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Climate change is predicted to intensify lake algal blooms globally and result in regime
shifts. However, observed increases in algal biomass do not consistently correlate with
air temperature or precipitation, and evidence is lacking for a causal effect of climate or
the nonlinear dynamics needed to demonstrate regime shifts. We modeled the causal
effects of climate on annual lake chlorophyll (a measure of algal biomass) over 34 y
for 24,452 lakes across broad ecoclimatic zones of the United States and evaluated the
potential for regime shifts. We found that algal biomass was causally related to climate
in 34% of lakes. In these cases, 71% exhibited abrupt but mostly temporary shifts as
opposed to persistent changes, 13% had the potential for regime shifts. Climate was
causally related to algal biomass in lakes experiencing all levels of human disturbance, but
with different likelihood. Climate causality was most likely to be observed in lakes with
minimal human disturbance and cooler summer temperatures that have increased over
the 34 y studied. Climate causality was variable in lakes with low to moderate human
disturbance, and least likely in lakes with high human disturbance, which may mask
climate causality. Our results explain some of the previously observed heterogeneous
climate responses of lake algal biomass globally and they can be used to predict future
climate effects on lakes.

lake algal biomass | climate change | time series modeling | abrupt ecological change |
temporal ecology

Primary production of the biosphere is influenced by climate. However, the causal effects
of climate on primary production in oceans, inland waters, grasslands, arid lands, and
forests have been challenging to quantify at broad scales (1-4). Quantifying such rela-
tionships is essential to better inform the inclusion of primary producers in earth system
models (5) and to identify the likelihood of regime shifts, which can cause shifts to new
stable states that are resistant to management actions. Increasingly, scientists use proxies
for primary productivity from satellite imagery to quantify standing stocks or biomass at
broader scales of space and time (2, 4-6). However, even with this increased access to
frequent biomass time series, quantifying the causal effects of climate on biomass at mac-
roscales is challenging. Here, we study the effects of climate on the algal biomass of 24,452
inland lakes across three decades and demonstrate an analytical approach that can be
applied to other biosphere components at continental to global scales using historical
records from remote sensing platforms.

Several challenges limit the ability to document the causal relationships between climate
and lake algal biomass or the nonlinear dynamics needed to demonstrate climate-caused
regime shifts (6-10). First, although average global air temperature and extreme weather
events have changed substantially in the last half-century, natural variability in temperature
and precipitation at regional and local scales makes it challenging to quantify general
ecosystem responses to climate, especially at decadal timescales (3, 8). Second, the temporal
dynamics of lake algae are controlled by a complex mix of lake, watershed, and environ-
mental factors that vary across individual lakes and that can mediate algal response to
climate (e.g., lake depth, water temperature, land use/cover, soils, inflows of water and
nutrients, food web dynamics) (11-16). Third, the human land use footprint, particularly
agriculture, has increased in spatial extent and intensified in many locations (12, 17-19),
which may overwhelm and mask climate effects on lake algae. Fourth, documentation of
abrupt changes alone is not sufficient to quantify climate-caused regime shifts, since there
are other contributing factors which require sufficient data and appropriate approaches
to document (10, 20). Finally, at least for grasslands, primary productivity responses to
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climate are nonlinear, so linear approaches cannot detect the rela-
tionships (4). These challenges have limited our ability to define
and quantify the influence of climate on large numbers of diverse
ecosystems.

Scientists can now fill this gap for inland waters by conducting
broad-scale studies that incorporate diverse environmental context
data and harness long-term data for in-lake algal biomass data
from satellite sensors that enable robust time series analyses. By
combining such models with recent theoretical advancements in
temporal ecology, it is possible to make inferences from driver—
response relationships at broad scales (9, 21-24). In this study, we
ask two questions: 1) What are the causal effects of climate on
lake algal biomass, and is there a potential for regime shifts?
2) How is climate causality of algal biomass related to lake tem-
poral patterns and environmental context?

We analyzed 34-y time series (1985-2018) of validated,
satellite-derived algal biomass for 24,452 lakes that are represent-
ative of the full range of environmental characteristics of the con-
terminous US, including small lakes (>4 ha) that have only rarely
been examined at these scales (25, 26). We measured annual algal
biomass as the median lake chlorophyll-a (CHL) concentration
from a minimum of eight observations collected between April
and October for each year. We quantified relationships between
the CHL time series and 16 climate metrics [temperature, precip-
itation, drought, and El Nifio Southern Oscillation (ENSO) for
four time periods].

