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BACKGROUND: Environmental change in coastal areas can drive marine bacteria and resulting infections, such as those caused by Vibrio vulnificus,
with both foodborne and nonfoodborne exposure routes and high mortality. Although ecological drivers of V. vulnificus in the environment have been
well-characterized, fewer models have been able to apply this to human infection risk due to limited surveillance.

OBJECTIVES: The Cholera and Other Vibrio Illness Surveillance (COVIS) system database has reported V. vulnificus infections in the United States
since 1988, offering a unique opportunity to both explore the forecasting capabilities machine learning could provide and to characterize complex
environmental drivers of V. vulnificus infections.
METHODS: Machine learning models, in the form of random forest classification models, were trained and refined using the epidemiological data
from 2008 to 2018, six environmental variables (sea surface temperature, salinity, chlorophyll a concentration, sea level, land surface temperature,
and runoff rate) and categorical encoders to assess our predictive potential to forecast V. vulnificus infections based on environmental data.

RESULTS: The highest-performing model, which used balanced classes, had an Area Under the Curve score of 0.984 and a sensitivity of 0.971, high-
lighting the potential of machine learning to anticipate areas and periods of V. vulnificus risk. A higher false positive rate was found when the model
was applied to real-world imbalanced surveillance data, which is pertinent amid modeled underreporting and misdiagnosis ratios of V. vulnificus
infections. Further models were also developed to explore multilevel spatial resolution, finding state-specific models can improve specificity and early
warning system potential by exclusively using lagged environmental data.

DISCUSSION: The machine learning approach was able to characterize nonlinear and interacting environmental associations driving V. vulnificus infec-
tions. This study accentuates the potential of machine learning and robust surveillance for forecasting environmentally associated marine infections,
providing future directions for improvements, further application, and operationalization. https://doi.org/10.1289/EHP15593

Introduction
Consequences of climate change in coastal areas, a significant
interface between humans and marine microbial communities,
include the shifting dynamics of environmentally sensitive ma-
rine pathogens pertinent to human health. A key example of
pathogens responding to climate change are Vibrio spp.,1 a group
of Gram-negative bacteria that reside in coastal waters, either
free-living or attached to chitinous marine organisms,2 and ex-
hibit environmental dependencies. Increases in Vibrio-associated
infections amid warming marine environments3 are of growing
concern to human health. Of these, Vibrio vulnificus (Vv) is
transmitted to humans when contaminated water enters open
wounds, where infections progress to necrotizing fasciitis and
septicemia, or through the consumption of contaminated raw
shellfish, similar to other pathogenic Vibrio bacteria.1 Common
exposure routes alongside gastrointestinal transmission include
recreational water activities, such as swimming or fishing, or
occupational exposure to contaminated water such as oyster har-
vesting, particularly when open wounds are present. It has an

exceptionally high mortality rate ranging from 20% to 50%,
depending on severity of infection,4 and has been attributed to
95% of seafood-related deaths in the United States, making it the
most fatal reported foodborne pathogen.5

As a constituent of the marine environment, Vv bacteria exhibit
particular environmental tolerances and thresholds. Generally, Vv
favors water temperatures above 16°C and moderate salinities
between 5 and 20 practical salinity units (psu).6 Plankton is a key
reservoir for Vv bacteria in the marine environment, and it has been
found that copepod presence, for which chlorophyll a concentration
(as a proxy for phytoplankton density) is a secondary indicator, are
associated with increased Vv presence and subsequent infection
risk.7,8 Other environmental variables can affect exposure potential,
such as sea level anomalies, which increase inland intrusions of
plankton and Vv bacteria,9 or increased land temperatures, which
promote human interactions with coastal waters.1 Long-term cli-
mate trends of warming and sea level rise are therefore driving Vv
dynamics, such as extending the “Vibrio season” into cooler months
beyond the summer.1 However, Vv can opportunistically take
advantage of shorter-term extreme weather events such as heat-
waves,3 storms, or hurricanes,7,10–12 resulting in increased preva-
lence ofVv infections.

It is of increasing importance to understand Vv dynamics,
with increasing incidence and geographic distribution of Vv
infections attributed to global climate change4,13,14 likely to con-
tinue. Deeb et al.6 predicted infection risk could quadruple by the
mid-21st century. In the United States, climate change is pre-
dicted to increase sea surface temperatures, hurricane activity,
and precipitation in the Gulf of Mexico,15 increasing Vv suitabil-
ity in a hotspot for Vv infections. Vv are native inhabitants of
marine microbial communities so cannot be eradicated. Instead,
to protect human health, we can monitor the spatiotemporal dy-
namics in the marine environment and the risk of transmission to
humans, which is mediated by environmental conditions and
human behavior. In particular, we need to understand the
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environmental conditions conducive to Vv survival in the envi-
ronment and transmission to humans, which could proliferate
infections, to facilitate development of early warning systems
and deployment of mitigation measures.

Robust surveillance of reported Vv infections can provide a
proxy for Vv presence in the environment and subsequent risks
to human health. However, despite its global presence and high
disease burden, surveillance of Vv infections is characteristically
poor, with few countries systematically reporting Vv infections.
The actual number of Vv infections is globally uncertain due
to underreporting and a lack of epidemiological frameworks lead-
ing to differing reporting procedures.16 These disparities have
resulted in studies previously reporting Vv risk in the form of hy-
pothetical habitat suitability,3,17 which does not directly translate
into actual Vv presence nor disease risk. However, a unique op-
portunity is offered by the Cholera and Other Vibrio Illness
Surveillance (COVIS) system in the United States, where Vv
infections became nationally notifiable in 2007.18 Health officials
across the United States report clinically confirmed cases of vibri-
osis and cholera to this centralized database with accompanying
metadata on the possible exposure and sources. It is unique in
providing the only national robust surveillance dataset over a suf-
ficient time period, with high-resolution spatiotemporal metadata
(in terms of where and when the infection was likely contracted),
to facilitate environmental association analysis. The dataset has
recently been used to assess the changing disease distribution of
Vv infections in eastern United States, finding an 8-fold increase
and northern expansion, and to create an ecological niche model
to forecast further increases under climate scenarios.19 In addi-
tion, COVIS data have been used for correlation analysis to iden-
tify linear relationships with environmental variables, such as
temperature.20 However, the environmental drivers of Vv can be
complex in dynamic marine ecosystems, wherein the variables
interact among themselves through fluxes and cycles, and bacte-
ria respond to changes through rapid replication, exhibiting non-
linear tolerances and thresholds, which introduce various layers
of complexity. The dynamic interaction of environmental condi-
tions that drive outbreaks, and our ability to predict these, has not
yet been fully explored.

