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Abstract
Saprolegniosis, also known as water mould disease, causes substantial mortality in freshwater animals,
threatening endangered species and imposing major economic losses on aquaculture. However,
evidence regarding its environmental drivers remains inconsistent. We used daily aggregated water-
quality data and fish saprolegniosis mortality records from a landlocked salmon hatchery to identify
environmental predictors of late-stage saprolegniosis and assess their potential for early warning. A
weighted random forest predicted saprolegniosis risk from water-quality data for the preceding 28 days,
achieving strong predictive performance (Brier score = 0.096; log loss = 0.341; ROC–AUC = 0.989). When
applied to new monitoring data, the model indicated increasing disease risk 15 days before the first
observed cases of the subsequent infection period. Model interpretation associated higher late-stage
saprolegniosis risk with oxygen-rich water, moderate temperatures (12–17°C), and stable organic-matter
conditions, whereas high turbidity and greater variability in UV-absorbing organic matter were associated
with lower risk. This transparent, data-driven framework could support the development of early-warning
approaches to tackle saprolegniosis in aquaculture.

Introduction
Saprolegnia spp. are oomycetes that cause saprolegniosis in freshwater fish, amphibians, and crayfish
worldwide [1, 2, 3, 4]. In aquaculture, these pathogens, particularly S. parasitica, affect salmonids and
other cultured species, causing substantial mortality in fish and their eggs [5, 6, 7] and major economic
losses to farms and hatcheries [8, 9 10]. Saprolegniosis also threatens endangered species [11, 12, 13].

Saprolegnia parasitica grows on fish through branching hyphae and disperses through water mainly via
zoospores [14]. Infected fish commonly develop white or grey cotton-like growths on the skin, fins, and
gills [15, 16], which impairs osmoregulation and respiratory function [2]. Advanced infections cause
extensive skin damage, disrupting salt and water balance and leading to death [2, 17]. Stressed,
immunocompromised, or injured fish are particularly susceptible [3, 18]. Overcrowding, concurrent
infections, poor water quality, and abrupt temperature changes can increase susceptibility [19, 20]. Both
high-temperature stress and rapid cooling have been implicated as factors for saprolegniosis outbreaks:
Roberts [14] describes outbreaks associated with high temperatures, whereas Bly et al. [21] linked
temperature declines exceeding 10°C within 24 hours to immunosuppression in pond-reared catfish.
Water conditions also affect the pathogen directly. Zoospore production decreases above 20°C and
below 4°C [22, 23], while humic substances and other organic matter can inhibit mycelial growth [24].
Humic substances, a complex mixture of organic compounds of decomposing organic matter, can bind
calcium ions, which contribute to adhesion, encystment, and germination [25, 26]. However, it is unclear
how these affect fish susceptibility and pathogen development to influence outbreaks [3].

Treatment options for saprolegniosis are limited [20]. Malachite green was effective, but it is not
permitted in food-producing fish in the European Union (EC, 470/2009 and EU, 37/2010). Advanced
infections remain difficult to treat; thus, good fish farming practices and suitable water quality are
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therefore important for prevention [7]. Understanding how different water quality parameters and their
interactions are related to disease outbreaks could help predict disease risk and allow earlier
intervention [3].

Machine learning is increasingly used to predict disease outbreaks and mortality in aquaculture.
Aravanis et al. [27] combined neural networks, symbolic regression, and decision trees to predict
disease-associated mortality in European seabass (Dicentrarchus labrax) and gilt-head sea bream
(Sparus aurata) using water temperature and husbandry data. Using seven years of surveillance data, Xie
et al. [28] applied random forests to predict cryptocaryoniasis in marine fish, identifying stocking density
and several water-quality variables as important predictors. Wang et al. [29] extended this approach to
multiple parasitic diseases, linking disease occurrence to salinity, temperature, dissolved oxygen, and
stocking density using neural networks and XGBoost.

