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Abstract: In medicine, the analysis of zero-inflated count data is a challenging issue to analyze correctly. This 

kind of data structure makes the performance of traditional statistical models inaccurate. This paper contrasts 

the epileptic seizure predictive models based on traditional statistics or machine learning. Comparatively, there 

were zero-inflated and hurdle models. Thus, the purpose is to determine which approach is most effective 

when such data should be used to increase the predictability and achieve timely clinical intervention. We used 

four statistical models (Zero-Inflated Poisson (ZIP), Zero-Inflated Negative Binomial (ZINB), Hurdle Poisson 

and Hurdle Negative Binomial) and four machine learning algorithms (Support Vector Regression (SVR), 

Random Forest, XGBoost and a Neural Network) to achieve our goal. Comparison between the statistical and 

ML models was done using a clinical data on epileptic seizures. The analysis involved a set of overall measures, 

such as Root Mean Square error (RMSE), Mean Absolute error (MAE), and R2. The Akaike Information Criterion 

(AIC) and Bayesian Information Criterion (BIC) are also used to test the statistical model fit. The results 

revealed that although statistical models have good fit, they cannot predict (low R2). Machine learning 

algorithms on the other hand are far better at prediction. The best performer was SVR, which has the highest 

R2 of 0.69 and lowest MAE, but the Neural Network has also performed well. The research results in a 

conclusion that machine learning algorithms, specifically SVR and neural networks are more accurate and 

reliable in predicting epileptic seizures compared to the use of traditional statistics.. 
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Introduction 

Epilepsy is a condition of the nervous system that involves over 1 percent of the global 
population and can be treated using medicine or surgery [1]. Epilepsy is a highly prevalent 
nervous disease with a prevalence of over 65 million individuals in the world. Drug therapy, 
or surgical intervention, does not manage the disease in over 30 percent of cases. 
Nevertheless, prediction of seizures prior to occurrence may play a significant role in their 
prevention using proper therapeutic intervention. Research has shown that deviant brain 
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activity precedes the occurrence of a seizure by several minutes which is scientifically 
termed as pre-seizure period [1]. 

Count data is a statistical model that is used frequently in medicine and epidemiology. 
The dependent variable is defined as a non-negative integer, including the number of 
incidences of a certain disease or the number of episodes within a given period [2,3].  

   The selection of a suitable distribution of count data plays an important role in the 
analysis of data because its objective is to reflect the data correctly. Count data are 
commonly modeled by the Poisson distribution as a standard model, and in most cases is 
inadequate since it can be overdispersed or long-tailed. In order to correct overdispersion, 
alternative distributions have been used including the negative binomial distribution or the 
generalized Poisson distributions proposed by [4,5]. 

The large number of zeros in the data is one of the typical and characteristic types of 
overdispersion.  In response to this, zero-infllation models have been come up to be used 
in cases where the data are characterized by a high number of zeros. Past studies had 
suggested that the failure to deal with excess zeros results in the large deficiencies in data 
models since the excess zeros as well as non-zero values are wrongfully estimated 
(Piroumian-Chani et al., 2013) [6, 3]. 

The two models are based on the assumption that the data are a combination of two 
distributions, the first one producing only zero values. Conversely, the latter gives non-
negative values, which are usually a Poisson distribution or negative binomial distribution. 
Hence a zero-centered distribution in combination with another distribution involving the 
values of non-negative integer is the most suitable approach to modeling this kind of data. 
These mixed models are useful in working with highly dispersed data that contain many 
zeros, the count of which is inflated and are referred to as the zero-inflation models. One of 
the most popular models in this case is the zero-inflated Poisson model developed and 
characterized by (Lambert, 1992) [7, 6, 5]. Machine Learning (ML) algorithms have proven 
to be practical in the analysis of such data, particularly when nonlinear patterns are 
involved and very complex. The statistical inference of the general linear model (GLM) 
distribution of zero-inflated data is invalid due to misspecification. This happens, e.g., when 
a Poisson or negative binomial (NB) regression model is fitted using data being a zero-
inflated Poisson or negative binomial (NB) distribution [7, 8]. Lambert (1992) [7] named 
the ZIP model, one of the most popular count data analysis models that contain too many 
zeros [7] and barrier models, such as those proposed by Molay (1986) [3], Heilbronn 
(1994) [10], Yip and Yao (2005) [11]. There is a tendency to use zero-inflated Poisson 
regression or negative binomial regression in the insurance field.  

D. Erdman et al. (2008) [12] and S. M. Mwalili (2008) [13] applied ZINB to dental 
caries study. A popular dental caries research measure is the DMFT index, which is 
however complicated in distribution. Zero-inflated negative binomial (ZINB) distribution fits 
excellently. This was plotted on DMFT index. Mirowski et al. (2009) [14] utilized neural 
networks and deep learning to analyze EEG data containing zeros and noise. Seyed. S. & 
Robiah. A  (2011) [15] constructed a zero-inflated negative binomial model of right-
censored count data, and estimated the model parameters with maximum likelihood and 
assessed the accuracy of the estimation in the event of overdispersion through a simulation 
study (M. C. Hu, M. Pavlicova and E. V. Nunes (2011) [16]). 