Our integrated analytical approach includes three major com-
ponents (Fig. 1). First, to quantify causal relationships between
climate and CHL, we used two types of time series modeling
approaches, based on the statistical properties of the time series

24,452 lake CHL time series from 1985 — 2018
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Fig. 1. Overview of the approach to analyze thousands of time series to estimate climate effects on algal biomass (CHL). The first box (Top Left) illustrates the
time series modeling, which analyzes the temporal “process” to examine the causal effect of climate on lake CHL. The second box (Top Right) illustrates the
temporal pattern analysis which calculates temporal “patterns” of lake CHL, which are indicators of temporal changes over time. The third box (Bottom) illustrates
the integration of temporal pattern and process to examine the environmental contexts where climate is more likely to be causally related to algal biomass.
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for each lake (see Fig. 24 for definitions). We first calculated the
predictability of CHL time series, defined as a time series with
significant forecast skill distinguishing it from a purely stochastic
process (27). For the predictable CHL time series, we used empir-
ical dynamic modeling to determine whether the lake time series
was nonlinear (required to potentially lead to regime shifts) or
linear-stochastic (10, 27). We then modeled climate causality of
CHL time series using convergence cross-mapping (4, 28) for
nonlinear time series and vector autoregressive models for Granger
causality (29) for linear-stochastic time series. The second com-
ponent of our approach was temporal pattern analysis, using a
machine learning algorithm to cluster all CHL time series into 16
classes that we further refined to nine ecological temporal classes
with synchronous temporal patterns and ecologically relevant
indicators of change (30): abrupt and persistent, abrupt but tem-
porary, monotonic, and no pattern (24). Third, to answer our
second research question, we synthesized these two analytical
streams to integrate temporal pattern and process by examining
the relationship between climate-causal lake time series and eco-
logical temporal class assignment and lake environmental context.

A Statistical properties & characteristics of dynamic processes

Predictability = Predictable time series have a statistically-

significant forecast skill (p<0.05) determined using S-maps
that measure the divergence of the estimated probability
density function from the true probability density function.

Linear-stochastic = Dynamics of CHL time series that are
based on linear combinations of observations that are
deterministic with stochastic components. They are not

state-dependent, i.e., future states of CHL do not depend

more on the values of nearby CHL than values farther
away (these have maximum theta = 0) using empirical
dynamic modeling (EDM) (Hsieh et al. 2005; Clark and
Luis 2020).

Nonlinear = Dynamics of CHL time series that are state-

dependent and that cannot be modeled by the sum of their

non-interacting, additive parts, i.e., future states of CHL
depend most strongly on the values of nearby CHL than
values farther away (maximum theta > 0) using EDM
(Hsieh et al. 2005; Clark and Luis 2020).

Type of causality between 2 time series

Climate-causal, linear-stochastic = A causal relationship
between a state-independent CHL time series and a

climate metric that is defined as ‘Granger-causal’ using a

vector autoregressive model that is based on future
predictions rather than correlations to identify causation
(Litkepohl, H. 2006; Sugihara et al. 2012)

Climate-causal, nonlinear = A causal relationship between a
state-dependent CHL time series and a climate metric that
quantifies causality using state-space reconstruction that

measures the extent to which values of the response

variable Y can estimate states of the feature X, which only

happens if X is causally influencing Y using cross-
convergent mapping (Sugihara et al. 2012).

The reciprocal relationship between pattern and process is a
long-standing and flexible concept in landscape ecology that has
improved the understanding of spatial ecology (31). However, the
interplay of pattern and process for temporal ecology has been
understudied (9, 24) and is yet to be integrated with spatial pat-
terns of environmental context at broad spatial extents. The grow-
ing availability of spatial and temporal data, through the
maturation of historical remote sensing platforms, offers an excit-
ing opportunity to integrate spatial and temporal ecology with
pattern and process.

Results and Discussion

Climate Causality and Regime Shifts. Climate time series were
causally related to lake CHL time series (i.e., climate-causal) in
34% of the 24,452 US lakes tested (Fig. 2B). The remainder of the
CHL time series were either unpredictable (54%) or predictable
but not related to any of the climate metrics tested (12%). Our
results support the expectation that climate change can influence

lake CHL (32-34), but not in all lakes and with differing effects
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Fig. 2. Definitions and example results for the time series modeling that includes the lake CHL time series that are causally related to climate. (A) Definitions
of key terms. (B) A Sankey plot that shows results from the time series modeling, including the percentage of CHL time series with statistical properties related
to predictability (gray or blue), linear-stochastic vs. nonlinearity (dark gold or purple), and climate-causality (green). (C) Example plots from three lakes showing
the CHL time series (CHL) and the predictive skill vs. theta (Skill) from the empirical dynamic modeling analysis for the three statistical properties. (D) Example
plots from four lakes for CHL and a climate metric time series causally related to the CHL time series from 1985 to 2018. For the linear-stochastic time series,
the example lakes have a significant relationship between climate and lake CHL with either instantaneous causality (Top) or lag-1 Granger causality (Bottom).
For the nonlinear time series, both example lakes have significant causal relationships between climate and lake CHL.
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(Fig. 2 C and D). In addition, only 4.5% of all climate-causal
time series were nonlinear. This result implies that the potential
for climate change to lead to regime shifts [sensu (10, 27)] in
lake CHL is limited, consistent with a recent study of 1,015
global lakes (6). Our broad-scale results establish a benchmark
for predicting how lakes have responded to climate in the recent
past while recognizing that these patterns and relationships could
change under different climate change trajectories.