Similar approaches have been applied to salmonids. Yilmaz et al. [30] combined water-quality
measurements and bacterial profiles to predict disease occurrence in rainbow trout using multinomial
logistic regression, reporting 95.7% accuracy. Öhlschuster et al. [31] developed an ensemble model to
predict salmonid alphavirus transmission among Atlantic salmon farms from well-boat movements,
proximity to affected farms, environmental conditions, and seasonality. The model achieved 94.4%
accuracy and predicted transmission up to eight weeks before pancreas disease was officially recorded,
highlighting the potential for early warning. However, the potential of machine learning to predict
saprolegniosis risk from water-quality data remains underexplored.

Saprolegniosis outbreaks have become more frequent and severe over the last decade at the Natural
Resources Institute Finland’s (Luke) Enonkoski aquaculture facility for reasons that remain unclear. The
disease threatens the endangered landlocked salmon (Salmo salar m. sebago), whose conservation
depends heavily on captive broodstock and egg production. European whitefish and brown trout at the
facility are also seriously affected. In this study, we developed an interpretable random forest model to
predict late-stage saprolegniosis risk from water-quality data collected at Enonkoski. We combined daily
aggregated water-quality measurements with infection observations, estimating infection densities on
unobserved days. We aimed to identify water-quality conditions associated with disease risk and assess
the model’s potential for early warning.

Results

Model development and predictive performance
Because infection records were unavailable on some days due to interruptions in sampling, missing daily
infection labels were estimated to reconstruct a continuous time series of infection dynamics. This
yielded daily estimates of both infection presence and infection density, allowing infection risk and
infection magnitude to be assessed simultaneously. The resulting series provided daily point estimates
of infection density (“hard labels”), derived from observed or estimated values (Fig. 1A), and
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corresponding probabilities of infection occurrence (“soft labels”), reflecting uncertainty in detection
(Fig. 1B). Over the 21-month observation period, infection density exhibited three major flare-ups
between May and July, with smaller peaks in October and December. Infection-free periods were most
common between July and September. Although infection densities remained low from January to
February 2025, estimated infection probabilities indicated persistently elevated infection risk during this
period, contrasting with the same months in 2024, when multiple zero-infection days were observed and
predicted probabilities were substantially lower.

Water-quality variables exhibited significant circadian variation in surface and bottom pH, pH-mV, and
turbidity as determined by Kruskal–Wallis tests with Benjamini–Hochberg correction (all p < 0.05 after
correction). Pairwise Pearson correlation analyses across time-of-day subsets showed that most
variables were strongly correlated and could be represented by a single daily mean. In contrast, bottom
turbidity showed weak correlations between time-of-day subsets (|r| < 0.30) and was therefore retained
as separate daily means for morning, afternoon, evening, and night (Fig. 2).

Feature-ranking analyses consistently identified surface temperature as a dominant predictor across
modelling approaches (Fig. S1), although agreement in the exact ranking of predictors was limited
across scenarios (Fig. S2). Applying a 14-day temporal-spacing constraint reduced redundancy among
closely related predictors while preserving dominant temporal signals, such as longer-term temperature
summaries (Fig. S3). The final predictor set spanned all major water-quality variables, with strongest
representation from dissolved surface oxygen and bottom temperature, and included a mixture of lagged
values, rolling variability, and rolling means, reflecting multiple temporal scales of environmental
influence on infection risk.