This study aimed to identify complex environmental drivers of
Vv infections across the United States and assess our predictive
potential of infections, using the unique epidemiological surveil-
lance database available in the United States and readily available
climate datasets. Specifically, we aimed to test the ability of
machine learning models to characterize nonlinear associations
between Vv incidence and interacting environmental conditions.
Such nonlinear relationships have been explored in situ, such as the
quadratic relationship identified betweenVv incidence and salinity
from sampling in an estuary6; however, nomodel has characterized
such relationships for infection incidence over a wider spatial and
temporal scale. In addition, this study aimed to explore the poten-
tial of machine learning models from a retrospective forecasting
perspective to quantify our ability to predict future environmen-
tally driven Vv infections in the United States using a range
of environmental data. Machine learning has previously been
employed to forecast cholera outbreaks21—caused by aVibrio spe-
cies that is more frequently reported, Vibrio cholerae—through
which an 89% outbreak sensitivity was previously achieved, sug-
gesting they could provide value when applied to Vv, but such
models have not previously been applied to this surveillance data-
set. Because Vv are acquired solely through environmental expo-
sures, in comparison with the confounding effect of human–human
transmission possible for toxigenic Vibrio cholerae,16 there was
sufficient potential to expect to achieve a similar or higher accuracy
through the novel application of similar models to Vv.

Methodology

Surveillance Data
All laboratory-confirmed cases of Vv infections reported between
1988 and 2018 reported to the Cholera and Other Vibrio Illness
Surveillance (COVIS) database were extracted (https://www.cdc.
gov/vibrio/php/surveillance/) and processed into a focused subset
for analysis. Data were constrained to the time period 2008–2018
to ensure standardized reporting across the study period, because
Vibrio spp. infections only became nationally notifiable in 2007,18
so pre-2008 records carry a temporal data reporting bias. The anal-
ysis was limited to infections contracted in the home country,
as opposed to travel-associated cases, to remove spatial ambigu-
ities. For a sufficient spatiotemporal resolution for environment-
association analysis, we retained entries with a county-level spatial
resolution of exposure location andmonthly temporal resolution of
symptom date (though these were mostly daily resolution).
Sporadic reported infections, such as counties only reporting a sin-
gle infection over the time period, could confound the signal by
introducing noise. For this reason, we focused this study on coun-
ties that had reported 10 or more Vv infections over the time pe-
riod, offering opportunity to explore sufficient epidemiological
patterns. The full multiple exclusion criteria are described and
quantified in Table S1. This approach resulted in 19 counties of in-
terest in total across 8 states (Figure 1).

The Vv reports were appended into a full time series of 2008–
2018 for each county. The final surveillance dataset input con-
tained 2,641 data points in total across the 19 counties over the
11 y. Data points here refers to the rows of the dataframe that rep-
resent a particular county in a particular month (for example,
January 2020 in Orleans County), for which the associated envi-
ronmental data have been appended, and the presence of a Vv
infection report or not recorded. A total of 289 data points repre-
sented months where Vv infections were reported, with approxi-
mately a 1:9 ratio of infection months to noninfection months,
similar to that found in the surveillance dataset used to make pre-
dictive models of another Vibrio bacteria in Campbell et al.21
(1:10 ratio). These infection months were encoded (1 indicating
an infection reported, 0 indicating no infections reported) to pro-
vide a binary presence/absence dependence variable for the
downstream machine learning models to yield a metric of infec-
tion risk presence, rather than the scale of incidence, which
would be more skewed by underreporting.

Climate Data
Freely available and accessible climate data were downloaded
(Table 1) for environmental variables representative of conditions
that promote both Vv survival in the marine environment and the
transmission potential to humans, based on previously identified
associations in laboratory or environmental scenarios and the
availability of open-access datasets with sufficient coverage over
the study period. For the former, sea surface temperature, salinity,
and chlorophyll a concentration time-series data were acquired.
Sea surface temperature and salinity are well-reported drivers of
Vv survival, with linear and threshold-based associations, respec-
tively.6,16 Chlorophyll a concentration provides a proxy for phy-
toplankton presence and a secondary indicator for zooplankton
abundance (which, in turn, depends on phytoplankton density),
because copepods provide a food source and host protection to
promote Vibrio spp. survival, particularly in adverse weather con-
ditions.2,22,23 Although pH data were also acquired, they were
later omitted because of their low resolution near coastal areas,
prohibiting extraction of values for coastal waters corresponding
to specific counties; however, the lack of spatial variability of pH
in the study area24 would likely have provided little information.
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Runoff rate (representing surface and subsurface runoff of water
from precipitation, melting snow, or water in soil) was used as a
representative of extreme precipitation scenarios that promote sa-
linity dilution around discharging areas and nutrient inputs pro-
moting Vibrio spp. growth.25 Variables that represented human
exposure to the bacteria included sea level anomalies and land

surface temperature. Specifically, sea level anomalies lead to
intrusions of saline water carrying plankton and bacteria into
coastal inlets where humans have greater interaction with water,6
and land temperature affects recreational usage of water bodies.1
The latter has previously been used as a proxy for coastal recrea-
tion in Vv studies,19 based on a previous behavioral study.26

Figure 1. Selected counties of interest across the United States reporting Vibrio vulnificus (Vv) infections to the COVIS database. Counties were selected based
on availability of Vv infection data (at least 10 reports over the period 2008–2018) and sufficient spatiotemporal metadata (monthly and county level), covering
three key marine regions, with a total of 289 Vv infection months. Administrative area shapefiles provided by Global Administrative Areas database (https://
gadm.org/download_country.html).

