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Harmful algal blooms (HABs) can negatively affect aquatic ecosystems by creating hypoxic conditions and releasing toxins into
the water. Rainfall drives HAB growth by allowing runoff containing nutrients and fertilizers, such as nitrogen and phosphorus,
to enter waterways. Therefore, many prediction models rely on total rainfall but overlook the impact of rainfall variability
on algae growth. This study tested whether rainfall variability improves models’ predictions of elevated chlorophyll-a levels
compared to cumulative rainfall in western Lake Erie from 2013 to 2023. Three random forest models were trained using
chlorophyll-a samples and daily precipitation, each with a different set of features: one with 7 and 30-day rainfall totals only, one
with 7 and 30-day standard deviations, coefficients of variation, and wet days (precipitation greater than 0.01 mm), and one with
all of these features combined. Each model was trained using samples from 2013-2020 and tested on samples from 2021-2023,
with each model predicting whether a sample contains elevated chlorophyll-a levels. The totals-only model performed the best
on ranking metrics such as ROC-AUC and PR-AUC, while the variability-only and combined models performed slightly better
than totals-only on threshold-based metrics such as balanced accuracy and F1. These results indicate that rainfall variability
may have modest predictive value beyond total rainfall in predicting above-median chlorophyll-a levels, although the absence of
nutrient and temperature data, along with spatial constraints, somewhat limits the generalizability of the results.
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Introduction

Harmful algal blooms (HABs) threaten many freshwater
ecosystems, as they deplete oxygen in water and release tox-
ins such as microcystins into the environment1. Rainfall con-
tributes to the growth of algae by driving runoff full of nutri-
ents into bodies of water. A growing number of studies have
started to investigate the relationships between algae growth,
total rainfall, and rainfall distribution. Rainfall variability can
alter runoff composition independently of total rainfall2, ex-
treme rainfall can disproportionately increase the amount of
nutrients such as phosphorus entering waterways3, short and
intense storms can result in waves of nutrients which totals-
based models miss4, and analyses show a link between heavy,
shifting precipitation and changes in water quality5. Although
rainfall can increase the amount of nutrients in waterways6, it
can also dilute and flush them out as well7. As a result, algae
prediction models relying only on total rainfall face the risk of
missing runoff processes driven by varied-rainfall events such
as clustered storms6. Even though variability is recognized as
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a growth factor, its use in predictive machine learning models
is still relatively low.

Tree-based models such as random forest and XGBoost
have been used in multiple studies to predict chlorophyll-a
levels, due to their ability to find non-linear relationships8,9.
Studies of western Lake Erie have mainly identified nutrients
and physicochemical variables as the central drivers of algae
growth, with rainfall contributing very little10,11. However,
these studies represent antecedent rainfall (if even used at all)
as a cumulative total in their models, and rarely test if rain-
fall variability actually has predictive value beyond just total
rainfall.

This study seeks to fill that gap by answering the question
of whether the use of rainfall variability metrics has an ef-
fect on improving predictions of elevated chlorophyll-a lev-
els compared to the standalone metric of total rainfall. To
answer this question, three random forest models containing
different sets of features were trained and tested on precipita-
tion and chlorophyll-a datasets so as to compare and evaluate
each metric’s contribution. Random forest models were cho-
sen in particular due to their ability to model non-linear rela-
tionships between rainfall variability and chlorophyll-a. The
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models aimed to predict elevated levels of chlorophyll-a, with
model performances being evaluated through standard ma-
chine learning benchmarks such as balanced accuracy, ROC-
AUC, and F1. In order to maintain the scope of the study and
limit outside influences on the results of the experiment, the
models were trained and tested exclusively with rainfall data,
with other algal growth factors being omitted.

Methods

This study concentrates specifically on Lake Erie from 2013
to 2023, as it has historically been affected by HABs and also
because there is an abundance of both climate and chlorophyll-
a datasets available12. The purpose of this study is to compare
three random forest models using various feature sets (total
rainfall, rainfall variability, and both combined, respectively;
each feature set also includes month) to predict above-median
chlorophyll-a concentrations.