For the 8,352 climate-causal lakes, the relationships between
climate and lake CHL were heterogeneous across regions and cli-
mate metrics, and the directionality and the climate-seasonality of
the effects varied, making it challenging to generalize climate effects
on lake CHL. For example, all tested climate metrics were related
to at least some climate-causal lakes, and 55% were related to more
than one climate metric (SIAppendix, Fig. S1 and Table S1).
Precipitation was related to the largest number of climate-causal
lakes (54%), followed by temperature (48%), ENSO (40%), and
drought index (38%). For the linear-stochastic models that included
the detection of directional effects and time lags, we found little
evidence for a consistent effect of climate metrics on lake CHL
dynamics (S7 Appendix, Table S1). Similarly, we did not observe a
consistent effect of temperature, which has direct positive relation-
ships to the physiological processes of phytoplankton, particularly
some bloom-forming taxa (32-34). Our results are consistent with
previous research that found temperature (35, 36), precipitation
(37—41), and climate indices such as North American Oscillation
and ENSO (42—44) to be related to algal characteristics; however,
we document variation in these relationships and report a lack of
patterns that apply broadly and consistently.

Temporal Patterns in 24,452 Lakes. We provide empirical
evidence for the prevalence of nine distinct temporal patterns (i.e.,
ecological temporal classes; Fig. 34) of lake CHL across thousands
of lakes that include well-described patterns from theory and
experiments, such as abrupt ecological changes (rapid relative to
typical rates of change and can be temporary or persistent) and
monotonic trends [directional over time but not always linear (21,
22, 24). The most common patterns (66% of all lakes) are abrupt
ecological changes (Abrupt 1 to 6). There was also a class with
decreasing monotonic trends (12% of lakes; Trend DEC), a class
with increasing monotonic trends (14% of lakes; Trend INC),
and a class with no monotonic trends or abrupt changes (8% of
lakes; No trend) (Fig. 3B).

The lake temporal dynamics within the six abrupt ecological
change classes made ecological sense. For example, the highest
number of breakpoints or anomalies in CHL occurred in 1992,
1998, and 2012 (Fig. 3B). Strong ENSO activity was observed in
1992 and 1998, with low global temperatures in 1992 due to the
eruption of Mt. Pinatubo (45), while, in 2012, many regions
experienced above-average air temperatures and relatively low
precipitation (S Appendix, Fig. S2A). The coincident signals in
CHL across the conterminous US in these 3 y suggest the influ-
ence of broad-scale climate drivers, which appear to result from
the common gradual monotonic temperature increases in many
regions (S/ Appendix, Fig. S2B), combined with some anomalous
decreases (1992) or increases (2012) in temperature for some lake
classes (ST Appendix, Fig. S2 A and B).

Our study provides empirical evidence that, of the hundreds
to thousands of lakes within an ecological temporal class, any of
the time-series statistical properties related to predictability or
linearity are possible (Fig. 3D). These statistical properties deter-
mine our ability to quantify driver—response relationships and
indicate the potential for regime shifts. Although all properties
are represented in each temporal class, their relative proportions

https://doi.org/10.1073/pnas.2416172122

vary in ecologically relevant ways. First, the ecological temporal
class assignment was related to long-term median CHL, with
nonabrupt lake classes being more likely to have the highest CHL
(Fig. 3C). High CHL is strongly controlled by human disturbance,
such as nutrient inputs from agricultural and urban land uses (45,
46), and human disturbance is believed to increase the likelihood
of regime shifts (47). However, compared to the abrupt ecological
change classes, the nonabrupt classes with high CHL were only
slightly more likely to have nonlinear CHL time series, although
they were more likely to be unpredictable (Fig. 3D). This result
suggests that human-disturbed lakes may be more stochastic or
subject to changing human-mediated disturbances through time,
limiting our capacity to model their dynamics. Given the small
percentage of time series in our study that exhibit the nonlinear
properties required for regime shifts, our results suggest that stud-
ies of climate effects on lakes should not focus solely on regime
shifts, but instead must also include linear-stochastic dynamics
and driver—response relationships.