Table 1. Climate data sources and specification used in random forest classification models to predict Vv infections in the United States, 2008–2018.
Variable Source Specification Available at

Sea surface temperature
(SST)

Copernicus Climate Change
Service28 derived from European
Space Agency (ESA) SST
Climate Change Initiative (CCI)
software and algorithms29

Daily average ocean temperature at
20 cm depth, provided at a 0.05-
decimal degree resolution, in Kelvin

https://doi.org/10.24381/cds.cf608234

Sea salinity Met Office Hadley Center
Observation datasets EN.4.2.2
quality-controlled ocean data30,31

Monthly average subsurface salinity
profiles at 5 m depth, provided at a
1-decimal degree resolution, in psu

https://www.metoffice.gov.uk/hadobs/en4/
download-en4-2-2.html

Chlorophyll a concentration ESA CCI Ocean Colour32 Chlorophyll a concentration, provided
at a ∼ 4 km resolution, in mg=m3

http://dx.doi.org/10.5285/
1dbe7a109c0244aaad713e078fd3059a

pH OceanSODA-ETHZ gridded data of
global surface ocean carbonate
system33

Monthly pH based on total alkalinity,
provided at a 1-decimal degree
resolution

https://www.ncei.noaa.gov/data/oceans/
ncei/ocads/data/0220059/

Sea level anomaly Copernicus Marine Environment
Monitoring Service (CMEMS)
and the Copernicus Climate
Change Service (C3S) sea level
gridded data from satellite
observations34

Sea surface height (above mean sea
surface computed for a 20-year
mean reference period of 1993–
2012), provided at a 0.25 degree
resolution, in meters

https://doi.org/10.24381/cds.4c328c78

Land surface temperature ESA CCI Land Surface
Temperature35

Average daytime land surface tempera-
ture, provided at a 0.05-degree reso-
lution, in Kelvin.

https://dx.doi.org/10.5285/
a7e811fe11d34df5abac6f18c920bbeb

Runoff rate ERA5-fifth generation European
Center for Medium-Range
Weather Forecasts (ECMWF)
atmospheric reanalysis-monthly
averaged data on single levels36

Mean rate of runoff from rainfall, melt-
ing snow or water in the soil (sur-
face and subsurface) as if it were
spread evenly over a 0.25-decimal
degree grid box, in kg=m2=s

https://doi.org/10.24381/cds.f17050d7

Note: psu, practical salinity unit; Vv, Vibrio vulnificus.
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Multiple variables were acquired from readily available Earth
Observation sources, with satellite data previously highlighted as
a key tool to track Vibrio spp. risk over long-term retrospective
time periods and in real time.17,27

Each environmental time series was trimmed to the time period
of interest (2008–2018) and clipped to a bounding box encompass-
ing the entire United States (between 18.0 and 71.4° N, and
between −171.8 and −67.0° E). Each environmental variable was
aggregated to monthly averages, using the arithmetic mean, to
match the temporal resolution being used for the epidemiological
data, and interpolated to the resolution of the sea surface tempera-
ture dataset to facilitate combination into a single Network
Common Data Form (NetCDF) file, an array-orientated scientific
data format, containing the full environmental data time series.

Dataframe Generation
Digital vector shapefiles for each county of interest were acquired
from the Global Administrative Areas database (GADM; gadm.
org). Within QGIS (Open Source Geospatial Foundation Project), a
0.5-decimal degree buffer was applied to each shapefile to extend
into their corresponding coastal waters, to provide a region from
which the marine environmental variables could be extracted that
offered sufficient data coverage of marine variables at 1-decimal
degree resolution. The mean of each of the six continuous environ-
mental variables (sea surface temperature, sea salinity, chlorophyll
a concentration, sea level anomaly, land surface temperature, and
runoff rate) for each time step within each county polygonwas itera-
tively zonal extracted, using the Rasterio package in Python, into
dataframe format. This method resulted in a spatiotemporal data-
frame in which each data point represents a particular month in a
particular county. The binary epidemiological feature (representing
when and where infections were reported) was then appended into
this climate data time series.

Several additional features were encoded. First, features were
created for season (winter, spring, summer, autumn) and the three
key geographic regions (Gulf Coast, Atlantic Coast, and Hawaii);
full descriptions of these features can be found in Table S2. These
features were generated both as categorical variables (with num-
berswithin the same feature representing each option), and as sepa-
rate binary features for each option (using One Hot Encoding). The
raw environmental data were then used to generate lagged effects
for 1 and 2 months previous to the infection report, due to the
anticipated lag between changes in environmental conditions and
the report of an infection, encompassing the full transmission path-
way of population growth in the marine environment, exposure,
symptoms displaying, the visiting of a clinical setting, and the con-
firmed laboratory report of the infection. This approach also ena-
bles the quantification of longer-term environmental drivers,
including the effect of sustained optimum conditions on population
growth. Previous studies have identified lagged relationships
between environmental drivers in the 2 preceding months to aid
prediction of Vibrio spp. infections.21 Three distinct approaches
were taken: first using the raw continuous monthly values from 1
and 2 months previous to the infection report, second by calculat-
ing the rate of change of that variable from 1 month and 2 months
previously (continuous), and last by generating a binary feature
indicatingwhether that environmental variable was higher or lower
in the previous 1 or 2 months. Finally, any rows of the dataframe
withmissing data or “NAs”were removed, because machine learn-
ingmethods do not support inputs withmissing values.

Model Development
The spatiotemporal dataframe was randomly split into a training
dataset, containing a subset of 70% of the data, a validation dataset

of 15% of the data—which was used to refine the model—and a
final test dataset using the remaining 15% of the data, which
remained unseen during model development, to test final accuracy
metrics. The number of data points these subsets for each model
contained can be found in Table S3.

