Buma and Livneh 2017). Canopy
regreening after defoliation may increase canopy rainfall interception and lead to quickflow
recovery within weeks after a large disturbance, while tree recovery paired with recruitment of
fast-growing pioneer species with higher water demands may quickly diminish elevated
baseflow post-disturbance by increasing forest water demands to levels greater than those before
disturbance over months to years (Malmer et al. 2010; Ellison et al. 2012). However, if the
magnitude of forest damage is high enough, it may take years or decades to recover to pre-
disturbance values (Post and Jones 2001; Jones et al. 2012).

Watershed proportion of forest cover may also impact the sensitivity of streamflow

regimes to disturbance (Buma and Livneh 2017). After forest disturbance, the magnitude of
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streamflow change is proportionally related to magnitude of forest loss (Hibbert 1967) and is
generally attributed to reduced transpiration driven by tree mortality and damage (Andréassian
2004). However, forest disturbance thresholds (i.e. the magnitude of forest cover lost in a
watershed) must be met before hydrological impacts are seen (Wei et al. 2021). A 20% loss of
forest cover is generally used as a forest disturbance threshold for forest management (Bosch and
Hewlett 1982; Wine et al. 2018), but recent research has highlighted the need to develop
thresholds that reflect location-specific hydrological sensitivities (Zhang et al. 2017; Cecilio et
al. 2019; Wei et al. 2021). Identifying disturbance thresholds for events that do not completely
remove forest cover and instead cause widespread forest degradation (i.e., wind damage, beetle
outbreaks) will likely require identifying interactions between pre-existing forest cover
percentage and the degree of degradation in forested areas. Damaged canopies in watersheds
with less forest cover may result in greater-magnitude hydrological responses to disturbance than
in highly forested watersheds with the same degree of canopy damage.

Despite the robust literature examining the effects of deforestation and forest degradation
resulting from fires and other disturbances on streamflow, only a few studies have examined the
explicit effects of forest damage resulting from cyclonic storms. Hydrological dynamics relating
to cyclonic storms differ significantly from the existing forest degradation literature, as cyclones
simultaneously damage forests (Chambers et al. 2007; Xi and Peet 2008; Xi et al. 2008b; Uriarte
et al. 2019; Hall et al. 2020) and often, bring large volumes of rainfall (Kossin 2018; Keellings
and Hernandez Ayala 2019). Following cyclonic storms, the combined effects of soil saturation
and declines in vegetation water demand can lead to short-term increase in quickflow, runoff
ratios (i.e. streamflow:rainfall), and baseflows (Jayakaran et al. 2014; Chen et al. 2015; Musser

etal. 2017; Zhang et al. 2018a; Vidon et al. 2018). This effect becomes more pronounced under
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wet antecedent soil moisture conditions (Chen et al. 2015). Soils may remain saturated and
vegetation may remain defoliated for weeks or months after the storm (Zhang et al. 2018a), and
forests may take up to a decade to recover lost biomass from broken, uprooted, and highly
damaged trees (Heartsill-Scalley et al. 2007). As vegetation regrows, water demand increases
with potential impacts on streamflow dynamics, until subsequent recovery to normal stream
conditions (Jayakaran et al. 2014). Examining the effects of forest degradation resulting from
cyclonic storms offers an opportunity to further understand these processes.

Here, we quantify short-term (1-2 months post-storm) stream response to rainfall in
Puerto Rico after Hurricane Maria (2017), the strongest hurricane to make direct landfall since
Hurricane San Felipe in 1928 (Boose et al. 2004; Pasch et al. 2019). To determine the magnitude
and direction of response to the storm, we examined the slopes of modified double mass curves
(DMC) by regressing cumulative daily quickflow and baseflow against cumulative rainfall
estimates. We hypothesize that saturated soils from high storm-related rainfall input paired with
widespread vegetation damage and mass defoliation cause greater quickflow and baseflow given
a particular rainfall volume after than before the storm. Changes in quickflow will largely result
from a combination of storm-related soil saturation increasing overland and shallow subsurface
flow in addition to canopy defoliation reducing rainfall interception, and we expect quickflow to
largely recover to pre-storm values once vegetation starts to recover (approx. 3 months) (Van
Beusekom et al. 2018; Hall et al. 2020). We hypothesize that increases in baseflow will be
closely related to high groundwater recharge during the storm paired with reduced transpiration
from damaged canopies, which will take much longer (months to years) to recover.

After evaluating stream response to Hurricane Maria, we also test whether estimates of

forest cover, forest damage, and forest damage weighted by forest cover can explain the
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magnitude and direction of changes to quickflow and baseflow using linear regressions.
Quickflow and baseflow are both expected to be higher in highly damaged watersheds, however,
this may be modulated by forest cover. When watershed forest cover is high, the total change in
watershed forest cover resulting from storm-related forest damage may still be below a critical
forest disturbance threshold to have an impact on streamflow. Under the same level of
proportional damage, we expect less forested watersheds to display a greater streamflow

response after the storm than highly forested watersheds.

3.2 Data and Methods
Study Area

Puerto Rico (~9,000 km?) is a heavily forested island in the Caribbean Greater Antilles
(Figure 3.1). There is large variation in rainfall across the island (700-4,600mm year ) (Daly et
al. 2003; Murphy et al. 2017) resulting from complex topography (0-1,331 m asl) (Kennaway
and Helmer 2007; Carswell 2016) and prevailing trade winds. Puerto Rico experiences a
characteristic bimodal wet season, with an early wet season from May to July and a late wet
season from August to October (Murphy and Stallard 2012). Much of the weather occurs within
the framework of the easterly trade winds, and approximately 70% of the yearly rainfall comes
from hurricanes and other large storms at an average of 9 times a year (Murphy and Stallard
2012a).

On September 20, 2017, Hurricane Maria made landfall in Puerto Rico as a category 4
storm, causing widespread forest damage (Feng et al. 2018; Uriarte et al. 2019; Hall et al. 2020;
Hosannah et al. 2021). Wind speeds reached up to 250 km hr (Pasch et al. 2019) and over a

meter of rainfall fell in some areas (Keellings and Hernandez Ayala 2019). This resulted in much
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higher streamflow than in previous storms (Miller et al. 2019; Pokhrel et al. 2021). Mass damage
and defoliation reduced forest greenness across much of the island for 1-3 months (Van
Beusekom et al. 2018), and temperature and water vapor anomalies did not recover for at least 12
months after Hurricane Maria (Miller et al. 2019; Scholl et al. 2021), indicating that forests did
not recover the evapotranspiration regimes (i.e. energy balance) of intact forests for some time.
This suggests that the storm had important effects on the island’s hydrological cycle that lasted
longer than those from previous storms, which may have important implications for water
provision.

A large proportion (84%) of the total water used for human consumption in Puerto Rico
comes from surface streamflow (Molina-Rivera 2014) and Puerto Rican streams are notoriously
flashy (Jones et al. 2012). High elevation forested watersheds lose up to 36% of storm rainfall
from overland and shallow groundwater flow within hours (Schellekens et al. 2004; Scholl et al.
2015), and much of the water from rainfall is lost as reservoir evaporation or as surface flow to
the ocean before it can be used (Larsen 2000; Molina-Rivera 2014). These characteristics as well
as recent calls to reevaluate Puerto Rican water management systems (Murry et al. 2019)

highlight the need to evaluate the influence of forest disturbance on quickflow and baseflow.

Data
Streamflow

Instantaneous streamflow records collected at approximately 15-minute intervals over the
study period (October through December 2010-2017) were obtained using the “DataRetrieval”
package (De Cicco et al. 2018) for 18 selected USGS stream gages (Figure 3.1, Table 3.1). We

excluded September 2017 from analysis to remove the immediate stream response to rainfall
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from Hurricane Maria (September 20, 2017), as well as Hurricane Irma, a category 5 storm that
passed near Puerto Rico shortly before Hurricane Maria (September 6, 2017).

To match the temporal resolution of the rainfall data, we aggregated streamflow to mean
3-hourly values. All streamflow was converted to specific discharge in millimeters per second
(mm sY) by dividing by the contributing watershed area for each gage to account for variation in
drainage area and facilitate cross-watershed comparisons. The term ‘streamflow’ in this
document refers to specific discharge.

