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  املتواضع العمل هذا اهدي

 ماحفظه دراسيت، سنوات طوال وتشجيعي دعمي يف استمرا اللذين الكرميني والدّي حبييّب اىل

  عمرهما، يف وبارك اهلل

  هلما وحيب امتناني على بسيطا عرفانا العمل هذا يف جيدا ان ملوآ

 يف لوجوده امتنانيحيب و على له تعبريا دائما جانيب اىل ووقف ساندني الذي احلبيب زوجي اىل

  حياتي
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  قاربيأ مجيع اىل

 الدراسي مشواري طوال وأساتذتي معلمي مجيع اىل
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نسان ما مل يعلم، احلمد هلل الذي أكرمين ووفقين ويسر لي هذا حلمد هلل الذي علم بالقلم علم اإلا 

ان اتوجه جبزيل الشكر والعرف العمل املتواضع، اشكره ال إله اال هو له احلمد وله الفضل وله الثناء احلسن.

لي من  كل ما قدمته على شهرزادن الربوفيسور سلمارساليت ومعربة عن امتناني لألستاذة املشرفة على 

رشاد وتكوين منذ بداية العمل اىل نهايته والزالت تقدم، وأشيد حبسن اشرافها واهتمامها توجيه ونصح وإ

 جزاها اهلل عين كل خري.

بكر الدكتورة بوو دوايسية نادية ةالدكتور و مداحلاج حم الربوفيسور امتناني وشكري للسيدن كما اعرب ع

 لي يف مجع البيانات الالزمة للقيام بهذه الدراسة. ملساعدتهم ءفاطمة الزهرا

ري الذي منحته كبالعلى الشرف  بومشاخ امساء ربوفيسورلا الكرمية لألستاذة واتقدم جبزيل الشكر واالمتنان

 .أطروحيتلي برئاستها جلنة التحكيم على 

سور بوروبي الربوفي و بلباشري حسنالربوفيسور  األفاضل ساتذتيكر والعرفان ألأتوجه أيضا جبزيل الش

 الربوفيسور مزود فتيحةو السعدي ناجيةر الربوفيسو، واألساتذة األفاضل (USTHB) صادق

(ENSSEA)   م اهلل خريا.هجزالقبوهلم مناقشة رساليت وهم من خرية األساتذة 

م جزيل الشكر ولكل من مد لي يد العون من قريب أو بعيد وأسهم بأي شكل يف اجناز هذا العمل، لك

 والعرفان والتقدير.
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Introduction 

     Algeria by its vast geographic scope, its various climates and diverse ecosystems houses a 

diverse scorpion fauna. The scorpion envenomation represents a major public health problem. The 

epidemiological situation of scorpion envenomation revealed that 85% of provinces were affected 

by scorpion envenomation accidents in 2017; that is, 78 % of the estimated national population 

was at risk of scorpion stings. Fifteen provinces of highlands and Sahara had more than 200 

scorpion stings per 100 000 inhabitants and alone account for nearly 80% of stings and 90% of 

deaths. For the period 2001-2017, a total of 817 234 scorpion sting cases and 1 065 deaths were 

recorded by health services. The mean incidence was estimated at 137 scorpion stings per 100 000 

inhabitants and the mean mortality was estimated at 0.18 per 100 000. The incidence varies 

between less than 7 scorpion stings per 100 000 inhabitants in the Northern provinces and more 

than 1 000 scorpion stings per 100 000 inhabitants in those of the South, in particular, in Adrar, El 

Oued, Illizi, Ouargla, Biskra and Naama.  

Since the creation of the National Committee of Control of Scorpion envenomation (CNLES) in 

1986, several steps have been taken to deal with this problem. However, the surveillance of 

scorpion envenomation is based on a passive system; the notification of cases, the supply of 

treatment and care as well as awareness campaigns are the main actions carried out by the health 

authorities.  

Several epidemiological surveys have been conducted in regions affected by scorpionism, such as 

Mexico (Chowell, Hyman et al. 2005), Tunisia (Bouaziz, Bahloul et al. 2008), Turkey (Ozkan, 

Uzun et al. 2008), Morocco (Abourazzak, Achour et al. 2009), Algeria (Laïd, Boutekdjiret et al. 

2012), Iran (Rafizadeh, Rafinejad et al. 2013) , Brazil (Barros, Pasquino et al. 2014). Most of the 

mathematical approaches intending to analyze the collected data are based on descriptive statistics 

(El hidan, Touloun et al. 2016; Nejati, Saghafipour et al. 2018). The association of scorpion sting 

incidence with climate variables, using monthly data, in many affected regions, was previously 

performed using multiple linear regression (Chowell, Hyman et al. 2005; Selmane and L'Hadj 

2014). other studies have been performed using simple statistical analyses and correlations (Taj, 

Vazirian et al. 2012; Kassiri, Shemshad et al. 2013). However, in recent years, other statistical 

approaches using monthly data, such as times series analysis (Molaee, Ahmadi et al. 2014; 

Selmane and L'Hadj 2016; Ebrahimi, Hamdami et al. 2017) and count data (Selmane, Benferhat 

et al. 2016), are taking over. 
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Count data occur in many fields, including public health and epidemiology. To handle count data, 

various models have been developed. The poisson model is the basic model and most widely used 

for count events occurring within a specific period. A main characteristic of the Poisson model is 

equality between the mean and the variance; however, this equality does not always occur 

especially when dealing with real-world data. Indeed, real-world data are often characterized by 

overdispersion, which occurs when the variance exceeds the mean. When overdispersion is 

present, Poisson regression is usually given up and a Negative Binomial model becomes more 

appropriate. However, the Negative Binomial model can only take into account overdispersion 

due to unobserved heterogeneity in the data, not overdispersion arising from an excess of zeroes. 

To handle count data with an excess of zeros, zero-inflated and hurdle models are used (McCullagh 

and Nelder 1989; Hilbe 2011; Cameron and Trivedi 2013; Hilbe 2014).  

Our work aims to analyze and to interpret the available data in Touggourt and to develop a 

forecasting model that could help public health decision-makers to take appropriate, rapid and 

effective actions in a timely manner, and to contain any unusual situation.  

Our thesis is made up of three chapters: we present some generalities about the scorpion and its 

ecology. The epidemiological situation of scorpion envenomation in the world and in Algeria is 

reviewed. In the second chapter, we review the regression models for count data used in our work: 

Poisson, negative binomial, zero-inflated Poisson, zero-inflated negative binomial, Poisson hurdle 

and negative binomial hurdle models. Finally, we examined the demographic and epidemiological 

characteristics of scorpion stings in the study region Touggourt and we presented the best-fit model 

using climate variables to predict the daily number of scorpion stings in this region. 
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1.1  Scorpion 

     Scorpions, venomous arthropods, belong to the class Arachnida. There are about 16 (to 19) 

families, 190 genera and more than 2100 known species (Stockmann 2013). (Jan Ove Rein 2020) 

mentioned that there are 2552 species in the world. Two scorpion families (Buthidae and 

Hemiscorpudae) include species dangerous to humans capable of killing humans in some cases 

within hours even minutes (Polis 1990; Stockmann 2013). 

The scorpion's body is divided into three parts: a prosoma (cephalothorax or head), a large 

mesosoma (preabdomen), and a narrow metasoma (postabdomen or tail).The last two parts 

constitute the opisthosoma (abdomen) ending within the venom vesicle (Figure 1.1). The position 

of venom is unique among animals (Stockmann 2013). Generally, the body of an adult scorpion 

does not exceed 25cm (Goyffon and Tournier 2014).  

The cuticle of scorpions fluoresces most brightly under near light 360–390 nm. The fluorescence 

may be yellow or blue, depending on the species (Stockmann 2013).  

 

 

Figure 1.1:   Simplified morphology of a scorpion © Laurent Rouschmeyer 

Scorpions are largely nocturnal and most are solitary animals. During the day, they are found in 

various habitats: burrows, cracks, under rocks, bark of shrubs and trees, old buildings and other 

hiding places (Polis 1990; Mullen and Stockwell 2002). 

On the other hand some scorpions affect the neighborhood of houses, take place between sheets, 

in shoes, in kitchens and bathrooms (Selmane, Hadj et al. 2014).  
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Scorpions are iteroparous animals giving birth more than once throughout their lifetime. A mother 

scorpion gives birth to about 6-90 young scorpions (pullus) at a time, and protects them for about 

a week; a baby scorpion grows at a very slow rate taking months to years to reach maturity 

(Shashidhar 2011). 

Scorpions walk slowly and gropingly and possess a low weak vision (Selmane, Hadj et al. 2014). 

They are predatory Arthropods, which detect their prey using mechanoreceptors present in their 

legs which sense vibrations (Stockmann 2013). They prey on any small animal they can capture, 

principally Insects and various arachnids (spiders, solifuges), also isopods, gastropods, and 

vertebrates (snakes, lizards, rodents) and even a few flying insects, preferring the alive or freshly 

killed prey. They may be eat other species of scorpions and the smallest of its kind (intraguild 

predation) when food is scarce. They rarely absorb vegetable substances  (Stockmann 2013; 

Selmane, Hadj et al. 2014). They use their venom to kill or paralyze their prey so can be eaten. 

Scorpion are fearful of nature, not aggressive and lucifugous. Human stings are accidental and 

constitute a protective reflex by the scorpion (Selmane, Hadj et al. 2014). 

