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Abstract

Zooplankton species richness in freshwater ecosystems is regulated by the combined action of biotic interactions and
environmental filtering. We analysed crustacean zooplankton richness in 56 Chilean lakes using a Poisson generalized linear
model and a complementary Poisson-XGBoost model. The Poisson GLM was validated using residual simulation, dispersion
tests, zero-inflation assessment, residual uniformity tests, and comparison with a Negative Binomial alternative. The model
showed no evidence of overdispersion, zero inflation, or residual lack of fit, supporting the use of the Poisson distribution. Fish
presence was the only statistically significant predictor of richness, increasing expected richness by approximately 67% relative
to fishless lakes. Chlorophyll, depth, conductivity, and surface area did not show significant linear effects. In contrast, the
Poisson-XGBoost model indicated that fish presence and conductivity were the most relevant predictors, suggesting that
conductivity may operate through non-linear environmental filtering not fully captured by the GLM. Together, these results
indicate that zooplankton richness in Chilean lakes is primarily associated with fish presence, while conductivity may play a
secondary context-dependent role. This combined inferential and machine-learning framework provides a robust and
interpretable approach for evaluating top-down and environmental drivers of lake zooplankton richness.

Introduction

Zooplankton communities in freshwater ecosystems are structured by the interplay between bottom-up (resource availability)
and top-down (predation) processes (Carpenter et al. 1985; Dodson et al. 2000). Primary productivity, commonly approximated
by chlorophyll concentration, is a key driver of species richness through its effects on energy availability and competitive
interactions. Previous studies have shown that water quality variables can explain a large proportion of the variability in aquatic
community composition, particularly in zooplankton, highlighting strong bottom-up control along trophic gradients (Dodson et
al. 2000; Smith & Kirkwood, 2025).

In contrast, fish presence can exert strong top-down control on zooplankton communities through direct predation and indirect
effects on species interactions and size structure (Brooks and Dodson, 1965; Jeppesen et al. 2010). Experimental evidence
indicates that predator effects may vary depending on intraspecific traits, such as sexual dimorphism, leading to differential
impacts on prey communities (Davenport et al. 2025). Moreover, predator effects are often context-dependent, potentially
varying in both magnitude and direction under similar environmental conditions (Peacor et al. 2025).

Environmental drivers such as temperature, thermal variability, and extreme events further modulate zooplankton community
dynamics by altering species composition, abundance, and dominance patterns (Devkota et al. 2025; Hubbard et al. 2025). In
addition, anthropogenic disturbances, including nutrient enrichment and contamination, can reduce biodiversity and shift
community structure (Larson et al. 2025).

The relative importance of top-down and bottom-up processes may vary across regions depending on environmental
conditions and ecological context (Shurin et al. 2002; Chase, 2003). Therefore, comparative analyses across geographic
regions provide an opportunity to assess the generality of these mechanisms.

In this study, we evaluated the relative effects of fish presence and chlorophyll concentration on zooplankton species richness
in lakes from Chile using Poisson regression models and XGBoost procedures to assess the robustness of estimated effects.

Materials and Methods

Study data and preprocessing

The dataset included lakes located in Chile and contained information on zooplankton species richness (count data), fish
presence/absence, and environmental variables including chlorophyll concentration, depth, conductivity, and surface area
(Table 1; references are provided in the Supplementary Material).
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Table 1
Data of Chilean lakes considered for present study (references see supplementary material).

Site Surface Maximum Chlorophyll Conductivity Fish Species  References
(km?) a (pg/l (uS/cm) presence/absence  number
Depth (m)

Cejas 1 10 1 205.53 Absence 1 De los
Rios-
Escalante,
2011

Paposo 1 0.1 1 7.4 Absence 1 De los
Rios-
Escalante,
2011

Miscanti 13.4 9 1 7.73 Absence 3 De los
Rios-
Escalante,
2011

Miniques 1.6 5 1 15.42 Absence 1 De los
Rios-
Escalante,
2011

Rungue 0.48 15 65.9 0.33 Presence 4 Schmid-
Araya &
Zuhiga,
1992

Pefiuelas 19 15 57.4 0.12 Presence 11 Schmid-
Araya &
Zuniga,
1992

Lanalhue 32 26 5.2 0.01 Presence 5 De los
Rios-
Escalante
etal, 2011

Lleulleu 40 46 1.2 0.01 Presence 4 De los
Rios-
Escalante
etal, 2011

Icalma 10 135 0.8 0.01 Presence 3 De los
Rios-
Escalante
etal, 2011

Galletué 13 43 2.8 0.01 Presence 4 De los
Rios-
Escalante
etal, 2011

Negrita 0.1 1 0.3 2.7 Absence 5 De los Rios
& Roag,
2010

De_los_Patos 0.1 0.1 0.2 10.6 Absence 4 De los Rios
& Roa,
2010

Escondida 0.1 0.1 0.7 12.4 Absence 5 De los Rios
& Roa,
2010

Seca 0.1 0.1 0.5 12.3 Absence 5 De los Rios
& Roag,
2010
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Site

Negra

Bella

Los Pastos

Vaca_Hundida

Tinquilco

Verde

Captren

Villarrica

Pirihueico
Rinihue

Ranco

Puyehue

Rupanco

Llanquihue

Todos_los_Santos

Sargazo

Chaiquenes

Surface
(km?)