This training dataset was provided as an input into a random
forest classification model using the scikit-learn (version 1.3.0;
scikit-learn Developers) Python implementation,37 with the bi-
nary epidemiological feature representing the presence of an
infection report or not providing the target variable. Random for-
est classification models are an ensemble learning method using
multiple decision trees that can iteratively split along gradients of
environmental variables to generate a cumulative consensus.

Random forest models offer benefits over classical regression
approaches such as generalized linear models (GLMs), such as
used by Archer et al.,19 by characterizing nonlinear associations.
Each decision tree within the model can split the decision at any
value of a predictor variable, allowing it to split at multiple points
across the range of values for a predictor variable to account for
nonlinear relationships. They can account for heterogeneous
responses and interactions among predictor variables in different
places and seasons, with different environmental contexts, without
greatly increasing complexity or required informed parameteriza-
tion of interactions, offering advantages as an alternative to nonlin-
ear generalized additive models (GAMs). This characteristic
provides particular value for pathogens where these relationships
are not yet fully characterized and for applicable public health fore-
castingmodels that may need to be redeployed in regions with lim-
ited information. They have previously been identified as an
effective, transparent model choice for complex climate-disease
applications.21,38 In addition, decision tree–based models perform
well with imbalanced datasets, taking both classes into considera-
tion at each stage when generating conditions and rules for split-
ting. Last, the choice of model was driven by the ability to
interrogate the predictions from a random forest classification
model, in comparison with black-box approaches that can provide
high accuracy with complex data, at the expense of being noninter-
rogatable, such as neural networks.

The model setup uses bootstrap aggregating, in which the trees
(n=100 iterations) were trained on different bootstrapped samples
of the data, a benefit of random forest classificationmodels because
it facilitates capturing the data structure more robustly and reduces
variance. Model refinement was based on improving the following
comprehensive accuracy metrics which were calculated for each
model: AUC (area under the curve) of the ROC (receiver operating
characteristic) curve, which represents model capability to distin-
guish between classes; sensitivity, which is affected by the false
negative rate; specificity, which is affected by the false positive
rate; F1 score, which is a harmonic mean between specificity and
sensitivity commonly used as a comparative metric in machine
learning studies; and overall accuracy calculated by the percentage
of data points correctly classified.

The target variable, with a ratio of 1:9 infection months in com-
parison with noninfection months, was imbalanced. Imbalanced
data can result in challenges in machine learning studies, because
most algorithms are developed on the assumption that the target
variable classes are balanced; however, real-world data is rarely
perfectly balanced, particularly in disease detection applications.
This frequently occurring imbalance can result in the introduction
of bias in which high model accuracy can be achieved purely by
predicting the majority class for each data point. Two techniques
were therefore explored to address this class imbalance. First, over-
sampling of the minority class (infection months) to a 1:1 ratio was
achieved using the synthetic minority oversampling technique
(SMOTE), which generates new instances of the minority class
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using a k–nearest neighbor approach, using distance metrics to
define new points.39 Second, undersampling of the majority class
(noninfection months) to a 1:1 ratio was achieved using Cluster
Centroids—a prototype generation approach in which the majority
class is synthesized into centroids using a k-means clustering
approach to reduce the number of samples.40 These two methods
were implemented in distinct models using the imbalanced-learn
(version 0.11.0) Python toolbox40 within scikit-learn version
1.3.0,37 with accuracy metrics calculated on oversampled and
undersampled test datasets, respectively. The trained oversampled
and undersampled models were then applied to real-world imbal-
anced test data (with no over- or undersampling) to explore the
detection accuracy on themore representative, imbalanced number
of infections reported.

The final models had 100 estimator trees in total, with themaxi-
mum number of features to identify optimum splits set as the
square root of the total number of features. During the model
refinement period, feature importance was calculated using two
methods. First, the feature importances attribute provided within
the random forest implementation in scikit-learn (version 1.3.0)37
was extracted. This attribute computes importance based on Gini
importance—the impurity (randomness) decrease across decision
tree nodes when that specific feature is used to split the data.
Second, permutation importance was calculated, which individu-
ally randomly shuffles each feature and refits the model to estimate
the accuracy decrease when this feature is randomized. In addition,
collinearity between the six environmental variables was estimated
by calculating the Spearman’s rank correlation coefficient between
each variable (Figure S1). This, alongside estimates of Gini impor-
tance, informed the removal and retainment of particular features
to reduce overfitting and provide an objective feature selection
step. The full list of environmental features tested, with the retained
features in each model highlighted, can be found in Table S2. The
role of each environmental variable in the model predictions was
further interrogated using partial dependence plots, which average
over the values of all other input features to explore the expected
prediction as a function of a specific environmental feature—and
additionally as a function of two interacting features.

Further models were also generated throughout the develop-
ment process to explore different hypotheses. This step included
both a regional and state-level model for the Gulf Coast and the
state of Florida (the region and county reporting the most Vv infec-
tions) to test which spatial resolution is most appropriate for model
development amid distinct environmental ranges across the United
States (Figure S2). The model implementation for these regional
models was entirely the same as the national model, for an accurate
comparison, but trained on data from the Gulf Coast and Florida
only. In addition, a model was developed on a different range of
features to explore the feasibility of early warning systems; the

1- and 2-month lagged environmental features were exclusively
used to test predictive accuracy for the current month, using data
collected from the previous months. These model parameters were
set to the same as in the original model; however, fewer features
were used for training and testing, omitting environmental data for
the present month, ensuring the number of features was consistent
between training and test data.

Results
Of the final Vv infections dataset provided to themodel, containing
289 infectionmonths, themost infections per state were reported in
Florida (104 total), per month in July (76), and per year in 2015
(151), with full descriptive statistics found in Table S4. At a county
level, the maximum number of infections reported in a county per
month was 5 (mean of 0.14) and per year was 14 (mean of 1.7),
both reported in Orleans county in Louisiana in July 2014 and 2017
and for the year in 2015, respectively.