     The venom  

The venoms of scorpions are complex mixtures of heterogeneous substances. This heterogeneity 

induces variable reactions in patients after a scorpion sting. 

Toxicity: scorpion venom is very toxic; this toxicity depends on the species, the season and also 

the geographical origin of the scorpion. 

Speed of diffusion: scorpion toxins diffuse very quickly within the living organism, which 

explains the precocity of clinical disorders. 

Antigenicity: the anti-scorpion serum is obtained by repeated and progressively increasing 

injections of venom to a producing horse. 

The effects of scorpion venom on people are highly variable with severity ranging from localized, 

self-resolving pain to death. 

     Ecology and Ecophysiology 

Scorpions are quite adaptable in terms of ecology, behavior, physiology, and life history. They are 

resistant to aggressive environmental factors including extreme heat or cold.  

Some species can withstand supercooling below freezing for weeks and return to normal activity 

levels within hours. Others survive total immersion under water for as long as one or two days 

(Mullen and Stockwell 2002; Carlson and Rowe 2009). Desert scorpions are among the terrestrial 

animals with the highest resistance to high temperatures 45–50 °C (Stockmann 2013). 
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Scorpions are able to survive up to a year without eating. Searching for food accounts for only 1–

8.1 % of scorpion activity (Stockmann 2013). 

The peaks of activity vary between species, and depend on variations in light levels and 

temperature, and thus vary with the season. They are most active in the spring and summer; they 

tend to hibernate in autumn. Some species may retain their potential activity during the cold 

season. 

The photoperiod, particularly the period of darkness, plays a key role in controlling the rhythm of 

scorpion activity (Stockmann 2013). 

Scorpions are radiation resistant, they were found alive after Reggan's nuclear tests in 1956 

(Stockmann 2013). 

They are also resistant to asphyxiation, microbial infections and can withstand dehydration up to 

40% of their weight (Sadine 2018). 

More than 150 species of predators feed on scorpions. Among the most common are birds and 

lizards, followed by various mammals, frogs, toads, and snakes (Mullen and Stockwell 2002). 

     Scorpion in the world 

Scorpions have large horizontal distribution (Figure 1.2), no species exceed both to the North and 

to the South, 50° latitude where the living conditions of these animals thermophilic easily explain 

this distribution (Selmane, Hadj et al. 2014).  

Scorpions have adapted to desert, temperate, subtropical, and tropical environments such as 

grasslands, savannas, and forests. They live on all major landmasses except Greenland and 

Antarctica (Clarkson, Culin et al. 2020).  

Scorpions are found on beaches and under the debris left by the sea in the intertidal zone, and at 

high altitudes (5,500 m in the Andes, up to 5,000 m in the Himalayas, 2,000 m in the Alps, and 

higher in the Moroccan Atlas Mountains) (Stockmann 2013). 

Among the 2100 species of scorpion worldwide identified, 50 pose significant health problems 

(Mullen and Stockwell 2002). About 30 species are considered to be capable of causing human 

deaths (Stockmann and Ythier 2010).  
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Figure 1.2:   Worldwide scorpion distribution (Goyffon 2002) 

1.2  Scorpion envenomation 

Scorpion envenomation is the result of a person being stung by a scorpion. The response to 

scorpion sting varies with the general health and age of the victim, physiology and genetics, and 

emotional state. The site and depth of sting penetration and quantity of the injected venom may be 

causes of variability. Scorpion stings are treated as a medical emergency that requires treatment as 

quickly as possible, especially when it comes to children. Scorpion sting victims should be kept 

under close observation (surveillance) for at least 24 hours, especially if there are known dangerous 

species. 

     In the world 

Scorpion envenomation most commonly occurs in tropical and subtropical regions of the world, 

especially, north-Saharan Africa, Sahelian Africa, South Africa, Near and Middle-East, South 

India, Mexico and South Latin America, east of the Andes, where it represents a significant public 

health problem (Figure 1.3).  

The estimated annual number of scorpion stings worldwide exceeds 1.2 million leading to more 

than 3250 deaths (0.27%). 
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Figure 1.3   Scorpion sting incidence around the world (Suchard). 

     In Algeria 

Algeria houses a diverse population of scorpions; 28 species and 14 genera of scorpions, classified 

under three families (Buthidae, Chactidae and Scorpionidae) have been identified. (Saadine 2012). 

Four species are the most dangerous scorpion species that are of medical importance include 

Androctonus Astralis and Leiurusquinquestriatus, and are found mostly in the southern highlands 

and in the Atlas and Hoggar mountain ranges. Androctonus Aeneas and Buthacusarenicola, are 

found respectively in the southern highlands, Hoggar and in the Tassili. All these species belong 

to the Buthidae family (Selmane 2014, Laid 2012).  

Androctonus Australis: this is the most dangerous species, large in size, up to 10 cm, brown in 

color with parts of the body often darker (pincers and last rings of the tail). The tail is thick, 

widening to the last ring. Found mostly in the southern highlands and in the Atlas and Hoggar 

mountain ranges.  

      Epidemiological situation 

Scorpion envenomation constitutes one of the main concerns of the Ministry of Health since the 

creation of the National Committee of Control of Scorpion envenomation in 1986. Algeria is faced 

with endemic scorpionism, with an annual average of around 50 000 scorpion sting cases (Selmane 

and L'Hadj 2016). The epidemiological situation of scorpion envenomation revealed that 85.41 % 

of provinces are affected by scorpion envenomation accidents. Thus, 78 % of the national 

population is at risk of scorpion stings. Fifteen provinces of highlands and Sahara have more than 
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200 scorpion stings per 100 000 inhabitants, and together account alone for almost 80% of sting 

cases and 90% of deaths. 

For the period 2001-2017, a total of 817 234 scorpion sting cases and 1 065 deaths were recorded 

by health services. The mean incidence was estimated at 137 scorpion stings per 100000 

inhabitants and the mean mortality at 0.18 per 100 000. The incidence varies between less than 

seven scorpion stings per 100 000 inhabitants in the Northern provinces and more than 1000 

scorpion stings per 100 000 inhabitants in those of the South, in particular, in Adrar, El Oued, 

Illizi, Ouargla, Biskra and Naama.  

From 2011 to 2017, the recorded scorpion sting cases was 330 815, of which 339 resulted in death. 

Figure I.5 shows the evolution of annual morbidity and mortality of scorpion envenomation from 

2011 to 2017. The 15-49 age group is the most affected with 60.5% of cases. Each year, the highest 

lethality is found in children under one year of age, except for 2014. Scorpion stings occur 

throughout the year, but more than 60% of them are seen between June and September. 

 

 

Figure 1.4   Evolution of annual morbidity and mortality of scorpion envenomation from 2011 to 2017. 

To highlight the affected provinces by scorpion envenomation, we present geographical 

distribution of sting incidence over time across the country in Figures 1.6 – 1.12. 

 Forty-one provinces notified scorpion stings accidents with 78% of the population exposed to 

the risk of scorpion stings. 

 The province that annually recorded the highest number of scorpion sting is Biskra followed by 

El Oued. The highest incidence is found in Adrar (1058, 1052 and 1114 cases per 100,000 

inhabitants in 2011, 2012 and 2015 respectively). The lowest incidences are observed in Ain 
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Defla, Chlef, Guelma, Mila, Oran and Tizi Ouzou with less than 10 cases per 100,000 

inhabitants.  

 No case was recorded in seven provinces: Ain Temouchent, Alger, Annaba, Blida, Boumerdes, 

Mostaganem and Skikda. 

 The number of wilaya that have declared deaths from scorpion stings was 24. The highest 

number of deaths was reported in Tamanrasset (12 deaths in 2015). 

 

Figure 1.5     Geographical distribution of incidence (per 100 000 inhabitants) of scorpion stings in 

Algeria 2011 
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Figure 1.6     Geographical distribution of incidence (per 100 000 inhabitants) of scorpion stings in 

Algeria 2012 

 

 

Figure 1.7     Geographical distribution of incidence (per 100 000 inhabitants) of scorpion stings in 

Algeria 2013 
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Figure 1.8     Geographical distribution of incidence (per 100 000 inhabitants) of scorpion stings in 

Algeria 2014 

 

 

 

Figure 1.9     Geographical distribution of incidence (per 100 000 inhabitants) of scorpion stings in 

Algeria 2015 
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Figure 1.10   Geographical distribution of incidence (per 100 000 inhabitants) of scorpion stings in 

Algeria 2016 

 

 

 

Figure 1.11   Geographical distribution of incidence (per 100 000 inhabitants) of scorpion stings in 

Algeria 2017 
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     Count data are non-negative integers reflecting the number of occurrences of an event within a 

fixed period of time. Count data is common in many disciplines, such as finance, marketing, public 

health and epidemiology. There are many examples of the use of count data: the number of 

alcoholic drinks consumed per day (Armeli, Tennen et al. 2003), the number of doctor visits 

(Winkelmann 2004), the number of cigarettes smoked by adolescents (Siddiqui, Mott et al. 1999), 

the occurrence of lightning-induced forest fires (Guo, Wang et al. 2015). In epidemiology, number 

of cancer incidences (Romundstad, Andersen et al. 2001), scorpion sting incidence (Chowell, 

Hyman et al. 2005; Selmane, Hadj et al. 2014), and many other research. 