Hurricane Maria damaged or destroyed many stream gages, leaving widespread data
gaps. To reduce the amount of uncertainty present in our estimates, we excluded stations that did
not have at least half of all potential 15-minute streamflow samples for the first two months after
the storm (October to November, 2017), as well as stations with over 50% of estimated flow
values during the same period. We also excluded watersheds affected by human activities and
only considered those with a majority of contributing area on volcaniclastic substrate (Bawiec
1998; Reed and Bush 2005). We delineated contributing watershed areas for each stream gage
and various watershed characteristics using the “delineateWatershed” function in the
“streamstats” package (Hagemann 2021). Using the National Hydrography Dataset (USGS 2020)
and StreamStats station information (USGS 2021), we identified and excluded watersheds

containing pipelines, large lakes, karst topography, or dams (see Appendix C: Table S3.1).

Rainfall
We obtained global rasters of Multi-Source Weighted-Ensemble Precipitation (MSWEP)
3-hour rainfall (0.1-degree spatial resolution) from 2013-2020 (Beck et al., 2019) and extracted

the spatially-weighted average rainfall values for each watershed contributing area.
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Forest cover

We used the R packages “raster” (Hijmans et al. 2011), “sf”” (Pebesma 2021a), and “sp”
(Pebesma et al., 2013) , to extract percent forest cover (Table 3.1) for each watershed
contributing area. Watershed-level forest cover proportion was determined using the 2010 Puerto
Rico C-CAP Land Cover dataset (NOAA 2010). Estimates of forest cover loss derived using the
Global Forest Watch data viewer (Hansen et al. 2013) showed that between 2005 and 2016
Puerto Rico lost less than 1% of the primary forest cover present in 2000, so we concluded that
there were no significant changes to forest cover between 2010 and 2017, when Hurricane Maria

struck the island.

Watershed forest damage

We calculated watershed-level forest damage using a canopy height model derived from
the USGS 3DEP Program (Carswell 2016) lidar point clouds from separate campaigns in 2015
and in 2018. For each campaign, we created a digital elevation model (DEM) using last returns
and normalized point clouds to height above land surface. We removed points classified as low
or high noise, and implemented an island-wide maximum height of 100 m; the approximate
height of the tallest tree in the tropics (Shenkin et al. 2019), and estimated canopy height using
LASTools (Isenburg 2014). Forest damage for each watershed was calculated as the pixel-level
relative loss in forest canopy height in forested areas in each watershed as a result of the storm.
Positive values indicate a loss in forest cover, and higher values represent greater damage extent.

There were significant gaps in 2018 lidar point cloud coverage (see Appendix C: Figure

S3.1), leading to gaps in our estimates of canopy height loss in watershed contributing areas. To

81



approximate watershed contributing area damage in areas containing gaps, we trained random
forest models (Breiman 2001) to predict canopy height loss as a function of a number of
covariates known to influence forest damage from Hurricane Maria using the “randomForest”
package in R (Liaw and Wiener 2002). We included a series of meteorological, topographic, soil,
and stand-level spatial predictors in the random forest models, including those used in Hall et al.
(2020) (see their supplementary information for detailed methods). Predictors included
Hurricane Maria related maximum sustained wind speeds and rainfall, antecedent rainfall,
distance to the Hurricane Maria storm track, elevation, slope, aspect, topographic position index
(TPI), available water storage, and 2016 canopy height (Appendix C: Figure S3.2). We
obtained 1-km RMS® HWind maximum 1-minute sustained wind speeds (km hr-1) for
Hurricane Maria (https://www.rms.com/models/hwind). We included downscaled estimates of 5-
km storm-related NOAA gridded Hurricane Maria-related rainfall (September 20-21, 2017) as
well as antecedent rainfall including that which fell during Hurricane Irma, which passed Puerto
Rico weeks before Hurricane Maria hit (September 6-19, 2017)
(https://water.weather.gov/precip/download.php). Distance to the storm path was determined
using the Hurricane Maria best fit path trajectory developed by NOAA (Pasch et al. 2019). We
calculated elevation, slope and TPI from the 5m 2016 USGS 3DEP digital elevation model
(DEM) We used water storage capacity (in cm of water) for soil horizons from 0 to 100 cm
below the surface (10 m resolution) from the Gridded Soil Survey Geographic database
(SSURGO). Finally, canopy height was derived from the canopy height model derived from the
2015 USGS 3DEP point cloud (Carswell 2016). All predictors were aggregated to the spatial

scale of the forest cover layer (~30m) before processing. Pre-processing the predictors for the
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random forest models was conducted using the sf (Pebesma 2021a), raster (Hijmans et al. 2011),
and terra (Hijmans 2021) packages.

We ran 50 iterations of random forest models with 500 trees each, using separate sets of
10,000 sample locations for each iteration. We predicted canopy height loss across all forested
areas, and used the mean predicted values from the 50 random forest models to fill gaps in the
estimates of watershed damage. To evaluate prediction accuracy, we sampled an additional 1,000
locations from the forested areas in the study area without gaps and regressed observed against

predicted values for the sample locations.

Statistical analysis

Hydrograph separation

Using the 3-hourly mean instantaneous streamflow time series for each watershed, we
performed hydrograph separation into quickflow and baseflow components using the Ladson et
al., 2013 digital filter (Lyne and Hollick 1979; Ladson et al. 2013) with 9 passes, 30 reflection
values, and a standard o parameter value of 0.925 (Appendix C: Figure S3.3). We conduct all
analyses for baseflow and quickflow separately but refer to “flow” to reference methods

examining both quickflow and baseflow independently.

Short term impacts of Hurricane Maria on streamflow

We used a double-mass curve (DMC) approach to evaluate whether forest damage from
Hurricane Maria altered flow (Searcy et al. 1960; Liu et al. 2015; Li et al. 2018; Giles-Hansen et
al. 2019). The main assumptions of the DMC are that 1) a linear relationship exists between

cumulative values of a response variable (here, streamflow) and its driver (here, rainfall) if the
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ratio between the two remains constant, 2) a significant change in the slope of the DMC (i.e.
break point) breaks the time series into a reference period and a disturbance period, 3) the time of
the slope break point is representative of the time of the change in the ratios between the two
variables when factors not related to rainfall significantly change flow (Searcy et al. 1960; Gao et
al. 2017). DMCs are a useful visual tool for determining slope break points in time series, but
must be statistically evaluated (Searcy et al. 1960; Zhang et al. 2012; Gao et al. 2017). This
approach is commonly used to identify the consistency and long-term trends in climatic and
hydrological time series (Kohler 1949; Biederman et al. 2015; Gao et al. 2017).

DMC:s are generally conducted on streamflow aggregated to monthly or annual scales to
avoid noise and outliers in the slope time series, but aggregating to monthly time scales may
mean that the immediate impacts of the storm are indiscernible. Streams in Puerto Rico are
extremely reactive to rainfall and have recovered from the effects of previous hurricanes within
minutes (Schellekens et al. 2004), but as Hurricane Maria caused record breaking rainfall in
addition to more severe forest damage than previous storms (Miller et al. 2019; Uriarte et al.
2019), we expect the effects from this hurricane to remain for longer than those of previous
storms. Due to the flashy nature of the streams paired with rapid understory regrowth and canopy
regreening (Van Beusekom et al. 2018; Leitold et al. 2021), we expect the streams to recover on
finer timescales (i.e., months) than is generally evaluated with DMCs.

To balance our need for evaluating streamflow changes on finer timescales with the need
for aggregating values for meaningful interpretations, we summed 3-hourly quickflow and
baseflow for each day, then estimated the cumulative values from 30-day moving average
rainfall and flow values from October to November in each year of the study period (2010 to

2017). By separating flow components at a fine temporal scale before aggregating to daily values
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and estimating the moving average values, we are accounting for fine-scale variation while
simulating monthly aggregations.

To evaluate the short-term impacts of Hurricane Maria on streamflow, we divided the 30-
day moving average values into reference (before Hurricane Maria, October-November from
2010-2016) and disturbed (after Hurricane Maria, October-November 2017). By only using
October-November flow values, we control for seasonality. We quantified the change in the
resulting DMC slope in each period by regressing cumulative flow against cumulative rainfall
using the “gls” function of the nlme package (Pinheiro et al. 2020) and accounted for temporal
autocorrelation using a first order correlation term. We then evaluated the statistical significance
of the difference in reference and disturbance DMC slopes using the 95% confidence intervals

from the regressions.