0.1

0.1

0.1

0.1

10

175.9

30.5
77.5
442.6

165.4
235

870.5
178.5

1.397

0.582

Maximum
Depth (m)
0.1

0.1

0.1

0.1

40

185

145
323
199

123
273
317
335

10

10

Chlorophyll
a (pg/l

0.5

0.2

0.5

1.2

0.1

0.1

0.4

0.6
1.2
0.8

2.1

1.2

0.5

0.4

0.9

0.6

Conductivity
(uS/cm)

0.7

0.7

0.5

1.1

0.01

0.01

0.01

0.06

0.05
0.06
0.07

0.08
0.06
0.11
0.04

0.01

0.01
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Fish
presence/absence

Absence

Absence

Absence

Absence

Presence

Absence

Absence

Presence

Presence
Presence

Presence

Presence

Presence

Presence

Presence

Absence

Absence

Species
number

References

De los Rios
& Roa,
2010

De los Rios
& Roa,
2010

De los Rios
& Roa,
2010

De los Rios
& Roa,
2010

De los
Rios-
Escalante
etal., 2011

De los
Rios-
Escalante
et al,
2012a

De los
Rios-
Escalante
et al,
2012a

Campos et
al., 1983

Wolfl, 1996
Wolfl, 1996

Campos et
al., 1992a

Campos et
al., 1989

Campos et
al., 1992b

Campos et
al., 1988

Campos et
al., 1990

De los
Rios-
Escalante
et al,
2012b

De los
Rios-
Escalante
et al,
2012b




Site

Triangulo

Cucao

Huillinco

Tarahuin

Natri

Tepuhueico

Los_Palos

Riesco

Escondida

Larga

De_los_Cisnes

Redonda

Juncos

Nordensjold

Surface
(km?)

0.577

10.6

19.1

7.7

33.2

14.3

59
14.7
43

0.1

0.1

0.1

0.1

25

Maximum
Depth (m)
10

25

47

33

58

25

130

200

Chlorophyll
a (pg/l

1.4

3.4

2.7

8.4

16.4

3.6

0.8

0.9

0.5

0.9

93.7

2.3

1.8

0.3

Conductivity
(uS/cm)

0.01

156.85

27.33

50.9

41.4

30.2

0.02
0.02
0.01

3.45

16.51

1.49

2.29

0.13
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Fish
presence/absence

Absence

Presence

Presence

Presence

Presence

Presence

Presence

Presence

Presence

Absence

Absence

Absence

Absence

Presence

Species
number

10

References

De los
Rios-
Escalante
etal,
2012b

De los
Rios-
Escalante
& Kies,
2018

De los
Rios-
Escalante
& Kies,
2018

De los
Rios-
Escalante
& Kies,
2018

De los
Rios-
Escalante
& Kies,
2018

De los
Rios-
Escalante
& Kies,
2018

Villalobos,
1999

Villalobos,
1999

Villalobos,
1999

Soto & De
los Rios,
2006

Soto & De
los Rios,
2006

Soto & De
los Rios,
2006

Soto & De
los Rios,
2006

Soto & De
los Rios,
2006




Site Surface Maximum Chlorophyll Conductivity Fish Species  References
(km?) a (pg/l (uS/cm) presence/absence  number
Depth (m)