Due to the skewed distribution, linear regression is not an appropriate method to analyze count 

data. Poisson and negative binomial are the most widely applied models for analyzing the 

relationship between the count outcome variable and a set of covariates. In addition, zero-inflated 

and hurdle models can be applied in the case of excess zero in the data. 

This chapter discusses an overview of regression models for count data (Poisson, Negative 

binomial, Zero inflated and Hurdle models), and the selection methods (LRT, AIC, BIC, and 

Vuong test) used in our study. Good references for these models include Mullahy (1986), Heilbron 

(1994), Lambert (1992), Winkelmann (2004), Cameron and Trivedi (2013). 

Let (𝑦𝑖, 𝑋𝑖) n independent observations, where 𝑦𝑖 (𝑖-th value of 𝑌) is the number of occurrence of 

the event of interest (dependent variable) and 𝑋𝑖 (𝑖-th row of 𝑋) is the vector of linearly 

independent regressors (covariates) thought to have an effect on 𝑦𝑖. 

𝑌 = (

𝑦1
𝑦2
⋮
𝑦𝑛

) , 𝑋 = (

1  𝑥11 𝑥12…𝑥1𝑘
1  𝑥21 𝑥22…𝑥2𝑘

⋮
1  𝑥𝑛1 𝑥𝑛2…𝑥𝑛𝑘

 ) , 𝑋𝑖 = (1, 𝑥𝑖1, 𝑥𝑖2, … , 𝑥𝑖𝑘) 

2.1  Distributions for count data 

2.1.1 Poisson distribution  

     The Poisson distribution is the simplest and most popular model used for modelling a discrete 

random variable 𝑌. It is specified with a single parameter 𝜇 > 0. The probability mass function of 

the 𝑃𝑜𝑖𝑠𝑠𝑜𝑛(𝜇) distribution is 
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 𝑃(𝑌 = 𝑦|𝜇) =
exp(−𝜇) 𝜇𝑦

𝑦!
  , 𝑦 = 0, 1, 2, … (1) 

 Where the mean and the variance of a 𝑃𝑜𝑖𝑠𝑠𝑜𝑛(𝜇) are equals  

 𝐸(𝑌) = 𝑉𝑎𝑟(𝑌) = 𝜇 (2) 

That is equi-dispersion propriety of the Poisson distribution; this implies that the Poisson 

distribution does not adjust the variance independent of the mean. 

2.1.2 Negative binomial distribution 

     Let 𝑌 have a negative binomial distribution 𝑁𝐵(𝜇, 𝛼) with mean 𝜇 > 0 and dispersion 

parameter 𝛼 > 0. Then the probability mass function of 𝑁𝐵(𝜇, 𝛼) is given by  

 𝑃(𝑌 = 𝑦|𝜇, 𝛼) =
Γ (𝑦 +

1
𝛼)

𝑦! Γ (
1
𝛼)

(
1

1 + 𝛼𝜇
)
1/𝛼

(
𝛼𝜇

1 + 𝛼𝜇
)
𝑦

, 𝑦 = 0, 1, 2, … (3) 

Where the mean  𝐸(𝑌) = 𝜇  and the variance 𝑉𝑎𝑟(𝑌) = 𝜇 + 𝛼𝜇2. 

 

2.2  Regression models for count data 

     Regression analysis is a statistic technique for using observations to estimate the relationship 

between a dependent variable and one or more independent variables (covariates).  

Generalized linear model (GLM) 

     Proposed by Nelder and Wedderburn (1972). GLM are a natural generalization of classical 

linear model that relates the random component (which assumed that have a distribution from the 

exponential family) to the systematic component (in terms of covariates 𝑋𝑖, is given by 𝜂𝑖 = 𝑋𝑖𝛽 

where 𝛽 is a vector of parameters) via a link function (𝑔(𝜇𝑖) = 𝜂𝑖; 𝑔(. ) a monotone and 

differentiable function.). 

Exponential family contains all distributions where the probability distribution function satisfies 

 𝑃(𝑦|𝜃, ∅) = exp(
𝑦𝜃 − 𝑏(𝜃)

𝑎(𝜙)
+ 𝑐(𝑦, 𝜙)) (4) 
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For some specific function 𝑎(. ), 𝑏(. ) 𝑎𝑛𝑑  𝑐(. ), where 𝜃 is the canonical parameter and 𝜙 is the 

dispersion parameter. The mean, variance and log-likelihood function are given by McCullagh and 

Nelder (1989) 

 𝐸(𝑌) = 𝑏′(𝜃) (5) 

 𝑉𝑎𝑟(𝑌) = 𝑏′′(𝜃)𝑎(𝜙) (6) 

 ℒ(𝜃, 𝜙|𝑦) = log (𝑃 (𝑦|𝜃, 𝜙)) (7) 

The log-likelihood based on a set of independent observation 𝑦1, 𝑦2, … , 𝑦𝑛 of  𝑌 from exponential 

family distribution is given by 

 

ℒ(𝜃, 𝜙|𝑦) =∑log(𝑃 (𝑦𝑖|𝜃𝑖 , 𝜙))

𝑛

𝑖=1

 

                                    = ∑(
𝑦𝑖𝜃𝑖 − 𝑏(𝜃𝑖)

𝑎(𝜙)
+ 𝑐(𝑦𝑖, 𝜙))

𝑛

𝑖=1

 

(8) 

Poisson and negative binomial distribution in the exponential family form 

Table 2.1   The Exponential family of Poisson and negative binomial distribution 

Distribution 𝜃 𝑎(𝜙) 𝑏(𝜃) 𝜙 𝑐(𝑦, 𝜙) 

𝑃𝑜𝑖𝑠𝑠𝑜𝑛 (𝜇) ln (𝜇) 1 𝑒𝜃 1 − ln 𝑦! 

𝑁𝐵(𝜇, 𝛼) ln (
𝛼𝜇

1 + 𝛼𝜇
) 1 −

1

𝛼
ln(1 − 𝑒𝜃) 1 ln (

Γ (𝑦 +
1
𝛼
)

𝑦! Γ (
1
𝛼
)
) 

2.2.1 Poisson regression model 

     Poisson regression is the standard count model used by statisticians to model a count variables 

as function to one or more explanatory predictor (Cameron and Trivedi 2013). The Poisson 

regression model is specified as follows: 

 Given 𝑋𝑖, 𝑌𝑖 follows a Poisson distribution with mean 𝜇𝑖: 

 𝑃(𝑦𝑖|𝑋𝑖, 𝜇𝑖) =
exp(−𝜇𝑖) 𝜇𝑖

𝑦𝑖

𝑦𝑖!
, 𝜇𝑖 > 0  𝑎𝑛𝑑  𝑦𝑖 = 0,1,2, … (9) 
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 Given 𝑋𝑖, the log of the mean  𝜇𝑖 = 𝐸(𝑌𝑖|𝑋𝑖) is assumed to be a linear function of the 

independent variables: 

 𝑙𝑜𝑔(𝜇𝑖) = 𝛽0 + 𝛽1𝑥𝑖1 + 𝛽2𝑥𝑖2 +⋯+ 𝛽𝑘𝑥𝑖𝑘 = 𝑋𝑖𝛽 (10) 

where 𝛽 = (𝛽0, 𝛽1, … , 𝛽𝑘)
′ is (𝑝 × 1) parameter vector (𝑝 = 𝑘 + 1). The conditional variance is 

equal to the conditional  mean 𝑉𝑎𝑟(𝑌|𝑋𝑖) = 𝐸(𝑌𝑖|𝑋𝑖) = exp(𝑋𝑖𝛽). The choice of the log-link 

function is to ensure non-negativity of  𝜇𝑖 (𝜇𝑖 = 𝑒𝑋𝑖𝛽 ≥ 0   ). This model is known as the Poisson 

regression or log-linear model.  

The model implies that the conditional mean given 𝑥 = (𝑥1, … , 𝑥𝑘) has a multiplicative form given 

by 

 𝜇(𝑥) = 𝑒𝛽0𝑒𝛽1𝑥1…𝑒𝛽𝑘𝑥𝑘 . (11) 

Thus, we have 

 

  𝜇(𝑥1, … , 𝑥ℎ + 1,… , 𝑥𝑘) = 𝑒𝛽0𝑒𝛽1𝑥1…𝑒𝛽ℎ(𝑥ℎ+1)…𝑒𝛽𝑘𝑥𝑘

= 𝑒𝛽0 …𝑒𝛽ℎ𝑒𝛽ℎ𝑥ℎ …𝑒𝛽𝑘𝑥𝑘

= 𝑒𝛽ℎ(𝜇(𝑥1, … , 𝑥ℎ, … , 𝑥𝑘))

 

(12) 

Thus, a one unit change in 𝑥ℎ has a multiplicative effect 𝑒𝛽ℎ on 𝜇(𝑥). 