Random Forest (RF), LightGBM (LGB), and XGBoost (XGB) models were evaluated against a constant
baseline and a temporal persistence baseline (t − 1). All models substantially outperformed the constant
baseline in both Brier score and log-loss, demonstrating that environmental predictors captured
meaningful temporal structure in infection dynamics. Overall calibration did not consistently exceed the
persistence baseline, reflecting strong temporal autocorrelation; however, for hard labels, RF and XGB
achieved lower log-loss than persistence, indicating sharper probabilistic predictions. Model
performance was largely insensitive to the number of predictors (Top-K = 10–50), indicating stable
feature rankings (Fig. S4). Variance-based weighting slightly reduced performance for hard labels but
improved calibration for soft labels. Across learners, RF showed the most stable and interpretable
performance and was therefore selected as the final model. After optimisation, the RF achieved a mean
Brier score of 0.096 ± 0.037 and a log-loss of 0.341 ± 0.194, improving substantially over the constant
baseline (Brier = 0.229; log-loss = 0.668). Discrimination was high (ROC-AUC = 0.989 ± 0.002; PR-AUC = 
0.995 ± 0.004). Predictive performance remained stable across probability thresholds, with maximal F1
values 0.95 around a threshold of 0.33 (Fig. 3A). At the conventional midpoint threshold (P(infection) = 
0.5), the model correctly classified 342 of 375 days, missing 16 infection events (Fig. 3B).
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When applied to an independent test period (September–October 2025), the model produced realistic
short-term forecasts of infection risk (Fig. 3C). Predicted infection probabilities remained low (< 0.3)
during the initial infection-free period (1–12 September), consistent with the absence of observed
infections. Probabilities then increased steadily and exceeded the calibrated decision threshold (0.5) on
15 September, coinciding with the first detected infected fish. Notably, infection probability began to rise
approximately 15 days before the first observation, indicating that environmentally driven changes
preceded visible infection. This lead time demonstrates the model’s capacity to function as an early-
warning indicator for routine aquaculture disease monitoring.

Water-quality predictors of late-stage saprolegniosis risk
Based on SHAP values the 20 most influential features contributing to infection probability included
surface and bottom measurements of dissolved oxygen, temperature, turbidity, UV254 (total and
filtered), and surface measurements of pH and nitrate nitrogen (NO₃-N) (Fig. 4A). Block permutation
importance analysis produced a close matching ranking. The largest increases in Brier score occurred
when surface and bottom dissolved oxygen, temperature, and UV254 features were permuted,
confirming their predictive significance under serial dependence (Fig. 4B). Both SHAP and permutation
analyses identified dissolved oxygen (surface 11-day lag; bottom 9-day mean) and bottom temperature
(13-day mean; 3-day lag) as the strongest predictors.

The SHAP beeswarm revealed that low dissolved oxygen values decreased infection probability, whereas
higher oxygen concentrations were associated with increased risk. Conversely, for bottom temperature,
very high values reduced infection probability while moderately lower values supported it. Other
consistently important features included surface dissolved oxygen 28-day mean, surface turbidity (6-day
lag and 28-day standard deviation), UV254 total (surface 18-day standard deviation and 2-day mean;
bottom 6-day lag), surface temperature (13- and 28-day means), and bottom temperature 28-day
standard deviation.

The SHAP dependence plots further showed that low turbidity values (6-day lag) tended to support
infection, whereas high variation (28-day standard deviation) reduced it. Similarly, for UV254 total, high
short-term variation (18-day standard deviation) or low recent values (2–6 days prior) reduced infection
probability, while more stable conditions appeared favourable for infection. The overall agreement
between SHAP and permutation results indicates that the model’s dominant predictors are both
temporally stable and biologically interpretable rather than artefacts of autocorrelation.

Effects of predictors and their interactions on infection probability
To understand how environmental conditions measured by water quality parameters shaped infection
probability, quantile-based SHAP dependence plots were examined for the 16 most influential features
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(Fig. 5). Each plot showed how variation in a single predictor affected the model’s infection probability
while accounting for interactions with related variables.

Surface dissolved oxygen at an 11-day lag had a clear transition point near 8.8 mg L-1. The infection
probability sharply decreased below and above it (Fig. 5A). The similar shape of the 27-day lag feature
indicates that longer-term oxygen conditions followed a comparable pattern, though typically at slightly
higher values (Fig. 5A). Bottom dissolved oxygen (9-day mean) also showed that increase between 7.8
and 9.3 mg L-1 supported infection (Fig. 5B). The peak at 8–9 mg L-1 coincided with periods of high
UV254t variation (18-day standard deviation). This co-occurrence implies that infection risk was elevated
during short-term oxygen enrichment events coupled with increased organic-matter variability in the
water column at the time of the lake full cycle. On the surface, 28-day mean of dissolved oxygen
interacted strongly with surface temperature (Fig. 5E). When oxygen exceeded 9 mg L-1 and temperature
ranged between 10–15°C, infection probability was highest. However, low oxygen (< 9 mg L-1)
suppressed infection even under otherwise favorable temperatures, highlighting oxygen’s limiting role.