This study highlights that negative binomial and zero-inflated models provide better 
and more accurate estimates of the treatment effect for overdispersed count data with 
excess zeros [13]. We present a zero-inflated Poisson regression model, as explained [14], 
and Zero-inflation (ZI) models, as described [17]. In cytogenetic dosimetry, researchers 
found that zero-inflated Poisson and negative binomial models better handle diffuse and 
zero-inflated chromosomal aberration data than conventional Poisson regression[16]. 
Compare different methods for analyzing zero-inflated data and their application in health 
surveys. 
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A comparison of different methods of zero-inflated data analysis and an application in 
health surveys 2017 [18]. The authors evaluated the various models of counting claims 
such as the zero-inflated Poisson(ZIP) regression model and hurdle models using a 
backpropagation neural network. The analysis of the rainfall data was done using Poisson, 
Negative Binomial, ZIP, and ZINB models [19]. [1] presented a model of predicting epileptic 
seizures based on deep learning, scalp EEG signal preprocessing, and features extraction 
via the convolutional neural networks. [18] compared two types of exponential dispersion 
models of overdispersed and zero-inflated numerical data, and showed better flexibility and 
performance especially in data with high skew and kurtosis.[3] compared two zero-inflation 
and Hurdle model in the investigation of data with trailing zeroes, and illustrated that the 
choice of model is drawn on the model fit to the data set. [20] researched the ML 
techniques of early seizure prediction, feature selection, and better classification. EEG data 
was subjected to valid techniques [21].  

S. Park and S. Jun (2023) [21] posed a solution to the scarcity issue and the 
improvement of the model performance in the text data analyses in the composite linear 
Poisson modeling. The method was superior to conventional models such as the linear, 
generalized linear and zero-inflated Poisson models. Banghee So (2024) [22] used boosting 
algorithm (XGBoost, LightGBM and CatBoost) to include the data of insurance claims 
(including zero-inflated telematics data) to construct their predictive models on the 
frequency of automotive claims. The results showed that CatBoost was better in 
comparison with the other two approaches and their analogs.  

So and Valdez (2024) [23] put forward a hybrid structure which involves a combination 
of zero-infused distributions with CatBoost to suitably address extremely uncommon claim 
information, including that of seizures. The findings showed that CatBoost was more 
effective than XGBoost and LightGBM in automated claims modeling, and has a higher 
prediction accuracy. For zero-inflated data, M. Beveridge et al. (2024) [8] compared three 
models, among them ZINB, Hurdle NB, and truncated Gaussian Copula latent model. It can 
be noted that the authors used actual data. (microbiome and scRNA-seq). B. So and E. A. 
Valdez (2024) [23] introduced superior extensions of the Tweedy regression model, which 
relied on CatBoost and discrete zero-claim modeling, to achieve substantial predictive 
accuracy in the insurance claims research. 

M. B. Ben Khedher and D. Yun (2024) [24] than the alternative performance of ML 
algorithms and classical counting models to analyze exaggerated accident data, which 
justify more specific interventions on traffic safety. In order to improve the performance of 
prediction, M. Martinović et al. (2025) [25] applied hierarchical modeling to exaggerated 
zero-sum data in real-world scenarios (home appliance classification and airport 
transportation requests). A two-stage hierarchical model combining gradient boosting and 
SVR/VGG proposed by J. M. Rožanec et al. (2025) [25]. The results showed a significant 
improvement in prediction accuracy and energy efficiency in zero-inflation scenarios (e.g., 
appliance usage and airport shuttle demand). Banghee So and Min Deng (2025) [26] 
compared the model of Tweedie with three ML algorithms XGBoost, LightGBM, and 
CatBoost (i.e. gradient boosting techniques). The model used by Tweedie was more 
effective in efficiency, the fitting accuracy and prediction accuracy. 

This paper will look into zero-inflated Poisson (ZIP) model, the Hurdle Poisson (HurP) 
model, the zero-inflated negative binomial (ZINB) model and the Hurdle negative binomial 
(HurNB) model as applied in the case of insurance claims. The final goal will be to prove 
that the ZIP model could give the most appropriate fit to the insurance claims frequency 
data. 

 The remaining part of this work is arranged in the following manner. Section 2 
presents the models applied in this work such as the statistical models and ML algorithms. 
Section 3 gives the metrics applied to evaluate the models. In Section 4, the dataset that 
was used to conduct the analysis is explained with the preprocessing steps. The results of 
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the models are discussed in section 5. Lastly, Section 6 provides the main conclusions and 
suggestions regarding future research. 

Methods 

Statistical Models 

The Poisson regression is a model that assumes that the conditional mean is equal to 
the conditional variance, an assumption that is not always true. Assume that the data do 
not follow the Poisson model assumption of conditional variance. Then, there can be 
overdispersion as a result of heterogeneity of the population, clustering, outliers or lack of 
important covariates in the model [3]. 

Zero-Inflated Poisson Model 

Count models with zero-infllation are a useful method of dealing with excess zeros in 
data. The data is modelled as a combination of two distributions: one of which is a count 
distribution; the other one is one distribution which assumes a single value of zero. As an 
example, the negative or Poisson binomial distributions.  

Consider a zero-inflated Poisson (ZIP) regression model in which the response variable 
has the distribution model in which the response variable 𝑌𝑖(𝑖 = 1,… , 𝑛) has the distribution 

[15]. The mixed form of distribution of the ZIP provides p-value of the additional zero 
counts and (1-p) of the Poisson distribution. In case covariates are included, the ZIP 
distribution will give a ZIP regression model. The helpful aspect of the ZIP model of 
regression is that simultaneously, one can evaluate the influence of covariates on the 
additional zeros and the Poisson part of the model. The zero-inflated Poisson model is, 
however, inappropriate when the non-zero distribution is overdispersed in comparison with 
the Poisson distribution. The negative binomial component presumes that the Poisson 
mean is a random variable and it is distributed under a gamma distribution. ZIP model is 
developed as follows [3]. 