The precipitation dataset used contains daily precipitation
totals from NOAA weather station USW00094830 (Toledo
Express Airport, OH; 41.59◦N, 83.81◦W; accessed 4/11/2026)
located on the western end of the lake. The second dataset
used was obtained from the NOAA’s National Centers for
Environmental Information (NCEI) website (dataset name:
Physical, chemical, and biological water quality monitoring
data to support detection of Harmful Algal Blooms (HABs)
in western Lake Erie, collected by the Great Lakes Environ-
mental Research Laboratory and the Cooperative Institute for
Great Lakes Research since 2012; accessed 4/12/2026), out
of which chlorophyll-a samples that span across western Lake
Erie were obtained13.

Toledo Express precipitation data was used to calculate an-
tecedent rainfall features for all of the chlorophyll-a samples,
regardless of sample location. Chlorophyll-a samples were lo-
cated 32.7-214.9 km away from the Toledo Express weather
station (median of 78.8 km) and 1.8-184.2 km away (median
of 48.3 km) from the Maumee River mouth reference point
used in this study (41.70◦N, 83.45◦W). No additional bound-
ing box/watershed feature was applied beyond the western
Lake Erie extent of the chlorophyll coordinates. Although
both datasets geographically correspond to western Lake Erie,
the vastness of the lake and the spatial distribution of climate
and chlorophyll samples represent a limitation that predic-
tions are unlikely to apply across the entire lake. As such,
associations represented in this study merely represent single
gauge relationships and should not be interpreted as spatially
resolved rainfall patterns.

To process the datasets, chlorophyll-a and precipitation
sampling records were limited to 2013-2023, converted to
standard ISO dates, and had numeric formatting applied to
chlorophyll-a and coordinate points. Rows which did not have
either a valid sample date or chlorophyll-a values were then

Figure. 1 Map of chlorophyll-a dataset sample distribution across
Lake Erie. A majority of the 2,667 samples shown are clustered to-
wards the western end of the lake.

removed. Duplicate records with shared calendar dates were
saved as separate entries rather than being combined into a
single sample. 2,667 samples were left after cleaning and pro-
cessing the datasets, each with corresponding chlorophyll-a
and precipitation values.

The training to test split of data used a temporal split in-
stead of a predetermined percentage split. The training dataset
consists of all values from 2013-2020 (2,079 samples), while
the test dataset consists of the remaining data samples from
2021-2023 (588 samples). A temporal split was used because
it tests forward generalization on the 2021-2023 test set after
training on the 2013-2020 data. A random percentage-based
split could place samples from the same seasons or years in
both the training and testing sets, which would spread year-
specific conditions across both datasets and lead to inflated
model performance.

Figure. 2 Dataset temporal split among training and testing data.
Training/testing percentage split is approximately 77.95% training
and 22.05% testing.

A random forest model was chosen to make predictions due
to its ability to process data in nonlinear relationships. This
type of model also allows for hyperparameters to stay con-
stant across all the models in order to ensure that differences in
results are due to feature sets only. Boosting methods such as
Gradient Boosting and XGBoost were considered but not used
because they require additional tuning (learning rate, subsam-
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pling, and regularization) that could add another source of
variation and potentially complicate the interpretation of mod-
est and metric-dependent results14–16. Antecedent rainfall fea-
tures were calculated over two rolling windows of lengths 7
and 30 days, respectively. A 7-day window was chosen to
target short-term runoff17, while a 30-day window was cho-
sen to capture longer rainfall conditions consistent with bloom
season moisture accumulation18. Non-overlapping windows
were not used because they would add more features and push
the study to become more of a window selection analysis
rather than a controlled model comparison.

Figure. 3 Example random forest model diagram. Inputs are spread
across decision trees, which split data using feature-based rules. De-
cision tree results are then evaluated by majority voting to output a
final prediction.

Rainfall features for each sample were calculated only with
daily precipitation leading up to/during the 7 or 30 day win-
dows (including the sample date), with missing precipitation
days counted as zero rainfall (0 mm). This process guaran-
tees that rainfall after the current window being analyzed by
the model cannot affect the predictions. Daily precipitation
was recorded as total rainfall within the day, without taking
into account when exactly during the day rainfall occurred.
This means that rainfall could have occurred after the sample
was taken, which would lead to some samples including post-
sampling rainfall. This potential contamination was limited to
at most one day within each 7/30-day window, and notably is
also common within standard runoff modeling.

