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ABSTRACT 
The main objective of the research was to apply Poisson Regression model on doctor visit as the 

dependent variable. The set of explanatory variables under consideration was tested and subsequently the 

final model was determined. Poisson regression model, which is a generalized linear model, was chosen 

as a computing model. Using it guarantees consistent results when working with variables with non-

normal data distribution (skewed and discrete). Thus OLS estimator cannot work and is replaced by MLE 

estimator. The research resulted in selecting the Poisson regression model with an estimated and 

significant parameter. Then we turn to discussing a major problem of Poisson regression known as 

overdispersion and suggest possible solutions, including negative binomial regression and zero inflated 

regression. The Stata software package was used in the data analysis and we noted that the negative 

Binomial fits the model better than the Poisson regression model because of its flexibility. 

Keywords: Overdispersion, Explanatory Variables, Zero-inflated, Maximum Likelihood Estimates. 

 

1.0  INTRODUCTION   

A visit to doctor, also known as physician office visit or ward round is a meeting between a patient with a 

physician to get health advice of treatment for a symptom or condition. According to a survey in the in the 

United State, a physician typically sees between fifty and one hundred patients per week, but the rate of 

visitation may vary with medical specialty, but differs one little by community size. This means the socio-

political context of the patient (family, work, stress, beliefs) should be assessed as it often offers vital 

clues to the patient’s condition and further management. In the analysis of data it is necessary to first 

comprehend the type of data before deciding the modeling approach to be used in the context of modeling 

the discrete, non- negative nature count of a dependent variable, the use of least square regression models 

several methodological limitations and statistical properties (Miaou, 1993; Karlaftis and Tarko,1998; 

Shankar,1995). The Poisson regression model is a good starting point of count data modeling. Many 

examples such as visits to doctor, the number of patent awarded to a firm, the number of road accident 

death, the number of dengue fever cases are restricted to a single digit or integer with quite low number of 

events (Cameron and Trivedi, 1998, Hausman et al, 1984; Radin et al, 1996). For such feature of data, 

Poisson regression suffers one potential problem, this is related to the assumption of equality of the mean 

and variance a property called equidispersion. When this assumption is violated, for instance the 

variances excess the mean, an overdispersion occurs. Failure to control for overdispersion will lead to 

inconsistent estimates, biased in standard error and inflated test statistics. One of the approaches to 

modeling overdispersion is to use quasi likelihood estimation techniques proposed by Wedderbum 

(1974). 
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1.1     Statement of Problem  

The analysis of data in this study focuses on the use of Poisson regression with application to visits to 

Doctor. 

This is because Poisson regression has more advantages over conventional linear model. 

Therefore it appears worthwhile to devote effort in using Poisson regression to modeling doctor’s home 

visit among the aged in Nigeria with a view of evaluating the impact of doctors home visit among the 

aged. 

1.2 Significance of Study 
The importance’s of this study is the involvement of Poisson regression model in application to visit to 

doctor. 

To researchers and student, the study will be significant as it is an academic exercise that will serve as 

reference materials for the future research work. 

1.3 Aim of the Study 

The aim of the study is geared towards Poisson regression model with application to doctor’s home visit 

among the aged in Nigeria. 

1. 4 Objective of the Study 

1. Treating count data models and understanding of their estimations obtained by Poisson regression 

model 

2. To find out whether gender age, number of illness and income has any differences in visits to 

doctor. 

3. To find whether Poisson regression has more advantages over other conventional linear model. 

1.5   Scope of Study: The research work is on Poisson regression model with application to doctor’s visit 

among the age per annual. The range is chosen to ensure availability of date for the analysis in line with 

the objectives of the study. 

1.6 Limitation of Study 

Poisson regression suffers one problem. This is related to the assumption of equality of variances and 

mean. When this assumption is violated that is when the variances observed counts exceeds the mean, an 

overdispersion occurs and failure to control overdispersion leads to inconsistent estimates, biased in 

standard error and inflated test statistics. 