𝑃(𝑌𝑖 = 𝑦𝑖) = {

𝜋 𝑖 + (1 − 𝜋𝑖)𝑒 − 𝜇𝑖 𝑖𝑓 𝑦 𝑖 =  0,

(1 −  𝜋𝑖)
𝑒−𝜇𝜇𝑦

𝑦𝑖!
     𝑦𝑖 >  0 

 (1) 

𝐸(𝑦𝑖)  =  𝐸 (𝐸(𝑦𝑖|𝑧𝑖))  =  (1 −  𝜋𝑖)𝜇𝑖 (2) 

𝑉𝑎𝑟(𝑦𝑖)  =  𝐸(𝑉𝑎𝑟(𝑦𝑖|𝑧𝑖))  +  𝑉𝑎𝑟(𝐸(𝑦𝑖|𝑧𝑖))  =  (1 −  𝜋𝑖)𝜇𝑖 (1 +  𝜇𝑖𝜋𝑖) (3) 

 

Zero-Inflated Negative Binomial (ZINB) Model 

This Section explains the Zero-Inflated Negative Binomial (ZINB) regression model. It is 
no secret that the ZIP distribution combines both the distribution which gives a mass of p 
to extra 0s, and a mass of (1-p) to a Poisson distribution. The presence of covariates 
causes ZIP to give a ZIP regression model. The additional benefit of the ZIP regression 
model is that the effects of the covariates can be estimated at the same time in the extra-
zeros and the Poisson components of the model [3]. The part of the distribution that is not 
zero is spread out too widely to use a ZIP model in the comparison with a Poisson 
distribution. The negative binomial component makes the assumption that the Poisson 
mean is a random variable with a gamma distribution [13].  

The ZINB distribution is a mixture distribution that allocates mass p to account for 
excess zeros (i.e., 0 ≤ p ≤ 1). Nevertheless, to a negative binomial distribution, a mass of 
(1-p) is assigned [27]. The ZIP and NB distributions are approximated using the ZINB 
distribution as p and r tend to infinity. The parameters m and p are related to the 
covariates in the ZINB regression model as follows: log(mi) = x′ iβ and logit(pi) = z′ ir.  
Where i = 1, 2, ···, n. Additionally, zi and xi denote the predictors (vectors of covariates) 
for the logistic and NB components. Here, n is an independent variable. Of the regression 
coefficients, r and β are the corresponding vectors. Maximum likelihood estimation is used 
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to estimate the regression coefficients. For further information, we recommend that the 
reader visit [29] and [27]. 

The negative binomial model for excess zero-count data is the ZINB. In such cases, 
when overdispersion is due to both excess zeros and data heterogeneity, the ZINB 
regression model is often more suitable than the ZIP model. 

We define the probability mass function of the response variable yi for the ZINB 
regression model as a random non-negative integer value. This assumes that yi = 0 is 
observed at a much higher frequency than can be modeled by the usual model [17][15]. 
The ZINB model can be defined as follows [3]. 

𝑃(𝑌𝑖 = 𝑦𝑖) =

{
 
 

 
 𝜋𝑖 + (1 − 𝜋𝑖) [(

𝑟

𝜇𝑖 + 𝑟
)
𝑟

]  if 𝑦𝑖 = 0

(1 − 𝜋𝑖)
Γ(𝑦𝑖 + 𝑟)

Γ(𝑟)𝑦𝑖!
(
𝜇𝑖

𝜇𝑖 + 𝑟
)
𝑦𝑖
(

𝑟

𝜇𝑖 + 𝑟
)
𝑟

 if 𝑦𝑖 > 0

, (4) 

where r denotes the gamma function, 𝜋𝑖 refers to the structural zero probability, and 

the mean of the NB model is defined by 𝜇𝑖. The mean of the ZINB model is determined as 

𝐸(𝑦𝑖)  =  (1 − 𝜋𝑖)𝜇𝑖 , where the variance is 𝑉𝑎𝑟(𝑦𝑖)  =  (1 − 𝜋𝑖)𝜇𝑖(1 + 𝜇𝑖/𝑟 + 𝜋𝑖𝜇𝑖)  [3]. 

Generally, logistic regression is used to model πi, and log-linear regression is utilized in 
modeling 𝜇𝑖. The ZI model is formulated as follows. 

log (𝜇𝑖) = 𝑥𝑖
𝑇𝛼, logit(𝜋𝑖) = 𝑧𝑖

𝑇𝛽 (5) 

where the regression coefficients β and α belong to the variables 𝑧𝑖
𝑇 and 𝑥𝑖

𝑇. It is worth 

mentioning that the variables of 𝜇𝑖  must be similar to those in 𝜋𝑖 . Compared to the ZIP 

model, the ZINB model offers additional flexibility. It offers overdispersion due to excess 
zeros and heteroscedasticity in the Poisson component, whereas the ZIP model 
accommodates only overdispersion due to excess zeros [3]. 

Hurdle Poisson Model 

For all non-zero observations, it models a zero-truncated part and all zeros as a single 
part. Hurdle models do not distinguish between true and false zeros. Furthermore, all zero 
observations originate from a non-susceptible group, which is the primary distinction 
between them and the ZIP model [18]. In contrast to ZI models, barrier models (as in [10] 
and [28]) are a two-component mixture model. The two parts consist of a positive 
feedback component and a zero-mass component, both following a truncated distribution, 
such as a truncated NB distribution or a truncated Poisson distribution. The hurdle model is 
formulated as follows [3]. 

