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SUMMARY

Count data consisting of non-negative integer values arising from counting events require specific statistical methods for analysis. This study compares
Classical and Bayesian approaches for estimating count regression models using Tomato Leaf Curl (TLC) data consisting of 809 observations.
It is found that the simple Poisson regression model performs poorly due to over dispersion, where the variance greatly exceeds the mean. The
Negative Binomial model, which handles over dispersion, provides a good fit to the data under both approaches. Both frameworks produced nearly
the same parameter estimates confirming the consistency of the results. However, the Bayesian framework provided a full posterior distributions
enables posterior predictive checks supports Leave-One-Out Cross-Validation (LOO-CV) model comparison, providing a richer inferential tool for
uncertainty. Zero-inflated Poisson model is also used for count data modelling but it is not applicable here due to the absence of zero counts in the
data. Overall, the Bayesian framework provides a broader view of uncertainty around the estimates.

Keywords: Count data models; Poisson model; Negative Binomial model; Classical estimation; Bayesian estimation; Markov Chain Monte Carlo
(MCMC); Over dispersion; Tomato Leaf Curl (TLC); Leave-One-Out Cross-Validation (LOO-CV).

1. INTRODUCTION Count data not optimally modelled with a normal
distribution as the assumptions of the ordinary least-
squares regression are violated (homoscedasticity,
normality and linearity), the use of statistical techniques
generally causes biased and inefficient results [Fox,
2016]. In such cases, the Poisson and Negative
Binomial (NB) regression model are commonly used for
modeling outcome and explanatory variable[Dobson &
Barnett, 2018]. The Poisson regression model assumes

In statistics, count data refers to data that record
countable quantities. These are non-negative integers
— 0, 1, 2, 3, and so on — that come from counting
events, not from ranking or scoring them [Cameron &
Trivedi,2013]. Analysing count data is different from
analysing binary data, where each observation is only
0 or 1, and from ordinal data, which uses integers
on an arbitrary scale where only the order matters i
[McCullagh & Nelder,1989]. Count data usually pile equal mean and variance [McCullagh & Nelder, 1989].

up around a few small integer values. Count outcomes However, thls 18 .unreallhstlc in real vxforld apphca‘qon.
show up often in real-world applications. Fields like The Negative Binomial extends Poisson regression,

epidemiology, public health, insurance and social provides greater flexibility to model the relationship
sciences frequently use count variables to represent between the co.nd.1t1ona1 mean and variance, unlike
how many times an event occurs within a set time the more restrictive Poisson model [Cameron &
period [Cameron & Trivedi,2013] Trivedi, 2013]. When data shows excess zeros and

over dispersion — where the sample variance exceeds
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the mean- zero-inflated and hurdle models are more
appropriate [Lambert, 1992]. The Zero-Inflated
Poisson (ZIP) model, introduced by Lambert (1992) for
quality control data, was found to outperform both the
Negative Binomial and Poisson models.

In recent years, Bayesian methods have gained
considerable attention for parameter estimation in count
data models [Gelman et al. , 2013]. Bayesian estimation
applies Bayes’ theorem to updates prior beliefs with
observed data, combining prior information and the
likelihood function to obtain posterior distributions
[Gelman ef al. , 2013]. Bayesian estimation is flexible,
allowing incorporation of external information or expert
knowledge into the estimation process but requires
complex computations like Markov Chain Monte
Carlo (MCMCO), especially for large datasets [Albert,
2009]. It is particularly useful for complex count data
with over dispersion, excess zeros or time dependence
[Lunn et al. ,2013]. Software like R enables Bayesian
parameters estimation even when analytical solution
are unavailable. Tomato Leaf Curl virus (ToLCV),
transmitted by the whitefly Bemisiatabaci, is is the most
economically significant biotic stresses affecting tomato
cultivation in India and across South Asia. In West
Bengal, ToLCV causes extensive crop losses and poses
a persistent challenge to growers [Gurung et al. ,2022].
Quantitative modelling of disease incidence counts
provide actionable insights for disease monitoring
and management. Although biologically meaningful
predictors such as temperature, humidity and vector
population density are known drivers of ToLCV
incidence, structured longitudinal datasets linking
these variables with incidence counts at sufficient scale
remain limited in the published literature.