The nine ecological temporal classes were also strongly related
to lake environmental context, providing another dimension to
lake CHL responses. Decades of research have demonstrated the
role of environmental context on average lake CHL, including
lake morphometry, watershed soils, hydrology, average climate,
and location. Fewer studies have considered these same effects on
temporal patterns of lake CHL across many lakes (48). However,
we found that many of these characteristics were also related to
lake CHL temporal patterns (S Appendix, Figs. S3 and S4). The
abrupt lake classes were at the extreme or low ends of ranges for
natural and human environmental characteristics, associated with
high elevation, cold summer temperatures, low human land use,
and extreme hydrology (characterized by high groundwater
recharge and coarse soils). These results are supported by previous
studies documenting the responsiveness of mountain (49) and
high-latitude (50) lakes to global change, as well as the respon-
siveness of lakes with low human disturbance to climate change
(51). Here, we document these patterns across thousands of lakes
and compare them to lakes with contrasting characteristics, par-

ticularly highly disturbed lakes.

Climate-Causal Relationships to Environmental Context and
Ecological Temporal Class. We found that temporal pattern,
defined by ecological temporal class, and temporal process, defined
by climate-causality, were related and helped to explain climate-
response types across thousands of lakes (Fig. 4). The highest
percentage of lakes that were causally related to climate (33 to
60%) were in ecological temporal classes with abrupt changes
(Type A and B). Whereas the lowest percentages of lakes related
to climate (28 to 30%) were in ecological temporal classes with
either increasing or decreasing monotonic trends or no temporal
patterns (Type C). Further, the abrupt classes that were at the
extremes of many natural environmental ranges had the largest
percentage of lakes causally related to climate, a result that
supports the expectation that this class of lakes is most likely to
have responded to climate to date (49, 50). However, we add
context to this expectation by including lakes with wide ranges
of human disturbance in our study. Lakes with moderate to high
CHL and significant human disturbances were least likely to
respond to climate. These lakes tended to show monotonic trends
or no patterns, rather than abrupt ecological changes, supporting
the idea that human disturbances may mask the abrupt CHL
responses to climate that are observed in low-disturbance lakes.
Although many of these environmental characteristics covary (such
as lake elevation, median summer temperature, % agriculture, and
% coarse soils), these factors likely covary across the globe and
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by class as defined in Fig. 2.

provide insight into where lakes may be most responsive to climate
and how—such as through abrupt ecological changes, rather than
smooth linear changes. In addition, based on the relationship with
the positive trend in summer air temperature, it is possible that
if the temperature trends of the 34-y study period become more
widespread or intensify, a larger proportion of lakes may exhibit
climate-causal responses—although the nature of the response
is also mediated by ecological context and human disturbance.

A Framework for Climate Effects on Ecosystems at Macroscales.
Climate effects on ecosystems at macroscales are heterogeneous
and can be understood as a function of human disturbance,
environmental context, and recent changes in air temperature
and precipitation that are all reflected in the observed ecological
temporal patterns. We provide a framework (Fig. 5) that describes

PNAS 2025 Vol.122 No.9 e2416172122

the conditions under which climate-causal relationships with an
ecosystem response, such as algal biomass, are likely to occur.
This framework can be used as a conceptual model for predicting
future responses and temporal patterns across broader ranges of
climate and environmental contexts or for other ecosystem types
and responses. We demonstrate that process by describing how
this framework applies to lake algal biomass response to climate
(Fig. 5).

In our study of thousands of lakes across diverse environmental
settings, we found three types of responses that describe climate
effects on CHL: likely and observable (Type A—Abrupt 1 and 2);
present, but variable (Type B—Abrupt 3 to 6); and present but
constrained by human disturbance (Type C—Nonabrupt). Type A
lakes were least affected by humans, had the lowest long-term
median CHL levels, and were at environmental extremes of low
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Fig. 4. Relationships between the % climate-causal lakes in ecological temporal classes and environmental context characteristics grouped into climate-response
types. (A) Lake characteristics (long-term median CHL, lake elevation, lake area, and latitude). (B) Watershed characteristics (% agriculture, % forest, % wetlands,
and % coarse soils). (C) Hydrology and climate (groundwater recharge, median summer air temperature, and % of lakes with a positive trend in summer air
temperature). Data are for climate-causal lakes within each climate-response type. Lines indicate the interquartile range; long-term median CHL and lake area
are plotted on a log scale. Ecological temporal class labels are as for Fig. 3. The Y axis in all plots begins at 25%.

summer temperatures and high elevations. These lakes exhibit
strong, potentially predictable response patterns to climate, have
large and frequent abrupt ecological changes, as measured by
breakpoints and anomalies, and have experienced some of the
strongest changes in climate in the 34-y study period (mainly in
air temperature, with a signiﬁcant increase in air temperature
observed in 84% of these lakes). Studies support this result in
which lakes in extreme environments are responsive to air tem-
perature (49, 50) or the interaction between air temperature and
the amount of precipitation as snow in high-elevation lakes (52).