𝑃(𝑌𝑖 = 𝑦𝑖) = {

𝑝𝑖     𝑦𝑖 = 0

(1 − 𝑝𝑖)
𝑝(𝑦𝑖𝑗𝜇𝑖)

1 − 𝑝(𝑦𝑖 = 0; 𝜇𝑖)
    𝑦𝑖 > 0

 (6) 

where 𝑖 = 1,… , 𝑛, where 𝑛 denotes the total number of observations and 𝑌𝑖  refers to 

the response of the 𝑖𝑡ℎ observation. Additionally, the probability of a subject belonging to 

the zero component is represented by 𝑝𝑖 , 𝑝(𝑦𝑖; 𝜇𝑖)  is the PMF for the regular count 

distribution with a vector of parameters 𝜇𝑖 . Besides, the distribution that is evaluated at 

zero is represented as 𝑝(𝑦𝑖; 𝜇𝑖). The regular count distribution governs the positive counts, 

as the PMF/1-PMF of this regular count distribution evaluated at zero [3]. The Equation for 
calculating the probability distribution of the hurdle Poisson is as follows. 

𝑃(𝑌𝑖 = 𝑦𝑖) = {

𝑝𝑖     𝑦𝑖 = 0

(1 − 𝑝𝑖)
𝑒−𝜇𝑖𝜇𝑖

𝑦𝑖/𝑦𝑖!

1 − 𝑒−𝜇𝑖
    𝑦𝑖 > 0

 (7) 

Hurdle NB Model 

The Hurdle NB Model (HNB) model is formulated as follows [3]. 
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𝑃(𝑌𝑖 = 𝑦𝑖) =

{
 
 

 
 

{

𝑝𝑖 𝑦𝑖 = 0

1 − 𝑝𝑖

1 − (
𝑟

𝜇𝑖 + 𝑟
)
𝑟

Γ(𝑦𝑖 + 𝑟)

Γ(𝑟)𝑦𝑖!
(
𝜇𝑖

𝜇𝑖 + 𝑟
)
𝑦𝑖
(

𝑟

𝜇𝑖 + 𝑟
)
𝑟

𝑦𝑖 > 0, (8) 

Covariates can enter the mean function 𝜇𝑖 and the probability of a zero 𝑝𝑖 the model. 

Thus, the model is formulated as follows: 

log (𝜇𝑖) = 𝑥𝑖
𝑇𝛼,  logit (𝑝𝑖) = 𝑧𝑖

𝑇𝛽 (9) 

The regression coefficients for the covariates 𝒙𝑖  and 𝒛𝑖  are defined as 𝜶  and 𝜷, 
respectively. 

Overdispersion 

Overdispersion refers to a variance that exceeds the expected variance. Some 
distributions don’t have a parameter that matches the observed variance. For example, a 
normal distribution does this through the parameter σ (i.e., the model’s standard 
deviation), which is constant in typical regression. On the other hand, a Poisson distribution 
doesn’t have such a parameter (i.e., the variance and mean have the same value). 
However, if the data are overdispersed? (could also be lower, i.e., underdispersed). This is 
less common, and not all of the methods below allow for underdispersion modeling. 
Overdispersion arises “naturally” when important predictors are missing or misspecified 
(e.g., linear rather than nonlinear). It is widely known that zero inflation exists, but it is 
separate. Additionally, overdispersion occurs when none of your data points are actually 
zero [29]. 

Machine Learning Algorithms  

Support Vector Regression 

    The Support Vector Machines (SVMs) can be easily used to generalize to unknown 
data. These concepts of SVM are generalizable to regression. Just like classification, 
Support Vector Regression (SVR) has kernels, sparse solution, and margin and support 
vectors control. Whereas not as popular as SVMs, SVR has shown to be useful in 
approximating the truth-value function. A symmetric loss term is used to train SVR with the 
hope of balancing the preference of high and low errors like in a supervised learning 
method.  

A small-radius flexible tube is symmetrically formed around the estimated function 
using an e-insensitive Vapnik approach. For example, absolute errors below a certain 
threshold e. Here, neither the estimate below nor the one above is considered. Therefore, 
points that are not within the tube are penalized, while points that are within the tube, 
regardless of their position above or below the function, are not penalized. A major 
advantage of SVR is that its computational complexity is independent of the dimensions of 
the input space. It also exhibits excellent generalization ability, with high prediction 
accuracy. In SVR, the support vectors are the most influential instances that shape the 
tube’s geometry, as in SVM. Crucially, in the context of supervised learning, the training 
and test data are assumed to be independent and identically distributed (iid), generated 
from the same, but unknown, fixed probability distribution function [30]. 

SVMs can also perform regression via a different loss function known as 𝜀-insensitive 

loss function, ‖𝑦 − 𝑓(𝑥)‖𝜀=𝑚𝑎𝑥{0‖y − f(x)‖− 𝜀 }. Here, the errors that are smaller than a 

certain threshold 𝜀 > 0 are ignored. Accordingly, a tube is created around the true output. 