The parameters of Poisson model are estimated using maximum likelihood method. The log-

likelihood function is 

 ℒ(𝛽) =∑ (𝑦𝑖𝑋𝑖𝛽 − exp(𝑋𝑖𝛽) − 𝑙𝑛𝑦𝑖!)
𝑛

𝑖=1
 (13) 

Where the parameter estimates are the solution to the first order conditions 

 

∑(𝑦𝑖 − exp(𝑋𝑖𝛽)) = 0

𝑛

𝑖=1

∑(𝑦𝑖 − exp(𝑋𝑖𝛽))𝑥𝑖𝑗 = 0, 𝑗 = 1,2, … , 𝑘

𝑛

𝑖=1

 (14) 

Overdisperssion 

Often the equi-dispersion property of the Poisson model (𝑉(𝑌) = 𝐸(𝑌)) does not occur when 

dealing with real-world count data. Over-dispersion is the case when the variance of the dependent 

variable exceeds the mean. This is caused by outliers in the response variable, unobserved 
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heterogeneity, many zeros. A simple solution in this situation is to assume a multiplicative factor 

in the usually implied variance (Hardin and Hilbe 2018).   

Lagrange multiplier (LM)  

Lagrange multiplier statistic is used to detect overdispersion in a Poisson model given by: 

 𝐿𝑀 =
(∑ �̂�𝑖

2 − 𝑛�̅�𝑛
𝑖=1 )2

2∑ �̂�𝑖
2𝑛

𝑖=1

 (15) 

LM follows the 𝜒2 distribution with 1 degree of freedom (Cameron and Trivedi 2013).  

2.2.2 Negative Binomial regression model (NB) 

     NB is an alternative to the Poisson model used to correct the problem of over-dispersion by 

including a dispersion parameter to represent unobserved heterogeneity in count data.  

The negative binomial regression model is specified as follows: 

 Given 𝑋𝑖,  𝑌𝑖 follows a negative binomial distribution with mean 𝜇𝑖 and 𝛼 > 0  

 𝑃(𝑦
𝑖
|𝑋𝑖, 𝜇𝑖) =

Γ (𝑦𝑖 +
1
𝛼)

𝑦
𝑖
! Γ (

1
𝛼)

(
1

1 + 𝛼𝜇𝑖
)
1/𝛼

(
𝛼𝜇𝑖

1 + 𝛼𝜇𝑖
)
𝑦𝑖
,    𝑦

𝑖
= 0,1,2,… (16) 

 The log of the mean 𝜇𝑖 of 𝑦𝑖 given 𝑋𝑖 is assumed to be a linear function of the predictor 

variables.  

 𝑙𝑜𝑔(𝜇𝑖) = 𝛽0 + 𝛽1𝑥𝑖1 + 𝛽2𝑥𝑖2 +⋯+ 𝛽𝑘𝑥𝑖𝑘 = 𝑋𝑖𝛽 (17) 

 The relationship between the mean and the variance is: 𝑉𝑎𝑟(𝑌𝑖|𝑋𝑖) = 𝜇𝑖 + 𝛼𝜇𝑖
2.  

The regression coefficients 𝛽 and dispersion parameter 𝛼 are estimated by maximum likelihood 

(Cameron and Trivedi 2013). The log likelihood function is 

 

ℒ(𝛼, 𝛽) =∑{ln(
Γ(𝑦𝑖 + 𝛼

−1)

Γ(𝛼−1)
) − ln(Γ(𝑦𝑖 + 1))

𝑛

𝑖=1

− (𝑦
𝑖
+ 𝛼−1) ln(1 + 𝛼𝜇

𝑖
) + 𝑦𝑖 ln(𝜇𝑖) + 𝑦𝑖 ln(𝛼)} 

(18) 
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=∑{(∑ ln(𝑗 + 𝛼−1)

𝑦𝑖−1

𝑗=0

) − ln 𝑦𝑖!

𝑛

𝑖=1

− (𝑦
𝑖
+ 𝛼−1) ln(1 + 𝛼𝜇

𝑖
)+ 𝑦𝑖 ln(𝜇𝑖) + 𝑦𝑖 ln(𝛼)} 

(19) 

where ln (
Γ(𝑦𝑖+𝛼

−1)

Γ(𝛼−1)
) = ∑ ln(𝑗 + 𝛼−1)

𝑦𝑖−1
𝑗=0  (from the properties of the gamma function: 

Γ(y+α)

Γ(α)
=

∏ (𝑗 + 𝛼)
𝑦−1
𝑗=1 , if 𝑦 is an integer). 

The parameter estimates are the solution to the first order conditions 

 ∑
𝑥𝑖𝑗(𝑦𝑖 − 𝜇𝑖)

1 + 𝛼𝜇𝑖

𝑛

𝑖=1

= 0,
𝑗 = 0,1,2, … , 𝑘

𝑥𝑖0 = 1
 (20) 

 ∑{𝛼−2(ln(1 + 𝛼𝜇𝑖) − ∑
1

𝑗 + 𝛼−1

𝑦𝑖−1

𝑗=0

) +
𝑦𝑖 − 𝜇𝑖

𝛼(1 + 𝛼𝜇𝑖)
}

𝑛

𝑖=1

= 0 (21) 

2.2.3  Zero inflated regression model 

    The Zero inflated regression model is used in order to explain the extra zeros in outcome count 

variable. The Zero inflated model is a mixture distribution of two components; a point mass at 

zero and a count distribution 𝑓𝑐 (Poisson or NB) (Cameron and Trivedi 2013). In this model, the 

zero count could be observed from the point mass and from the count component. The two 

components of this distribution are estimated simultaneously. 

Zero inflated Poisson (ZIP) model 

According to Lambert (1992), the ZIP regression is specified as: 

𝑌1, 𝑌2, … , 𝑌𝑛 are independent responses follow 

𝑌𝑖 ~ {
0                       

  𝑃𝑜𝑖𝑠𝑠𝑜𝑛(𝜇𝑖)    
   
with pobability     𝜋𝑖         

with probability (1 − 𝜋𝑖)
 

Thus, the probability mass function for ZIP model is: 
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 Pr( 𝑦𝑖 |𝑋𝑖, 𝑍𝑖 , 𝛽, 𝛾) = {

𝜋𝑖 + (1 − 𝜋𝑖) exp(−𝜇𝑖)        if   𝑦𝑖 = 0         

(1 − 𝜋𝑖)
𝜇𝑖
𝑦𝑖

𝑦𝑖!
exp(−𝜇𝑖)         if  𝑦𝑖 = 1,2, …

      (22) 

where  

 The parameter 𝜇 = (𝜇1, 𝜇2, … , 𝜇𝑛) is related with the independent variables 𝑋 by  

 log(𝜇) = 𝑋𝛽,   (23) 

 μ = exp(𝑋β). (24) 

 For the parameter vector 𝜋 = (𝜋1, 𝜋2, … , 𝜋𝑛) in regression, The logit link function is  

 𝑙𝑜𝑔𝑖𝑡(𝜋) = log (
𝜋

1 − 𝜋
) = Zγ  (25) 

 π =
exp (Zγ)

1 + exp (Zγ)
           (26) 

𝛽 = (𝛽0, 𝛽1, … , 𝛽𝑘)
′ and 𝛾 = (𝛾0, 𝛾1, … , 𝛾𝑚)′ are unknown (𝑘 + 1)-dimensional and (𝑚 + 1)-

dimensional column vector of parameters. X and Z are covariate matrices, may or may not be the 

same. If 𝑋 = 𝑍 then the number of the parameters can be reduced by treating π as a function of μ.  

The conditional mean and variance of ZIP model are 

 𝐸(𝑌𝑖|𝑋𝑖, 𝑍𝑖) = 𝜇𝑖(1 − 𝜋𝑖) (27) 

 
𝑉𝑎𝑟(𝑌𝑖|𝑋𝑖, 𝑍𝑖) = 𝜇𝑖(1 − 𝜋𝑖)(1 + 𝜇𝑖𝜋𝑖) (28) 

Zero inflated Negative binomial (ZINB) model  

The ZINB distribution is also a mixture distribution, used to account for over-dispersion and the 

extra zeros in outcome count. Similar to the ZIP distribution, 𝑌1, 𝑌2, … , 𝑌𝑛 are independent 

responses follows 

𝑌𝑖  ~ {
0                                                

  Negative binomial (𝜇𝑖, 𝛼)   
   
with pobability     𝜋𝑖          

with probability (1 − 𝜋𝑖)
 

The ZINB model is given by: 
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Pr ( 𝑦𝑖|𝑋𝑖, 𝑍𝑖 , 𝛽, 𝛾)

=

{
 
 

 
 𝜋𝑖 + (1 − 𝜋𝑖)

1

(1 + 𝑎𝜇𝑖)1 𝑎⁄
                                                        if 𝑦𝑖 = 0         

(1 − 𝜋𝑖)
Γ(𝑦𝑖 + 1 𝑎⁄ )

Γ(𝑦𝑖 + 1)Γ(1 𝑎⁄ )
 (

1

1 + 𝑎𝜇𝑖
)
1/𝑎

(
𝑎𝜇𝑖

1 + 𝑎𝜇𝑖
)
𝑦𝑖

       if 𝑦𝑖 = 1,2, …

  
(29) 

Where the parameter 𝜇𝑖  is related with the independent variables 𝑋𝑖 by: 

 𝜇𝑖 = exp(𝛽0 + 𝛽1𝑥1𝑖 + 𝛽2𝑥2𝑖 +⋯+ 𝛽𝑘𝑥𝑘𝑖) = exp(𝑋𝑖𝛽) (30) 

and the parameter 𝜋𝑖  is given by 𝜋𝑖 =
𝜆𝑖

1+𝜆𝑖
 and 

 𝜆𝑖 = exp(𝛾0 + 𝛾1𝑧1𝑖 + 𝛾2𝑧2𝑖 +⋯+ 𝛾𝑚𝑧𝑚𝑖) = exp (𝑍𝑖𝛾) (31) 

The regressor variables (the X’s and the Z’s ) may or may not identical. 