While the Negative Binomial model outperforms
the Poisson for over dispersion count data, this study
offers three novel contributions. First, this study
analyzes real agricultural data — weekly TLC disease
counts from West Bengal —to demonstrate the influence
of six weather factors on disease occurrence. Such
studies using agricultural are rare. Second, it compares
classical and Bayesian approaches for Poisson model
and Negative Binomial model. This shows the extra
benefits of Bayesian methods by providing complete
probability distribution, better prediction checks
and model comparison using LOO-CV. Lastly, it
demonstrates that applying the Poisson model to

over dispersion count data can produce misleadingly
narrow confidence intervals, making results appear
more precise than they are. However, the Bayesian
Negative Binomial model handles uncertainty more
realistically making it useful for disease prediction and
pest management decision.

2. LITERATURE REVIEW

The formal study of count data models started
in 1972 when John Nelder and Robert Wedderburn
introduced the Generalized Linear Model (GLM)
framework, establishing Poisson regression as a
standard for counts events. The GLM structure
uses link functions and provides a unified way to
fit different distributions to count data. To handle
over dispersion — where variance exceeds the
mean —Lawless introduced the Negative Binomial
regression model in 1987. Cameron Trivedi’s 1998
book provided a comprehensive overview of Poisson,
Negative Binomial, Hurdle, and zero-inflated models,
focusing on practical issues like over dispersion and
excess zeros. Bayesian methods for count data gained
traction as computational tools advanced. Gelfand and
Smith (1990) demonstrated the use of Markov Chain
Monte Carlo (MCMC) for complex models, with
Gelman et al. (2013) further developing Bayesian
regression techniques. Congdon (2005) and Minka
(2003) contributed to Bayesian applications and prior
selection for count models. The Negative Binomial
model remains central for over dispersed counts and is
preferred in practice for its flexibility.

When data exhibit excess zeros, as in many health
and epidemiological studies, standard models struggle.
Lambert (1992) introduced the Zero-Inflated Poisson
(ZIP) model to address this, and Hall (2000) added
random effects for hierarchical data. MCMC methods
became essential for Bayesian estimation, with tools
like JAGS (Plummer, 2003) facilitating practical
application.

Bayesian count models are widely used in health
sciences and epidemiology for disease mapping and
spatial analysis. Researchers like Best et al. (2005),
Lawson (2013), and Banerjee et al. (2014) have
advanced hierarchical Bayesian approaches for spatial
and grouped count data, enabling robust modeling of
clustering and spatial dependence.
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3. DATA DESCRIPTION AND
EXPLORATORY ANALYSIS

The dataset consists of 809 weekly observations of
Tomato Leaf Curl (TLC) disease cases with six other
weather-related factors that may affect the disease such
as Maximum Temperature (MaxTemp), Minimum
Temperature (MinTemp), Mean Relative Humidity
(MeanRH), Rainfall, Sunshine hours and Wind speed.
The values are essentially non-negative integers which
makes them appropriate for count regression modelling.

4. MATERIALS AND METHODS

4.1 Data Source

Field experiments were conducted at experimental
plots in research station farm of Bidhan Chandra Krishi
Viswavidyalaya (BCKV), Kalyani, Nadia (Elevation:
16m, Latitude: 22° 59’ 15.2” and Longitude: 88° 27’
26.6”’). Tomato crops were raised for eight years i.e.
2011-2012 to 2018-2019 and tomato leaf curl disease
incidence was recorded periodically at 7 days interval
and the number of leaf curl infected plants was noted
by visual observation and accordingly percent disease
incidence was calculated.

4.2 Classical (Maximum Likelihood) Estimation

Using R software, two classical count regression
models were estimated by maximum likelihood. The
classical Poisson model was first used to study the TLC
count data and it specifies

1og(y) =a+ fMaxTemp _std +...+ fWind _std

assuming mean = var (Y) = L.

The classical Negative Binomial model handles
over dispersion by adding a dispersion parameter 0,
yielding

2
Var (Y ) =u+ £
0

A Zero-Inflated Poisson model was also considered

but it is not applicable due to the absence of zeros.

Over dispersion was tested using Cameron- Trivedi
test and the likelihood ratio test, which compared
Poisson and Negative Binomial model. And the model
adequacy was assessed using Akaike Information
Criterion (AIC), Bayesian Information Criterion (BIC)
and log-likelihood.