Then, the primal is written as follows [31]. 

minimize 𝑡(𝐰, 𝜉) =
1

2
‖𝑤‖2 +

𝐶

𝑚
∑  

𝑚

𝑖=1

(𝜉𝑖 + 𝜉𝑖
∗) (10) 
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subject to  (⟨Φ(𝑥𝑖),𝐰⟩ + 𝑏) − 𝑦𝑖 ≤ 𝜖 − 𝜉𝑖 (11) 

𝑦𝑖 − (⟨Φ(𝑥𝑖),𝐰⟩ + 𝑏) ≤ 𝜖 − 𝜉𝑖
∗ 

𝜉𝑖
∗ ≥ 0(𝑖 = 1,… ,𝑚) 

(12) 

The accuracy of SVM regression can be determined by calculating the scale parameter 
of the Laplace distribution on the residuals 𝜁 =  𝑦 −  𝑓(𝑥),  where f(x) is the estimated 

decision function (see Figure 1) [32].  

 

Figure 1: One-dimensional linear SVR [33]. 

As an optimization problem, the function approximation problem is formulated, 
attempting to find the narrowest surface-centered tube while reducing the predicted errors 
( the distance between the desired and predicted outputs). The previous condition leads to 
Equation (12), which is the objective function. In the Equation, ‖𝑤‖ refers to the quantity 

of the vector normal to the surface to be approximated: [30]. 

𝑚𝑖𝑛𝑤 =
1

2
‖𝑤‖2 (13) 

 

Based on Equations (12) and (13), the optimization problem is given by Equation (10). 
Here, C is a regularization—and therefore, a tunable parameter that gives more weight to 
minimizing the flatness, or error, of this multi-objective optimization problem [30]. 

𝑚𝑖𝑛
1

2
‖𝑤‖2 + 𝐶∑  

𝑁

𝑖=1

𝜉𝑖 + 𝜉𝑖
∗

 subject to 

𝑦𝑖 −𝑤
𝑇𝑥𝑖 ≤ 𝜀 + 𝜉𝑖

∗𝑖 = 1…𝑁

𝑤𝑇𝑥𝑖 − 𝑦𝑖 ≤ 𝜀 + 𝜉𝑖𝑖 = 1…𝑁

𝜉𝑖 , 𝜉𝑖
∗ ≥ 0𝑖 = 1…𝑁

 
(14
) 

ℒ(𝑤, 𝜉∗, 𝜉, 𝜆, 𝜆∗, 𝛼, 𝛼∗) =
1

2
‖𝑤‖2 + 𝐶∑  

𝑁

𝑖=1

𝜉𝑖 + 𝜉𝑖
∗ +∑  

𝑁

𝑖=1

𝛼𝑖
∗(𝑦𝑖 −𝑤

𝑇𝑥𝑖 − 𝜀 − 𝜉𝑖
∗)

+∑  

𝑁

𝑖=1

𝛼𝑖(−𝑦𝑖 + 𝑤
𝑇𝑥𝑖 − 𝜀 − 𝜉𝑖) −∑  

𝑁

𝑖=1

𝜆𝑖𝜉𝑖 + 𝜆𝑖
∗𝜉𝑖
∗

 
(15
) 



Wakaa Ali Hadba (Hurdle and Zero-Inflated Models …) 

405 Journal of Innovative Construction and Petrochemical Technologies 

 

 

 

Random Forest 

Tin Kam Ho (1995) [34] proposed the Random Forests (RFs) algorithm, which was then 
developed by Breyman (2001) [35]. This algorithm is an accurate and robust learning 
method. Additionally, it is widely utilized in both regression and classification. RF constructs 
an ensemble of decision trees using clustering context. The classification or prediction is 
achieved by each decision tree in the RF. By clustering on the ensemble, the final 
predictions are made. Recently, RF has been developed further to improve its performance. 
The random vectors employed to develop each tree significantly influence the growth of 
these ensembles. Breyman (1996b) [36] implemented clustering, where a random selection 
(without replacement) is made from the training set to develop each tree. RFs continue to 
be widely employed due to their numerous benefits. They are easy to implement, provide 
accuracy as good as, and in some cases even exceed, AdaBoost, and are powerful against 
noise and outliers. Many implementations of RF demonstrate useful estimates of 
significance and error [37]. 

Furthermore, Random Forest is a tree-based ensemble learning method and is 
classified as a clustering type [38]. It differs from other standard trees in that each node is 
partitioned using the best predictor from a randomly selected subset of predictors at that 
node [39]. To improve clustered trees in the RF algorithm, a simple modification to tree 
decoupling is made. Multiple decision trees for clustering can be built from pre-trained 
datasets. However, each time a split in a tree is considered, a random sample of m 
predictors is selected as candidates for the split from the entire set of p predictors when 
building these decision trees [40]. The RF approach for both classification and regression is 
presented in Algorithm 1 [41]. 

✓ From the initial data, three bootstrap samples are drawn. 
✓ For each bootstrap sample, initialise an unpruned tree with the following 

modification. Instead of selecting the optimal split among all predictors at each 
node, randomly sample ntry of the predictors and select the optimal split from 
among those features. Bagging can be considered a subset of random forests, 
which are generated when the number of predictors (ntry) equals k. 

✓ The m trees’ predictions are aggregated to predict new data. 
XGBoost Gradient Boosting 

Recently, boosting has become one of the most powerful ML algorithms and has rapidly 
gained popularity among data scientists and actuaries. Freund and Shapiro (1997) [42] 
introduced the first practical boosting algorithm, called AdaBoost.M1. Although boosting 
was initially developed for classification problems, it has also been modified to address 
regression problems (Hastie [46]). Friedman (2001) [43] proposed gradient boosting, a 
related algorithm specifically designed for regression. This method iteratively trains a weak 
learner to build a strong learner by combining multiple weak learners. In gradient boosting, 
at each iteration, a new weak learner is trained to predict the error of the existing strong 
learner, known as the “pseudo-response”. This weak learner is combined with the strong 
learner to reduce the model’s overall error. This process continues iteratively, as successive 
weak learners are combined to form an increasingly accurate strong learner. Boosting can 
also be described as a stepwise process [26]. 