Relationships between forest cover, forest damage, and stream response

To ensure that results were comparable across watersheds and to assess the relationship
between forest damage and short-term streamflow response, we calculated the relative change in

stream response after the storm for each watershed as follows:

YQa ¢o@a MO equation 3.1

where slopes are watershed-level DMC slopes before and after the storm. We repeated the
analysis using the watershed slopes from the DMCs of cumulative daily quickflow and baseflow.
We also tested whether weighting forest damage by forest cover increased regression
model fit than canopy damage alone. To weight forest damage by forest cover, we used the
following equation:
® QMOQVE | 'Wivd w QW | Wind w WQ———- equation 3.2
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where for each watershed, “forest damage” represents the percent canopy height loss across all
forested areas of the watershed, “fmax” is the highest % forest cover across all watersheds
studied (99%), and “forest cover” represents the watershed percent forest cover. By weighting
forest damage by forest cover, we are testing whether disturbed canopies in less forested
watersheds cause a greater stream response to Hurricane Maria than disturbed canopies in
heavily forested watersheds. We evaluated the utility of weighting forest damage by forest cover
by comparing the variance explained (R?) in the regressions between each flow metric and forest
damage to that from regressions of each flow metric to weighted forest damage.

By regressing the relative changes in slope and for each flow metric against watershed
forest cover, forest damage, and forest damage weighted by forest cover, we evaluated whether
the magnitude and direction of the short-term stream response can be explained using any of
these predictors. All analysis was conducted using R statistical software (R Development Core

Team 2018).

3.3 Results
Estimates of forest cover and damage

Watershed-level estimates of forest damage as mean percent canopy height loss in
forested areas (Figure 3.1) ranged from 18.18% to 46.70%, and mean forest damage across the
watersheds was 35.81% (Table 3.1).

The random forest model predicted canopy height loss for 1,000 sample point locations
with 83% accuracy (p<0.01) (Figure 3.2), indicating that the predicted canopy height loss values
for areas without lidar coverage are reasonable. Residuals from the regression between observed

and predicted values increase with increased observed canopy height loss (Figure 3.2) which
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suggests that there is a higher degree of uncertainty in our estimates of forest damage in highly

damaged areas.

Shortterm impacts oHurricane Maria on streamflow

Due to the near complete defoliation across many parts of Puerto Rico (Hall et al. 2020),
we hypothesized that saturated soils and reduced canopy rainfall interception in the damaged
forest canopy would lead to higher quickflow after the storm for similar rainfall amounts. We fit
a linear regression of DMC slopes of cumulative October-November quickflow and rainfall to
determine changes in quickflow after the storm and account for seasonality. DMCs created from
regressing all cumulative quickflow (Figure 3.3) and baseflow (Figure 3.4) values (y-axis)
against cumulative rainfall (x-axis) indicate strong linear relationships between flow and rainfall
before the storm.

We found the quickflow DMC slopes increased in 12 of our 18 watersheds, while 5
watersheds displayed significantly lower quickflow after Hurricane Maria and 2 did not exhibit a
significant change (Figure 3.3, Table 3.1). Our results suggest that quickflow generally
increased in the period after Hurricane Maria, however, the response was variable, and some
watersheds counterintuitively saw a decline in quickflow peaks.

Our initial hypothesis posited that the high levels of rainfall from the hurricane paired
with widespread vegetation damage would saturate the soils and increase groundwater recharge,
which would lead to increased baseflow. We extracted DMC slopes of regressions between
cumulative October-November baseflow and rainfall to establish how baseflow changed after the
storm. We found that all 18 watersheds we examined had higher cumulative baseflow values

relative to cumulative rainfall in the two months following the hurricane than in the same period
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in the years before Hurricane Maria (Figure 3.4, Table 3.1). These results support our
hypothesis and suggest that, for the same volume of rainfall, nearly all streams experienced

higher baseflow in the first two months after Hurricane Maria.

Relationships between forest cover, forest damage, and stream response

To assess how forest cover and forest damage affected short-term stream response to
Hurricane Maria, we evaluated the relationships between each metric and the relative changes in
DMC slopes of cumulative quickflow (Figure 3.5 a,b) and cumulative baseflow (Figure 3.5 d,e)
after Hurricane Maria. Quickflow relative slope changes were attenuated in watersheds with high
forest cover (R? = 0.45, p<0.01) (Figure 3.5 a) and magnified in watersheds that experienced
higher forest damage (Figure 3.5 b) (R? = 0.20, p<0.01). We did not find a relationship between
forest cover or forest damage and the relative change in baseflow (Figure 3.5 d,e).

We hypothesized that damage to forested areas in less forested watersheds will result in
greater hydrological changes that in less forested watersheds, and tested this by examining
whether weighting estimates of forest damage by watershed forest cover improved the
relationships between forest damage and relative DMC slope changes in streamflow metrics
(Figure 3.5 c,f). Although the direction of the relationships did not change, we found that
weighting estimates of forest damage by forest cover improved R? values for quickflow but did
not improve our regressions between baseflow and forest damage. Variance explained (R?) from
regressions between short-term changes to quickflow and forest damage improved from 0.20 to
0.45 (Figure 3.5 b,c).This suggests that forest cover, even if damaged, likely reduces quickflow
sensitivity to disturbance and that damaged canopies in less forested watersheds are more likely

to result in hydrological effects. Our results also suggest that the hydrological impacts from the
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rainfall brought in from Hurricane Maria had far-reaching consequences for baseflow regardless

of forest cover or damage extent.

3.4 Discussion

The primary goal of this study was to examine the impacts of Hurricane Maria on
quickflow and baseflow streamflow response in Puerto Rico, and to evaluate whether the
magnitude of watershed forest damage from the storm explain these changes. We found higher
quickflow relative to rainfall for most of the watersheds surveyed, and higher baseflow relative
to rainfall for all watersheds. The magnitude of change in quickflow was positively correlated to
the magnitude of forest damage from the storm, while changes to baseflow were unrelated to
forest cover or damage. We also found that interactions between forest cover and forest damage
modulate the effects of disturbance on quickflow in highly forested watersheds and exacerbate
effects of disturbance in less forested watersheds. Our findings are consistent with previous
studies evaluating the role of tropical cyclone-related forest degradation on changes to
streamflow regimes (Jayakaran et al. 2014; Chen et al. 2015; Musser et al. 2017; Zhang et al.
2018a; Vidon et al. 2018), and suggest a significant reduction in canopy rainfall interception and
transpiration following the storm.

In our study, we found generally higher quickflow for the same rainfall amounts after the
storm, signifying a loss in canopy interception. Rainfall intensities during periods of high rainfall
likely surpass infiltration rates in Puerto Rico, even in highly forested areas (Larsen and Simon
1993; Clark et al. 2017). Previous studies conducted in Puerto Rico (Beck et al., 2013; Clark et
al., 2017; Ramirez et al., 2009, Hall et al. in press) have characterized peak flows as a rapid

response to rainfall regardless of forest cover or rainfall conditions. That we found a change in

89



quickflow-rainfall relationships indicates that presence of intact forest canopy in this system
reduced overland and shallow subsurface flow before disturbance. This is consistent with
previous studies evaluating post-storm quickflow (Krishnaswamy et al. 2012; Zhang et al.
2018a) and indicates that watersheds with less forest cover are more vulnerable to increases in
quickflow after forest disturbance than highly forested watersheds, confirming the role of forest
cover in lessening the effects of rainfall extremes on streamflow

However, three watersheds displayed lower quickflow after Hurricane Maria. This may
be due in part to high levels of forest cover increasing quickflow resilience to disturbance, low
canopy damage levels, and altered post-storm rainfall patterns. One of these three watersheds
was highly forested (94%). Another was moderately forested watershed (79%) but was the least
damaged of all watersheds surveyed (18.5% canopy loss) and the farthest from the Hurricane
Maria storm path. This indicates that low degrees of forest damage in heavy to moderately
forested watersheds may result in the short-term (70 days or less) reduction of quickflow.