4.3 Bayesian (MCMC) Estimation

Both the classical models were estimated using
Hamiltonian Monte Carlo through the rstanarm
package. Here, a weakly informative Normal (0, 10)
priors were assigned to all regression coefficients and
intercept. The models were run using four chains each
with 5,000 iterations and the first 1,000 iterations were
used for warmup, producing 16,000 posterior samples
for analysis. Convergence was assessed using the
R-hat statistic (threshold < 1.05) and effective sample
size (n_eff). And no thinning was applied. Posterior
predictive checks (PPC) were also used to assess
model adequacy. Lastly, the Bayesian framework
used Leave-One-Out Cross-Validation (LOO-CV)
and Pareto-k diagnostics to check which model gives
better prediction.

5. CLASSICAL (MLE) RESULTS

5.1 Classical Poisson Regression

The Classical Poisson model showed that Minimum
Temperature, Sunshine and Wind had an impact
on disease incidence [MinTemp std (b = -0.344),
Sunshine std (b =0.079) and Wind_std (b =-0.045)].

However, Maximum Temperature and Mean
Relative Humidity had some effect but not strong
enough to be considered [MaxTemp std (p = 0.074)
and MeanRH_std (p = 0.087)].

Lastly, Rainfall had no effect.

The Cameron—Trivedi over dispersion test produces
a dispersion parameter of 9.18(z = 18.45, p < 0.001),
strongly violating the equi dispersion assumption.
Also, the residual deviance of 7,516.8 on 802 degrees
of freedom and a chi-squared goodness-of-fit p-value =
0 with AIC value of 11,680.62 indicates that the model
does not fit the data well.

5.2 Classical Negative Binomial Regression

The Classical NB model showed moderate over
dispersion in the data, estimating theta (6) = 3.360
(SE = 0.186). Here, Minimum Temperature, Sunshine
and Wind had a clear effect on the disease incidence
[MinTemp_std (b = -0.351, p < 0.001), Sunshine std
(b =0.075, p=10.001) and Wind_std (b = -0.078, p =
0.006)].

However, maximum Temperature, Mean Relative

Humidity and Rainfall does not have any effect on the
disease incidence.



414 |

Briefully Kharnongrum et al. / Journal of the Indian Society of Agricultural Statistics 411-418

The Negative Binomial model with a likelihood
ratio (LR) test yielding LR = 4812.42 (p < 0.001)
and AIC value dropping from 11,680.62 to 6,870.20
performs better than the Poisson model. Hence, the
Negative Binomial model is a better fit for the observed
data.

Table 2. Classical Model Comparison: Log-Likelihood, AIC, and

BIC
Log-
Model Likelihood AIC BIC df
Classical Poisson -5833.31 11680.62 11713.49 7
Classical Neg. -3427.10 6870.20 6907.77
Binomial

5.3 Classical Diagnostic Plots

Fig. 2 presents residual diagnostics for both
classical models. The Poisson model displays marked
heteroscedasticity in Pearson residuals (sum of squared
Pearson residuals = 7,426.77). The NB model residuals
are substantially better behaved (sum = 754.12),
confirming adequate accommodation of over dispersion.
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Fig. 2. Classical model diagnostics. Top: fitted values (lines) versus
observed TLC counts (grey points) for Poisson (red) and NB (green).
Bottom: Pearson residual plots

6. BAYESIAN (MCMC VIA STAN) RESULTS

6.1 Prior Specification and MCMC Convergence

From Bayesian model checks, we get R-hat values
which is equal to 1 or 1.001 (threshold < 1.05) and
the effective sample sizes were very large (ranging
from 4,212 to 20,907). Also, the Monte Carlo errors
were very small to the point that they are negligible
(<0.003). This shows excellent convergence and
sampling efficiency.

6.2 Bayesian Poisson Regression

The Bayesian Poisson model yielded a results
similar to the Classical Poisson model. It shows that
the Minimum Temperature, Sunshine and Wind had
clear impact on TLC disease incidence since their
credible ranges does not include zero, making them
an important predictors [MinTemp std had a posterior
mean of -0.344 (95% CI: -0.379 to -0.309), Sunshine
std of 0.079 (95% CI: 0.064 to 0.093) and Wind_std
of -0.045 (95% CI: -0.062 to -0.027)] . However, the
Maximum Temperature, Mean Relative Humidity and
Rainfall impacts were uncertain since their credible
intervals included zero.

6.3 Bayesian Negative Binomial Regression

The Bayesian Negative Binomial also gave results
similar to Classical model. It estimated a reciprocal
parameter of 3.310 (SD =0.185; 95% CI: 2.959-3.685)
which remained consistent with the classical theta
estimate of 3.360. Here, the Minimum Temperature,
Sunshine and Wind again had clear impact on the TLC
disease count with all three credible intervals excluding
zero [MinTemp_std had a posterior mean of -0.353
(95% CI: -0.476 to -0.235), Sunshine std of 0.076
(95% CI: 0.030 to 0.123) and Wind_std of -0.079 (95%
CI: -0.137 to -0.020].