1.7 Definition of Keywords 

The following key words shall be defined in the context of the study. They include: 

1. Doctor visit: means meeting between patients and a doctor to give health advice or treatment for 

symptoms and conditions 

2. Regression: is a statistical measurement used in finance, investing and other discipline that 

attempts to determine the strength of relationship between one dependent variable using denoted 

by Y and a series of other changing variables. 

3. Modeling: this is simply the abstraction or process of making a simple description about a 

statistical system or a process that can be used to explain such as statistical system. 

4. Count data: is a statistical data type, a type of data in which the observations can take only the 

non-negative integer values (0, 1,  

 

2.0  LITERATURE REVIEW 
Jerald (1987) studied negative binomial regression models and examines efficiency and robustness 

properties of inference procedures based on them the result pointed out one limits of Poisson regression 

which is the variance of the data is constrained to be equal to the mean. 

Alexander (2012) modeled the occurrences and incidence of malaria cases given the age, gender and time 

in quarters; he modeled the incidences of severe malaria cases given age, gender and time in years and 

validated the two models using negative binomial regression model and Poisson regression model. 

Poisson regression model and negative binomial regression models were used in fitting the data. Both 

models indicated that malaria is independent of gender. The prevalence of malaria and severe malaria 

cases were found to be prevalent among Children with less than 1 year old, and those under 5 and 70+ 
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years old. The work concluded that malaria still remains high particularly among children under 5 years 

and those found between 20-34 age groups. 

White and Robert (1996) modeled a likelihood- ratio testing frame work based on the negative binomial 

distribution that tests for the goodness of ft of this distribution to the observed counts. And then test for 

differences in the means and/ or aggregation of counts among treatment. Interferences about differences 

in means among treatment as well as the dispersion of the counts are possible. Simulations demonstrated 

that the statistics power of ANOVA is about the same as the likelihood-ratio testing procedure also 

provides information on dispersion. Type1 error rates of Poisson regression exceeded the expected 5%, 

even when corrected for overdispersion. Count data on orange-crowned Warblers are used to demonstrate 

the procedure. 

Adeniyi and Ayo (2008) evaluated a non-linear model to identify fertility determinants and predict 

fertility using women's background characteristics. Based on the persistent high growth rate is among top 

ten most populous countries. The researchers used 2008 Nigeria Demography and Health Survey dataset 

consisting of 33,385 women with 31.4% from urban area. Fertility was measured using children ever born 

(CEB) and fitted into multi-factors additive Poisson regression models. Respondents mean age was 28.64 

+/- 9.59 years, average CEB of 3.13 +/- 3.07 but higher among rural women than urban women (3.42 +/- 

3.16 vs 2.53 +/- 2.79). Women aged 20-24years were about twice as likely to have higher CEB as those 

aged 15-19 years (IRR = 2.06, 95% CI: 1.95-2.18). Model with minimum deviance was selected and was 

used to predict CEB by the woman. 

Monday (2017) based on the Human Immune deficiency Virus (HIV)/Acquired Immune deficiency 

syndrome (AIDS) epidemic has become one of the greatest challenges to public health among adults in 

Sub-Saharan African. In Nigeria, HIV/AIDS epidemic remain one of the major causes of death in the 

general population, particularly among young adult. This research was modeled, with the use Poisson 

regression model to study the linear trend of annual deaths resulting from HIV/AIDS in Nigeria for the 

period of 1996 to 2004. The result from the Poisson regression revealed an increase in rate of death 

resulting from HIV/AIDS in Nigeria. Therefore, there should be increase in the level of awareness of 

HIV/AIDS and other precautionary measures should also be observed in other to reduce the menace. 

Wan 2010 Attempts to model count data have varied from the use of least square regression techniques to 

methods involving exponential distribution families including Poisson and Negative Binomial (NB) 

models. Given the nature of discrete, non-negative integer value of count data, the Poisson distribution 

has been verified to be the best distribution to describe count data. Though the Poisson regression model 

works well for count data, it still suffers one potential problem. This relates to the assumption of the 

equality of variance and mean in the use of Poisson model.. Thus, this paper provides a road map of the 

practical approach for modeling count data and an illustration using doctor visits data. 