Type C lakes were the least likely to be causally related to climate
and had higher levels of human disturbance and long-term median
CHL. Type C lakes were located at opposite environmental
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extremes to Type A, with high algal biomass likely caused by high
nutrient loads from agriculture (S/ Appendix, Fig. S9). In these
lakes, CHL temporal dynamics were more muted, with far fewer
abrupt changes than observed in Type A or B lakes despite 26%
and 27% of the lakes experiencing increased air temperatures or
changing precipitation, respectively. We speculate that CHL in
Type C lakes is more directly driven by land—water interactions
that control external nutrient loads, which are sensitive to precip-
itation extremes (18, 53-55). Therefore, the climate signals
recorded in the 34-y study period may have been more indirect
and overshadowed by the larger effects of human disturbance,
leading to a somewhat muted direct effect of climate on CHL in
this climate-response type. Given the ongoing intensification of
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Fig. 5. Aframework for understanding climate effects on ecosystems at the continental-scale, with lake CHL as a model. By integrating temporal process (i.e.,
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of climate causing the dynamics in CHL. Based on our documented climate effects on lake CHL, we propose five climate response types defined by human
disturbance, environmental context, and climate change that are reflected in a lake’s ecological temporal pattern. Three combinations of these factors (Types
A-C) represent distinct climate responses that we quantified for the study lakes. Type D lake time series were predictable but were not related to any climate
metric; Type E lake time series were not predictable and could not be modeled. The human disturbance and environmental context graphs depict density plots
of a single characteristic for all lakes within a type to indicate narrow or broad ranges of characteristics.

weather extremes and reconfiguring of precipitation into more
intense storms and droughts, we predict Type C lakes will have
stronger responses to climate change in the future, particularly if
warming temperatures are combined with major changes in pre-
cipitation (40, 56-58).

Type B lakes fell between these two extremes, with climate caus-
ing changes in CHL, but to varying degrees for the different classes
of lakes within the Type. The lakes had intermediate environmental
context ranges, low to moderate levels of human disturbance, and
low to moderate long-term median CHL levels; 41% of this class
of lakes also experienced increased air temperatures. Although these
lakes have abrupt temporal patterns, their moderate climate respon-
siveness highlights the complex, multiscale interactions between
external and internal factors that control lake CHL.

The remaining two types of lake CHL time series were unrelated
to climate. Type D lakes had predictable CHL time series, but no
significant effects of climate were present. Type D lakes were dis-
tributed across all lake ecological temporal classes and did not stand
out as having any differentiating environmental context character-
istics (81 Appendix, Fig. S9). We speculate that, as the time series
record lengthens and climate change intensifies, we may be able to
estimate more Type D relationships that do not currently reach
significance, perhaps due to a lack of statistical power. Finally, Type
E lakes have stochastic CHL time series that remain unpredictable
limiting our ability to estimate climate causality; it remains to be
seen whether the number of unknowable relationships of this type
will change with longer observation periods and continued climate
change. Interestingly, these two types of climate-response lakes do
not appear to have specific characteristics; they span a broad range
of environmental characteristics, as well as ecological temporal
patterns (S Appendix, Fig. S9).

Our study provides empirical evidence that algal biomass in
one-third of 24,452 lakes across diverse ecoclimatic zones
responded to changing climate patterns from 1985 to 2018.
Although temperature increased in many regions, these increases
did not appear to lead to widespread and consistent increases in
algal biomass. Additionally, although regime shifts are possible,
they appear rare at the temporal scales and under the climate
conditions we studied. Instead, algal biomass responded to climate
across a broad range of lakes—including those with both low and
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high levels of human disturbance and diverse CHL temporal pat-
terns. However, climate causality was more likely in lakes with
low CHL, minimal human disturbances, extreme environmental
conditions, and abrupt ecological changes than in lakes without
those characteristics. In contrast, lakes with moderate to high CHL
and significant human disturbances were less likely to respond to
climate. These lakes tended to show monotonic trends or no pat-
terns rather than abrupt ecological changes, supporting the idea
that human disturbances may mask the abrupt CHL responses to
climate observed in low-disturbance lakes. Finally, over half of the
tested lakes had 34-y time series that were too unpredictable to
model. Therefore, it is important to continue testing for climate
effects as time series records lengthen so we can improve our ability
to detect effects in an even broader range of lakes.