Within every single window, 4 separate features were cal-
culated: a sum of total rainfall, standard deviation of daily

rainfall, coefficient of variation (calculated by standard devia-
tion / (absolute mean + 1×10−6) to avoid division by 0), and
a ‘wet-day’ count (number of days with precipitation greater
than 0.01 mm). Feature distributions in the training set were
checked for extreme CV values (Figure 10), and CV was not
winsorized. Because random forest models split on thresh-
olds and not exact values, monotonic rescaling of CV would
not affect tree structure. All 4 of the features mentioned above
were calculated using the same daily rainfall data, and, as a re-
sult, are correlated. An additional ‘month’ feature was added
as well in order to have a seasonality control. Code used to
generate features is available in supplementary materials.

Chlorophyll-a levels were designated as ‘elevated’ if
they were greater than or equal to 9.51 µg L−1 (median
chlorophyll-a level in 2013-2020 training data), and model
predictions were evaluated at a probability threshold of 0.5.
A median split was chosen because it can help answer the
main research question of how well the models identify
higher/lower than usual chlorophyll-a levels by establishing
a dataset-specific and objective split. Additionally, a median
yields two approximately balanced training classes consist-
ing of around 50% elevated/non-elevated samples each, which
helps with stabilizing random forest model training and eval-
uation19. Ecological/regulatory cutoffs were not used because
they may not match this dataset’s unique distribution of sam-
ples and mainly target management/identifying bloom events
instead of above-median chlorophyll-a levels.

The random forest models were built with Python using the
libraries pandas 3.0.0, NumPy 2.4.1, and scikit-learn 1.8.0.
Each model consists of 150 decision trees that split on a ran-
dom subset of the calculated features at every node with a
maximum depth of 12, minimum leaf size of 12, balanced
class weight, random state = 42, criterion = gini, max features
= sqrt, and scikit-learn defaults for the remaining hyperparam-
eters. The three models were each equipped with a varied set
of features: one with 7 and 30-day rainfall totals only, one with
7 and 30-day standard deviations, coefficients of variation, and
wet days, and one with all of these features combined. As
mentioned before, the month feature is also present in all 3
of the models to account for seasonality. In order to quantify
the performance of seasonality, a month-only baseline random
forest model was trained as well (Table 3).

Model performance on the 2021-2023 test set was evalu-
ated by balanced accuracy, ROC-AUC, F1, PR-AUC, sensitiv-
ity, specificity, precision, and negative predictive value (NPV)
at a probability threshold of 0.5 (Table 1). The comparisons
among the rainfall feature sets in Tables 1 and 2 should be
interpreted as conditional on month for all three models. Pair-
wise differences in model performances were assessed with
2000 paired bootstrap samples to achieve 95% confidence in-
tervals for each metric (Table 2). Because the results vary by
metric, the conclusions are reported as metric-dependent in-
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stead of identifying a single ‘best’ model. ROC and precision-
recall curves (Figure 4), confusion matrices at the 0.5 thresh-
old (Figure 5), and threshold sensitivity analyses at probabili-
ties of 0.3, 0.4, 0.5, and 0.6 (Figure 6) were created to display
the various tradeoffs between models.

Features with the highest importance were determined by
analyzing mean decrease in Gini impurity20,21. Both Gini im-
portance from the training data and permutation importance
from the testing data (balanced accuracy with 30 shuffles and
fixed seed of 42) are reported for the combined model (Fig-
ures 8 and 9). However, because standard Gini/permutation
importance is unreliable with collinear predictors, grouped ab-
lation was used as the primary correlation-robust importance.
Grouped ablation was conducted by retraining a random for-
est model after a single feature set- rainfall totals (amount),
wet-day counts (frequency), or standard deviation + coeffi-
cient of variation (dispersion)- was removed while retaining
month (Table 3). The relationships among inputs and rain-
fall features by above-median vs. below-median chlorophyll
are shown in Figure 7 (Pearson feature correlation matrix) and
Figure 10 (rainfall feature distributions by chlorophyll class).

As a sensitivity check under the single-gauge spatial limita-
tion of the precipitation data, the test set data was reevaluated
by distance tertiles to see whether model performances and
totals vs. variability patterns would hold across sample dis-
tances. The training set data was used to create three tertiles
(‘near’, ‘mid’, and ‘far’) which were applied unchanged to the
test set separately for distance to both Toledo Express and the
Maumee River mouth. The models were not retrained for each
tertile, meaning that the same rainfall features were applied to
all samples within each tertile. The results of distance tertile
testing are summarized in Table 4.