Paso_de_la_Muerte 0.1 3 10 0.8 Absence 7 Soto & De
los Rios,
2006

Jovito 0.1 3 4 1.38 Absence 5 Soto & De
los Rios,
2006

Melliza_Este 0.13 25 3.2 0.66 Presence 8 Soto & De
los Rios,
2006

Meliza_Oeste 0.12 16 53 0.8 Presence 8 Soto & De
los Rios,
2006

Sarmiento 86 312 0.3 0.85 Presence 5 Soto & De
los Rios,
2006

Pehoe 15 200 3.2 0.2 Presence 2 Soto & De
los Rios,
2006

Del_Toro 196 300 0.4 0.07 Presence 4 Soto & De
los Rios,
2006

Kon Aiken 0.1 1 2.7 0.02 Absence 4 De los Rios
et al., 2008

Laredo 1 0.1 1 4.4 6.14 Absence 3 De los Rios
et al., 2008

Laredo 2 0.1 1 5.4 2.29 Absence 3 De los Rios
et al,, 2008

Rio Seco 0.1 1 28.6 2.3 Absence 3 De los Rios
et al,, 2008

Statistical modelling

Species richness was modelled as count data using a generalized linear model with a Poisson error distribution and a log-link
function (McCullagh and Nelder, 1989; Ver Hoef and Boveng, 2007). Fish presence/absence was included as a categorical
predictor, whereas chlorophyll-a concentration, maximum depth, conductivity, and lake surface area were standardized prior to
analysis to allow direct comparison among regression coefficients. Model adequacy was evaluated through Pearson
dispersion, simulated residual diagnostics using DHARMa, tests for dispersion, zero inflation, residual uniformity, and outliers,
and assessment of multicollinearity using variance inflation factors. A Negative Binomial GLM was fitted as an alternative
model to evaluate whether additional dispersion was required. Model performance was compared using AIC, AlCc, BIC,
Nagelkerke pseudo-R2, and RMSE. Incidence rate ratios were obtained by exponentiating model coefficients and are reported
with 95% confidence intervals. Model fitting and coefficient extraction were conducted using base R (R Core Team, 2025) and
the broom package (Robinson et al. 2026). Graphical outputs were generated using ggplot2 (Wickham, 2016).

Machine-learning modelling: Zooplankton species richness was analysed using an extreme gradient boosting model adapted for
count data. The response variable was species richness, expressed as the number of zooplankton species recorded in each
lake. Predictor variables included fish presence/absence and environmental variables such as conductivity and other
limnological descriptors available in the dataset. Prior to modelling, the first column containing lake names was removed, and
the response variable was separated from the predictor matrix. The dataset was divided into training and testing subsets using
an 80:20 split with a fixed random seed to ensure reproducibility.
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A Poisson objective function was used in the XGBoost regression model (count:poisson), which is appropriate for non-negative
count data. Hyperparameters were optimized using Bayesian optimization implemented in Optuna. The optimized parameters
included learning rate, maximum tree depth, L1 and L2 regularization terms, subsampling rate, column sampling rate, and
number of estimators. Model performance during optimization was assessed using five-fold cross-validation and mean
Poisson deviance as the loss function. The final model was fitted using the best hyperparameter combination identified by
Optuna. Predictor importance was evaluated using XGBoost importance metrics, including weight, gain and cover. In addition,
SHAP values were calculated to interpret the contribution of each predictor to model predictions. SHAP summary plots were
used to visualize both global predictor importance and the direction of predictor effects.

All analyses were conducted in Python using pandas, numpy, xgboost, optuna, scikit-learn, and shap (Harris et al. 2020; Akiba et
al. 2019; Lundberg and Lee, 2017; Chen and Guestrin 2016; Pedregosa et al. 2011; McKinney, 2010). The machine-learning
approach was used as a complementary analysis to evaluate non-linear relationships and to assess the robustness of patterns
identified by the generalized linear models.

Results

Model comparison supported the Poisson generalized linear model as the most parsimonious and statistically adequate
approach for modelling zooplankton species richness (Table 2). The Poisson GLM explained a moderate proportion of richness
variability (Nagelkerke pseudo-R2 = 0.363; Table 2). Residual diagnostics revealed no evidence of overdispersion, zero inflation,
residual non-uniformity, outliers, or problematic multicollinearity (Table 3).

Table 2
Validation and comparison of count models for zooplankton species richness.
Model AlC AlCc BIC Nagelkerke RMSE Dispersion Conclusion
R2
Poisson GLM 241.61 243.3 253.76 0.363 1.933 0.892 Supported
Negative Binomial 243.61 2459 257.79 0.363 1.933 NA Not improved; theta = 78,230
GLM
Quasi-Poisson NA NA NA NA NA 0.892 Similar inference; no AIC
available
Table 3
Simulated residual diagnostics for the Poisson GLM.
Diagnostic Result Interpretation
Pearson dispersion 0.892 No overdispersion

DHARMa dispersiontest p=0.384 No significant dispersion problem
Zero-inflation test p=0.848 No evidence of excess zeros
Residual uniformity test p=0.912 Residuals consistent with expected distribution

Outlier test p=1.000 No significant outliers

Variance inflation factor ~ 1.04-2.26  No problematic multicollinearity

Fish presence was the only statistically significant predictor in the Poisson GLM, increasing expected zooplankton richness by
approximately 67% relative to fishless lakes (IRR =1.67, p = 0.0007; Table 4). Chlorophyll concentration, conductivity, depth, and
lake surface area did not show significant linear effects on richness.
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Table 4
Poisson GLM coefficients expressed as incidence rate ratios.