Table 3. Classical Regression Coefficient Estimates (Poisson and Negative Binomial)

Model Predictor Estimate SE p-value IRR (95% CI) Model Estimate SE p-value IRR (95% CI)
Classical | MaxTemp_std | 0.0328 | 0.0183 | 0.074 0.997-1.071 | Classical Neg. | 0.0236 | 0.0629 |  0.707 0.905-1.159
Poisson [ ninTemp std | -0.344 | 0.0179 | <0.001%%* | 0.684-0.734 | Binomial 203513 | 0.0607 | <0.001%%* | 0.625-0.792
MeanRH std | -0.02 | 0.0119 |  0.087 0.957-1.003 0.0311 | 0.0405 | 0.442 0.894-1.051
Rainfall std | 0.0077 | 0.0157 |  0.623 0.977-1.039 200172 | 0.053 0.746 0.885-1.092
Sunshine std | 0.0788 | 0.0072 | <0.001%** | 1.067-1.097 0.0748 | 0.0231 | 0.001** | 1.030-1.129
Wind std | -0.045 | 0.0088 | <0.001%%* | 0.940-0.973 20.0784 | 0.0288 | 0.006** | 0.872-0.980

Note: ¥** p < 0.001; **p < 0.01; * p < 0.05. IRR = Incidence Rate Ratio with 95% profile likelihood confidence interval. Predictors are standardised (mean
=0, SD = 1). Shaded rows: Classical Negative Binomial.
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Table 4. Bayesian Posterior Summaries: Poisson and Negative Binomial Models

Model Predictor Post. Mean | Post. SD | 95% Credible Interval | Model Post. Mean | Post. SD | 95% Credible Interval
Bayesian MaxTemp_std 0.032 0.0181 -0.003 — 0.068 Bayesian 0.0251 0.0635 -0.097 - 0.152
Poisson MinTemp_std -0.344 0.0178 -0.379 — -0.309* Bi?jriial -0.3531 0.0614 -0.476 — -0.235*%
MeanRH_std -0.02 0.0119 -0.044 - 0.003 -0.0314 0.0407 -0.112 - 0.049
Rainfall_std 0.008 0.0156 -0.023 - 0.038 -0.0162 0.054 -0.122-0.090
Sunshine_std 0.079 0.0072 0.064 — 0.093* 0.0762 0.0237 0.030 —0.123*
Wind_std -0.045 0.0089 -0.062 —-0.027* -0.0785 0.0299 -0.137 —-0.020%*

Note: * 95% credible interval excludes zero. Post. Mean = posterior mean, Post. SD = posterior standard deviation. Predictors are standardised. Shaded

rows. Bayesian Negative Binomial.

7. DIAGNOSTIC AND POSTERIOR
PREDICTIVE CHECKS

7.1 Posterior Predictive Checks

Fig. 3 assesses whether replicated data generated
from each model’s posterior resembles the observed
TLC distribution (dashed black line). As seen below,
the Bayesian Negative Binomial model performs well
since the posterior draws are very close to the observed
TLC curve. This captured both the location and large
variability in the data. On the other hand, the Bayesian
Poisson posterior draws are too narrow which severely
underestimates the spread of the data.

Bayesian Posterior Predictive Check — TLC
Coloured lines = posterior draws; dashed black = observed TLC
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Fig. 3. Bayesian Posterior Predictive Check. Coloured lines show 100
posterior predictive draws; dashed black line shows the observed TLC
density. The NB model (left) substantially outperforms the Poisson model
(right) in capturing observed variability

7.2 Observed vs Posterior Predicted TLC

Fig. 4 shows observed vs Posterior Predicted TLC
values. The Negative Binomial shows prediction that
are scatter around the diagonal line, giving a more
realistic picture of uncertainty. The Poisson model

gives predictions that are too compressed, failing to
capture the full spread of the data.