Reconciling hypotheses about how lake algal biomass will
respond to intensifying climate change, increasing climate variabil-
ity, and escalating human activities over the coming decades is an
urgent priority. To address this need, we developed a framework
that can be applied to other ecosystem types and regions worldwide.
This framework captures the heterogeneous responses of ecosystem
properties to the joint effects of climate, human disturbance, and
local environmental conditions. Because of these complex interac-
tions, climate effects cannot be considered separately from the wide
range of human disturbances and environmental conditions exist-
ing across the globe, and scientists should anticipate a diversity of
responses. Our approach demonstrates the value of integrating
temporal pattern and process to understand and generalize ecosys-
tem responses to climate at continental to global scales.

Materials and Methods

study Area and Lakes. The conterminous US includes abundant lakes and
broad climate ranges located in four of the seven world biomes: temperate forest,
desert, savannah, and grassland which were delineated into regions using NEON
domains (59). Our study scope included all 137,465 lakes =4 ha, excluding the
Great Lakes (60). We excluded lakes <4 ha because of the limitations in extract-
ing information from Landsat imagery on very small lakes (see below). 24,452
of these lakes had sufficient data coverage for time series analysis with nearly
complete 34-y CHLrecords from 1985 to 2018 and complete lake and watershed
ecological context characteristics.
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Data.

Algal biomass data. The LAGOS-US LANDSAT module provided lake CHL (a
measure of algal biomass) for lakes >4 ha derived from Landsat satellite imagery
(extensive methodology, QAQC, and validation for the Landsat-derived lake CHL
are provided in refs. 25 and 26). Briefly, all median surface reflectance bands
and pixel-specific band ratios for water pixels were used from the Level-2 Surface
Reflectance Product after band harmonization across Landsat sensors following Roy
etal.(61,62).Scenes were excluded when cloud cover was =50%, if a retrieval had
<10% of the maximum water pixel coverage from a lake’s overpasses, or if any
band's median value was negative. Retrievals were matched to in situ CHL from
LAGOS-US LIMNO for up to a 7-d window. A random forest regression was built
on all bands and band ratios for +1-d matchups to predict CHL for all lake and
Landsat scene combinations. The model predictions for median summer CHL had
amean absolute percentage error of 25.3% CHLand an R? of 0.52 (P < 0.00071).

Median summer values for CHL for each lake and year were calculated from
=eight April-October CHL values with no two consecutive Landsat overpasses
(16-d return interval) excluded. Lakes were allowed to have five missing noncon-
secutive years of data. The final dataset included 24,452 lakes in which 46.1%
had complete time series, 27.1% were missing a single year, 14.7% were missing
2y,7.8% were missing 3y, 4.2% were missing 4 y, and only 0.01% were missing
5. We infilled missing single years of data with the mean of the previous and
subsequent years. Missing first or last years were infilled with the one adjacent
year's value.

The final study population of lakes with nearly complete CHL time series is dis-
tributed across the conterminous US (SI Appendiix, Fig. S5) and is representative
of lakes within regions, based on important ecological context variables, which
demonstrates that the study population is not biased (S/ Appendix, Figs. S6 and S7).
However, there is spatial patterning in the final lake population (S/Appendix, Fig. S5)
most likely due to two issues that arise when building consecutive time series from
satellite data. First, spatial pattering can result from areas of the country that are
more likely to have summer cloud cover which limits the ability to detect lake CHL.
Second, sufficiently clear Landsat scenes are more likely where the Landsat scenes
had row/path combinations that overlap, leading to the striped patterning. Despite
these constraints, the lakes in the final population covered all regions of the United
States (S/Appendlix, Table S2) and there were no obvious biases in ecological settings
for the lakes in the final dataset (S/ Appendix, Figs. S6 and S7).

Climate data. We classified climate variables into four categories of climate met-
rics (ENSO, drought, precipitation, and air temperature). Monthly, downscaled
values for mean air temperature (hereafter, temperature) and total precipitation
were obtained from PRISM at 4 km grid cell resolution (63) and compiled for lakes
atthe HU12 spatial scale (64). Drought was characterized by the monthly Palmer
Hydrological Drought Index (NOAA). For the ENSO metric, we used the bimonthly
multivariate ENSO index (MELv2), which is standardized to the 1980-2018 ref-
erence period (NOAA). We compiled annual values for the four climate metrics
at four different intra-annual temporal scales (16 total): water year (preceding
year October to focal year September), spring (February-April), summer (May-
September), and preceding winter (November-January) (39).