Results

In testing, each model predicts whether chlorophyll-a values
will cross the threshold of 9.51 µg L−1, with 0 representing
a prediction of ‘no’ and 1 representing a prediction of ‘yes’.
The results of the models’ performance on the 2021-2023 test
dataset are summarized in Table 1, with Figure 4 displaying
ROC-AUC and precision-recall curves.

The balanced accuracy measure tracks the performance of
the model in identifying both elevated and non-elevated lev-
els of chlorophyll and weighs each class equally. ROC-AUC
values are a measure of how accurately the model’s predicted
probabilities rank elevated and non-elevated samples, and F1
values balance the accuracy of the model in catching the ele-
vated chlorophyll-a levels and avoiding overpredictions. PR-
AUC represents the trade-off between model precision and re-
call, and provides a measure to assess how well the model
identifies elevated chlorophyll-a levels when the classes are
imbalanced. Sensitivity refers to how well the model cor-

rectly identifies elevated levels of chlorophyll, while speci-
ficity refers to how well the model correctly identifies non-
elevated levels of chlorophyll. Precision values were calcu-
lated by how many elevated cases were predicted correctly,
and NPV scores reflect how many non-elevated cases the
model predicted correctly.

Each of these values offers insight into how the models per-
formed and the overall impact of each feature set on model
performance. Balanced accuracy scores reflect the fact that
adding variability features can potentially help the model rec-
ognize elevated and non-elevated levels of chlorophyll, with
the variability-only and combined models each outperform-
ing the totals-only model by a borderline margin. Modest F1
gains suggest the importance of variability features, with the
combined and variability-only models once again outperform-
ing the totals-only model. That said, the month-only baseline
achieved the highest overall balanced accuracy and F1 scores
(Table 3). The ROC-AUC values stand out because the totals-
only model outperforms both other models in ranking elevated
and non-elevated sample predictions. PR-AUC values reflect a
similar outcome, as the totals-only model once again achieved
the highest value and surpassed both the variability-only and
the combined models. These results reveal that model perfor-
mance is mainly metric-dependent, as each model performed
better on certain metrics and worse on others.

The remaining four metrics- sensitivity, specificity, preci-
sion, and NPV- all highlight various tradeoffs between mod-
els. For example, the totals-only model has the highest sensi-
tivity (0.800), but also has the lowest specificity (0.560) and
precision (0.521), revealing that this model is more aggressive
in identifying elevated chlorophyll-a levels but with the trade-
off of creating more false positives as well. The variability-
only and combined models differ compared to the totals-only
model, as they both have lower sensitivities and higher speci-
ficity and precision values. These findings suggest that overall,
the variability-only and combined models are better at avoid-
ing false positives compared to the totals-only model, but at
the cost of a lower sensitivity. Finally, NPV values across all
models are relatively high, which indicates that non-elevated
predictions are generally accurate.

The ROC curves illustrated by Figure 4 display how each
model performs across different classification thresholds. The
totals-only model outperforms both other models by a mod-
est margin, suggesting that total rainfall provides the strongest
separation even though predictions at the 0.5 threshold are less
balanced. Similar to the ROC-AUC results, the totals-only
model once again achieved the best PR-AUC among the mod-
els. These findings indicate that the totals-only model per-
forms best at creating probability-based rankings, while the
variability-only and combined models perform slightly better
in scenarios with threshold-based metrics.

In order to determine whether differences in metrics are
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Table 1 Comparison of model performance across balanced accuracy, ROC-AUC, F1, PR-AUC, Sensitivity, Specificity, Precision, and NPV
metrics. PR-AUC values were evaluated at a no-skill baseline of 0.374.