Bottom temperature features revealed a clear thermal optimum for infection. The 13-day rolling mean
indicated maximum infection support between 11°C and 17°C, with infection probability declining
sharply above 18°C (Fig. 5C). The 3-day lagged bottom temperature confirmed this pattern: infection
probability increased around 15°C but fell rapidly at higher temperatures (Fig. 5D). The 28-day mean
temperature further showed that sustained warming above 10°C supported infection, emphasizing that
S. parasitica proliferation required a longer period of stable, moderate warmth rather than transient
spikes (Fig. 5D). Finally, surface temperature (28-day mean) showed an infection optimum at 12–18°C,
beyond which infection probability declined (Fig. 5H). The combined effects of oxygen and temperature
revealed that infection was suppressed when water exceeded 18°C and oxygen dropped below 9 mg L-1,

whereas moderate temperature (10–15°C) and high oxygen (over 10 mg L-1) together promoted
infection. Low temperatures still supported infections as the oxygen levels were also high.

Turbidity and UV254t features acted in the opposite direction. Moderate turbidity (1.8–2.0 NTU; 6-day
lag) supported infection, whereas high turbidity values (over 2.4 NTU) reduced infection probability,
particularly when bottom temperatures (3-day lag) exceeded 15°C (Fig. 5F). Similarly, for UV254t
(surface 18-day standard deviation), low to moderate values (0.05–0.30 abs/m) with previously (17-day
lag) high bottom temperature (over 20°C) supported infection. On the other hand, very high variation in
values had no apparent effect irrespective of temperature (Fig. 5G).

Overall, the SHAP dependence plots indicated that Saprolegnia infections were most likely under
moderate (10–17°C), oxygen-rich (> 9 mg L-1), low turbidity, and low variability in UV254t, with risk
dramatically decreasing under high temperature (above 20 ° C), low oxygen, high organic matter
conditions (turbidity > 2.4 NTU or extreme variability in UV254t).

Discussion
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Our findings show that water-quality conditions during the preceding 28 days provided predictive
information about late-stage saprolegniosis risk. The model represents late-stage saprolegniosis
because labels were based on dying or dead fish with visible water-mould growth. Random Forest was
selected after comparison with LightGBM and XGBoost. It showed high discrimination (ROC–AUC = 0.98;
PR–AUC = 0.995), although infection-positive days accounted for 81% of the modelling data. The
Random Forest model’s Brier score did not improve on the previous-day persistence baseline, indicating
that recent infection history remained a strong benchmark. Nevertheless, when applied to new data, the
model indicated increasing risk 15 days before the first observed cases of a subsequent infection period.

Late-stage saprolegniosis risk was associated with temperature, oxygen, turbidity, and organic-matter
conditions over the preceding days. These conditions may affect both the pathogen and the fish’s
defences against infection. Fish skin mucus forms a protective barrier, and its composition can change
with developmental stage, water pH, infection, and stress [32, 33]. Handling can increase stress and
damage the skin, increasing susceptibility to saprolegniosis [5, 34]. Damaged areas can provide entry
points for S. parasitica, while mucus and its associated microbial community help maintain the skin
barrier and defend against pathogens [35, 36]. These host defences may help explain why exposure to
Saprolegnia does not always lead to disease. Pavić et al. [3] reported higher S. parasitica loads on injured
trout than on apparently healthy fish, while Bly et al. [21] observed saprolegniosis in
immunocompromised catfish exposed to zoospore levels above 5 spores mL⁻¹. Together, these findings
suggest that pathogen exposure and host condition should be considered when interpreting water-
quality associations.