Baseflow also increased in all watersheds in the two months after the storm, suggesting
that soil saturation during Hurricane Maria in addition to a reduction in transpiration led to a
long-term gradual release of groundwater to streams (Chen et al. 2015). It is possible that the
increase in baseflow detected is the continued release of the record-breaking rainfall volume
from the storm (Keellings and Herndndez Ayala 2019) rather than the reduction of transpiration.
However, we accounted for this possibility by removing the month Hurricane Maria hit Puerto
Rico (September 2017) from all analyses, so the first estimates of baseflow were nearly two
weeks following the storm. Further, baseflow in the region is thought to operate on multi-year
timescales due to deep groundwater reserves (Post and Jones 2001). High elevation forested

watersheds in Puerto Rico lose up to 36% of storm rainfall from overland and shallow
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groundwater flow within hours rather than days (Schellekens et al., 2004; Scholl et al., 2015),
and streamflow on the island returned to normal conditions within one day of the previous major
hurricane (Scatena and Larsen 1991). Our finding of increased baseflows in the months
following Hurricane Maria is likely a combination of gradual drainage of extreme storm-related
rainfall paired with the release of water from soil reservoirs following unprecedented canopy
damage and defoliation compared to storms from decades earlier.

The use of MSWEP (a gridded product combining radar and gauge rainfall data) results
in uncertainty in rainfall-streamflow relationships that may have affected our results. Rainfall in
Puerto Rico and elsewhere in the tropics has been difficult to properly characterize (Murphy et
al., 2017) due to the complex topography of the island paired with limited high-elevation rain
gages (Murphy & Stallard, 2012) as well as light orographic rain and cloud water deposition on
the northeastern portion of Puerto Rico that current rainfall data sets are unable to account for
(Scholl et al., 2021). As rainfall at high elevations is difficult to measure (Beck et al., 2019;
Murphy et al., 2017), the MSWEP data may underestimate high elevation watershed rainfall and
increase uncertainty in rainfall-streamflow relationships. However, comparing streamflow-
rainfall regression slopes for the same watersheds before and after the storm should partially
account for errors in rainfall estimates if we assume that chronic underestimation of rainfall
persists after the storm.

In our study, forest damage was closely related to the magnitude and direction of
quickflow response to Hurricane Maria but did not affect changes in baseflow values after
Hurricane Maria. This supports our initial hypothesis that changes to quickflow were caused
from a combination of defoliation reducing rainfall interception and reduced forest water

demand, while increases to baseflow was caused by soil saturation and groundwater recharge
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(Jayakaran et al. 2014; Chen et al. 2015). However, as all watersheds were at least moderately
forested, increases to baseflow were also likely affected by the loss of transpiration from
damaged canopies and the slow recovery of forest water demand as vegetation regrows
(Jayakaran et al. 2014).

We also found evidence that forest modulates the effects of forest damage on quickflow
after disturbance. Watersheds with high forest cover had lower quickflow than those with low
forest cover and the watersheds with the highest forest cover consistently displayed the smallest
changes after Hurricane Maria, suggesting that forest cover acts to stabilize streamflow
dynamics. Rainfall interception and resulting canopy evaporation loss is up to 50% of gross
rainfall in the dense canopies in Puerto Rico (Schellekens et al. 1999). After Hurricane Maria,
there was a high degree of tree mortality through uprooting and stem breaks (Uriarte et al. 2019),
which reduced canopy heights and moved much of the dense canopy branch and leaf litter closer
to the ground. There was also likely rapid understory establishment after canopy openings
(Miller et al. 2019). In highly forested Puerto Rican watersheds, it is possible that there was
enough remaining canopy, dislodged canopy, and understory biomass present in these systems to
intercept and slow rainfall even after much of the canopy was damaged.

Our estimate of forest damage was also more closely related to changes in quickflow when
weighted by watershed forest cover than when used alone. The magnitude and direction of the
hydrological impacts on streams are closely related to watersheds characteristics and the extent
of forest damage (Buma and Livneh 2017). An improved relationship between the change in
DMC quickflow slopes and forest damage weighted by forest cover means that forest damage is
more likely to result in hydrological impacts in less forested watersheds than in highly forested

watersheds. This indicates that less forested watersheds may have a lower forest disturbance
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threshold needed to elicit stream response following forest damage, while highly forested
watersheds remain protected (Wei et al. 2021). Our results suggest that maintaining moderate
levels of forest cover in areas with high rainfall volumes and risk of disturbance can greatly
decrease streamflow sensitivity to disturbance.

It has never been more important to examine the impacts of forest disturbance on natural
resources. Deforestation continues to plague many tropical and subtropical regions (Hansen et al.
2013) and projected increases in the frequency and intensity of climate related disturbances
(Knutson et al. 2010, 2013, 2015; Kossin 2018) indicate that the worst has yet to come. Here, we
presented the first spatially explicit examination of forest damage from Hurricane Maria on
streamflow in Puerto Rico. Our results indicate that quickflow and baseflow increased relative to
rainfall in the months following the storm, and that interactions between forest cover and damage
determined the magnitude and direction of the quickflow response to the storm. These results
suggest that watershed forest conservation and management will be critical in preparation for

future disturbances.
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3.5 Figures and Tables
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Figure 3.1. Selected stream gage locations and contributing watershed areas with forest damage.

Colors indicate the magnitude of forest damage (i.e., relative canopy height loss after the storm).
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RF prediction validation: Canopy Height Loss (m)

R=0.83,p<0.01 ®

15 1

-
o
1

Observed

Predicted

Figure 3.2. Validating predicted values and assessing prediction accuracy.
Observed estimates of canopy height loss derived from the USGS lidar flyovers (y-axis) were regressed

against predicted estimates of canopy height loss using random forest models (x-axis).
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Figure 3.3. Watershed-level relationships between quickflow and rainfall pre- (October to
November 2010-2016) and post (October-November 2017) Hurricane Maria.
Top figure depicts relative changes in double mass curve in the slopes of quickflow and rainfall for each
watershed. Error bars indicate 95% confidence intervals, and * symbols indicate watersheds with

significant slope changes after Hurricane Maria. Bottom panel shows double mass curves between

cumulative 30-day moving average quickflow and rainfall. Dashed lines indicate predicted values using



coefficients from linear regressions of pre-storm values, and shaded areas represent 95% prediction

intervals. Y-axes vary by watershed to enable visualization.
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Figure 3.4. Watershed-level relationships between baseflow and rainfall pre- (October to November
2010-2016) and post (October-November 2017) Hurricane Maria.
Top figure depicts relative changes in double mass curve in the slopes of baseflow and rainfall for each
watershed. Error bars indicate 95% confidence intervals and * symbols indicate watersheds with

significant slope changes after Hurricane Maria. Bottom panel shows double mass curves between

cumulative 30-day moving average baseflow and rainfall for each watershed. Dashed lines indicate
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predicted values using coefficients from linear regressions of pre-storm values, and shaded areas represent

95% prediction intervals.
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Figure 3.5. Relationships between relative changes in baseflow and quickflow slopes after

Hurricane Maria and watershed forest cover, percent canopy height loss in forested areas within

the watershed, and percent canopy height loss normalized by forest cover.

Relative changes in slopes after Hurricane Maria are shown on the y-axis, and watershed forest cover

(a,d), percent canopy height loss in forested areas within the watershed (b,e), and percent canopy height

loss normalized by forest cover (c,f) are shown on the x-axis for quickflow, and baseflow, respectively
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Table 3.1. Watershed characteristics for selected streamflow monitoring stations.

aggregated to mean watershed levels to increase accuracy.