Artificial Neural Networks 

  An Artificial Neural Network (ANN) is a simulation of the interconnections that are 
composed of the human brain. The inputs of ANN are the dendrites of the human brain 
that receive electrochemical impulses on the other neurons and are transmitted to the cell 
body. Each input has a signal which is received by its weight multiplied with the input of a 
hidden layer in the neuron. Each input has a signal which is received by multiplying its 
weight with the input into a hidden layer in the neuron (see Figure 2). This signal is driven 
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by an activation function which typically is a sigmoid function. Nonetheless, there are other 
functions of activation (tangent hyperbolic function, linear function, step function, ramp 
function, and Gaussian function) that can be employed as well [44] [41]. The last layer is 
the output layer which is the axon that extends to the synapse that links two different 
neurons. An average artificial neural network design is made of inputs, outputs, and bias. 
The ANN architectures differ in the respect of number of layers vastly. The most basic and 
most widely used architecture is the perceptron which has two inputs, a hidden layer, and 
one output [41]. 

Several versions of ANNs have appeared in the scientific literature (Hopfield, 
feedforward ANNs, backpropagation ANNs). The BP-ANN [45] has been identified as one of 
the most effective ANN algorithms for supervised learning. As shown in Figure 3, the BP-
ANN employs three layers (input, hidden, and output); its distinction from other ANN 
algorithms lies in how the weights are adjusted [46].  

 

Figure 2: The Single Neuron Model [46]. 

 

Figure 3: The BP-ANN model [46] 

The model consists of two input layers, two hidden layers, and one output layer. The 
steps of the BP-ANN algorithm are as follows. Generate the output for each pattern, 
calculate the error (Ej), adjust the weight, and calculate the MSE. 

Evaluation Criteria 

Models were estimated using a weighted likelihood function, and their fit was assessed 
using AIC, BIC, and log-likelihood. Vuong’s test was also performed to compare non-nested 
models. AIC and BIC were used for statistical models. Vuong (1989) test: Fung (1989) [18] 
developed some general tests for non-nested models. 

Root Mean Square Error 

The root mean squared error (RMSE) is a commonly used metric for evaluating model 
performance. It is formulated as follows. 

RMSE = √
1

𝑛
∑  𝑛
𝑖=1 (𝑦𝑖 − 𝑦̂𝑖)

2  (16) 
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It is a count response and ˆyi is the count response forecast of the ith man. The lowest 
RMSE on the test data is the sign of a good predictive model or machine learning algorithm 
under analysis [37]. 

Mean Absolute Error 

When there are zero counts in the data [51], it is recommended to use the mean 
absolute scaled error (MASE). As in the following, the MASE is given by the mean [37]. 

MASE = |
𝑦𝑖−𝑦̂𝑖

(1/𝑛)∑  𝑛
𝑖=1 |𝑦𝑖−𝑦̅|

|  (17) 

Coefficient of Determination 

The R-squared (R²) value is a measure of model fit, commonly used to evaluate model 
performance, and is formulated as follows. 

𝑅2 =
∑ (ˆ𝑦𝑖 − ¯𝑦)2𝑛
𝑖=1

∑ (𝑦𝑖 − ¯𝑦)2𝑛
𝑖=1

  (18) 

𝑅2 = 1 −
∑  (𝑦𝑖 − 𝑦̂)

2

∑  (𝑦𝑖 − 𝑦‾)2
 (19) 

Where, 𝑦̂ − predicted value of 𝑦 𝑦‾ − mean value of 𝑦. The R2 value lies between 0 and 

1, where one indicates that the model fits the data perfectly [37]. 

Model Validation 

Vuong’s test 

Vuong’s test is a statistical test used to compare non-nested models [47]. It is calculated as 
follows. 

𝑉 = (√𝑛 (
1

𝑛
∑  𝑛𝑖  𝑚𝑖) / (√

1

𝑛
∑  𝑛𝑖   (𝑚𝑖 −𝑚‾ )2)   

 

where 𝑚𝑖 = log (𝑃1(𝑌𝑖 ∣ 𝑋𝑖)) − log (𝑃2(𝑌𝑖 ∣ 𝑋𝑖)) . If V > 1.96, then the first model is 

preferred; if V<-1.96, then the second one is preferred; if V<1.96, then neither model is 

preferred [19]. 

Akaike Information Criterion (AIC) 

     One of the most common metrics in selecting the optimal model is the Akaike 
Information Criterion (AIC) [37]. To select the model, evaluate the precision of the 
estimates to determine its accuracy. AIC was developed by the Japanese statistician 
Hirotugu Akaike in 1970. It is formulated as 𝐴𝐼𝐶 = 2𝑘 − 2log (ℓ(𝑦; 𝜇̂)) , where 𝑘  is the 

number of parameters included in the model and ℓ is the likelihood of the fitted model 

defined as above [48]. The basic idea of AIC is to penalize the inclusion of additional 
variables in a model. It adds a penalty that increases the error when additional terms are 
included. The lower the AIC, the better the model [48] 

Bayesian Information Criterion (BIC) 

   Another popular measure is the BIC. It is given by  

BIC = −2 log 𝐿 + 𝑝 log 𝑛  (20) 

and L log is the log-likelihood of the model, p is the model size (number of model 
parameters), and n is the number of observations. It is also not dependent on the previous 
cost and punishes the model due to its complexity. BIC has a larger penalty term as 
compared to AIC [37]. 
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Performance Evaluation 

Results 

    Firstly, data from the R Survival package were used. Epileptic Seizure Study Data is a 
clinical dataset containing the number of seizures per patient, along with information on 
treatment, age, and medical visits. Data were obtained from the open-source Survival 
package in the R programming environment, available at: 
https://rdrr.io/cran/survival/man/epil.html  (epil data), which includes: 

✓ y Count: The number of seizures experienced by the patient in a specific period 
(dependent variable). Patient information, including age, the number of seizures 
in the baseline period, the type of treatment, and the number of visits. 