Higher predicted risk of late-stage saprolegniosis was associated with elevated dissolved oxygen and
moderate water temperatures (12–17°C). Few cases were recorded above 17°C, suggesting that the
observed relationship was not simply one of increasing risk with increasing temperature. Temperature
should therefore be interpreted alongside oxygen and the other water-quality predictors, rather than as
an isolated driver. Temperature can affect different stages of S. parasitica development in different ways.
Previous studies reported reduced zoospore production above 20°C [22, 23]. Mycelial growth has been
reported to peak between 15 and 25°C, whereas zoospore viability and sporulation efficiency peak at
around 10°C [37]. Temperature may also influence disease through effects on host susceptibility.
Elevated temperatures have been associated with thermal stress and increased susceptibility to
saprolegniosis [38, 39], while rapid cooling has been linked to immunosuppression in catfish [21]. Wang
et al. [36] also reported that sudden cooling reduced epidermal mucous-cell numbers and caused
thinning and possible detachment of the mucus layer in grass carp. Changes in host defences could
therefore contribute to temperature-associated disease patterns.

Our results also suggest that the infection risk was enhanced when oxygen concentrations changed
from low to moderate or high levels. Higher oxygen concentrations at cooler temperatures were
associated with ongoing infections, whereas lower oxygen concentrations at warmer temperatures
coincided with declining infection. At temperatures otherwise associated with higher risk, oxygen
concentrations below 9 mg L⁻¹ were associated with lower risk. These patterns suggest that oxygen and

Page 7/21



temperature should be considered together, but do not establish that low oxygen directly limited
infection. This differs from Bly et al. [21], who reported no direct effects of variation in oxygen or pH on
saprolegniosis development under their study conditions. Only one pH-related feature ranked among the
top 20 SHAP predictors, and pH was not prominent in permutation importance assessed using the Brier
score. Thus, pH showed limited predictive importance within the mostly neutral to slightly acidic
conditions observed in this study.

Higher turbidity and greater UV254 variability were associated with lower predicted late-stage
saprolegniosis risk. These conditions occurred during July–August in both 2024 and 2025, coinciding
with periods without recorded infections. Features lagged by approximately 10 days suggest that
preceding water conditions provided predictive information, although this delay cannot be interpreted
directly as the time required for infection or mould growth. Humic substances can inhibit mycelial
growth of Saprolegnia [3, 24], providing one possible explanation for associations involving organic
matter.

Our study extends the use of environmental data for disease-risk prediction in aquaculture [27, 28, 29].
The increase in predicted risk before observed cases also parallels the advance warning reported by
Öhlschuster et al. [31] for salmonid alphavirus transmission among Atlantic salmon farms. Previous
studies of salmonid disease risk incorporated bacterial profiles [30] or combined PCR results with farm
and environmental data [31]. In contrast, our model generated risk estimates from automated water-
quality measurements without requiring pathogen testing as a predictive input.

Limitations include partly model-estimated infection labels and the absence of management variables,
such as antifungal treatments and fish handling. In addition, all data came from one facility, and advance
warning was evaluated during only one subsequent infection period, limiting conclusions about reliability
elsewhere. Future work could include additional water-quality measurements, such as calcium, which
has been implicated in Saprolegnia development and infection processes [3] [26] [25]. Integrating water-
quality monitoring with biological measures, such as image-based detection of fish showing visible
signs of saprolegniosis [40], automated spore counts, measurements of skin and mucus properties, or
fish stress-related changes, could help shift the focus towards earlier-stage infection detection.

Materials and Methods

Aquaculture description
Natural Resources Institute Finland (Luke)´s Enonkoski aquaculture infrastructure is located in
southeastern part of Finland in southern Savo (62.0889, 28.9081). The aquaculture infrastructure has
been established in 1989 and operates in a flow-through principle. Enonkoski aquaculture research
infrastructure has an important role in the conservation of endangered stocks of valuable fish species:
landlocked salmon (Salmo salar m. sebago, Vuoksi river basin), brown trout (Salmo trutta, Vuoksi river
basin), and Saimaa arctic char (Salvelinus alpinus). Water is led to the farm from Lake Ylä-Enonvesi (area
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11.86 km2) 3.5 L s− 1 (13.6 m3 h− 1, hydraulic retention time, HRT 39 min). The inlet water is taken as a
mixture of the surface (1 m) and bottom (8 m) layers. The maximum flow rate in the flow-through system
is 700 L s− 1 (permit allows 670–870 L s− 1). From Lake Ylä-Enonvesi, the water flows gravitationally via a
980 m tunnel to the fish farm. Coarse particles were filtered from the water. The fish were fed with
Alltech Fennoaqua´s Hercules 1.2-2.5mm, and Ova 3.5 mm.