Model Accuracy
The balanced random forest classifier models were able to retro-
spectively predict Vv infection months when trained on environ-
mental data and applied to an unseen test subset of the dataframe.
The accuracy of both the oversampled and undersampled
approaches to create balanced models reveal particular strengths
and weaknesses (Table 2). Both balanced models had an ROC
AUC score above 0.98, which can be considered an outstanding
discrimination41 between months in which we would expect Vv
infections or not. The sensitivity of the oversampled and under-
sampled models was 0.971 and 0.938, respectively, correctly pre-
dicting 333 of 343 infections and 45 of 48 infections, respectively,
with notably different quantities of infections present in the test
data using the two different techniques. Although both these met-
rics were higher for the oversampled model, specificity was higher
for the undersampled model (0.957 vs. 0.888) which had a lower
percentage of false positives, resulting in a higher F1 score (0.947
vs. 0.928) and overall accuracy (0.94 vs. 0.922).

However, when the models trained on balanced data were
applied to the realistic imbalanced test dataset, with relatively
lower number of infection reports, performance declined.
Although reported sensitivity was still high (0.857–0.918), the
largest differences were apparent in terms of specificity (0.158–
0.417), in which a higher false positive rate was reported. Applying
the model trained on undersampled data to the real imbalanced test
data had a particularly poor specificity (0.158), despite a high sen-
sitivity. The model trained on oversampled data was still able to
produce a strong ROC AUC score of 0.94 when applied to the real
imbalanced data (Figure 2), a 0.286 improvement in comparison
with the model trained on undersampled data. There was a large

Table 2.Model development accuracy metrics for random forest classification models predicting Vv infections in the United States, 2008–2018. Comparison
of accuracy metrics achieved for oversampling and undersampling models, tested on oversampled and undersampled test data, respectively, and then tested on
real imbalanced test data.

Model Metric
Tested on oversampled data

(343 Vv reports total)
Tested on undersampled
data (48 Vv reports total)

Tested on real imbalanced
data

Trained on oversampled data ROC AUC 0.984 — 0.94
Sensitivity 0.971 — 0.857
Specificity 0.888 — 0.417
F1 Score 0.928 — 0.561
Accuracy 0.922 — 0.869

Trained on undersampled data ROC AUC — 0.98 0.654
Sensitivity — 0.938 0.918
Specificity — 0.957 0.158
F1 Score — 0.947 0.27
Accuracy — 0.94 0.354

Note: —, no data; AUC, area under the curve; ROC, receiver operating characteristic; Vv, Vibrio vulnificus.
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difference in overall accuracy, with the oversampled model report-
ing 0.869 but the undersampled model dropping to 0.354. This dis-
parity, along with the generally more balanced result between
sensitivity and specificity, drove the choice to limit the analysis to
the oversampled model (and its application to both oversampled
test data and real imbalanced data) hereafter.

Error Analysis
To understand the performance of the balanced model applied to
the real imbalanced data, the spatial and temporal trends of errors
were analyzed (Figure 3). Temporally, there were no clear inter-
annual trends of model errors; however, a more seasonal pattern
emerged in which the summer season, and particularly the
months of June to September, were associated with greater num-
bers of false positives. Spatially, across counties, the accuracy
ranged from 0.647 to 1, with an average of 0.871. Lower accu-
racy was found in Gulf Coast states, such as Louisiana. Notably,

two counties had a perfect accuracy, with every data point from
that county being correctly predicted: Hillsborough in Florida
and Suffolk in New York. Errors were also found to be more
prevalent for data points in the less-frequent upper ranges of vari-
ous climate variables (Supplementary Figure S3).

Regional Approach
Such spatial differences in error distribution could be affected by
the spatial resolution of the model development. The balanced
model was developed for all three regions across the United
States but contained a region-encoding categorical variable to
allow the model to split the decision pathway between regions if
necessary. Accuracy across the three regions in the full US model
was not wide-ranging; between the Gulf Coast and Atlantic Coast,
sensitivity values ranged from 0.976 to 0.979, F1 Score from
0.927 to 0.958, and accuracy from 0.920 to 0.957. A larger differ-
ence was found for specificity, with 0.883 and 0.940 reported for
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Figure 2. Comparison of results of selected random forest classification models predicting Vibrio vulnificus (Vv) infections in the United States, 2008–2018
(trained and validated on oversampled data). The plots on the left represent when the model was tested on oversampled test dataset containing 343 Vv infection
months, and the plots on the right represent when the model was tested on the unprocessed version of that test dataset, representing imbalanced real-world data
and containing 35 Vv infection months, via receiver operating characteristic curves (A,B) and confusion matrices comparing observed and predicted Vv infec-
tion numbers (C,D).
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Figure 3. Spatiotemporal errors of predictions of random forest classification model predicting Vibrio vulnificus (Vv) infections in the United States, 2008–
2018, trained on oversampled data on unseen real-world test dataset, which contained 376 data points. Temporal errors are classified by (A) year, (B) season,
and (C) month, and spatial errors averaged across state (D) and county for the Gulf Coast, Atlantic Coast, and Hawaii (E, F, and G, respectively). Full numeric
data can be found in Supplementary Excel File 1. Administrative area shapefiles provided by Global Administrative Areas database (https://gadm.org/
download_country.html).
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the Gulf Coast and Atlantic Coast, respectively. Hawaii had a
lower accuracy of 0.852; however, Hawaii had many fewer data
points in the test dataframe (only 9 infection months).

When subsets of the test predictions for the Gulf Coast and
Florida data points were compared to models developed specifi-
cally for the region or state, no improvements were found for a
regional approach developed only on Gulf Coast data. However,
the state approach using a model developed for Florida specifi-
cally yielded greater accuracy than the results for Florida counties
in the original model (Table 3). Sensitivity was improved by
0.208, and specificity was notably improved by 0.547, largely
reducing the false positive rate.

Early Warning System Potential
Themodel developed exclusively using lagged data, to simulate an
early warning system, achieved high accuracy on the unseen test
data. With an ROC AUC score of 0.968, similarly indicating out-
standing discrimination,41 the model had high accuracy (0.901)
and sensitivity (0.965), with a slightly lower specificity (0.860).