✓ id: Patient identification number (used in mixed models). 
✓ trt: Treatment type (0 = placebo, 1 = active drug)  
✓ base: Number of seizures in the baseline period before the study. 
✓ age: Patient age. 
✓ visit: Number of visits (1 to 4). 
✓  period: Time period of visit (before/during treatment). 

 The data was divided into two sets: a Training set, comprising 80% of the data for 
model building, and a Test set, comprising 20% of the data for evaluating overall 
performance.  

Here, the results are presented and then critically discussed in the next sub-section. 

 

 

Figure 4: Histogram of a variable “y Count” in the data (Epileptic). 

 

Table 1 represents the mean, variance, and dispersion values of the dependent variable 
in the epilepsy data. The value is significantly greater than 1, indicating that the data 
exhibit overdispersion. 

Table 1: Mean, variance, and dispersion ratio of the Epilepsy dependent variable. 

var_y mean_y dispersion_ratio 

11.49367 11.49367 2.554149 

 

Table 2 presents the dispersion values for different count models applied to seizure 
data, indicating the model’s suitability in dealing with overdispersion and zero inflation. 
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Table 2. Dispersion values of count models applied to Seizure Data. 

M
o
d
el 

D
i
s
p
e
r
s
i
o
n 

Notes/Comments 

Z
I
P 

2
.
3
1
4
0
3
0 

Indicates strong overdispersion. 

Z
I
N
B 

1
.
0
7
2
0
1
3 

Very close to 1 ⇒ Very good model 

H
u
r
dl
e 
P
oi
s
s
o
n 

2
.
2
5
3
4
8
3 

Like ZIP, there is strong overdispersion. The 
model alone is insufficient to account for the 

variance in the data. 

H
u
r
dl
e 
N
B 

1
.
0
4
2
9
6
8 

Excellent, very close to 1 ⇒ Robust model, 

efficiently handles sparse and zero-sum data. 

 

Table 3 compares the performance metrics of statistical and ML models for predicting 
the number of epileptic seizures. 
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Table 3: Performance metrics of statistical and ML models for seizure prediction. 

Model 
A
I
C 

B
I
C 

R
² 

R
M
S
E 

M
A
E 

ZIP 

4
6
3
.
4
6
2
5 

4
7
5
.
5 

0
.
0
1
8
8
2
6 

3
.
8
8
8 

3
.
0
3
9 

ZINB 

4
2
2
.
1
5
5
5 

4
3
6
.
6 

0
.
0
0
3
4
3
3 

3
.
7
8
1 

2
.
9
9
2 

Hurdle 
Poisson 

4
6
7
.
9
5
8
6 

4
8
7
.
2 

0
.
0
2
2
0
8
0 

3
.
8
0
5 

2
.
9
9
2 

Hurdle 
NB 

4
2
5
.
6
3
3
1 

4
4
7
.
3 

0
.
0
0
8
5
0
6 

3
.
7
4 

2
.
9
4
7 

SVR   

0
.
6
9
2
8
9
8 

3
.
2
9
8
4
8
3 

0
.
8
6
3
7
3
1 

Random 
Forest 

  

0
.
2
2
6
0

3
.
8
2
0
1

2
.
7
6
3
6
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3
3
9 

3
3 

2
9 

XGBoost 
Tuned 

  

0
.
2
0
2
3
2
4
9 

4
.
7
6
1
3
3
2 

3
.
6
1
8
2
1
0 

neural 
network 

  

0
.
4
2
8
8
9
9
8 

3
.
2
8
1
5
0
9 

2
.
4
1
9
6
9
4 

 

Table 4 presents a brief evaluation of statistical counting models based on their overall 
predictive fit. 

Table 4: Evaluation of Statistical Counting Models Based on Predictive Fit. 

Model Evaluation 

ZIP Not very suitable, 

ZINB Better in terms of AIC/BIC, but R² is very poor. 

Hurdle 
Poisson 

Performance similar to ZIP 

Hurdle 
NB 

Slightly better than ZIP/Hurdle Poisson in terms 
of AIC. 

 

Figure 5 shows the architecture of a neural network used to predict the number of 
seizures in the epilepsy (epil) dataset. The model takes three inputs (base, age, and trt) 
and aims to perform an accurate regression analysis to predict values of a single dependent 
variable. 
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Figure 5: Neural network architecture and weights for predicting seizure count (epil data). 

 

Figure 6 compares four statistical models based on the AIC and the BIC. The graph 
shows that the ZINB model performs best, achieving the lowest AIC value and is the most 
suitable choice for analyzing data with an inflated zero distribution (best-fit values are 
highlighted in green). 

 

 

Figure 6: Comparison of model fit using AIC and BIC. 