Saprolegniosis detection and infection density
From January 2024 to August 2025, experienced staff recorded fish showing visible signs of
saprolegniosis during routine husbandry. Fish were identified by white or grey cotton-like growths and
lesions on the skin, fins, snout, or gills [41, 42]. Records included dead fish and visibly infected, dying fish
that were removed and euthanized. For each observation, we recorded the total number of fish, tank
water volume, fish density, the number of affected fish, and their proportion of the total tank fish
population. Infection density was calculated as the number of visibly affected fish removed divided by
the tank water volume. Additional records included fish species, age class, stock origin, mean individual
weight, tank identifier, tank area, and tank height. Data were extracted from farm logbooks and
comprised 1,238 observation records. Landlocked salmon accounted for 69% of records, lake-dwelling
brown trout (Salmo trutta) for 27%, and other fish for 4%. Each log entry was treated as a sampling event
(Effort = 1), while days without records were treated as unsampled (Effort = 0).

Water quality measurements
Water quality was monitored using an s::can system comprising spectro::lyser V3, pH::lyser, and
oxi::lyser sensors (s::can GmbH, Vienna, Austria). The sensors measured dissolved oxygen, temperature,
pH, turbidity, total organic carbon (TOC), dissolved organic carbon (DOC), nitrate nitrogen (NO₃–N), and
UV absorbance at 254 nm (UV254). The spectro::lyser used a 5-mm optical path and a wavelength range
of 190–750 nm. Its measuring head was cleaned with compressed air before each measurement.
Spectral measurements were converted into water-quality estimates using the manufacturer’s software
(moni::tool 4.6.7 V10.13). Both total and particle-compensated UV254 absorbance were recorded as
indicators of UV-absorbing organic matter. Measurements were adjusted to local water conditions using
offset calibration according to the manufacturer’s instructions. Calibration used samples collected from
Lake Ylä-Enonvesi across different seasons and analysed by Eurofins Lahti for suspended solids (SFS-
EN 872:2005, modified), TOC (SFS-EN 1484:1997), and DOC (SFS-EN 1484:1997 RZ). The quantification
limits for TOC and DOC were 1 mg L⁻¹. The pH sensor was calibrated every six months using pH 4 and
pH 9 buffer solutions. Continuous monitoring sensors recorded surface and bottom measurements of
temperature, pH, pH-mV, dissolved oxygen, UV254 (filtered and total), nitrate (NO₃-N), and turbidity at 10-
minute intervals from March 2024 to August 2025. The raw water-quality dataset comprised 80,792 time
points and 18 variables (excluding timestamps).
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Estimating daily infection density using a two-part hurdle
GAM
Daily infection densities were estimated from fish removal records using a two-part hurdle generalised
additive model (GAM). A binomial GAM with a logit link estimated infection occurrence probability (π�)
on sampled days (Effort = 1), while a Gamma GAM with a log link estimated positive infection density
(r�), calculated as fish removed divided by sampled water volume. Both components included additive
spline terms for days since monitoring began (24 basis functions) and day of week (7 cyclic basis
functions), with smoothing selected by grid search. Expected daily infection density was calculated as µ�
= π�r�. Parameter uncertainty was estimated by drawing from the fitted coefficient distributions to obtain
prediction variances and 95% confidence intervals. Observed densities were retained where available,
and model estimates filled unsampled days. Predictions below the detection threshold of one infected
fish per sampling volume for at least two consecutive days were set to zero. Binary infection-presence
indicators provided hard labels, while probabilities from the logistic component provided soft labels.
Daily infection densities, estimated variances, and soft labels were used in subsequent environmental
modelling.