Feature Importance
The model interrogations revealed the environmental features
that had the largest contributions to the Vv infection predictions
(Supplementary Figure S4). In terms of Gini importance, the top
features were found to be the average sea surface temperature
during the month of infection, the average land surface tempera-
ture of the month previous, and the categorical season encoder.
Alongside sea and land temperatures, salinity and chlorophyll a
concentration of the infection month also featured within the top
ten feature importance. However, in terms of permutation impor-
tance, the binary lags (based on whether the value was higher or
lower than the value in the previous month) of both runoff and sa-
linity were ranked highest, followed by sea temperatures and
chlorophyll a concentration of the month of infection.

For the early warning system model, using exclusively lagged
data, the top features were similarly land and sea temperatures
from the month previous, as well as the month variable. When
permutation importance was calculated, the lagged chlorophyll a
concentrations (for both 1 and 2 months previous to the infection)
were found to be strong contributors to the predictions.

Environmental Associations
Partial dependence plots facilitated the interrogation of nonlinear
associations between environmental variables and predicted Vv
infections (Figure 4A), by presenting the relationships as a func-
tion of the average prediction (between binary variables of 0 and
1, this resulted in an averaged prediction range plotted for
between 0.4 and 0.575, with higher values indicating higher prob-
ability of Vv infection prediction). Although some of these rela-
tionships followed generally positive linear patterns (such as for
sea surface temperature, land surface temperature, and sea level

anomalies), the random forest approach introduced step changes
and thresholds for certain variables. For example, the prediction
probability starts increasing more rapidly when land temperature
exceeded 285 K (∼ 11:9oC). Salinity exhibited a quadratic rela-
tionship, with prediction probability dropping between 34 and
35 practical salinity units ðpsuÞ and then again above 36 psu. An
increase of Vv prediction probability was associated with a small
increase in runoff, beyond which there was no further increase.
Chlorophyll a concentration exhibited a steady positive relation-
ship that stabilized between 3 and 8mg=m3.

In addition, we visualized how these environmental conditions
interact to affect Vv infection probability (Figure 4B), which
revealed certain limiting factors or cascading effects in a complex,
interacting marine environment. For example, the increased predic-
tion probability associated with increased sea surface temperature
was limited when salinity exceeded 35 psu. sea level anomalies and
chlorophyll a concentrations were found to have complimentary
impacts on prediction probability, with sea level anomalies over
0:1 m and chlorophyll a concentrations above 10 mg=m3 both
needed to reach the highest prediction likelihood zone. Only a small
runoff value was required to reach the highest predictive zone, with
the land surface temperature signal being a stronger driver of infec-
tion prediction potential, which corroborated the relationships found
in the individual feature partial dependence plots.

Transmission Routes
The models were developed using Vv infection data from both
foodborne and nonfoodborne infections (such as wound infec-
tions), the majority of which were confirmed, but 4% of the trans-
mission routes were labeled as “probable.” There were a much
larger number of nonfoodborne infection instances in the data-
frame than foodborne (82% to 18% respectively). Despite being
associated with distinct environmental variable ranges (Figure
S5A), such as foodborne infections extending into cooler months
with lower sea surface temperatures, therewas no difference in pre-
diction accuracy for the different exposures, with 85.2% of non-
foodborne infections detected correctly and 87.5% of foodborne
infections detected correctly (Figure S5B). Although there seemed
to be a positive association between how many foodborne infec-
tions a state reported and the number of false positives (R=0:763)
in themodel predictions (Figure S5C), only six states reported both
of these, so the significance of such a relationship is unclear.

Discussion

Machine Learning Performance
The results highlight the potential of machine learning approaches for
forecasting Vv infections when there is a suitable surveillance system
available for model training and validation. The machine learning
approach allowed us to specifically explore complex, nonlinear, and
previously uncharacterised environmental associations omitted by
alternativemodels that require informed parameterization.42

Table 3. Comparison of spatial scale accuracy for random forest classification models predicting Vv infections in the United States, 2008–2018. Metrics for
the Gulf Coast region and Florida, respectively, were extracted from the test results of the broadly applicable balanced model produced for entire United States
and then compared to test metrics when region/state-specific models were trained and tested on only the Gulf Coast and Florida, respectively.

Regional approach: Gulf Coast State approach: Florida

Metric
Extracted Gulf Coast results

from full US model Gulf Coast–specific model
Extracted Florida results
from full US model Florida-specific model

Sensitivity 0.976 0.967 0.727 0.935
Specificity 0.883 0.874 0.400 0.947
F1 Score 0.927 0.918 0.516 0.941
Accuracy 0.920 0.910 0.906 0.938

Note: Vv, Vibrio vulnificus.
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Aspecific consideration for the use ofmachine learningmethods
in this application is dealing with imbalanced datasets, which can
lead to bias and overfitting. This study tested two methods to over-
come such limitations, whichwere able to improve predictive poten-
tial. However, keeping realistic surveillance situations in mind,
these balancedmodelswere applied to imbalanced test datasets with
the most notable consequence being a high false positive rate. This
poor specificity is amajor limitation of our model andwould require
improvement to become operational among the imbalanced report-
ing data to reduce the number of costly false alarms. The high num-
ber of false positives could be consequentially related to
underreported Vibrio spp. infections; although the severity of Vv
infections means they are less underreported than other Vibrio spp.
infections, modeling by Scallan et al.43 suggests the number of
reported casesmust bemultiplied by 1.1 (to account for underreport-
ing) and then 1.7 (to account for misdiagnosis) to calculate true Vv
incidence. Applying these multipliers to the number of reported
infections in the imbalanced real-world test datawould suggest there
could be up to 56 (rather than 30) infections actually reported in this
period, which becomes closer to the 72 infections predicted by the
model. However, there is no way of confirming whether any of the

false positives predicted by the model are representative of missed
cases, because this is our only available validation dataset, albeit
with potential limitations itself. Although no clear spatiotemporal
trends were identified for these false positives, we hypothesize the
model may be overestimating infections due to optimum conditions
existing on spatiotemporal occasions where humans are not present
or interacting with the marine environment, because this part of the
transmission pathway is not fully characterized in our predictor vari-
ables, despite the inclusion of some passive environmental drivers
of human activity. The integration of population data and sociode-
mographic information, such as used in Archer et al.,19 would spe-
cifically focus the predictions on populations at risk of infection,
which could in turn reduce false positives in less-populated areas.
The lack of available behavioral datasets to characterize this expo-
sure fully is discussed below.