Note that relative canopy height loss for forested areas was calculated on the pixel level and then

2016 Weighted
Mean Canopy | % %
% Canopy | Height | Canopy | Canopy | Quickflow | Baseflow
Catchment | Slope Forest | Height | Loss Height | Height Signal Signal
site_no Area (ha) | (degrees) | Cover | (m) (m) Loss Loss Direction | Direction
50025155 2296 24 93 13.96 3.77 25.48 27.12 +
50044810 2100 18 65 10.81 4.37 35.25 53.69 | - +
50047535 108 11 55 11.7 5.52 45.98 82.77 | + +
50053025 1887 19 75 13.86 7.03 46.7 61.65 | + +
50055380 1249 14 71 13.49 5.55 38.53 53.73 | + +
50055750 5724 12 50 11.44 5.37 44.4 8791 | + +
50058350 1955 13 69 13.5 6.35 44.64 64.04 | + +
50061800 2646 15 81 12.74 5.18 38.73 4733 | + +
50063800 2243 14 94 14.55 4.54 30.29 31.9 | - +
50064200 1887 14 85 12.63 4.1 30.37 35.37 +
50065500 1755 21 99 17.9 8.26 43.7 437 | + +
50070900 2839 17 79 14.75 7.2 46.34 58.07 | + +
50071000 3861 17 78 14.31 6.9 44.8 56.86 | + +
50075000 321 15 99 11.64 4.06 34.2 34.2 +
50110900 3725 20 72 10.84 2.48 21.02 289 | + +
50113800 3073 23 89 15.04 4.22 27.38 3045 | + +
50114900 1907 22 84 15.15 4.51 28.67 33.79 | + +
50124200 4876 21 79 12.01 2.36 18.18 22.78 | - +
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Conclusions

My dissertation evaluated the effects of natural climate disturbance (i.e., drought and
hurricanes) on forest carbon sequestration and streamflow across the island of Puerto Rico. In
sum, my research demonstrates that forests lessen the impacts of drought on streamflow and
mitigate the probability of flooding after hurricanes.

| found that highly forested watersheds display higher low flow values in relation to
rainfall even during dry and drought conditions. This suggests that forests modulate the effects of
drought on low flow, providing a more consistent flow. If the Caribbean experiences the drying
trends projected over the next century and beyond (Diaz 1996; Reyer et al. 2017; Taylor et al.
2018), this may significantly change subsurface water storage volumes, straining existing
relationships between rainfall and runoff and potentially moving these watersheds from energy-
limited to water-limited. Thus, while my results highlight the current protective effect of forest
cover during drought conditions, more research is needed to evaluate protective potential of
forest cover in regulating low flows in the context of future drought.

Globally, future hurricanes are anticipated to be more severe and bring more rainfall —
potentially increasing damage to forests. | determined that forests lost nearly a quarter of pre-
storm aboveground biomass to Hurricane Maria in a matter of days, and that a large predictor of
the magnitude of this damage was storm-related rainfall. Much of the previous research on forest
disturbance focused on the impacts of catastrophic wind speeds (Foster and Boose 1992; Fisk et
al. 2013; Rifai et al. 2016Db), but as storms become stronger and wetter, my results make an
important contribution to the literature in identifying rainfall as an additional risk factor which

has been supported in previous work (Wang and Xu 2009). The results from my dissertation
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suggest that rainfall deserves more attention as an independent and interactive predictor of forest
damage in Puerto Rico as well as globally.

While post-storm baseflow relative to rainfall increased for all watersheds evaluated
regardless of forest damage extent, quickflow increases after Hurricane Maria were positively
related to the magnitude of forest damage and negatively related to watershed forest cover.
Previous studies conducted in Puerto Rico (Beck et al., 2013; Clark et al., 2017; Ramirez et al.,
2009, Hall et al. in press) have characterized peak flows as a rapid response to rainfall
independent of forest cover. Although forests did not mitigate the effects of record-breaking
rainfall during Hurricane Maria (Pasch et al. 2019) on baseflow, forest cover reduced quickflow
(i.e.,) responses to subsequent rainfall in the 3 months following the hurricane while forest
damage increased quickflow responses. This suggests that changes to quickflow were caused
from a combination of defoliation reducing rainfall interception and reduced forest water demand
and that forests increase surface and shallow subsurface storage and reduce flooding potential
even after experiencing damage. This is consistent with previous studies evaluating post-storm
quickflow elsewhere (Krishnaswamy et al. 2012; Zhang et al. 2018a) and indicates that
watersheds with less forest cover are more vulnerable to increases in quickflow after forest
disturbance than highly forested watersheds.

The results from my research also have important watershed management implications.
The water storage infrastructure in Puerto Rico is aging and high sedimentation rates have
drastically reduced reservoir water storage capacity from original levels (Morris et al. 2020).
There are also tremendous volumes of water “lost” in transit from reservoirs and streams to
households due to a leaky distribution system (Larsen 2000; Lugo et al. 2011). This leaves the

water supply network of Puerto Rico vulnerable to drought, as demonstrated by multiple periods
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of extreme water rationing during past droughts (Larsen 2000). Hurricane Maria also put
additional pressure on reservoir integrity, and in one extreme example, nearly led to the failure of
the Guajataca reservoir in the weeks after the storm (Villarreal-Arango et al. 2019). Updating the
water storage infrastructure to increase reservoir storage potential, minimize in-transit water
losses, and brace for storm-related flooding is the most obvious management recommendation.
However, as funding may limit the implementation of these infrastructure projects, a more
attainable management solution supported by my work is to maintain existing watershed forest
cover.

Ultimately, my results indicate that maintaining moderate to high amounts of forest cover
increases low flows and limits quickflow increases after disturbance. Steady flows delivered
from forested watersheds can be expected to reduce streamflow volumes lost to the ocean during
drought and reduce strain on reservoir systems during high rainfall periods. The results from my
dissertation culminate in suggesting that forest cover may ameliorate the impacts of drought and
cyclonic storms on water supply in Puerto Rico.

The findings from my dissertation have important implications for research and policy in
the Caribbean and Latin America, and the greater global tropics. Many areas in the humid tropics
receive high levels of rainfall and are largely considered to be energy- rather than water-limited
(Shaw et al. 2019). Studies evaluating the relationships between streamflow and forest cover
have largely focused on mean annual streamflow and have found largely negative relationships
between forest cover and water supply (Bosch and Hewlett 1982; Brown et al. 2005; Farley et al.
2005; Filoso et al. 2017; Bentley and Coomes 2020). However, bourgeoning research from

humid tropical systems is highlighting the significance of evaluating streamflow at finer time
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scales that are more relevant to water storage capacities and watershed management (Pefia-

Arancibia et al. 2012; Birkel et al. 2012; Ogden et al. 2013).
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Appendix A: Supplementary Information for Chapter 1

Watershed selection

We determined stations with data for our study period and downloaded streamflow data
using the “DataRetrieval” package (De Cicco et al. 2018). Of the 70 USGS stream gage locations
with available 15-minute streamflow values from 2005-2016, we selected 20 watersheds with
unmodified water flows (Table S1.1).

We delineated and selected watersheds for our analysis, we used datasets and packages
created by the USGS in the statistical program R, as well as various spatial data manipulation
packages, including “sp”, “sf”, “rgdal”, and “raster”. We delineated contributing watershed areas
for each stream gage and various watershed characteristics using the “delineateWatershed”
function in the “streamstats” package. To control for geological effects on streamflow,
streamflow stream gage sites were limited to those with watersheds containing a majority of the
most common near-surface geology type on the island (i.e. volcanic) (Bawiec 1998; Reed and
Bush 2005).

As most watersheds in Puerto Rico have modified flows, we used the locations of flow
modification features present in the National Hydrography Dataset (USGS 2020) to select
unmodified watersheds. We excluded watersheds containing pipelines, lakes over 10 ha in area,
or dams anywhere in the watershed area. We also used the Hydrologic Unit Modification
(HUMOD) codes in the HU12 layer in the NHD to filter out watersheds affected by karst
topography. Watersheds were maintained even if HUMOD codes indicated a dam or karst
topography if they were upstream of a dam or limestone geology. We used the “mapView”
package in R and to visualize the watersheds alongside potential flow modification features. One

watershed (50043800) was removed due to a suspected issue with delineation. Another
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watershed (50111500) was removed as they were downstream of a dam undetected on the NHD,
but present in the HUMOD codes. We also examined the Streamstats gage pages

(https://streamstatsags.cr.usgs.gov/gagepages/ntml/) and, in one post-hoc selection case, USGS

Water Year reports

(https://wdr.water.usgs.gov/wy2011/pdfs/50043197.2011.pdf?1625614442133) to check for

abnormalities (Table S1.2).

Watershed Characteristics

We aggregated watershed-level landscape and rainfall characteristics. Watershed-level
forest cover proportion was determined using the 2010 Puerto Rico C-CAP Land Cover dataset
(NOAA 2010), and watershed proportion above 700 m asl was calculated from the Puerto Rico
Coast Digital Elevation Model (NOAA 2006). We also calculated mean watershed-level rainfall

event volumes and dry event durations for all events greater than 12 hours.