Feature processing and selection
Surface and bottom measurement were treated as distinct features throughout processing and
selection. Water-quality measurements were recorded at 10-minute intervals and averaged by calendar
day. Before averaging, time-of-day differences were assessed across morning, afternoon, evening, and
night using Kruskal–Wallis tests with Benjamini–Hochberg correction. Correlations between daily values
for these periods were then examined for each variable. Missing daily or time-of-day means were
imputed before cross-validation using a multivariate iterative imputer with Bayesian Ridge regression, a
maximum of 20 iterations, and random seed 0.

From 21 environmental variables, we generated 1,764 temporal predictors comprising lagged values and
rolling means and standard deviations over 1–28 days, using only preceding observations. Random
Forest, LightGBM, and XGBoost were used to identify informative features. Analyses considered both
binary infection-presence labels, defined as infection density > 0, and continuous occurrence-probability
labels, with and without inverse-variance weighting. Native tree-model feature importances were
normalised to [0, 1] within each learner and combined across folds and modelling scenarios. Features
were ranked using mean importance and majority votes. To reduce temporal redundancy, a ± 14-day
spacing rule was applied within each variable and feature type (lag, rolling mean, or rolling standard
deviation). After selecting a feature, candidates within this interval were excluded. Precomputed feature
sets containing 10–50 predictors, in increments of five, were then evaluated with and without sample
weighting.

Model selection
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Models were evaluated using three-fold expanding-window time-series cross-validation. Observations
were ordered by date, and each model was trained on earlier observations and evaluated on the
immediately following block, without shuffling or a gap between training and testing. Each test block
contained approximately one-quarter of the eligible observations, while the training set expanded across
folds. Three folds were used because additional splits would leave some folds without zero-infection
observations. The same splits were used for all models, feature-set sizes, and weighting scenarios.
Feature lists were fixed before this evaluation rather than selected separately within each training fold.

Sample weights were calculated as ui=[max(vi,10− 6) + 10− 6]−1 and normalised to a mean of one, where vi

is the GAM-estimated infection-density variance. Here, (v_i) was the GAM-estimated infection-density
variance for binary-label analyses and the occurrence-probability variance for continuous-label analyses.
Non-finite variances were replaced using the median calculated with np.nanmedian. Weights were
applied during both training and scoring.

Model selection prioritised the Brier score and log loss to assess probabilistic predictive performance.
Feature-selection stability was assessed using Jaccard overlap and Kendall’s τ, averaged across fold
pairs. Agreement among models and scenarios was visualised using heatmaps of normalised
importance values and reciprocal ranks. ROC–AUC and PR–AUC were not used for model ranking.

Final Random Forest model
The final model was a calibrated Random Forest classifier using 50 selected lagged and rolling features
with the uncertainty-based sample weights to predict late-stage saprolegniosis risk. Random Forest
hyperparameters were optimised during model selection and fixed for final model fitting. The selected
parameters were n_estimators = 1000, max_depth = 3, min_samples_leaf = 4, min_samples_split = 2,
max_features = 0.5, bootstrap = True, and criterion = "gini". The forest was fitted on the first 80% of the
chronologically ordered development series, and its probabilities were calibrated using the remaining
20%. This calibration subset was excluded from fitting the forest but had contributed to earlier
preprocessing, target estimation, and feature selection. Calibration was performed once after model
selection, not within each cross-validation fold. The calibrated model was then applied to new data to
assess whether predicted risk increased before the first observed cases of a subsequent infection
period. A separate forest with the same parameters was fitted on all development data for SHAP and
permutation analyses.

Model interpretation
SHapley Additive exPlanations (SHAP) were used to describe each predictor’s contribution to model
predictions. Features were ranked by their mean absolute SHAP values, and the stability of these
rankings across folds was assessed using Kendall’s τ. For dependence plots, feature values were divided
into 20 quantile bins, and the mean SHAP value was plotted for each bin. A secondary feature selected
using shap.utils.approximate_interactions was used to colour each plot, with the colour scale restricted
to its 5th–95th percentiles. Predictor importance was also assessed using block permutation
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importance. Values were permuted in contiguous 14-day blocks to preserve temporal structure within
blocks while assessing changes in model performance.