Although developed for the entire United States, our analysis
found that state-specific models can improve specificity; however,
we found little benefit in regional models.We therefore identified a
trade-off between applicability and accuracy in which a lower spa-
tial resolutionmodel can offer greater applicability, but a higher re-
solution model can offer greater accuracy (however, the midrange

Figure 4. Role of environmental features in random forest classification model prediction of Vibrio vulnificus (Vv) infections in the United States, 2008–2018.
(A) Partial dependence plots showing function of association between each environmental variable and the probability of an infection being predicted (on a 0–
1 scale, where 1 indicates a certain infection and 0 a certain noninfection month). (B) Partial dependence plots visualizing effect of the interactions between
environmental features on prediction (with lighter colors representing higher chance of an infection being predicted) for salinity and sea temperature, sea level
anomalies and chlorophyll a concentration, and land surface temperature and runoff, respectively. Note: chlor_a, chlorophyll a concentration in mg=m3; lst,
land surface temperature in Kelvin; psu, practical salinity unit; sla, sea level anomaly in meters; runoff, runoff rate in kg=m2=s; sss, salinity in psu; sst, sea sur-
face temperature in Kelvin.
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point appears to lose the benefits of both). Our state-specific model
was developed for Florida, which has two distinct coastlines with a
wide range of environmental values, so models developed for
states with a single, more homogenous coastline could have even
higher specificity. An alternative further development option
would be the inclusion of state-specific categorical encoders
instead of regional encoders. State-specific models would be valu-
able in specific application scenarios, such as in statesmore heavily
dependent on shellfish aquaculture, particularly in the governing
structure of health departments in the United States, where each
state can implement specific policies and programs.

Environmental Drivers of Vv Infections
Machine learning offers the potential to extract complex, nonlin-
ear, and interacting relationships between environmental varia-
bles and Vv infections. The choice of a random forest classifier
model, in comparison with more black-box approaches, addition-
ally facilitated the interrogation of the contribution of each envi-
ronmental variable to the model predictions of Vv infections.

All six environmental variables featured in the top feature
importances, justifying the multivariate approach. Of these, some
arewell-characterized drivers ofVv epidemiology, such as tempera-
ture and salinity, but the less-reported use of chlorophyll a concen-
tration and runoff data that reported high permutation importance
should secure their inclusion in future Vv models. Specifically
coastal runoff rate has previously been associated with diluting sa-
linity and nutrient loading of coastal ecosystems,which can promote
both pathogen and plankton population growth,44 offering ecologi-
cal insights into the reported association between extreme weather
events and Vv infections.7 The binary lagged values (a simple mea-
sure of whether the environmental variable was higher the month
previous or not) for runoff and salinity held the highest permutation
importance in the model, highlighting the importance of short-term
perturbations, such as those observed during extreme weather
events, as opposed to more gradual change. In addition, other envi-
ronmental drivers were found to have lagged effects onVv infection
potential, particularly values of the month previous to the infection.
Formal lagged time-series analysis, such as distributed nonlinear lag
analysis,45 could be used in the future as a more supervised tech-
nique to identify appropriate exposure–lag–response features as
model inputs.

Alongside confirming well-established relationships, includ-
ing the quadratic relationship exhibited with salinity,6 the model
predictions provided novel insights into various nonlinear thresh-
old and step-based relationships and specifically the values at
which these occur. Salinity was similarly found to be a governing
factor interacting with sea temperature in Martinez-Urtaza et al.,46
based on Vibrio parahaemolyticus presence in Spanish estuaries.
The salinity values found here are higher than to be expected for
Vv optimums (2–25 psu),16 due to observations being measured
at 5 m depth. It is difficult to measure coastal salinity from satel-
lites due to high-resolution heterogeneity, so this approach pro-
vides a proxy for relative coastal salinity changes at the surface
and nearer the coast. In addition, the cascading impact of sea
level anomalies and chlorophyll a presence was identified, pro-
viding evidence for the impact of coastal water intrusions inland
coinciding with high plankton presence as a high risk factor for
Vv infections. Such relationships have been hypothesized,9
because such mechanisms facilitate the transport of Vv bacteria
in coastal waters, but this analysis quantifies this in real-world
scenarios and highlights the predictive potential of exploring
both variables in combination. Interrogating the environmental
ranges of the predictions allows the establishment of prediction
zones, ranges of environmental variables in which Vv infections
are more likely (Figure S6).

Although some studies may remove variables from models
based on linear collinearity, retaining these features allowed the ex-
ploration of nonlinear interactions between these. The strongest
collinearity was observed between sea surface temperature and
land surface temperature; however, these represent two separate
sections of the transmission pathway, with the former increasing
suitability in the environment and the latter related more to human
exposure, with increased recreational water usage expected during
warm temperatures.1

Applications and Future Directions
The analysis here explored the feasibility of earlywarning systems,
using lagged environmental features from 1 and 2 months previ-
ous. If environmental data were routinely collected on a monthly
basis, such collection would facilitate near real-time monitoring of
Vv risk, which could informmitigationmeasures such as enhanced
hygiene measures for shellfish harvesting13 or coastguard sign-
posting to discourage recreational water usage during high-risk
conditions. Longer-term lagged effects could be explored to
increase the lead-time range of such warning systems. To test the
applicability and validity of the predictions, the model should be
implemented prospectively for a specific time period and then eval-
uated against the observed incidence of Vv infections over that pe-
riod. Collaborations with specific health departments or coastal
authorities would be required to establish the level of accuracy and
specific resolution required for operationalization of suchmodels.