Bayesian: Observed vs Posterior Predicted TLC
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Fig. 4. Observed vs posterior mean predicted TLC for the Bayesian
Negative Binomial (left) and Bayesian Poisson (right) models. The dashed
diagonal represents perfect prediction

7.3 Posterior Distributions of Predictor Coefficients

Posterior Distributions: Bayesian Poisson vs Neg Binomial — TLC
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Fig. 5. Posterior distributions of standardised predictor coefficients for
Bayesian Poisson (blue) and Bayesian Negative Binomial (coral) models
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Fig. 5 overlays the posterior distributions for all six
standardised predictors. The Bayesian NB posteriors
(coral) are substantially wider than the Bayesian
Poisson posteriors (blue) for all predictors, reflecting
the Poisson model’s artificially inflated precision.
This is especially clear for Minimum Temperature
(MinTemp_std), Sunshine (Sunshine std) and Wind
(Wind_std).

7.4 Forest Plot: Posterior Means and 95% Credible
Intervals

The Minimum Temperature has the strongest
negative effect since the credible intervals excluded
zero in both Bayesian models. Sunshine shows a
moderate positive effect and Wind showing a moderate
negative effect. The Bayesian Negative Binomial has a
wider credible interval which shows more uncertainty,

correctly reflecting the variation in the data.

Posterior Means with 95% Credible Intervals — TLC
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Fig. 6. Forest plot of posterior means and 95% credible intervals for all
standardised predictors under Bayesian Poisson (blue) and Bayesian
Negative Binomial (coral) models

8. BAYESIAN MODEL COMPARISON: LOO-
Cv

Leave-One-Out  Cross-Validation  (LOO-CV)
estimates each model’s expected log predictive density
(ELPD) for new observations. Both models had reliable
prediction results since all Pareto-k diagnostic values

were below 0.7.

Table 5. Bayesian LOO-CV Model Comparison

Model ELPD | SE (ELPD) | LOOIC | SE (LOOIC)
Bayesian Poisson | -5865.8 158.6 11731.6 317.2
Bayesian Neg. -3434.7 19.8 6869.4 39.5
Binomial
Difference (NB — | +2431.1 143.9 — —
Poisson)

Note: ELPD = Expected Log Predictive Density (higher is better); LOOIC
= LOO Information Criterion (lower is better). Difference row reports
Bayesian NB minus Bayesian Poisson.

The Bayesian Negative Binomial model has a
higher ELPD value (closer to 0) than the Poisson model
(-3,434.7 vs. -5,865.8) with a difference of +2,431.1
ELPD units. Also, the LOOIC value is much lower.
Hence, the Bayesian Negative Binomial model is a
better choice for the observed TLC data.

Bayesian LOO-CV Model Comparison — TLC
Higher ELPD = better predictive fit

0

-2000

-4000

Expected Log Predictive Density (ELPD)

-6000

Bayesian Poisson Bayesian Neg Binomial

Fig. 7. Bayesian LOO-CV comparison. Higher (less negative) ELPD
indicates better predictive performance. Error bars show 1 SE. The
Bayesian Negative Binomial model substantially outperforms Bayesian
Poisson

Minimum temperature was the most influential
factor, with higher values reducing Tomato Leaf Curl
(TLC) incidence by about 29-30% (p < 0.001) across
all models. Moderate increases in sunshine hours led
to a slight rise in TLC cases (7-8%), while higher
wind speed consistently reduced incidence by 4-8%.
Maximum temperature, mean relative humidity, and
rainfall had no significant effects, with small, uncertain
Additionally,
humidity and rainfall made it difficult to distinguish

impacts. high correlation between

their individual effects.
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9. CONCLUSION

This study underscores the importance of choosing
suitable statistical models for over dispersed count
data. Using 809 Tomato Leaf Curl (TLC) disease
observations from West Bengal, both classical and
Bayesian analyses showed that the Negative Binomial
model significantly outperformed the Poisson model, as
indicated by lower AIC and higher ELPD values. The
consistency between classical and Bayesian estimates
reinforces the results’ reliability. Notably, the Bayesian
framework offered richer inference by highlighting the
Poisson model’s tendency to underestimate uncertainty,
whereas the Bayesian Negative Binomial model
provided more realistic credible intervals and improved
predictive accuracy.

Among weather variables, minimum temperature
had the strongest negative association with TLC
incidence, while sunshine hours had a moderate positive
effect and wind speed a moderate negative effect.
Maximum temperature, humidity, and rainfall showed
no significant effects, likely due to multicollinearity.
These results are valuable for TLC disease forecasting.
The Bayesian Negative Binomial model’s ability to
deliver both point predictions and uncertainty estimates
makes it well-suited for early warning systems
and agricultural planning. Future research should
incorporate temporal dependencies, vector population
data, and multi-site observations to further enhance
model accuracy and generalizability.
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