Python libraries, data sets and scripts created
All analyses were conducted in Python 3.11 using pandas 2.3.1(6), NumPy 2.2.5(7), scikit-learn 1.5.0 (8),
statsmodels 0.14 (9), matplotlib 3.10.0 (10), SciPy 1.14 (11), SHAP 0.48.0 (12), pyGAM 0.9.1 (13),
LightGBM 4.6.0 (14), and XGBoost 3.0.5 (15). All scripts and datasets are publicly available in the GitHub
repository (jjurvans/saprolegnia-infection-ml-2025).
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Figure 1

Walk-forward hurdle-GAM for infection estimation. (A) Daily infection density (infected fish per pool
volume) estimated using a two-part hurdle Generalised Additive Model (GAM) applied in a walk-forward,
causal manner. The dashed blue line indicates the model mean, and the shaded band represents 95 %
confidence limits derived from random draws of the fitted coefficients. Orange circles denote observed
infection densities on days with sampling effort (Effort = 1), while open red circles indicate observed
zeros (Effort = 1). Light grey shaded areas mark periods without sampling (Effort = 0), during which
infection densities were model-imputed and may have been constrained to zero by the calibrated limit-of-
detection + hysteresis rule. (B) Daily probability of infection presence estimated from the logistic
(occurrence) component of the hurdle GAM, fitted in the same walk-forward manner. The dashed line
shows the predicted probability of a positive observation, orange triangles denote observed positives
(Removed > 0 on Effort = 1 days), and open red circles mark observed zeros (Removed = 0 on Effort = 1).
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Light grey shaded areas indicate no-sampling periods (Effort = 0), where probabilities were extrapolated
solely from the model.

Figure 2

Time series of water-quality features and infection density. All variables were Yeo–Johnson
transformed and winsorised at the 1st–99th percentiles to reduce the flattening effect of extreme peaks
while preserving relative variation. Each line represents a standardised feature (z-score), with infection
density shown last.
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Figure 3

Threshold robustness and early-warning performance of the infection-risk model. (A) Precision, recall,
and F1-score as functions of the probability threshold. F1 remains high across a broad threshold range,
indicating stable predictive performance and limited sensitivity to the exact threshold choice. The
dashed horizontal line denotes the naïve “always-infected” baseline F1. (B) Confusion matrix at a fixed
probability threshold (t = 0.5), illustrating the balance between correctly identified infection and non-
infection days under a conventional midpoint classification rule. (C) Infection probability forecasts for an
independent test period (September–October 2025). The blue line shows predicted infection probability,
orange bars indicate observed infection density (normalised for visual comparison), and open red circles
mark days with zero observed infection. The dashed horizontal line denotes the operational decision
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threshold (0.5). Infection probability begins to rise approximately 15 days before the first observed
infection.

Figure 4

Feature importance and model interpretability of the final Random Forest model. (A) SHAP beeswarm
plot showing the 20 most influential features ranked by their mean absolute contribution to infection
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probability. Each point represents one observation, with colour indicating the relative feature value (blue
= low, red = high). Positive SHAP values increase the predicted probability of infection, while negative
values decrease it. (B) Block permutation importance based on Brier score degradation for the same 20
features. Bars show the mean increase in Brier score when each variable is shuffled within 14-day
temporal blocks, with error bars denoting 95% confidence intervals across 200 permutations.

Figure 5
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Quantile-based SHAP dependence plots for the 16 most important features. Each point shows a
sample’s SHAP value (y-axis) plotted against the quantile position of the feature (x-axis), providing even
spacing along the horizontal axis and reducing the influence of extreme raw values. The secondary x-
axis shows the corresponding raw feature values for easier interpretation. Colours indicate the feature
that most strongly interacts with the one on the x-axis, as identified automatically by SHAP. The solid
black line represents the mean SHAP value within each quantile, and the dashed horizontal line marks
zero contribution to infection probability.
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