The conditional mean and variance of ZINB model are 

 𝐸(𝑌𝑖|𝑋𝑖, 𝑍𝑖) = 𝜇𝑖(1 − 𝜋𝑖) (32) 

 
𝑉𝑎𝑟(𝑌𝑖|𝑋𝑖, 𝑍𝑖) = 𝜇𝑖(1 − 𝜋𝑖)(1 + 𝜇𝑖(𝜋𝑖 + 𝛼)) (33) 

The regression coefficients for Zero-inflated model are estimated using the method of maximum 

likelihood. The likelihood function can be written as: 

 𝐿 =∏{𝜋𝑖 + (1 − 𝜋𝑖)𝑓𝑐𝑜𝑢𝑛𝑡(0|𝑋𝑖)}
𝑑𝑖{(1 − 𝜋𝑖)𝑓𝑐𝑜𝑢𝑛𝑡(𝑦𝑖|𝑋𝑖)}

1−𝑑𝑖

𝑛

𝑖=1

  (34) 

where 𝑓𝑐𝑜𝑢𝑛𝑡 is probability mass function of Poisson or negative binomial model, and  

 𝑑𝑖 = {
 1       if   𝑦𝑖 = 0

 0       if  𝑦𝑖 > 0
 (35) 

 

2.2.4 Hurdle regression model 

     Proposed by Mullahy (1986) .The hurdle models can be interpreted as two-part models. The 

first part used to model zero counts and the second part is a truncated count component used to 

model only positive counts.  
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Assume the zero counts are generated by binary process, 𝜋, and 𝑓𝑐𝑜𝑢𝑛𝑡 are any probability density 

functions for non-negative integers. A hurdle model can be expressed as 

 𝑃(𝑦𝑖|𝑋𝑖, 𝑍𝑖 , 𝛽, 𝛾) = {

𝜋𝑖                                                         𝑖𝑓  𝑦𝑖 = 0

(1 − 𝜋𝑖)
𝑓𝑐𝑜𝑢𝑛𝑡(𝑦𝑖|𝑋𝑖, 𝛽) 

1 − 𝑓𝑐𝑜𝑢𝑛𝑡(0|𝑋𝑖, 𝛽)
       𝑖𝑓  𝑦𝑖 > 0 

 (36) 

where 𝑋𝑖 a vector of covariates for positive counts and 𝑍𝑖 is a vector of covariates in the zero part. 

The model parameters β, γ are related to 𝑋𝑖 and  𝑍𝑖, respectively, and are estimated by maximum 

likelihood. The part (where 𝑦𝑖 = 0) is modelled using a binary logit (logistic regression) model, 

where all positive counts are given a value of 1. The probability of 𝑦𝑖 = 0 is given by 𝜋𝑖 =
1

1+𝑒𝑧𝑖𝛾
. 

Regarding, 𝑓𝑐𝑜𝑢𝑛𝑡(𝑦𝑖; 𝑋𝑖, 𝛽) it is modelled with a left truncated (𝑦𝑖 > 0) Poisson model or negative 

binomial model in case of overdispersion with log link. 

The corresponding mean regression relationship is given by Heilbron (1994) as : 

 𝐸(𝑌𝑖|𝑋𝑖, 𝑍𝑖) = 𝜇𝑖(1 −  𝜋𝑖)(1 − 𝑓𝑐𝑜𝑢𝑛𝑡(0; 𝑋𝑖; 𝛽))
−1

 (37) 

 𝑉𝑎𝑟(𝑌𝑖|𝑋𝑖, 𝑍𝑖) = 𝐸(𝑌𝑖|𝑋𝑖, 𝑍𝑖)[𝜇𝑖 − 𝐸(𝑌𝑖|𝑋𝑖, 𝑍𝑖) + 1 + 𝑖. 𝑜. (𝑓𝑐𝑜𝑢𝑛𝑡)] (38) 

where 𝑖. 𝑜. (𝑓𝑐𝑜𝑢𝑛𝑡) =
𝑉𝑎𝑟(𝑌)

𝐸(𝑌)
− 1 is the index of overdispersion for 𝑓𝑐𝑜𝑢𝑛𝑡.  

Maximum likelihood is used to estimate the parameters.  Using the binary indicator 𝑑𝑖 defined as 

follows: 

 𝑑𝑖 = {
 1       if   𝑦𝑖 = 0

 0       if  𝑦𝑖 > 0
 (39) 

the likelihood function of a hurdle model can be written as:   

 𝐿 =∏𝜋𝑖
𝑑𝑖 [(1 − 𝜋𝑖) {

𝑓𝑐𝑜𝑢𝑛𝑡(𝑦𝑖|𝑋𝑖, 𝛽)

1 − 𝑓𝑐𝑜𝑢𝑛𝑡(0|𝑋𝑖, 𝛽)
}]
1−𝑑𝑖

𝑛

𝑖=1

 (40) 

Which can be can be written as:   

 𝐿 = 𝐿1 × 𝐿2 (41) 

where 
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 𝐿1 =∏𝜋𝑖
𝑑𝑖(1 − 𝜋𝑖)

1−𝑑𝑖

𝑛

𝑖=1

 (42) 

and  

 𝐿2 =∏{
𝑓𝑐𝑜𝑢𝑛𝑡(𝑦𝑖|𝑋𝑖, 𝛽)

1 − 𝑓𝑐𝑜𝑢𝑛𝑡(0|𝑋𝑖, 𝛽)
}
1−𝑑𝑖

𝑛

𝑖=1

 (43) 

Poisson Hurdle regression (PH)  

The PH regression model can be defined as follow: 

 𝑃(𝑦𝑖|𝑋𝑖, 𝑍𝑖 , 𝛽, 𝛾) = {

𝜋𝑖                                                            𝑦𝑖 = 0          

(1 − 𝜋𝑖)

(1 − exp(−𝜇𝑖))

exp(−𝜇𝑖)𝜇𝑖
𝑦

𝑦!
        𝑦𝑖 = 1,2, . . .

 (44) 

where 𝜋𝑖 =
1

1+exp (Z𝑖γ)
  and 𝜇𝑖 = exp (𝑋𝑖𝛽). 

The conditional mean is given by: 

 𝐸(𝑌𝑖|𝑋𝑖, 𝑍𝑖) = 𝜇𝑖(1 − 𝜋0)[1 − exp(−𝜇𝑖)]
−1 (45) 

 𝑉𝑎𝑟(𝑌𝑖|𝑋𝑖, 𝑍𝑖) = 𝐸(𝑌𝑖|𝑋𝑖, 𝑍𝑖)(𝜇𝑖 − 𝐸(𝑌𝑖|𝑋𝑖, 𝑍𝑖) + 1) (46) 

Negative binomial Hurdle regression (NBH)  

The NBH regression model can be defined as follow: 

 

𝑃(𝑦𝑖|𝑋𝑖, 𝑍𝑖, 𝛽, 𝛾)

=

{
 
 

 
 
𝜋𝑖                                                                                                                            𝑦𝑖 = 0        

(1 − 𝜋𝑖)
Γ (𝑦𝑖 +

1
𝛼
)

𝑦𝑖! Γ (
1
𝛼
)
(

𝛼𝜇
𝑖

1 + 𝛼𝜇
𝑖

)

𝑦𝑖

(
1

1 + 𝛼𝜇
𝑖

)

1/𝛼

(1 − (
1

1 + 𝛼𝜇
𝑖

)

1/𝛼

)

−1

𝑦𝑖 = 1,2, . . .
 

(47) 

where 𝜋𝑖 =
1

1+exp (Z𝑖γ)
  and 𝜇𝑖 = exp (𝑋𝑖𝛽). 

The conditional mean is given by: 

 
𝐸(𝑌𝑖|𝑋𝑖, 𝑍𝑖) = 𝜇𝑖(1 − 𝜋𝑖) [1 − (

1

1 + 𝛼𝜇
𝑖

)

1/𝛼

]

−1

 
(48) 

 𝑉𝑎𝑟(𝑌𝑖|𝑋𝑖, 𝑍𝑖) = 𝐸(𝑌𝑖|𝑋𝑖, 𝑍𝑖)(𝜇𝑖 − 𝐸(𝑌𝑖|𝑋𝑖, 𝑍𝑖) + 1 + 𝛼𝜇𝑖) (49) 
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2.3 Application of count data modeling 

     A considerable amount of literature has been published on the application of  regression models 

for count data in different research. We cite for example, Zweig and Csank (1978) used Poisson 

model to the annual distribution of daily mortality at six Montreal hospitals. 

Lee, Blair et al. (2004) used Poisson regression analysis to evaluate the association between 

Chlorpyrifos exposure and cancer incidence in the Agricultural Health Study. 

Oztig and Askin (2020)  applied an NB model to analyze the relationship between human mobility 

and COVID-19-infected people in 144 countries. They find a positive relationship between higher 

numbers of patients with COVID-19 and higher volume of airline passenger traffic. 