Environmental context data. The LAGOS-US Research Platform (60) was used
to characterize lakes by location and physical characteristics of lakes and their
watersheds using the LOCUS module (65), and by ecological context using the
GEO module (64). For each lake, we quantified characteristics in seven major cat-
egories that are known to influence algal biomass: climate normals, lake location,
lake and watershed morphometry, watershed terrain, watershed soils, watershed
land use/cover, and hydrology.

Methods Overview. We integrated the rich Landsat library-now sufficient for
time series modeling-with extensive fine-scale geospatial data products. We
estimated temporal process (climate causality) using two types of time series
models suitable for either linear-stochastic or nonlinear time series. Additionally,
we estimated temporal patterns using a machine-learning clustering algorithm
and statistical pattern analyses. We had three main components to our analysis,
including two major analytical streams focused on either pattern or process and
a synthesis of the two (Fig. 1). First, to quantify the causal relationship between
climate and lake CHL time series, we used time series models of each of the lake
CHLtime series (i.e., process). Second, to help understand the temporal ecology
of the lake CHLtime series, we conducted a temporal pattern analysis of the lake
CHL time series (i.e., pattern). Third, to understand how environmental context
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influences the climate effects on algal biomass, we synthesized the results from
both approaches to integrate temporal pattern and process. All code (66) and
data (see above) are available for download.

Process: Time Series Modeling. Time series were analyzed using empirical
dynamic modeling using the rEDM R package (61) following Clark and Luis
(27) that included first estimating whether the time series were predictable.
Nonpredictable time series were excluded from further analyses. Based on the
statistical properties of a predictable lake's CHLtime series dynamics, we used one
of two time series model approaches to quantify the causality of climate on CHL.
Statistical dynamics. Preprocessing included scaling, standardizing, and
detrending each lake's individual CHLtime series. Time series predictability was
tested using out-of-sample "forecast skill” based on S-maps (27). Time series
were classified as predictable if the Pearson correlation coefficient of leave-one-
out cross-validation of the actual and predicted time series was statistically signif-
icant (P < 0.05). S-maps determine predictability by measuring the divergence
of the estimated probability density function from the true probability density
function. We estimated the embedding dimension (E, the number of time lags
needed to reconstruct the state-space using lagged coordinates) for each lake
CHLtime series using simplex projection and classified each lake CHLtime series
as nonlinear or linear-stochastic using sequential locally weighted global linear
maps (S-maps). Like Clark and Luis (27), we varied E from 1 to 10 for simplex
projections, identified the best E for each time series, applied that to the S-maps,
and varied the nonlinear tuning parameter from 0 to 8. To determine whether
an individual lake CHL time series was nonlinear or linear-stochastic, we used a
randomization procedure to estimate P-values to determine whether the change
in mean absolute error (AMAE) from a linear to nonlinear model was positive and
significant (P < 0.05). The AMAE was estimated by subtracting the minimum
MAE from the global linear model MAE. The P-value was estimated by generating
1,000 phase-randomized time series using the surrogates function from the
astrochron R library (67) that preserved the statistical properties of the original
time series (e.g., autocorrelation) and introduced random noise. This process
created a null distribution of AMAE to compare the AMAE estimated from the
actual time series.

Causality for nonlinear time series. For nonlinear CHL time series that were
predictable, we determined to what degree any of the 16 climate-by-season
variables were driving the lake CHLtime series using convergent cross mapping,
which infers a causal relationship between a driver variable (e.g., a climate metric)
and a response variable (e.g., the individual lake CHL time series). We used the
rEDM R package following Liu and Gaines (67). We performed convergent cross
mapping for each lake CHL time series and climate variable combination using
the best E identified above. Two criteria were used to infer causality and minimize
capturing spurious correlations (67, 68). First, we ensured that the cross-map
skill using all data was significantly greater than zero. Second, we confirmed
that predictability was convergent by ensuring that the predictive skill at the
maximum library size (library size = 500) was greater than the predictive skill at
the minimum library size [library size = 20; (67, 69)]. When both criteria were
met, a climate variable was inferred to have a causal relationship with lake CHL.
Causality for linear-stochastic time series. For predictable linear-stochastic
CHLtime series, we determined to what degree any of the 16 climate-by-season
variables were driving the lake CHLtime series using Granger and instantaneous
causality, which tests whether the prediction of a time series improves using the
information contained within a second-time series (70). We fit vector autoregres-
sion models to each lake CHL time series for each climate driver with alag of 1y.
A climate driver can be found to be either independent of CHL, Granger-causal
only, instantaneous-causal only, or both Granger- and instantaneous-causal.
Granger causality employs a lag between driver and effect, whereas instanta-
neous causality does not rely on a lag and provides a less structured causal link
(71).The time series models were tested for Granger and instantaneous causality
using the "Imtest" R package (72). Climate drivers were considered Granger- or
instantaneous-causal if the P < 0.05 for the respective test.