To apply these models to wider climate change scenarios, fore-
cast data of the environmental variables within the model would be
necessary. Although forecast data for certain variables such as tem-
perature (such as used in recent Vv forecasts19) are readily avail-
able, there is limited access to forecast data of chlorophyll a
concentrations and runoff, for example, which proved key varia-
bles in the model here. An alternative option involves hypothetical
climate modeling for particular environmental values or gradual
change scenarios, where forecast data are not available, or simpler
models with fewer variables to sacrifice model accuracy in the in-
terest of forecast operationality. In addition, there is a need to
explore the effects of extreme weather events on Vv, which would
require a test (or real-world) dataset with a higher temporal resolu-
tion to capture shorter-term environmental variability, such as
weekly or daily data. Training a model on this data would likely be
infeasible, with such high temporal resolution creating an even
larger imbalance of noninfection data points; however, this does
not prohibit a monthly model being applied to higher temporal re-
solution test data. Such rare infection occurrences will likely result
in a low detection rate, and trends of errors at higher ranges of vari-
ables found in this analysis will likely be exacerbated further by
extreme environmental values found in daily and weekly data that
were averaged over in themonthly analysis.

This model would be applicable to other Vibrio species and
possibly other waterborne bacteria with environmental transmis-
sion routes. The lack of notable difference between accuracy of
the foodborne and nonfoodborne infections in the model is prom-
ising for the representation of multiple complex transmission
routes for marine bacteria like Vv. In terms of application to
other locations, a similar surveillance dataset to the COVIS data-
base would be required ideally for training, validation, and testing
of models. However, if this is not possible, the model could still
be hypothetically applied to a region without epidemiological
data to provide hypothetical estimates of risk, but these could not
be validated to assess accuracy. Such hypothetical risk models
could be used as a pilot, exploratory step to encourage future sur-
veillance of Vibrio spp. infections.

Some key complexities for forecasting Vv infections include
the underreporting of epidemiological data and spatial inaccuracies
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when infections are reported in different areas from the environ-
mental exposure, which can introduce noise and model error.
Although travel-associated cases were removed from the analyses
to explore local exposures, foodborne infections could be acquired
from shellfish that has been imported from a different county or
state. Foodborne infection data particularly might therefore need
further preprocessing in the future to identify the environmental or-
igin of Vv. In terms of limitations of environmental variables, pH
data were considered for this study, due to previously reported
associations47; however, readily available datasets covering the
entire period did not have a sufficient coastal resolution for the
county-level analysis.34 In addition, coastal resolution is pertinent
to several climate variables used in this study, such as the steep sa-
linity gradients found in coastal areas, which are difficult to charac-
terize using Earth Observation data. Coastal areas are often poorly
characterized in marine datasets due to their heterogeneity, despite
representing the key interface between humans and waterborne
bacteria, requiring improvement to coastal observations for Vv
forecasting applications.

The model assumes that all Vv populations are equally patho-
genic and respond homogenously to environmental change, de-
spite our knowledge of intraspecific heterogeneity among Vibrio
spp. strains, due to the limited taxonomic resolution of the clinical
samples that constitute the COVIS database. Similarly, the model
makes major assumptions of the exposure routes, assuming opti-
mum conditions for Vv and human water usage will lead to expo-
sure, with no consideration for heterogeneous behaviors across
seasons, regions, or human populations, or the presence of suscep-
tible populations. The model does not contain behavioral compo-
nents that can accurately represent human exposure to the
pathogen, which is a critical component of the transmission path-
way, thus reducing model performance. Characterizing these two
aspects would negate the need for assumptions; thus two further
areas of development to overcome model limitations would be to
characterize human and genetic components within themodel.

First, human recreational water usage data would enable the
characterization of human exposure routes driving nonfoodborne
infections; however, no such dataset exists for the United States.
To overcome this data limitation, we recommend future collabo-
rations with organizations, such as the US Coast Guard, who
could potentially provide such data for a particular beach for a
high-resolution specific study that may aid the parametrization of
behavioral factors that drive the transmission process in future
models. Exploring the presence of vulnerable populations, for
example shellfish harvesters who both work in coastal areas and
are likely to contract open wounds from sharp bivalves, would
offer an alternative route to characterize potential transmission;
however, such data are currently only available as a static vari-
able per state.48 Local scale studies specific to harvest areas could
aim to characterize how this variable would affect predictions, to
allow extrapolation for national studies. In terms of foodborne
exposure routes, databases such as the United Nations Food and
Agriculture Organization’s FishStatJ provide shellfish consump-
tion data49 but at a maximum resolution of annually and per-
country, which would be difficult to reconcile within this higher
resolution model. Such data characterizing the human dimension
of Vv infection routes would provide a greater characterization of
Vibrio spp. transmission pathways to improve accuracy of predic-
tive Vv models. However, although individual behavior can drive
exposure, the environmental drivers used within the model are
still critical for setting the background of risk potential on
which these interactions operate and thus still prove valuable for
forecasting models in public health applications, which as an inter-
vention method can dissuade people from such interactions when
the infection risk is high.

Second, a future direction would be incorporating genetic infor-
mation of the reported Vv infections to explore strain-specific
responses to environmental variables and identify conditions condu-
cive to more virulent strains. Vv specifically is subdivided into three
biotypes50; however, isolate information in the COVIS database is
currently summarized at a species level rather than a strain level.
Previous predictive models have been hindered by limited genomic
information, such as a Vibrio parahaemolyticus outbreak in British
Colombia in 2015, hypothesized to be attributed to the introduction
of a new strain that could not be detected by models that functioned
only at a species level.51 Previous studies have identified strain-
specific ecological tolerances of Vibrio bacteria,52 and machine
learning offers further opportunities to explore strain-specific envi-
ronmental ranges by accounting for diverging pathways of environ-
mental responses. Future developments of the COVIS database, to
additionally provide genomic information associated with reported
infections, would therefore open up new analysis opportunities.

Ultimately, this study has found machine learning offers poten-
tial in both forecasting Vv infections and characterizing the nonlin-
ear and interacting environmental associations driving them. These
results highlight the value of robust surveillance systems and inter-
disciplinary synthesis of epidemiological and environmental data
for developing models and forecasts of environmentally associated
waterborne diseases.
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