Luo and Qu (2013) used NB model to analyze hypoglycemic events. In this study, another 

overdispersion scale parameter was introduced to explain the extra overdispersion and used the 

Pearson Chi-square statistic to estimate it. 

Cao, Wu et al. (2011) used Poisson and NB regression in studying the influential factors for injury 

frequency in 2917 primary and secondary school students. 

To evaluate the risk factor associated with dental caries in children, a zero-inflated negative 

binomial regression model was used (Batra, Shah et al. 2016). 

Abiodun, Makinde et al. (2019) to predicts reported malaria cases as a function of some climate 

variables. 

Rose, Martin et al. (2006) used Zero-inflated and Hurdle models for modeling vaccine adverse 

event count data, which illustrated that the ZINB and NBH models are preferred but are 

indistinguishable with respect to fit. 

Sarvi, Moghimbeigi et al. (2019) used some modifications of the ZINB model to determine the 

effect of socioeconomic and other potential risk factors on Tuberculosis mortality. 

Santos Silva and Covas (2000) applied a modification of hurdle model to a fertility study. 

Preisser, Stamm et al. (2012) reviewed the application of Zero-Inflated count regression models 

to dental caries in epidemiological studies. 

 

2.4 Model Selection Methods 

2.4.1  Likelihood-ratio test 

     It is a statistical test generally used to compare two nested models (i.e., NB vs. Poisson, ZINB 

vs. ZIP, and NBH vs. PH) to check if the over-dispersion parameter would be necessary and 

determine which model fits the data better. It is defined as 
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 𝐿𝑅 = −2(ℒ𝑟𝑒𝑑𝑢𝑐𝑒𝑑 − ℒ𝑓𝑢𝑙𝑙) (50) 

where ℒ𝑓𝑢𝑙𝑙is the log-likelihood for a full or more complete model and ℒ𝑟𝑒𝑑𝑢𝑐𝑒𝑑 is the log-

likelihood for a reduced model. The resulting value is measured by an upper tail Chi2 distribution 

with one (1) degree of freedom 

2.4.2  Akaike and Bayesian Information Criterion 

     Akaike and Bayesian Information Criterion were used to evaluate the goodness-of-fit of non-

nested models for a given data, they estimate the quality of each model, relative to other models.  

Their formulas are given by 

 𝐴𝐼𝐶 = −2(ℒ − 𝑝) (51) 

 
𝐵𝐼𝐶 = −2ℒ + 𝑝 log (𝑛) 

(52) 

where ℒ is the model log-likelihood, 𝑝 is the number of model parameters (including the intercept) 

and 𝑛 is number of observation. The model with the minimum AIC and BIC values is preferred. 

2.4.3  Vuong test 

     The Vuong test is a likelihood ratio-based test to compare two models fit to the same data. It 

tests the null hypothesis that the two models fit the data equally well, against the alternative 

hypothesis that one model is preferred. Let �̂�𝑗(𝑦𝑖|𝑋𝑖) be the predicted probability from model 𝑗. 

Then the Vuong test formula is given by 

 𝑉 =
√𝑛�̅�

𝑆𝐷(𝑚𝑖)
 (53) 

where  

 𝑚𝑖 = log �̂�1(𝑦𝑖|𝑋𝑖) − log �̂�2(𝑦𝑖|𝑋𝑖) (54) 

The Vuong test uses a normal distribution to evaluate comparative value. At a 95% confidence 

level, 𝑉 greater than 1.96 indicates that the first model is preferred; 𝑉 lower than − 1.96 indicates 

that the second one is preferred; if |𝑉| < 1.96 then neither model is preferred over the other. 
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2.5 Performance measures 

2.5.1  Root Mean Squared Error (RMSE) 

     RMSE is the square root of the average of squared differences between prediction and actual 

observation. 

 𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(𝑦𝑖 − 𝑦�̂�)

2

𝑛

𝑖=1

 (55) 

2.5.2  Mean Absolute Error (MAE) 

     MAE measures the average magnitude of the errors in a set of predictions, without considering 

their direction. It’s the average over the test sample of the absolute differences between prediction 

and actual observation. 

 𝑀𝐴𝐸 =
1

𝑛
∑|𝑦𝑖 − 𝑦�̂�|

𝑛

𝑖=1

 (56) 

 

https://en.wikipedia.org/wiki/Root-mean-square_deviation
https://en.wikipedia.org/wiki/Root-mean-square_deviation
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Section I:  Epidemiological study 

3.1 Data source 

3.1.1 Study area  

     Touggourt lies in the Sahara, in the Righ valley region, north-eastern Algeria, along with sand 

dunes and salt lakes to the north and south and small hills to the west. It is made up of eight districts 

covering a land area of 17425 square kilometers. The region is characterized by a harsh winter and 

a hot and dry summer. Its population was estimated at 277721 (respectively 284173, 290784) 

inhabitants as 2013 (respectively 2014, 2015). 

3.1.2 Scorpion sting data 

     Daily scorpion sting data from January 1, 2013 to August 31, 2016 were drawn from scorpion 

sting designed questionnaires to elicit information from the two emergency services of the study 

region, namely, “Public hospital establishment of Touggourt”, “Nearby public health 

establishment of Touggourt”. The questionnaires have been anonymized. The extracted data 

included, inter alia, the following information:  

Socio-demographic and environmental aspect: gender, age, date of sting, address, sting time, 

location whether inside or outside the dwelling. 

Health aspect: time of the 1st health medical examination, grade on first clinical examination, 

anatomical sting site, and treatment administered. A third part in the event of the death: date, hour 

and place of death, grade at time of death. Example of questionnaire was included in Appendix A.  

3.1.3 Weather data 

    Daily climate variables data on the average temperature and relative humidity and wind speed 

value from January 1, 2013 to August 31, 2016, was supplied by the Touggourt meteorological 

station. 

3.1.4 Software  

     Data were analyzed and graphs were generated to recognize trends and epidemiological and 

demographic features of scorpion stings using the software application Epi Info version 7.2.1.0 

(http://www.cdc.gov/epiinfo/) and Excel 2013. 

3.2 Geographical distribution of scorpion envenomation 

     Figure 3.1 depicts the spatial distribution per district of scorpion sting incidence per 100 000 

population for the years 2013, 2014 and 2015. An increase of scorpion sting incidence over time 

was observed in the Blidet Amor district, a decrease was observed in the Sidi Slimane district, and 

http://www.cdc.gov/epiinfo/
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slight fluctuations prevailed in the remaining six districts. The annual incidence rate was 561 cases 

per 100 000 inhabitants in 2013, 541 cases per 100 000 inhabitants in 2014, and 523 cases per 100 

000 inhabitants in 2015. At the district level, the incidence ranged between 341 and 977 per 100 

000 inhabitants, dramatically exceeding the mean national incidence rate, which has been 

estimated as 125 per 100 000 inhabitants (Laïd Y). The correlation between the number of scorpion 

stings per district and the size of the population was high; the Pearson product-moment correlation 

coefficient was 0.91 in 2013, 0.81 in 2014, and 0.75 in 2015. 

 

 

Figure 3.1   Spatial distribution map of scorpion sting incidence per 100,000 inhabitants in Touggourt, for 

the years 2013, 2014, and 2015. 

 

3.3  Epidemiological features of scorpion envenomation 

     From January 1, 2013 to August 31, 2016, a total of 4712 scorpion sting victims, including 

seven scorpion-related human fatalities, were documented at the two emergency service providers 

in Touggourt. Table 3.1 gives a breakdown of registered cases by sex, by age group, by anatomical 

sting site, by the evaluation on the first clinical examination, by sting time and by location. 

Sex and age group 

The victims were predominantly male (2656/4712; 56.4%) giving a male-female ratio of 1.3. 

Figure 3.2 shows the age distribution by gender of scorpion stings. The age frequency distribution 

is well adjusted to negative binomial distribution (parameters 𝑛 = 3, 𝑝 = 0.08824). The mean age 

for all sting cases was 32 ± 19 years (1-95) (95% CI = 31.47, 32.57), the median was 28 years, the 

interquartile range (IQR) was 25 years (IQR = 43-18), and the mode was 25 years. Children under 
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the age of 15 accounted for about one-fifth of the stung people (19.9%), and the population in the 

active age (18-64 years) was (as expected) the most frequently stung (68.7%) of whom 57.2% 

males and 42.8% females, and the elderly (aged 65 or higher) represented 7.5% of cases. 
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Figure 3.2   The frequency of stings by age groups stratified by sex. 
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Table 3.1:   Demographic and epidemiological characteristics of patients stung by scorpions. 