Model Balanced
Accuracy

ROC-AUC PR-AUC F1
(elevated)

Sensitivity Specificity Precision NPV

Totals-only 0.680 0.763 0.657 0.631 0.800 0.560 0.521 0.824
Variability-only 0.711 0.740 0.608 0.640 0.646 0.777 0.634 0.786
Combined (totals + variability) 0.714 0.745 0.622 0.644 0.655 0.775 0.634 0.790

Figure. 4 ROC (left) and precision-recall (right) curves for totals-only, variability-only, and combined models on the 2021-2023 test dataset.
ROC curves show true positive rate versus false positive rate across classification thresholds, with AUC summarizing ranking performances.

meaningful or are due to random variation, pairwise compar-
isons were conducted using bootstrap confidence intervals, the
results of which are displayed in Table 2.

Across pairwise differences, balanced accuracy and PR-
AUC are the only metrics with statistically significant dif-
ferences. The balanced accuracy improvement of the com-
bined model over the totals-only model is statistically signif-
icant, meaning that the performance gap between these two
models is in all likelihood real and not attributable to chance,
while the balanced accuracy difference between totals-only
and variability-only is borderline and not clearly significant.
To contrast, PR-AUC values indicate a statistically significant
decrease in performance associated with the variability-only
and combined models compared to the totals-only model, sug-
gesting a trade-off between an improvement in classification
performance and a decreased precision-recall performance.
For the ROC-AUC and F1 metrics, there are no statistically
significant differences, which suggests that the differences are
small and do not have a meaningful effect on the results. Sim-

ilarly, there are no statistically significant differences in any
metrics between the variability-only and combined models.

Looking at the models’ confusion matrices of the test
dataset, the totals-only model made the greatest number of in-
correct predictions (206 total incorrect predictions), but was
also able to correctly predict 176 samples as elevated, which
is the highest among all of the models. The variability-only
and combined models’ predictions were almost exactly the
same, with a slight amount of variation. Each cell between
the two models differed by only one or two samples, which
aligns with the results of Table 2, in which every bootstrap in-
terval between the variability-only and combined models in-
cluded zero. The clear presence of incorrect predictions high-
lights the need for additional features, such as nutrient loading
and water temperature, to be added for the model to achieve
greater accuracy and more consistent results.

To understand the effects different thresholds would have
upon the results, a threshold sensitivity analysis from proba-
bility cutoffs of 0.3-0.6 was conducted (Figure 6). The anal-
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Table 2 Pairwise differences in model performance (∆ = B−A) with 95% confidence intervals. Bolded values are intervals that do not include
zero (statistically significant differences).

Metric Totals vs Variability ∆ (95%
CI)

Totals vs Combined ∆ (95%
CI)

Variability vs Combined ∆

(95% CI)
Balanced Accuracy 0.0314 (−0.001, 0.0619) 0.0346 (0.0022, 0.0668) 0.0032 (−0.0028, 0.0107)
ROC-AUC −0.0227 (−0.0456, 0.0004) −0.0181 (−0.0384, 0.0008) 0.0046 (−0.0099, 0.0187)
F1 0.0088 (−0.0307, 0.0471) 0.0135 (−0.0267, 0.0531) 0.0047 (−0.0029, 0.0149)
PR-AUC −0.0489 (−0.0919, −0.0072) −0.0347 (−0.0695, −0.0008) 0.0141 (−0.0080, 0.0366)

Figure. 5 Totals-only, variability-only, and combined model confusion matrices of the 2021-2023 588-sample test dataset. Confusion matrices
show exact numbers of model predictions, allowing for a more in-depth understanding of the results.

ysis reveals that model performance depends on the threshold
being used to classify predictions. At the default 0.5 threshold,
the variability-only and combined models either outperformed
or achieved similar performance to the totals-only model on
all metrics except sensitivity. At the lowest threshold of 0.3,
the combined model earned the highest sensitivity but also
the lowest specificity, meaning that lower thresholds made the
model predict more samples as elevated. Moving from 0.5 to
the highest threshold of 0.6, the variability-only and combined
models’ performances started to decrease in every metric ex-
cept specificity, in which it continued to increase. On the con-
trary, the totals-only model began to outperform both other
models in every metric except specificity at the 0.6 thresh-
old, highlighting the sensitivity-specificity tradeoff between
the models’ performances. The results of this analysis over-
all show that across all of the thresholds, the variability-only
and combined models’ performances remained similar to each
other, and that model performance depends on both the prob-
ability threshold and the metric chosen.