Model autocorrelation structure

To find the sampling scheme of the streamflow responses that would minimize temporal
autocorrelation, we calculated the partial autocorrelation of events for each watershed using the
‘stats’ package and visually determined the number of lagged samples at which observations
became uncorrelated (i.e. fell within 95% uncorrelated confidence intervals determined by the

number of observations in each watershed) (Figures S1.1-S1.4).

Relationships between forest cover and FDC summary values, colored by geoldgy an

catchment area
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To evaluate whether geology and catchment area may affect the relationships between
forest cover and FDC summary values, we also recreated Figures 1.3 and 1.5 (Figures S1.5-

S1.9), changing the point colors to represent geology and area.

Hydrologic soil groups

We gathered spatial layers containing hydrologic soil groups from the USDA Soil Survey
Geographic database (SSURGO). Hydrologic soil groups are closely linked to infiltration
capacities, but are collinear with forest cover (Figures S1.10, S1.11). Hydrological groups A, B,
C, and D have a high, moderate, low, and very low infiltration rate when wet, respectively.
Group BD has a moderate (B) infiltration rate when drained. And a very low (D) infiltration rate

when undrained.
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Figure S1.1.
Watershed-level partial autocorrelation in peak flow during rainfall events and wet 30-day antecedent

moisture conditions. Autocorrelation values were derived using the “pacf” function in the “stats” package.
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Peak Flow
Dry Conditions
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Figure S1.2.
Watershed-level partial autocorrelation in peak flow during rainfall events and dry 30-day antecedent

moisture conditions. Autocorrelation values were derived using the “pacf” function in the “stats” package.
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Low Flow
Wet Conditions
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Figure S1.3.
Watershed-level partial autocorrelation in low flow during rainless periods and wet 30-day antecedent

moisture conditions. Autocorrelation values were derived using the “pacf” function in the “stats” package.
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Figure S1.4.
Watershed-level partial autocorrelation in low flow during rainless periods and dry 30-day antecedent

moisture conditions. Autocorrelation values were derived using the “pacf” function in the “stats” package.
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Q15n, low flow) normalized quantiles derived from flow duration curves. Streamflow at 5% and 95%

exceedance probabilities were determined for each monitoring station using 15-minute streamflow. All
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Figure S1.6.

Flow duration curve results for Q10 (a,b) and Q15 (c,d) streamflow quantiles for wet (left) and dry (right)

antecedent rainfall conditions. Quantiles are visualized in a regression with watershed-level forest cover.

Streamflow at 5% and 95% exceedance probabilities were determined for each monitoring station, and all
streamflow values have been normalized by rainfall event volume averages. Points represent stream
monitoring stations and point colors represent the catchment area (ha). Blue lines depict significant or

marginally significant (p <0.10) linear regressions and grey area indicates 95% confidence intervals.
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Figure S1.7.

Regressions between watershed-level forest cover and a) 5 (i.e., Q5n, peak flow), and b) 95" (i.e., Q95n,
low flow) normalized quantiles derived from flow duration curves. Streamflow at 5% and 95%
exceedance probabilities were determined for each monitoring station using 15-minute streamflow. All
streamflow values have been normalized by rainfall event volume averages. Each point represents one of
20 stream monitoring stations, and the color of the points indicates the watershed percent containing
volcanic geology (a,b) or the catchment area (ha) (c,d). Blue lines depict significant (p < 0.05) linear

regressions and grey area indicates 95% confidence intervals.
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Figure S1.8.
Flow duration curve results for Q5 (a,b) and Q95 (c,d) streamflow quantiles for wet (left) and dry (right)
antecedent rainfall conditions. Quantiles are visualized in a regression with watershed-level forest cover.
Streamflow at 5% and 95% exceedance probabilities were determined for each monitoring station, and all
streamflow values have been normalized by rainfall event volume averages. Points represent stream
monitoring stations and point colors represent the watershed percent containing volcanic geology. Blue

lines depict significant or marginally significant (p < 0.10) linear regressions and grey area indicates 95%

confidence intervals.
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Figure S1.9.
Flow duration curve results for Q5 (a,b) and Q95 (c,d) streamflow quantiles for wet (left) and dry (right)
antecedent rainfall conditions. Quantiles are visualized in a regression with watershed-level forest cover.
Streamflow at 5% and 95% exceedance probabilities were determined for each monitoring station, and all
streamflow values have been normalized by rainfall event volume averages. Points represent stream
monitoring stations and point colors represent the watershed catchment area (ha). Blue lines depict
significant or marginally significant (p < 0.10) linear regressions and grey area indicates 95% confidence

intervals.
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Figure S1.10.

Map of USDA SSURGO hydrologic group types. Selected watershed catchments areas are shown in red.
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Table S1.1.

Streamflow station selection process. Stations were selected if the drainage area was mostly

volcaniclastic and did not contain pipelines, dams, lakes, karst, or other abnormalities

Non-
site_no Volcanic | Pipelines | Lakes | Dams | Karst | Abnormal | Selected
50011200 | X
50014800 | X
50021700 X X X
50024950 | X
50025155 Selected
50026025
50027000
50027600
50028000
50028400
50029000
50031200 X
50034000 Selected
50035000 X X X
50038100 X X X
50038320 X
50039500 | X
50043197 X
50043800 X
50044810 Selected
50045010 X X X
50046000 | X
50047535 X
50047560 X

50047850 X X
50049100 X

50050900
50051310
50051800
50053025 Selected
50055000 X
50055225 X
50055380 Selected
50055750 Selected
50056400 | X
50057000 X
50058350 Selected
50059050 X X
50061800 Selected
50063800 Selected
50064200 Selected
50065500 Selected
50067000 Selected
50070900 Selected
50071000 Selected

XIX| |X]| X
X

XXX
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50075000

Selected

50076000

50081000

50083500

50085100

50090500

50092000

50093000

XXX XXX

50100200

50100450

50106100

Selected

50110900

Selected

50111500

50112500

50113800

Selected

50114000

50114900

Selected

50124200

Selected

50126150

50129254

50136400

50138000

50144000

50147800

50148890
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Table S1.2.

Stations removed posthoc due to suspected abnormalities (50043197) or due to documentation of

regulations and diversions in the Streamstats database.

site_no Regulations and Diversions

2011 Water Year Report:
https://wdr.water.usgs.gov/wy2011/pdfs/50043197.2011.pdf?1625614442133 Water
extraction about 500 ft (152.4 m) downstream of gage by Puerto Rico Aqueduct and
50043197 | Sewer Authority (PRASA) affecting low flow.

Flow is regulated by Lago Carite located approximately 13.0 mi (crow flies) upstream
50043800 | of gage.

50047535 | Affected by domestic discharges from upstream village.

Some regulation at low flow upstream from gage by local residents for agricultural
50100450 | purposes.
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Appendix B: Supplementary Information for Chapter 2

Methods
Image processing: date selection

To determine dates for pre-hurricane images representative of background forest
conditions, we examined patterns in vegetation phenology from 2000 to 2017 using Enhanced
Vegetation Index (EVI), a measure of canopy greenness (Liu and Huete 1995), from MODIS
Terra Vegetation Index 16-day composites (Didan 2015). We chose 2016 to represent pre-
hurricane forest conditions as these images capture the most recent pre-hurricane vegetation
conditions for our months of interest and there were no outlier values for EVI when compared to
values from the years 2010 to 2017 (Appendix B: Figure S2.8). Note that there were no major

hurricanes in Puerto Rico between 2016 and 2017.

Image processing: cloud masking

The Sentinel QA60 band was used to mask out clouds and other cloud-affected pixels
from all images. However, the Sentinel-2 cloud detection algorithm often poorly predicts cloud
cover in the tropics due to complex cloudiness and high water vapor content (Coluzzi et al.
2018). Following recommended precautions to further restrict cloud cover thresholds (Coluzzi et
al. 2018), cloud masks were visualized using a B2B3B4 RGB composite display (i.e. a natural
colour composite) for images before the hurricanes to find undetected cloud and cloud shadow
areas that were missed by the Sentinal-2 algorithm. Band thresholds were determined to
implement additional restrictions for pixel values to minimize cloud and cloud shadow. Pixels
were classified as cloud if they had higher than expected band values for the aerosol, blue, or red

bands (greater than 0.20, 0.17, and 0.20, respectively), which are similar to those from the known
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cloud areas visualized using the natural composite display. Similarly, pixels were assigned as
cloud shadow if they had lower than expected values for the red and vegetation red edge bands

(less than 0.03 and 0.18, respectively) (Hollstein et al. 2016).