Predictor Beta IRR 95%Cl p-value

Fish presence 0.514 1.67 1.24-2.25 0.0007
Chlorophyll (+ 1 SD) 0.078 1.08 0.96-1.20 0.160
Depth (+ 1 SD) -0.142 0.87 0.72-1.05 0.140
Conductivity (+1SD) -0.049 0.95 0.82-1.08 0.488
Surfacearea (+1SD) 0.042 1.04 0.89-1.20 0.589

The complementary Poisson-XGBoost analysis identified fish presence and conductivity as the most influential predictors of
model performance (Table 5). SHAP analyses further indicated that conductivity contributed through heterogeneous non-linear
responses among lakes, whereas fish presence exerted a more consistent directional effect across observations (Figs. 1-2).
Differences between SHAP importance rankings and XGBoost gain metrics likely reflect distinct aspects of predictor
contribution, where SHAP values capture overall prediction sensitivity whereas gain reflects tree-splitting optimization during
model fitting. Observed and predicted richness values showed reasonable agreement, supporting the overall adequacy of the
Poisson GLM for describing richness variability across lakes (Fig. 3). The discrepancy between GLM significance and SHAP
importance for chlorophyll may indicate weak or non-linear productivity effects that are not adequately represented by linear
parametric models.

Table 5
Predictor importance from the Poisson-XGBoost model.
Predictor Weight Gain Cover Relative gain (%)
Fish presence 363 0.531 329.986 60.15
Conductivity 3382 0.352 120.721 39.85
Chlorophyll, depth, surface area  Low/negligible  Low/negligible  Low/negligible = Low/negligible

Discussion

Our results revealed clear differences in the mechanisms structuring zooplankton richness across Chilean lakes. In Chilean
lakes, fish presence had a strong and statistically significant positive effect on species richness, whereas chlorophyll showed a
weaker and non-significant effect. This pattern suggests a predominance of top-down control, consistent with classical trophic
cascade theory, where predation reduces competitive exclusion and promotes species coexistence (Brooks & Dodson, 1965;
Carpenter et al. 1985).

This finding is consistent with previous experimental and observational studies showing that predators can indirectly influence
biodiversity through trophic interactions (Davenport et al. 2025). Furthermore, the magnitude and direction of predator effects
can depend strongly on environmental context, reinforcing the idea that these systems may indicate stronger top-down
influence, although such effects are not universal and remain system-specific (Peacor et al. 2025).

The obtained results in the present study suggest a stronger role of top-down control associated with fish presence, whereas
environmental variables such as conductivity and chlorophyll may exert secondary context-dependent influences on
zooplankton richness patterns (Soto and Zuiiga, 1991; De los Rios-Escalante, 2015). Similar patterns have been reported in
studies where abiotic variables explain most of the variation in aquatic communities, particularly across trophic gradients
(Smith and Kirkwood, 2025).

Although chlorophyll was not statistically significant in the GLM, its negative coefficient and elevated SHAP contribution may
suggest weak or context-dependent productivity effects potentially associated with eutrophication processes, where increased
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productivity leads to dominance by a few opportunistic species, reducing overall diversity (Dodson et al. 2000). This
interpretation is consistent with studies showing declines in biodiversity under environmental stress and contamination (Larson
et al. 2025).

Additionally, environmental factors such as temperature variability can influence zooplankton communities, potentially
contributing to regional differences in community responses (Devkota et al. 2025; Hubbard et al. 2025). These findings
highlight the importance of considering multiple interacting drivers when evaluating biodiversity patterns.

Overall, our results support the hypothesis that the relative importance of top-down and bottom-up processes varies among
ecosystems, consistent with previous comparative studies (Shurin et al. 2002; Chase, 2003). Chilean lakes appear to be
primarily structured by biotic interactions, whereas North American lakes are more strongly influenced by environmental
conditions (Devkota et al. 2025; Hubbard et al. 2025).

These findings have important implications for ecosystem management. In systems where top-down processes predominate,
fish community management may play a key role in maintaining biodiversity, although such effects are context-dependent and
not universally observed. Conversely, in systems driven primarily by bottom-up processes, strategies focused on water quality
and nutrient control are likely to be more effective.
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Figures
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mean(|SHAP value|) (average impact on model output magnitude

Figure 1

Global predictor importance based on SHAP values for the Poisson XGBoost model. Bars represent the mean absolute SHAP
value for each predictor, indicating its overall contribution to model predictions of zooplankton species richness.
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Figure 2
SHAP summary plot for the testing dataset. Each point represents an individual observation, showing the contribution of each

predictor to predicted zooplankton richness. Positive SHAP values increase predicted richness, whereas negative values
decrease it.
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Observed versus predicted richness under the Poisson GLM
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Figure 3
Observed versus predicted zooplankton species richness under the Poisson generalized linear model. The dashed line

represents the 1:1 relationship between observed and predicted values. The overall distribution of points indicates a reasonable
agreement between model predictions and observed richness values across Chilean lakes.
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