Year 2013  2014  2015  2016 
Total 1273  1255  1239  945 

Gender F M %  F M %  F M %  F M % 
 586 687   538 717   539 700   393 552  

Age groups 

0 - 14 116 113 17.99  111 112 17.77  96 123 17.68  77 99 18.62 

15 - 24 119 153 21.37  98 175 21.75  98 151 20.10  90 150 25.40 

25 - 34 117 132 19.56  109 177 22.79  123 143 21.47  64 109 18.31 

35 - 44 75 103 13.98  79 94 13.78  74 96 13.72  53 63 12.28 

45 - 54 45 59 8.17  48 47 7.57  56 60 9.36  43 46 9.42 

55 - 64 47 46 7.31  34 41 5.98  48 58 8.56  32 48 8.47 

65 - 74 25 31 4.40  23 34 4.54  18 38 4.52  18 20 4.02 

> 75 19 31 3.93  12 18 2.39  17 22 3.15  7 10 1.80 

Unknown 23 19 3.30  24 19 3.43  9 9 1.45  9 7 1.69 

Anatomical sting site 

Lower 
Limbs 

286 371 51.61  258 395 52.03  265 412 54.64  189 289 50.58 

Upper 
Limbs 

240 252 38.65  218 242 36.65  235 249 39.06  162 196 37.88 

Head/Neck 39 32 5.58  38 41 6.29  24 13 2.99  19 28 4.97 

Trunk 12 14 2.04  19 35 4.30  13 22 2.82  21 36 6.03 

Unknown 9 18 2.12  5 4 0.72  2 4 0.48  2 3 0.53 

Grade on first clinical examination 

Mild 529 607 89.24  479 628 88.21  527 686 97.90  375 540 96.83 

Moderate 19 24 3.38  38 69 8.53  8 6 1.13  12 11 2.43 

Severe 1 0 0.08  0 1 0.08  0 1 0.08  4 0 0.42 

Unknown 37 56 7.31  21 19 3.19  4 7 0.89  2 1 0.32 

Sting time 

0 - 5 124 128 19.80  93 142 18.73  107 116 18.00  90 145 24.87 

6 - 11 192 238 33.78  186 232 33.31  192 251 35.75  113 133 26.03 

12 - 17 152 169 25.22  130 138 21.35  109 142 20.26  62 99 17.04 

18 - 23 99 135 18.38  111 187 23.75  120 177 23.97  123 169 30.90 

Unknown 19 17 2.83  18 18 2.87  11 14 2.02  5 6 1.16 

Location 

Inside 
dwellings 451 391 66.14  472 463 74.50  418 443 69.49  326 278 63.92 

Outside  
dwellings 111 273 30.16  42 226 21.35  114 252 29.54  58 269 34.60 

Unknown 24 23 3.69  24 28 4.14  7 5 0.97  9 5 1.48 
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Anatomical sting site 

The limbs were the human body parts the most prone to scorpion stings, accounting for 91.3% of 

cases; 52.8% of stings (of which 40.5% were in females and 59.5% in males) affected the lower 

limbs and 38.5% (of which 47.7% were in females and 52.3% in males) affected the upper limbs 

(Figure 3.3 B). 

 

Figure 3.3:   The frequency of stings by A: location, B: Anatomical sting site. 

 

Location 

The percentage of people sting inside dwellings was 70.7% (of which 51.4% were in females and 

48.6% in males), with the highest recorded frequency (11.5%) between 10 a.m. and 11 a.m. 

Outside dwellings the percent of stung people was 29.3% with a strong male predominance (75.8% 

of these cases were in males and 24.2% in females), with the highest recorded frequency (9.8%) 

between 10 a.m. and 11 a.m. (Figure 3.3 A).  

The evaluation on the first clinical examination 

Medical care was performed in a timely manner; 92.7% of victims received medical assistance 

within 2 hours following the sting accident with 54.0% in less than 1 hour.  On the first medical 

examination, 4,371 (92.8%) cases were classified as mild, with a male-to-female ratio of 1.3, 187 

(4.0%) cases as moderate, with a male-to-female ratio of 1.4, and 7 cases as severe, of which 5 

occurred in females. For 147 cases (3.1%), that information was not provided. Antivenom was 

used in 4,455 (94.5%) patients. Seven scorpion-related human fatalities were notified (three males 

and four females). At the first medical exam, five of those cases were classified as severe. The 

victims were aged, respectively 4, 15, 26, 30, 39, 80, and 88. All of them were stung inside their 

dwelling and on the limbs (the lower limbs in 5 cases).  
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Season and Month 

For the years 2013-2015, more than half of the sting cases (1869/3767) were recorded during the 

summer, followed by the spring, then the autumn and the winter. August had the highest monthly 

frequency of events, followed by September and then July, accounting for more than half of the 

cases (56%) (Figure 3.4). 

 

Figure 3.4:   Seasonal average and monthly average of recorded scorpion sting cases in Touggourt in the 

period 2013-2015 

Hour 

The hourly distribution of stings, displayed in (Figure 3.5), shows a peak at [10am, 11am] (10.9%) 

followed by [9am, 10am] (6.7%). It is well adjusted to discrete uniform distribution on 

{0,1, … , 23}. A peak between 6:00 a.m. and 12:00  p.m. (33.8% of cases) with sex ratio 1.2, 

followed by 12:00 p.m. to 6:00 p.m. (25.2% of cases) with sex ratio 1.1, and 12:00 a.m. to 6:00 

a.m. (19.8%) with sex ratio 1.0 and 6:00 p.m. to 12:00 a.m. (18.4%) with sex ratio 1.4. An off-

peak was shown at 5 a.m. and at 4 p.m.  
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Figure 3.5:   The hourly breakdown of scorpion sting cases in Touggourt in the period 2013-2015. 

Per day  

Stings occur year-round, as depicted in Figure 3.6. The maximum daily stings occurred on 

September 29, 2013 with 24 sting cases of which 20 stings occurred inside dwellings, followed by 

21 sting cases including 19 stings that occurred inside dwellings on September 1, 2015 and 19 

sting cases including 16 stings that occurred inside dwellings on August 18, 2015. The occurrence 

of stings was highest on Sundays. These daily peaks all involved mild cases. 

 

 

Figure 3.6   Frequencies of daily scorpion stings in Touggourt from January 1, 2013 to August 31, 2016. 

The histogram of the daily scorpion sting counts, illustrated in Figure 3.7, indicates a positively 

skewed distribution with a spike on the left and a tail on the right that it is well adjusted to negative 

binomial distribution. Over the 1,339-day coverage of the study period, no stings were recorded 

by the emergency services on 320 days as evidenced in (Figure 3.7). 
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Figure 3.7   The histogram and frequency of the daily scorpion sting counts 

3.4 Summary 

The epidemiological analysis carried out showed 

› A male predominance, following a similar pattern to that at the national level (Laïd, 

Boutekdjiret et al.). Similar results have been documented in Morocco and Iran (Selmane 

2015; El-Yamani, Soulaymani et al. 2019). However, a study conducted in the Rio 236 Grande 

do Norte State in Brazil showed a female predominance (Araújo, Tavares et al. 2017).  The 

drawn findings must be viewed cautiously as it concerns the stratification by gender of the 

number of scorpion stings and not the stratification by gender of the incidence rate. 

 

› Several studies in different geographical regions have documented different distributions of 

age groups of stings, thus it supported the geographical variation within epidemiological 

indicators that was noted in the global appraisal on the epidemiology of scorpionism by 

Chippaux and Goyffon (2008). 

Individuals aged 20-29 years old made up the largest number of cases, accounting for 24% of 

all cases; this was also reported in the Rio Grande do Norte State in Brazil (Araújo, Tavares 

et al. 2017). 

 

› Body parts mostly prone to stings are the legs and arms (91% of cases); a percentage not 

significantly different of that reported in affected provinces of the country by this issue and in 

other affected countries (Selmane, Benferhat et al. 2016; Selmane and L'Hadj 2016; Selmane, 
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Benferhat et al. 2017; El-Yamani, Soulaymani et al. 2019) (Araújo, Tavares et al. 2017; 

Ghorbani, Mohammadi Bavani et al. 2018).  

The most likely reason that moving body parts are at a greater risk of scorpion stings is the 

fact that many victims do not protect themselves to avoid stings in most of their activities; 

they bear a significant share of responsibility for these accidents, either through ignorance or 

negligence. Scorpion sting can be prevented by taking precautions such as:  

shaking out clothing, shoes, and bedding to dislodge any scorpions; wearing gloves and 

tucking in pant legs into boots may limit exposure; never go outside barefoot; prevent children 

from playing in stony environments; surround the house with an earthenware belt and  remove 

accumulated stones and fix wall cracks. 

 

› With regard to (concerning) location, great variation was observed according to the sex of the 

patient, and almost three-quarters of sting accidents occurred inside dwellings.  

The percentage of people stung inside dwellings differs from province to province; in Biskra 

Province, situated in the central-eastern area, 46% of sting cases occurred inside dwellings, 

whereas in El Bayadh Province, in western Algeria, 65% of sting cases arose inside dwellings 

(Selmane, Benferhat et al. 2016; Selmane and L'Hadj 2016).  

The high frequency of accidents inside dwelling may be related to a great exposure to scorpion 

accidents in home environment while accomplishing domestic activities.  Moreover, due to 

high temperature in that Sahar an region, people spend the majority of their waking hours 

inside dwellings. 

 

› Ninety percent of sting accidents occurred between April to October, corresponding to the 

hottest months (July and August), which recorded the highest frequency of accidents, followed 

by the date harvest season (September-October) and the planting season (April-May) where 

scorpion sting accidents are common on farms.  

The high frequency is observed in summer months; which is in agreement with many other 

results in different affected regions by scorpionism (Ghorbani, Mohammadi Bavani et al. 

2018; El-Yamani, Soulaymani et al. 2019).  

