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Fig. 3. South Florida storm impact zone

Methods

Fig. 4. Flow chart of modeling process

Count data regression models can be estimated for cases in 

which the response is a discrete quantitative variable that can 

assume non-negative values. Traditional linear regression models 

fail to consider the presence of discrete and non-negative values of 

the response. Wooldridge [4] indicates that a general regression 

model for count data can be described using Expression (1) as 

follows: 

λ𝑖 = exp(β0 + β1X1𝑖 + β2X2𝑖 + . . . + β𝐾X𝐾𝑖),  (1) 

where λ𝑖 is the expected number of occurrences. β0 is the intercept, 

β𝑖 (i = 1, 2, 3, . . . , k) are the coefficients estimated for each 

predictor 𝑋𝑖 ; k is the number of predictors in the model; and 𝑖
indicates each observation of a given sample. 

Poisson models assume:   E Y𝑖 = Var Y𝑖 = λ𝑖
Negative Binomial model assumes overdispersion of the 

response variable, conditional to predictor variables [5], 

i.e., µ𝑖 = E Y𝑖 < Var Y𝑖 , where E(Y𝑖) = µ𝑖 is mean, 

Var(Y𝑖) = µ𝑖 + φµ𝑖
2 is variance, and φ represents overdispersion 

in the count data.

µ𝑖 = exp(β0 + β1X1𝑖 + β2X2𝑖 + . . . + β𝐾X𝐾𝑖).

Zero-inflated negative binomial regression is a model that

considers excess zeros in data. It does so by having two models, a

zero inflated model and a count model. The zero inflated model

gives a probability that a given data point is an excess zero. The

count model is a negative binomial model that is a posterior model

based on the probability of excess zero produced by the zero

inflated model.

Abstract
Ciguatera fish poisoning (CFP ) is prevalent in southern Florida. We

utilized monthly fish landings, sea surface temperature, degree

heating week index, and storm intensity data to model ciguatera

cases. Ultimately, we used a zero-inflated negative binomial model

that predicts a PMF of CFP counts in each month.

Introduction
CFP is the most common fish-borne illness, affecting

approximately 50,000 to 500,000 people in the world every year

[1]. Ciguatoxin originates from dinoflagellates, which live on coral

surfaces in reefs. Toxins accumulate in the fish that eat the algae

and bioaccumulate up the food chain [2]. Humans eating fish with

the ciguatoxin are susceptible to illness. Possible symptoms range

from gastrointestinal to cardiovascular and, in the worst cases,

neurological .

Datasets
• Monthly CFP calls from 1992-2019 (Figure 1)

• Commercial fish landings (Figure 2)

• Grouper, Amberjack, Grunts, Hogfish, Snapper [3]

• Sea surface temperature from NOAA (Figure 2)

• Coral reef heat stress index from NOAA (Figure 2)

• Storm intensity metric over impact zone (Figure 2,3)

Fig. 1. (Left) CFP cases time-series (Right) Bar plot of monthly ciguatera cases  

Fig. 2. Explanatory variables time-series

Results
We tested all combinations of variables and interaction terms to

acquire the optimal model based on AIC and residuals.

Optimal Zero-Inflated 

Negative Binomial Model:

AIC: 1223.526

Sum of Residuals: 704.43

Fig. 5. (Left) Rootogram of optimal ZINB model (Right) Rootogram of optimal NB 

model

Conclusions and Discussions
We found mean SST has a strong positive relationship with CFP cases

in Florida. In contrast, storm intensity has a negative relationship with

CFP cases. Our ZINB model is the best model in terms of quality of fit

(Table 1). It can predict a PMF of CFP cases in a given month. There is

an upward trend in CFP cases that is not completely captured by our

model. Thus, there are additional underlying climate factors that we

did not account for that influence the number of CFP cases. More

research needs to be done to determine what these factors might be.
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Count

Predictors Coefficient P-value

Fish Weight -0.610 <0.001

MeanSST 0.310 <0.001

Storm 
Intensity

-0.937 0.003

DHW*Storm -0.180 0.014

Storm*Fish 
Weight

-1.16 0.002

Zero-Inflated

MeanSST -0.71 0.0015

Mean 
SST

Fish 
Landings

DHW

Storm 
Intensity

Predictors Coefficients P-values

MeanSST 0.53 <0.001

Storm Intensity -0.78 0.0095

Fish Weight -0.56 <0.001

Storm*Fish 
Weight

-0.63 0.21

Optimal Negative Binomial 

Model:

AIC: 1235.8

Sum of Residuals: 718.91

Table 1. (Left) Zero-inflated model output coefficients and p-values. 

(Right) Negative binomial model output coefficients and p-values 
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• Identified significant 

factors

• How well our models 

can predict

• Future work