Random forest models: risk factors

Meteorological characteristics

Windspeed
Maximum 1-minute sustained wind speeds (km hrt) for Hurricane Maria processed at 1-
km resolution were obtained from RMS® HWind (Appendix B: Figure S2.1)

(https://www.rms.com/models/hwind). HWind is derived from a series of satellite, aerial, and

ground-based observations.

Rainfall

Because saturated soil flooding can exacerbate wind impacts, we also included
downscaled rainfall totals during the storm. Storm rainfall data for the day of Hurricane Maria
landfall in Puerto Rico and the following day (September 20-21, 2017) were obtained from
NOAA gridded observed precipitation data at approximately 5 km resolution

(https://water.weather.gov/precip/download.php) (Appendix B: Figure S2.1). Rainfall estimates

are multi-sensor (radar and rain gauge) values from National Weather Service (NWS) River
Forecast Centers (RFCs) and mosaicked by National Centers for Environmental Prediction
(NCEP). The centre of Hurricane Maria took 8 hours to cross the island, but areas in Puerto Rico
likely experienced tropical storm severity wind speeds and rainfall before Hurricane Maria made

landfall until approximately halfway through September 21 (Appendix B: Figure S2.10). The
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two-day period used in our analyses includes total rainfall associated with the storm that likely
occurred concurrently with at least tropical storm-force winds (63 km hrt), using storm radii
from the National Hurricane Center and Central Pacific Hurricane Center

(https://www.nhc.noaa.gov/data/tcr/). Antecedent rainfall data for the two weeks before

Hurricane Maria (September 6-19, 2017), including that which fell during Hurricane Irma (on
September 6'), was also included as a proxy for soil moisture conditions at the time of Hurricane

Maria (Appendix B: Figure S2.1).

Landscape characteristics

Topography

To examine the influence of topography on storm impacts, slope and general curvature
(curvature in the direction of water flow) were calculated using an island-wide USGS LiDAR-
derived Digital Elevation Model (DEM) with a 5x5m pixel resolution (Carswell 2016). This
LiDAR data was acquired in 2016 and processed using methods outlined by the USGS 3D

Elevation Program (3DEP) (https://nationalmap.gov/3DEP/3dep_about.html). There is a DEM

data gap in the southeast portion of Puerto Rico, which led to a gap in values for all risk factors
calculated using the 3DEP LiDAR values (i.e. curvature, slope, and canopy height). Calculations
for curvature (Appendix B: Figure S2.1) and slope (Appendix B: Figure S2.1) were conducted
in ArcGIS 10.5 using the 5m DEM and the DEMSurfaceTools extension (Jenness 2013). Slope
was resampled to match the Sentinel-2 ANPV 10 m pixel sizes, and general curvature was
resampled to 100 m pixel sizes to better account for landscape-level topography. Negative

curvature values indicate concave areas (i.e., valleys or low points) where soil water may
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accumulate, and negative values indicate convex areas (i.e. ridges and high points) where soil

water may be lower because of runoff.

Topographic exposure

To reconstruct wind exposure in the island, we used EXPQOS, a simple model that
combines information on the track a hurricane, wind speeds, and topography to predict
heterogeneity in wind impacts across the landscape (Boose et al. 1994)(Appendix B: Figure
S2.1). The EXPOS model assumes that wind movement over land decreases sustained wind
speeds and increases inflow angles, and then calculates the spatial variation in exposure at the
native resolution (5 m) of the DEM. This model has been shown to accurately reconstruct
historical exposure to hurricane winds in Puerto Rico at the landscape scale, when compared to
historical records (Boose et al. 1994, 2004). Hurricane track data was downloaded from NOAA

NHC Tropical Cyclone Best Track archive (https://www.nhc.noaa.gov/data/) and the USGS

3DEP DEM (5 m resolution) was used to estimate exposure (Carswell 2016). We used a 20-
degree inflow angle. EXPOS output is a binary variable indicating areas protected from or

exposed to damaging winds.

Soil and geology

To examine the impacts that soil water storage capacity characteristics have on the degree
of forest damage, we used water storage capacity (in cm of water) for soil horizons from 0 to 150
cm below the surface (10 m resolution) from the Gridded Soil Survey Geographic (gSSURGO,

(https://gdg.sc.eqov.usda.gov/). As this data is derived from vector values and transformed into

gridded raster pixels, each value is weighted by vector area within the raster pixel (Appendix B:
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Figure S2.1). The geology of the bedrock that lies at or near the land surface was also
considered as a risk factor. Near-surface geology was retrieved from the USGS Generalized
Geologic Map of Alaska, Hawaii, Puerto Rico, and the U.S. Virgin Islands (Reed and Bush
2005) (Appendix B: Figure S2.1). Geology was characterized as sedimentary limestone,

volcanic, granitic, ultramafic, or quaternary alluvium deposits.

Stand Characteristics
Canopy Height

For the same level of storm exposure, areas with higher canopy and greater biomass are
expected to exhibit higher levels of ANPV since those areas have more woody material to be
damaged (Everham and Brokaw 1996; Lugo 2008). High biomass areas tend to have taller trees
with large stem diameters and branches. Large branches, have greater drag coefficients and are
more likely to be broken off by hurricane winds (Flynn et al. 2010). Consequently, for the same
level of storm exposure, areas with greater biomass are expected to exhibit higher levels of
ANPV (Everham and Brokaw 1996; Lugo 2008). Canopy height was derived from the 2016

USGS 3DEP LIDAR (https://nationalmap.gov/3DEP/3dep_about.html) (Appendix B: Figure

S2.1).
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Figure S2.1.
Map of risk factors. Meteorological risk factors include (A) maximum sustained (1-minute) wind speeds

associated with Hurricane Maria (RMS® HWind,_https://www.rms.com/models/hwind), as well as (B)

total storm-related rainfall (Sept. 20-21, 2017) and (C) antecedent and Hurricane Irma-related rainfall

(Sept. 6-19) (NOAA, https://water.weather.gov/precip/download.php). Note that the two days during
Hurricane Maria accumulated three times more rainfall than the previous two weeks, Hurricane Irma

included. Landscape characteristics considered are topographic (USGS 3DEP,

https://nationalmap.gov/3DEP/3dep_about.html), soil (QSSURGO, (https://gdg.sc.egov.usda.gov/), and

geological (Reed and Bush 2005) indices including (D) curvature, a measure of convexity of the
landscape , (E) slope in degrees, (F) estimated topographic exposure, (G) available soil water storage to
150 cm soil depth, (H) near surface geological substrate. The stand characteristic considered as a risk
factor is the (1) LiDAR-derived canopy height (USGS 3DEP,
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https://nationalmap.gov/3DEP/3dep_about.html). This figure was visualized using ESRI ArcGIS software

(version 10.5 https://desktop.arcgis.com/en/arcmap/).
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Figure S2.2.

Histogram of ANPV values across the study area.
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Figure S2.3.

Regressions between alternative field-measured damage metrics (y-axis) and plot-level area-weighted
average value of ANPV (x-axis) for 25 plots. Grey areas indicate 95% confidence intervals for the
slopes. Field damage metrics besides % AGB lost (Figure 2) include (A) log of estimated aboveground
biomass (Mg ha) lost, including broken, uprooted, or dead stems and branch and leaf AGB lost, (B)
percent of basal area damaged that was broken, uprooted, or dead, (C) stem density (stems/ha) of

broken, uprooted, or dead stems, (D) and percent of stems broken, uprooted, or dead.
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Figure S2.4.