Figure 7 reflects that rainfall amount, frequency, and disper-
sion metrics were all strongly correlated in the training dataset

because they were all calculated from the same daily precip-
itation series within each window. The strongest associations
were between total rainfall and standard deviations, especially
in the cases of 7-day std vs. 7-day sum (r = 0.93) and 30-day
std vs. 30-day sum (r = 0.88). Rainfall sums and wet days
were also correlated, as demonstrated by 7-day sum vs. 7-day
wet days (r = 0.61) and 30-day sum vs. 30-day wet days (r
= 0.60), while the strongest negative correlation was between
30-day CV vs. 30-day wet days (r = -0.62). These results
highlight that short-term, highly variable rainfall can occur
with fewer wet days over longer rainfall periods. Although
near-zero mean windows can result in larger CV ratios, the
training set data was inspected and not winsorized, showing
a limited 7-day CV range of 0 to 2.65. Overall, the correla-
tions represented in Figure 7 suggest that individual rainfall
features cannot be treated as independent predictors, and that
differences in prior rainfall conditions are driven by combined
patterns instead of singular metrics.

Grouped ablation performed on the test set revealed how
much each feature group in the combined model actually
contributed to the results. The month-only baseline model
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Figure. 6 Balanced accuracy, F1, sensitivity, and specificity versus probability threshold sensitivity analysis for combined, variability-only,
and totals-only models. Thresholds range from 0.3-0.6, with the default 0.5 threshold marked by a dotted line.

Table 3 Grouped ablation of the combined model on the 2021–2023
test dataset. “Drop” rows remove one feature group, while month is
retained across all models. Results of a month-only baseline are also
included to show the standalone performance of month.

Model Balanced
Accuracy

ROC-AUC F1 PR-AUC

Full combined 0.714 0.745 0.644 0.622

Drop amount 0.711 0.740 0.640 0.608

Drop frequency 0.711 0.735 0.640 0.616

Drop dispersion 0.679 0.764 0.629 0.648

Amount-only 0.680 0.763 0.631 0.657

Frequency-only 0.705 0.756 0.639 0.615

Dispersion-only 0.580 0.729 0.379 0.605

Month-only (Baseline) 0.721 0.740 0.650 0.585

achieved balanced accuracy and F1 scores higher than any
of the rainfall-inclusive models. Compared to the full com-
bined model, dropping rainfall totals (amount) or frequency
led to small decreases in model performance across all met-
rics. Removing the dispersion group caused a larger drop in
performance across balanced accuracy and F1 while also re-

sulting in an increase in ROC-AUC and PR-AUC, highlight-
ing some of the tradeoffs between metrics. Across the single-
group models, the amount-only and frequency-only models
performed considerably better compared to the dispersion-
only model across both balanced accuracy and F1, and slightly
better across ROC-AUC and PR-AUC. Notably, the amount-
only model also performed exactly like the totals-only model
(Table 1), with identical results across all of the metrics. The
performance of the dispersion-only model indicates that al-
though variability metrics alone are not very strong predictors,
they contribute meaningfully to threshold metrics. Overall,
these results reveal that amount and frequency are the main
feature sets adding ranking metric value while no model im-
proved on the month-only model’s performance in threshold
metrics.

Looking at the feature importance chart, month has the
highest importance (0.38) by a considerable margin of 0.27.
The next highest importances are 30-day rainfall totals (0.11),
30-day CV (0.105), 30-day std (0.10), and 30-day wet days
(0.09). 7-day features follow behind the 30-day features, re-
vealing that the model relies more on long-term intervals for
predictions.
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Figure. 7 Pearson feature correlation matrix among combined model
inputs (2013-2020 training dataset). CV values were stabilized using
a small offset in the denominator to avoid producing undefined ratios.

Figure. 8 Combined model Gini importance chart (training set). Fea-
ture importances were calculated by finding mean decrease in Gini
impurity.

Similar to the Gini importances, the feature with the high-
est permutation importance is month. Shuffling month caused
balanced accuracy to reduce by 0.22 (± 0.02 across 30 re-
peats). Rainfall features were quite low, as in the case of 30-
day sum (0.029), 30-day wet days (0.015), 30-day CV (0.014),
and 7-day CV (0.011). The remaining features (7-day std, 7-
day wet days, 30-day std, and 7-day sum) all had near-zero ef-
fects, suggesting their low predictive value compared to month
and the higher importance features. Because month was in all
three models, the results in Table 1 should be interpreted as

Figure. 9 Permutation importance for combined model calculated
using test set (30 repeats). The bars show mean decrease in balanced
accuracy when features are shuffled.

comparing rainfall feature sets after accounting for seasonal-
ity. Higher Gini importances for standard deviation also did
not match with lower std permutation importances, likely due
to standard deviation overlapping strongly with sum (Figure
7).