Kianififard  (1995) evaluated the basic methodology of Poisson regression analysis and its application to 

clinical research. Overdispersion, model diagonistic and sample size issues were discussed. The 

methodology is illustrated on a data set from a clinical trial for the treatment of bladder cancer. 

Shengping  and Gilbert (2015) evaluated how risk factors, such as the timimng of corticosteroid treatment 

are associated with hospital length of stay for pediatric patients who were admitted due to acute asthma 

exacerbations using Poisson regression. 

Amany and  Yasmin  (2008) evaluated using Poisson regression model for the number of woman 

participation in labour force I upper Egypt the work identify the determinants that have an impact on 

women, participate in the labour market. 

Ferenc and Hegedus (2014) studied how Poisson regression can be used in studies in which the dependent 

variable describes the number of occurrences of some rate event such as suicide after pointing out why 

ordinary linear regression is inappropriate for handing dependent variables of this sort.  

 

3.0 METHODOLOGY 

Having reviewed related work on count data model-Poisson regression, this research depicts the 

methodology and its point of utilization. It also clarifies the research method and the research that should 

be utilized and the techniques utilized to guarantee the unwavering quality and legitimacy of the research. 
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3.1 Count Data Model 

Count data is a statistical data type in which the observations can take only non- negative integer values 

{0,1,2, 3,...} and integers arise from counting. 

An individual piece of count data is often termed a count variable that is count variable indicates the 

number of times something happened. When count variable is treated as a random variable, the Poisson 

distribution is commonly used to represent its distribution. 

Although the use of regression model for counts is relatively recent, even a brief survey of recent 

application shows how common these outcomes are and the importance of the class of models. 

Linear regression model is often applied to count outcomes which results in inefficient, inconsistent, and 

biased estimates. Even though there are situations in which the linear regression model provides 

reasonable results. We have several count models bur in the project we consider Poisson regression model 

(PRM), which is one of the foundation of other count models  

3.2.1   The Validity of the Poisson models 
1. The Poisson distribution may be useful to model events such as: 

2. The number of Meteorites greater than 1 meter diameter that strike Earth in a year. 

3.2.2  Assumptions And Validity 

The Poisson distribution is an appropriate model if the following assumptions are true. 

1. Is the number of times an event occurs in an interval and  can take values 0,1,2,…. 

2. The occurrences of one event do not affect the Probability that a second event will occur. That is, 

events occur independently. 

If these conditions are true then is a Poisson random variable and the distribution of  is a Poisson 

distribution. 

3.2.3  Probability Of Events For A Poisson Distribution 

An event can occur 0,1,2,3,… times in an interval. The average number of events in an interval is 

designated  (lambda).  is the event rate, also called the rate parameter. The Probability of observing  

event in an interval is given by the equation 

  ,  where 

1.  is the average number of events per interval. 

2.  is the number  (Euler’s number) the base of the natural logarithms. 

3.  takes the values  

4.  =  is the factorial of . 
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3.3.1  Poisson Regression Model 

Is  is a vector of independent variable, then the model takes the form 

 where  and . Sometimes this is written more compactly as 

, where x is now an (n +1)- dimensional vector consisting of n independent 

variables concatenated to a vector of one. Here  is simply  concatenated to . 

Thus when given a Poisson regression model  and an input vector , the predicted mean of the 

associated Poisson distribution is given by 

. 

If   are independent observations with corresponding values   of the predictor variables, then 

 can be estimated by Maximum Likelihood. 

3.3.3  Maximum Likelihood Based Parameter Estimates 

Given a set of parameter  and an input vector , the mean of the predicted Poisson distribution, 

as stated earlier is given  by 

. 

Now suppose we are given a data set consisting of m vectors , i=1,2,…, m along with a 

set of m values . Then, for a given set of parameter , the Probability of attaining 

this particular set of data is given by 
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By the method of Maximum likelihood, we wish to find the set parameters  that makes this 

Probability as large as possible. To do this, the equation is first rewritten as a likelihood function 

in terms of : 

 

Note that the expression on the right hand side has not actually changed. A formula in this form 

is typically difficult to work with; instead one uses the  

 

Notice that the parameter only appears in the first two terms of each term in the summation. 