Results from the linear regression between the change in non-photosynthetic vegetation (ANPV) and the
two estimates of field-measured proportion of aboveground biomass (AGB, Mg ha?) lost for plots with
break height estimates (n = 19). The baseline estimate (blue) considers all AGB from stems broken,
uprooted, or dead to be lost as well as AGB loss based on branch damage categories. The conservative
estimate (red) considers AGB from uprooted and dead stems lost, in addition to AGB estimated above
break height for stems that have break height data (in 19 plots out of 25), and estimated branch damage

percentiles.
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Figure S2.5.
Pairwise linear correlations between ANPV and risk factors (Pearson’s r). Negative correlations are

shown in red and positive correlations in blue. White indicates no significant relationship.
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Figure S2.6.

Interaction strength H-factor of risk factors predicting ANPV in a subsample of 3000 points across the
study area. This is the strength of the interaction between each risk factor and all other risk factors when
predicting ANPV. The interaction strength indicates the percent of the variance that comes from
interactions between a risk factor of interest and the others, where a value of 0 indicates no interactions
between a risk factor and any others and a value of 1 occurs when all of the variance can be attributed to

interactions between risk factors.
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Figure S2.7.

Partial dependence for the variables identified as important for predicting ANPV, ordered using the
Minimal Depth method. Variables are sorted from most important (A) to least important (I). Partial
dependence indicates the predicted response in ANPV as a function of each risk factor after controlling
for all risk factor effects besides the one of interest. Y-axis limits are the same across rows to better
discern individual risk factor effects. Geological substrates are, from left to right: granitic, quaternary
alluvium deposits, sedimentary limestone, ultramafic, volcanic. Negative topographic curvature values
indicate ridges, positive are valleys, and zero values indicate no topographic curvature. Grey areas for

continuous variables display 95% confidence intervals using a loess regression (blue line).
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Figure S2.8.

Annual phenology of average enhanced vegetation index (EVI) 16-day composite values for forested
areas in Puerto Rico between 2010 and 2017. The blue line shows the chosen pre-hurricane baseline year
(2016) and the brown indicates 2017 with a big dip in EVI in September 2017. Grey lines show variation

throughout the year for individual years from 2010 through to 2015.
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Figure S2.9.
Relationship between plot-level area-weighted values of LiDAR-derived canopy height (m) (x-axis) for
pixels within the 25 field plots and the natural logarithm of field-measured AGB (Mg ha') before the
hurricanes (y-axis) for stems with 10 cm DBH. Axis limits have been set to show the extent of the field

data rather than the origin.
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Hurricane Maria
September 21
Tropical Storm Wind Speed Radii
(63 km hr™)

Figure S2.10.
Hurricane Maria track and radii of spatial extent showing tropical storm-force wind speeds (at least 63 km
hrt) for the first twelve hours of September 21, 2017, taken at 6-hourly intervals (colours distinguish time
steps). Figure is based on data from the National Hurricane Center's Tropical Cyclone Reports

(https://www.nhc.noaa.gov/data/tcr/). Black arrows indicate Hurricane Marfa direction.
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Table S2.1.
Size, number, and physical characteristics of field plots included in the analyses. Original sources for plot
data are also included. Some large plots were separated into smaller subplots to make plot area similar

across plots for the analysis.

No. Dimensions | Mean Elevation | Geology (No.

Plot Name | plots | (m) rainfall (m asl) plots) Source
(cmyr?)
Elevation 6 20 x 50 200-400 300-600 | Volcanic Barone et al.
Gradient (2008)
Forest 4 50 x 50 350 167-535 | Volcanic Schwartz et al.
succession (in review)
Luquillo 6 60 x 60 350 334-428 | Volcanic Thompson et al.
Forest (2002)
Dynamics
Plot
Climate 9 50 x 50 150-214 58-945 Volcanic (5) Muscarella et al.
gradient Sedimentary (2016)
limestone (4)
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Appendix C: Supplementary Information for Chapter 3
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Figure S3.1.

Estimates of canopy height loss for the forested areas in Puerto Rico using the canopy height model
derived from USGS lidar. Areas with estimates indicate those with canopy height values for the pre-storm
flyover (2016) as well as the post-storm flyovers (2018). Large gaps are evident in the El Yunque
National Forest. Canopy height loss was extracted for the locations of 1,000 sample points, represented

by black dots, to validate predicted canopy height loss using random forests.

172



. -1 110 to 120 . :
Wind Speeds (km hr') I S Maria Rainfall (mm) p—
: 130 to 140 40 to 60
140 to 150
60 to 80
150 to 160
160 80 to 100
to 170
100 to 120
170 to 180 120 to 140
180 o 190 to
190 to 200 g 16a
200 to 210
Antecedent Rainfall (mm)
0010 gteio
10t0 20
10to 20
20 to 30
20 to 30
30 to 40
30 to 40
40t0 50 40l 50
50 to 60
Elevation (m)
0 to 200
200 to 400 I 0to 10
400 to 600
600 to 800 10620
800 to 1,000 20to 30
1,000 to 1,200 30to 70
1,200 to 1,400
Aspect (degrees)
B -500t0-1.0
M oto 100 -1.0t0-0.5
100 to 200 -0.5t0 0.0
. 200t0 300 0.0100.5
.- [l 300 to 400 | 05t01.0
[11.0t030.0
Available Water Storage (cm) 2016 Canopy Height (m)
' 0to 10 0to 10
10 to 20 10 to 20
[ 20t030 20 to 30
¢ R g; = I30to40 ¢ R I30to40
Q w@ o o 40 to 50 0 $0 o o 40 to 50

Figure S3.2. Random forest predictors.
Map of random forest predictors. Storm-related meteorological predictors include maximum sustained (1-
minute) wind speeds associated with Hurricane Maria (RMS® HWind,

https://www.rms.com/models/hwind), total storm-related rainfall (Sept. 20-21, 2017), antecedent and

Hurricane Irma-related rainfall (Sept. 6-19) (NOAA, https://water.weather.gov/precip/download.php), and

distance to the Hurricane Maria storm path. Landscape characteristics considered are topographic (USGS

3DEP, https://nationalmap.gov/3DEP/3dep_about.html) and soil (gSSURGO,
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(https://gdg.sc.egov.usda.gov/) indices including elevation, slope, aspect, and topographic position index,

and available soil water storage to 100 cm soil depth. The stand characteristic considered as a predictor is

pre-storm LiDAR-derived canopy height (USGS 3DEP, https://nationalmap.gov/3DEP/3dep_about.html).

This figure was visualized using the “raster” (Hijmans et al. 2011), “sf” (Pebesma 2021a), and

“tmap” (Tennekes 2018) packages in R.
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Figure S3.3.

Mean 3-hourly streamflow time series for sample watershed (a) and the separated quickflows (b) and
baseflows (c). Hurricane Maria is displayed as the vertical red line. Note this this figure includes
September, 2017 for better visualization of the change in streamflow after Hurricane Maria, and the y-
axis has been truncated as streamflow in the days post-Maria was significantly higher than all other flow

values.
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Table S3.1. Streamflow station selection process.
Stations were selected if watersheds drainage area was mostly volcanic and did not contain pipelines,
dams, lakes, karst, or other abnormalities. Stations must also have enough observed samples from

October-November, 2017.

Non- Data Data
site_no volcanic Pipelines | Lakes | Dams | Reservoirs | Karst | Abnormal | Gaps Estimated Selected

50011200 | X

50014800 | X

50021700 X X X

50024950 | X

50025155 Selected

50026025 | X

50027000 X

50027600 | X

50028000 X

50028400 | X

50034000

50034000

50035000 X X X

XX XX

50035000

X
X
X

50038100 X X X

50039500 | X

50043197

50043800 X

50044810 Selected

50045010 X X X

50046000 | X

50047535 Selected

50047560

50047850

50049100

X X X X

50049100

50049620

50050900

50051310

X [X X |X

50051800

50053025 Selected

50055000 X X

50055225 X

50055380 Selected
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50055750

Selected

50056400

50057000

50058350

Selected

50059050

50059210

50061800

Selected

50063800

Selected

50064200

Selected

50065500

Selected

50067000

50070900

Selected

50071000

Selected

50075000

Selected

50081000

50083500

50085100

50090500

50092000

50093000

XX |IX |IX X [ X

50100200

50100450

50106100

50110650

50110900

Selected

50111500

50112500

50113800

Selected

50114000

50114900

Selected

50115240

50124200

Selected

50126150

X

50129254

50136400

50136400

X

50138000

50144000

50147800

50148890

177