Figure 10 further displays variations between feature dif-
ferences, more specifically between above-median and below-
median chlorophyll classes in the training set. Differences
were most visible for 30-day metrics, with above-median sam-
ples having slightly higher 30-day CVs (2.36 vs. 2.21) and
30-day standard deviations (6.68 vs. 6.34), and below-median
samples having higher 30-day sums (89.4 vs. 80.0). 7-
day metrics and wet day counts were more similar between
classes, evidenced by both 7-day and 30-day wet days having
the same median for both above-median and below-median
classes (2 and 10 days, respectively). The substantial overlap
between all of the features suggests that there is no singular
metric that separates the classes clearly. This supports both
the correlation results from Figure 7 as well as the interpreta-
tion that rainfall features should be treated as complementary
predictors rather than individual regressors.

Examining the results displayed in Table 4, the ‘near’ ter-
tile’s balanced accuracies between both references are almost
identical because 234 of the 235 Toledo Express ‘near’ sam-
ples are also shared with the Maumee River mouth ‘near’ sam-
ples. Across both references, the models performed the worst
in the ‘near’ tertile, and in the ‘mid’ and ‘far’ tertiles, the
variability-only and combined models performed as well as
or better than the totals-only model. Balanced accuracy being
higher for ‘far’ samples despite having smaller sample sizes (n
= 114 and 92) does not reflect a stronger local rainfall signal,
and is more likely a result of small sample sizes, differences
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Figure. 10 Rainfall feature distributions by above-median vs. below-median chlorophyll class on 2013-2020 training set. For 7-day CV, the
third quartile is equal to the maximum (dry-window ceiling effect).

Table 4 Balanced accuracy by distance tertile on the 2021–2023 test set (n = number of test samples per tertile). Samples were split into “near”,
“mid”, and “far” tertiles by distance relative to Toledo Express/approximate Maumee River mouth reference; models were not retrained within
tertiles. Tertile edges are from training distances; test samples that did not fall within the ranges were excluded.

Reference Tertile Distance (km) n Totals Variability Combined

Toledo Express Near 32.7–70.9 235 0.639 0.692 0.701

Mid 70.9–82.2 223 0.734 0.750 0.747

Far 82.2–214.9 114 0.711 0.830 0.830

Maumee River mouth Near 1.8–41.6 237 0.641 0.691 0.700

Mid 41.6–52.3 245 0.714 0.745 0.742

Far 52.3–184.2 92 0.757 0.863 0.863

in class balances, and a greater influence of seasonality on off-
shore samples. The data used in the table is a smaller subset
of the full testing data, used the same single-gauge rainfall
data, and was not retrained separately, meaning that the results
should be considered exploratory. Although this test does not
address the actual single gauge limitation, it suggests that the
overall patterns between total rainfall and rainfall variability

are not driven only by samples nearest to the shore.

Discussion

The results revealed that the variability-only model slightly
outperformed the totals-only model in balanced accuracy and
F1 scores, and the combined model did so as well, but by a
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greater margin. The totals-only model did better than both of
the other models in terms of ROC-AUC and PR-AUC values,
pointing to its strength in ranking elevated and non-elevated
samples. The variability-only and combined models achieved
higher specificity scores (∼0.77) at the cost of a lower sen-
sitivity (∼0.65) compared to the totals-only model (0.80 sen-
sitivity and 0.56 specificity). Threshold sensitivity analysis
revealed that model rankings are not the same across different
decision thresholds, indicating that results are mainly metric
dependent. Since the month-only model displayed the high-
est performance on threshold metrics, it suggests that much
of the threshold accuracy depends on month, and that rainfall
features mainly help with performing ranking metrics.