Therefore, given that we are only interested in finding the best value of we may drop the  

and simply write 

. 

To find a Maximum likelihood, we need to solve an equation 
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3.3.4 Overdispersion 

A characteristic of Poisson distribution is that its mean is equal to its variances. In certain 

circumstances, it will be found that the observed variances that the observed variances is the 

greater than the mean, this is known as overdispersion and indicates the model to be appropriate.  

3.4  Negative Binomial Regression Model 

In negative binomial regression, the mean of y is determined by the exposure time  and a set of 

 regressor variables  the expression relating these qualities is 

 

Often, , in which case  is called the intercept. The  are unknown parameters 

that are estimated from a set of data, their estimates are symbolized as  

The fundamental negative binomial regression model for an observation  is given as; 

 

3.4.1  Maximum Likelihood Based Estimation 

The regression coefficients are estimated using the method of maximum likelihood. The 

logarithm of the likelihood function is given as 

. 

 

the first derivative of  
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,   j=1, 2, 3, ….,  

 

 

 

 

 

 

Equating the gradients to zero gives the following set of likelihood equations 

 

 

 

3.5  Zero Inflated Models 

Zero inflated models are a statistical model based on a zero-inflated probability distribution that 

is a distribution that allows for frequent zero-valued observations. 
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3.5.1  Zero Inflated Poisson (ZIP) 

One well known zero-inflated model is Diane Lambert’s zero inflated Poisson model, which concerns a 

random event containing excess zero-count data in unit time. 

The zero inflated Poisson (ZIP) model employs two components that correspond to two zero generating 

processes. The first process is governed by a binary distribution that generates structural zeros. The 

second process is governed by a Poisson distribution that generates counts some of which may be zero. 

The two model components are describes as follows 

 

 

Where the outcome variable  has any non-negative integer value,  is the expected Poisson count for 

 individual;  is the probability of extra zeros. The mean is  and the variance is 

 

3.5.2  Estimates Of Zero Inflated Poisson 

The method of moments estimator are given by 

   -1, 

 

Where  is the sample mean and  is the sample variance. The maximum likelihood estimator is 

derived from the following equation 
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Where  is the sample mean, and  is the observed proportion of zeros. This can be solved by iteration 

and the maximum likelihood estimator for  is given by     

 . 

3.5.3  Zero Inflated Negative Binomial (ZINB) Regression Model 

The zero-inflated negative binomial (ZINB) regression model is used for count data that exhibit 

overdispersion and excess zeros. The data distribution combines the negative binomial distribution and 

the logit distribution. The positive value of Y are the nonnegative integers:0, 1, 2, and so on. 

The probability distribution of the ZINB random variable  can be written as; 

 

 

Where is the logistic link function defined below and  is the negative binomial distribution given 

by ; 

 

Exposure time  can be included in the negative binomial component and a set of   regressor variables 

( ) the expression relating the equation is 

 

Often,  the logistic link function  given by; 
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Where  are the regressor variables and  is the exposure time. 

4.0 RESULTS 

 Table 4.1 zero inflated negative binomial 
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Table 4.2  Comparison of the model 
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Fig. 4.1: A Graph that connect Observed-Predicted with Number of Doctor visits 

 

5.0  DISCUSSION OF RESULTS  

In line with our stated aim and objectives, this research work has been able to achieve the following; 

1. It used data obtained from http://www.stata-press.com to model docvis among age, income, 

female, black, Hispanic, married, physlim, private, chronic. 

2. It has analyzed the data as fitted by Poisson regression model (PRM), negative binomial 

regression model(NBRM), zero-inflated Poisson(ZIP), zero-inflated negative binomial. 