We set our statistical threshold for all analyses at P < 0.05 for the four different
analytical steps of our analysis that have complex estimated parameters for each
lake. We chose not to select a lower P value threshold to maximize our power to
detect effects due to the relatively short time series (in the absence of knowing
the power sensitivity at each analysis step). We accept that this decision increases
the potential for Type | errors.
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Pattern: Temporal Pattern Analysis and Environmental Context.
Hierarchical clustering. We converted each lake's time series to a z-score (mean
=0,5D = 1) to prioritize temporal patterns and control for CHL magnitude. CHL
time series were clustered using agglomerative hierarchical clustering using
scikit-learn in Python (73) by initially treating each lake as its own cluster, then
recursively merging clusters step-wise while subject to a criterion (30, 74, 75).
We used Ward's method as our criterion, which merges clusters that minimize
within-cluster variance (76), which achieves our objective of clustering lakes with
similar interannual temporal patterns of CHL. We selected the 16-cluster output
that balanced cluster granularity and generality. We further group these clusters
into ecological temporal classes as described below.

Calculation of temporal pattern indicators using breakpoints, anomalies,
and monotonic trends. To quantitatively describe the cluster CHL temporal
patterns, we analyzed each lake's CHL time series for breakpoints, anomalies,
and 34-y monotonic trend. Breakpoints were calculated using the strucchange
R package (77) with a minimum segment size of 15% of the CHL time series
length and using a method thatimplements multiple, simultaneous breakpoint
determinations (78). Ayear was defined as a breakpoint if the CHL time series
shifted from one stable linear regression relationship to another in that year. A
year was defined as having an anomaly if the within-lake CHL z-score for that
year was beyond =1 SD. We identified each lake's monotonic 34-y CHL trend
using a Mann-Kendall test based on a two-sided P < 0.05 and directionality
based on the sign of Kendall's 7.

Creating ecological temporal classes. We analyzed the existing 16 clusters to
determine the classes that could be combined that had similar temporal pat-
tern indicators (breakpoints, anomalies, or monotonic trends and directions),
but perhaps simply different magnitudes suggesting similar ecological drivers.
By evaluating these pattern indicators, we found that the 16 clusters could be
reduced to nine ecological temporal classes, defined as classes with similar eco-
logical temporal patterns. We first identified six possible classes if one ignores
the year of breakpoint or anomaly occurrences: 1) abrupt with temporary change
(time series = one anomalous year); 2) abrupt with persistent change (time series
with = one breakpoint); 3) abrupt with temporary and persistent change (time
series with = one breakpoint and = one anomaly); 4) monotonic-increasing
(time series with no anomalies or breakpoints, but with increasing trend); 5)
monotonic-decreasing (time series with no anomalies or breakpoints, but with
decreasing trend); 6) no pattern (no detected breakpoints or anomalies). We then
split out classes by documenting the year of the anomalies and breakpoints to
create a final ecological temporal classification that contained nine classes. For
example, if there were three lake clusters with abrupt but temporary changes
that occurred in different years, those lakes were assigned to different classes
as they may indicate responses to different drivers. In contrast, if two clusters
had abrupt but persistent changes in the same year, but one cluster had larger
changes than the others, they were grouped into the same class. Of the nine
ecological classes, six contained any kind of abrupt change (Abrupt 1 to 6), one
class had decreasing monotonic trends (Trend DEC), one class with increasing
monotonic trends (Trend INC), and one class with no quantifiable patterns (No
trend). We validated these ecological temporal classes with two approaches. First,
we plotted a broad range of ecological context characteristics (including lake,
watershed, terrain, soils, land use, and hydrology) across the classes and found
strong patterns by class (S/ Appendix, Fig. S3). Second, we modeled the effect of
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32 watershed and lake characteristics on the refined class assignments using a
GLMnet model which supported a strong association between class assignment
and many of the environmental context variables (e.g., elevation, latitude, lake
area, soils, and land use).

Integration: Climate-Causal Relationships to Environmental Context and
Temporal Class. Using the ecological temporal classification, we calculated the
proportion of lake CHL time series in each class that were causally related to any
climate metric. We then plotted these against ecological context characteristics to
identify those features that may be most strongly related to climate causality of lake
algal biomass. To examine how the temporal patterns (i.e., the ecological temporal
class assignment) were related to process (i.e., climate causality), we examined
which ecological context characteristics had the strongest relationships to document
the environmental conditions most likely to lead to algal biomass responses to
climate. As a final synthesis, we identified five possible climate response types for
algal biomass that included all 24,452 lakes in our study population.
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