Across paired bootstrap comparisons, the combined model
displayed a slight statistically significant improvement in bal-
anced accuracy over that of the totals-only model. Other than
this slight improvement, however, the combined model did not
meaningfully outperform the variability-only and totals-only
models across any of the metrics. These findings suggest that
rainfall variability provides limited information beyond total
rainfall in predicting chlorophyll-a levels, but does not consis-
tently outperform cumulative rainfall.

Feature importance charts (Figures 8 and 9) offer further in-
sight on what the models relied on to make predictions20,21.
Month was ranked the highest feature for both Gini and per-
mutation importance, which is expected due to seasonal bloom
timing having a large impact on algae growth and chlorophyll-
a levels. 30-day rainfall metrics were the next most important
features, adding a substantial amount of predictive value be-
yond month. As mentioned before and displayed in Figure
7, all rainfall features are correlated because they are calcu-
lated from the same data and time series. Grouped ablation
(Table 3) revealed that amount (rainfall totals) and frequency
(number of wet days) had the most predictive value within the
combined model, with dispersion (variability features) having
a weak standalone performance but adding a notable gain to
threshold metrics.

There are several main limitations that should be taken into
consideration when interpreting the results of this study. First,
precipitation comes from just a single gauge, meaning that
spatial variability across Lake Erie and the broader Maumee
watershed (Lake Erie’s western basin) is unable to be captured
or represented in this study. A distance-stratified re-evaluation
of the test set (Table 4) did show that totals vs. variabil-
ity patterns were not driven solely by samples closest to the
shore, but this analysis is exploratory and does not fully ad-
dress the limitation. Second, while chlorophyll samples are
sparse and seasonal, rainfall data is available daily. This re-
sults in the models being trained and tested only on days where
both chlorophyll and rainfall data are available, with the gaps
between samples being omitted from the data used.

The third limitation is that the median threshold of 9.51 µg

L−1 is just a statistical split used for the purpose of this study,
and does not have any ecological significance. This means
that above-median chlorophyll-a samples do not necessarily
represent operational bloom events, as it does not constitute a
regulatory or management threshold. Fourth, the models were
neither trained nor tested on common drivers of algae growth,
such as nitrogen and phosphorus levels, temperature data, and
wind22,23, instead being trained exclusively with precipitation
and chlorophyll-a data. Therefore, variability features may
partly represent these missing drivers24, meaning that rainfall
variability cannot be read as a fully independent ecological
predictor. The fifth and final limitation is that antecedent rain-
fall was calculated only within 7-day and 30-day windows,
with other lag patterns not being evaluated and requiring fu-
ture work.

There are many ways that future work can expand on
this study before expanding to operational usage, such as:
testing the impact of watershed-scale gridded and radar-
derived precipitation, precipitation data from multiple sta-
tions, and basin-averaged rainfall on totals vs. variability; us-
ing non-overlapping/ecologically significant windows to cal-
culate rainfall features; and expanding the models to include
additional algal driver data such as Maumee River discharge,
nutrient samples, water temperature, remotely sensed bloom
extent25, and wind, as well as baseline models to separate
rainfall variability features from algal drivers26. Using longer
testing timeframes and gaining validation outside of Lake Erie
would also help clarify if model gains generalize beyond this
study’s observation period and location.

This study examined the effect of rainfall variability metrics
on predicting chlorophyll-a in western Lake Erie by compar-
ing three models with distinct sets of features. The results are
metric-dependent and modest, with no model completely out-
performing the other two. The totals-only model performed
the best on ranking metrics such as ROC-AUC and PR-AUC,
while the variability-only and combined models performed
slightly better than the totals-only model on threshold-based
metrics such as balanced accuracy and F1. Overall, it can be
concluded that rainfall variability may add slight predictive
value in more complete models with spatially resolved pre-
cipitation and algal drivers accounted for, but is not sufficient
enough for standalone bloom forecasting.

Gains in model accuracy are crucial because they can aid
early detection efforts and help support responses to bloom
events. In 2014, Lake Erie was affected by a severe algae
bloom which released toxic microcystins into the Toledo wa-
ter supply, leading to over 400,000 residents being left with-
out water27. This tragedy led to the creation of the NOAA
HAB forecast system and continues to serve as an important
reminder of the role algae monitoring systems play in keeping
citizens safe and prepared. By continually improving predic-
tion models and understanding environmental systems’ impact
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on algae growth, future tragedies can be dealt with more effi-
ciently or even avoided entirely.
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