3. Finally it has compared between the four model to discover which model fits perfectly. 

The interpretation of table 4.1 gives a clear description of the data. Table 4.2 is the overall summary of 

the count data, the mean number of docvis is approximately 3.957 and the variance is  = 15.06, 

which is substantially more than the mean this leads to our first regression. Coef. - the Poisson coefficient 

can be interpreted as follows; for a one unit change in the predictor variable, the difference in logs of the 

expected counts is expected to change by the respective regression coefficient, given the other predictor 

variables in the model are held constant. Age- this is the Poisson regression estimate for a one unit 

increase in age, given the other variables are held constant in the model. If a patient were to increase 

docvis by one unit point, the difference in the logs of expected counts would be expected to increase by 

0.032 unit, while holding the other variables constant. Income - this is the Poisson regression estimate for 

one unit increase in income, given the other variables are held constant in the model. If a patient were to 

increase docvis by one unit point, the difference in the logs of expected counts would be expected to 

increase by 0.004 units, while holding the other variables constant. Female - this is the Poisson regression 

estimate for a one unit increase in number of female, given the other variables are held constant in the 

model. If a female patient were to increase docvis by one unit point, the difference in the logs of expected 

counts would be expected to increase by 0.49 units, while holding the other variables constant. Married - 

this is the Poisson regression estimate for a one unit increase in number of married patient, given the other 

variables are held constant in the model.  

The z-test statistics testing the slope for age on docvis is zero given the other variables are in the model, is 

(0.031/0.008) -4.06 with an associated P-value of < 0.0001 with alpha been set as 0.05, we would reject 

the null hypothesis and conclude that Poisson regression coefficient for age is statistically different from 

zero0 at the bottom is the test of overdispersion parameter alpha. When the overdispersion parameter is 

Chibo & Uti… Int Inno. Maths, Statistics & Energy Policies 9(2):24-39, 2021 

 

http://www.stata-press.com/


38 
 

equal to zero the test statistics is -2[-18119.329-(-9782.2197) = 16674.22 with an associated p-value 0f 

<0.0001. the large test statistic would suggest that the response variable is overdispersed and is not 

sufficiently described by the simpler poisson distribution. Predicted number of docvis among income, 

female, physlim, private, chronic are significant except married. The bottom half, contains logit 

coefficients for the factor change in the odds of being in the always zero group. The predicted number of 

docvis among the variables is statistically significant except age..The Pearson statistics which is 

calculated as , where N is the number of observations in the dataset. Looking 

closely at the sum of the Pearson columns gives us a sense of how close the predicted proportions were to 

the actual proportions using this method to compare, the NBRM and ZINB appears better than the PRM. 

Finally in the next the result suggests which model is most preferred by the given comparison strength of 

the evidences supporting this preference. When we compare the four models using BIC and AIC the 

NBRM and ZINB is preferred over PRM and ZIP. Fig 4.1 is a graph that plots the residuals from the 

tested models, the models with lines closest to zero should be considered for our data, at the zero and one 

count NBRM and ZINB appears better than the PRM and ZIP models. 

 

6.1  CONCLUSION 
Categorically, this work can be summarized without any fear of contradiction. The Poisson regression 

model (PRM),  negative binomial regression model (NBRM) which is the base for the other  regression 

model  zero-inflated Poisson (ZIP) and zero-inflated (ZINB) respectively fits this work, except the fact 

that some models fits better than the others. The PRM doesn’t fit reasonably well because if it’s strict 

conditions of equal conditional mean and equal conditional variances E(x) = Var (x), as a result leading to 

under predictions of zeros. While NBRM because of its flexibility fits reasonable well because it allows 

the variances to be greater than the mean called over-dispersion. The zero-inflated model assumes two 

groups, one has no chance of going beyond zeros. The other group may have zero count but the 

probability of having a positive count is non-zero. In conclusion the ZINB and NBRM fits better than the 

other two models.  

 

6.2 RECOMMENDATION 

Recommendations are hereby presented; 

1. NBRM often maybe good enough for the modeling of count data so the need of zero inflated 

models might be questioned. 

2. Because of PRM strict conditions it makes its result to be inconsistent and biased. 

3. This work can furthered for verification purposes or contribution by any researcher who picks 

interest in it. 
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