The performance of several models, using RMSE and MAE metrics, is compared in 
Figure 7. The green bars indicate the best-performing models: the RMSE-best-performing 
model is SVR, with a value of approximately 3.3. The best-performing model for MAE is 
SVR, achieving an MAE of approximately 0.9. Overall, the Neural Network model 
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demonstrates excellent performance in MAE, while the SVR model clearly outperforms in 
RMSE. 

 

 

Figure 7: Performance of statistical and ML models based on RMSE and MAE. 

Figure 8 compares the R² coefficients for statistical indicators and machine learning 
algorithms. The SVR model emerged as the best (the best method is shown in green), 
achieving the highest R² values (>0.65). This demonstrates its superior ability to explain 
data variance compared to other models. 

 

 

Figure 8: Compares the coefficients R² across statistical indicators and learning models. 
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Table 5 lists the results of Fung’s test comparing the ZINB and ZIP models. It shows that 
the ZINB model is significantly superior to the ZIP model. 

Table 5: Results of Fung’s test comparing the ZINB and ZIP models. 

Vuong z-
statistic 

Hₐ 
p-

valu
e 

-3.16427 

Mod
e2_z
inb 
> 

mod
el_zi

p 

0.00
077
736 

 

Table 6 compares the Hurdle Poisson and ZIP models using the Vuong test. It shows that 
the difference is not significant. Furthermore, there is insufficient statistical evidence to 
favor Model 2_hurdle over Model 1_zip. 

 

Table 6: Comparison between the Hurdle Poisson model and the ZIP model using the 
Vuong test. 

Vuong z-
statistic 

Hₐ 
p-

valu
e 

0.1856745 
Model2_hu
rdle_pois> 
model1_zip 

0.42
635 

 

Table 7 presents the results of the Fung test comparing the ZINB and Hurdle negative 
binomial models. This means that the difference between the two models is not significant. 
That is, there is insufficient evidence to confirm that ZINB is superior to Hurdle NB. 

Table 7: Results of the Fung test comparing the ZINB and Hurdle negative binomial models. 

Vuong z-
statistic 

Hₐ 
p-

valu
e 

0.9726784 
model1_zin
b>model2_
hurdle_nb 

0.16
536 

 

Table 8 lists the best-performing models based on two distinct error metrics for a 
predictive task. The Hurdle NB model achieved the lowest RMSE of 3.74, while the SVM 
model achieved the lowest MAE of 2.84. 

Table 8: Best performing models based on RMSE and MAE criteria. 

The best 
model 

criterion 
valu

e 

Hurdle NB RMSE 3.74 
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SVM MAE 
2.84
274
7 

 

Discussion 

According to the findings above, ZINB model was effective when it comes to analyzing 
data with zero inflation and excessive dispersion to balance simplicity and structural 
appropriateness. Conversely, the SVR model proved to be the most accurate in the pattern 
interpreting and relationship identification in the complex data, and thus the best model to 
be used in the analysis of the unconventional counting data. The findings demonstrated 
that the SVR is the Best model in terms of accuracy and explanation (the highest R² value). 
MAE = 0.863731, RMSE = 3.30, R² = 0.69. The RF algorithm achieved: RMSE = 3.82, MAE 
= 2.76, and R² = 0.226. Average performance, explaining about 22% of the variance. The 
XGBoost-tuned model determined the following metrics: RMSE = 4.76, MAE = 3.62, and R² 
= 0.202. Accuracy is lower than expected, although improved. For ANNs, the metrics were 
as follows: RMSE = 3.28, MAE = 2.42, R² = 0.429. Very good performance, approaching 
SVR in RMSE.  

Balance between performance and accuracy. RF and XGBoost models are less accurate 
than expected. From the RMSE and MAE Graphs, we found that each model is displayed in 
two columns, one for RMSE and one for MAE. The best values are shaded in green. This 
indicates that the neural network and SVR are the most effective based on the error. The 
amount of variance explained is on the R 2 plot. The best performer (maximizing R 2 ) is 
SVR displayed in green. This aids in the graphical comparison of models. Illustratively, the 
AIC and BIC Graphs are presented. ZINB had the best results using both measures (in 
green). This helps choose the most suitable and easiest model. Neural Network Topology 
Graph: Displays the neural network layers that the network was trained on and the 
relationships that exist between variables. Weights denote the contribution of every input 
to every internal node and the final output. 

Conclusion 

This paper contrasts machine learning algorithms and the traditional statistical models 
in predicting epileptic seizures. Conventional models (including ZIP, ZINB, Hurdle Poisson 
and Hurdle NB) had low explanatory powers (R² < 0.03). Nevertheless, ZINB and Hurdle 
NB showed improved statistical consistency and were able to deal with excess dispersion 
and zero inflation. However, it is clear that ML algorithms were superior to traditional 
models. The SVR model achieved the best predictive performance (R² = 0.69 and the 
lowest MAE), second in the line is the neural network-based model, with a combination of 
performance and accuracy as well as a high-generalization factor. The Random Forest and 
XGBoost models (adjusted) in their turn performed averagely and failed to reach the same 
level of accuracy as the other models. 

According to these findings, the best approaches in predicting the frequency of 
epileptic seizures are the SVR model and neural networks as they are the most reliable. 
The advanced machine learning methods will be the future research warranting 
enhancement of the precision and the range of explanatory variability because they 
encompass LightGBM, CatBoost, and Bayesian neural networks. Other alternatives that can 
be considered as to be seen in terms of statistical models include ZIGP, GAMLSS, COM-
Poisson and Finite Mixture that are effective in managing excessive dispersion and zero 
inflation and can also offer more flexible solutions to complex data distributions. 
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