 

› Sting cases were predominantly mild and progressed towards recovery. Similar results have 

been reported in other regions (Ozkan, Uzun et al. 2008; Selmane, Benferhat et al. 2017).  
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› The time prior to first medical care was for most victims (95.4%) less than 3 hours 

after sting; revealing that the population has become aware of the need to seek care right after 

the sting, and revealing also the failure of public awareness campaigns to avoid the sting itself. 
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Section II:  Modelling method 

3.5 Data analysis 

     The dataset includes 1339 observations and was divided into a training set including 1095 

(82%) observations from January 1, 2013 to December 31, 2015 to estimate the parameters of a 

best model, and a testing set including 244 (18%) observations from January 1, 2016 to August 

31, 2016 to evaluate the model. 

The dependent variable denoted (S) is the count of recorded daily scorpion stings; it ranges from 

zero to 24. The annual percentage of zero counts was 23.8% in 2013, 22.2% in 2014 and 26.6% in 

2015. There were no trends in mean over time, the variance to mean ratios appeared to increase 

with variance. The observed mean, standard deviation, coefficient of variation CV (SD/Mean) and 

variance of S using all 1339 observations are 3.52, 3.84, 1.09 and 14.78 respectively. The variance 

(14.78) is 4 times higher than the mean (3.52) which refers to over-dispersion. The histogram of 

the daily scorpion sting counts, illustrated in Figure 3.7, indicates a positively skewed distribution 

with a spike on the left and a tail on the right and it is well adjusted to negative binomial. 

Some climate variables have been shown to affect the count of monthly scorpion stings (Chowell, 

Hyman et al. 2005; Kassiri, Shemshad et al. 2013; Selmane and L'Hadj 2014; Selmane 2015) so 

we considered incorporating the available climate variables (the average temperature (T) and 

relative humidity (RH), and wind speed value)  and trends (Tr) as covariates. The trend is 

incorporated into the models to take into account other factors that may contribute to scorpion 

sting accidents. We define the trend as 𝑇𝑟𝑖 = sin (
𝜋𝑖

365
) ;  𝑖 = 1,2, … ,365.  

The summary statistics of daily scorpion stings and climate variables are given in Table 3.2. 

Table 3.2:   Summary statistics of daily scorpion stings and climate variables 

Variables Minimum 1st Quarter Median Mean 3rd Quarter Maximum 

S 0 1 2 3.44 5 24 

T (°C) 6.95 14.21 23.3 22.65 30.66 41.42 

RH (%) 10.38 34.31 43.88 45.74 57.25 93.75 

Ws (m/s) 0 6 8 8.381 10 26 
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Scatter plot 

Examination of the relationship between monthly scorpion sting data (𝑆𝑀) and the climate 

variables show a strong correlation with monthly average temperature (𝑇𝑀) (𝑟 = 0.91) with an 

apparent quadratic relationship (𝑆𝑀 = 0.3468 𝑇𝑀
2 −  5.8912 𝑇𝑀  +  35.912; 𝑅

2 = 0.87) and 

high correlation with relative humidity (𝑅𝐻𝑀) (𝑟 = −0.70) with a quadratic relationship ( 𝑆𝑀  =

 0.0864 𝑅𝐻𝑀
2  −  13.69 𝑅𝐻𝑀  +  533.1; 𝑅

2 = 0.50); which is consistent with results obtained in 

other geographical regions affected by scorpionism (Selmane, Benferhat et al. 2016; Selmane and 

L'Hadj 2016). At the daily level, the relationship not readily apparent, although a high correlation 

is found for T (𝑟 = 0.69) and the correlation with RH is significant (𝑟 = −0.47). Weak correlation 

for wind speed Ws is found at the monthly and daily level (𝑟 = 0.13, 𝑟 = 0.09).  

The scatter plot, along with the Pearson product moment correlation coefficient between scorpion 

sting variable and each one of climate variables will lused as a guide in selecting the appropriate 

independent variables (Figure 3.8). 

 

Figure 3.8:   Scatter plot of monthly scorpion stings and temperature 𝑇𝑀, relative humidity 𝑅𝐻𝑀, wind 

speed 𝑊𝑠𝑀. 
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Figure 3.9   Scatter plot of daily scorpion stings and temperature T, relative humidity RH, wind speed Ws. 

3.6 Modelling 

     As data analysis shows, the number of daily scorpion stings is zero-inflated and over-dispersed. 

We will fit the Poisson, zero inflated Poisson (ZIP), Poisson hurdle (PH), negative binomial (NB), 

zero-inflated negative binomial (ZINB), and negative binomial hurdle (NBH) models. For zero-

inflated and hurdle models we will use the same predictors for both zero and count components. 

To assess overdispersion and compare the regarded models and to select the best model, we will 

perform several tests. We will use the score test and the Lagrange Multiplier (LM) Test to detect 

overdispersion in the Poisson model. We will check whether the predictors withdrawn from a 

model should actually be retained by the likelihood ratio test. In order to assess whether the 

overdispersion parameter would be necessary, we compare the nested models (NB vs. Poisson, 

ZINB vs. ZIP, and NBH vs. PH) using the likelihood ratio test (LRT). Because of the excess zero 

counts (24.2%) (Figure 3.10), we will use the likelihood ratio test to compare Poisson to ZIP, and 

NB to ZINB models. To compare the pairs of non-nested models (Poisson vs. ZIP, NB vs. ZINB, 

Poisson vs. PH, NB vs. NBH, PH vs. ZIP and NBH vs. ZINB), Vuong test will be used; the positive 

testing statistic indicates that the first model is preferred over the second model and the negative 
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testing statistic indicates that second model is preferred over the first model. Finally, the Akaike's 

information 94 criterion (AIC) and Bayesian information criterion (BIC) will be estimated to 

assess the goodness of fit of the six models. The like better model is the one with the minimum 

AIC and BIC values (McCullagh and Nelder 1989; Hilbe 2011; Cameron and Trivedi 2013; Hilbe 

2014). Then model fit evaluation will be done using the mean absolute error (MAE) and root mean 

squared error (RMSE) were estimated to measure the closeness of the observed values to the 

predicted values (Hilbe 2014). 

 

Figure 3.10    The histogram and frequency of the daily scorpion sting counts from 2013 to 2015 

Software  

The RStudio version 1.1.383 (https://www.npackd.org/p/rstudio/1.1.383) will be used to perform 

all analyses and modelling. 

Table 3.3:   Some of the applied functions and methods in R sofware 

Function Package Description 

𝑔𝑙𝑚 stats Fit the Poisson model 

𝑔𝑙𝑚. 𝑛𝑏 MASS Fit Negative binomial model 

𝑧𝑒𝑟𝑜𝑖𝑛𝑓𝑙 pscl Fit Zero-inflated models 

ℎ𝑢𝑟𝑑𝑙𝑒 pscl Fit Hurdle models 

𝑙𝑜𝑔𝐿𝑖𝑘 stats Extract fitted log-likelihood   

𝑙𝑟𝑡𝑒𝑠𝑡 lmtest Likelihood ration test for nested models 

𝑣𝑢𝑜𝑛𝑔 pscl Compare non nested models 

𝐿𝑅𝑠𝑡𝑎𝑡𝑠 vcdExtra Summary of model fit ( AIC, BIC, LR 𝜒2)  
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We will start by fitting a Poisson model (P0) with temperature (T), relative humidity (RH), wind 

speed (Ws) and trend (Tr) as independent variables.  

 𝑃0:      𝑙𝑜𝑔(𝜇) = 𝛽0 + 𝛽1 × 𝑇 + 𝛽2 × 𝑅𝐻 + 𝛽3 ×𝑊𝑠 + 𝛽4 × 𝑇𝑟  (57) 

Table 3.4 presents the results of (P0). We see that T, RH and Tr are significant predictors at the 

5% level unlike Ws. Drawing on the likelihood ratio test (𝐻0: 𝛽𝑊𝑠 = 0, 2.9068, p-value = 0.08821) 

the variable wind speed will be withdrawn and only T, RH, and Tr will be retained in the final 

fitted Poisson regression model (P). 

Table 3.4   Parameters estimation of Poisson regression model (P0) 

  Estimate Std. Error z value Pr(>|z|)   

Intercept -2.698878 0.168871 -15.976 < 2e-16 *** 

T 0.108914 0.004839 22.509 < 2e-16 *** 

RH 0.014763 0.00187 7.896 2.88E-15 *** 

Ws 0.008288 0.004824 1.718 0.085774 . 

Tr 0.510728 0.139127 3.671 0.000242 *** 

 

Table 3.5 present the estimated parameters of Poisson model. All coefficients are significantly 

different from zero at the 5% level. The model is 

 log(𝜇) = −2.635781 + 0.109126 × T𝑖 + 0.014776 × RH𝑖 + 0.514254 × Tr𝑖 (58) 

Table 3.5   Parameters estimation of Poisson regression model (P) 

  Estimate Std. Error z value Pr(>|z|)   

Intercept -2.635781 0.165444 -15.932 < 2e-16 *** 

T 0.109126 0.004843 22.533 < 2e-16 *** 

RH 0.014776 0.001876 7.877 3.36E-15 *** 

Tr 0.514254 0.139208 3.694 0.000221 *** 

Residual deviance = 1900.8 df= 1091  

 

The residual deviance/df ratio is 1.7 greater than 1 so makes it possible the presence of 

overdispersion. In addition, to check for over-dispersion we perform the Lagrange multiplier test. 

The Lagrange multiplier remained significant (chi-square (𝜒2) =  7357.7, 𝑝 <  .0001), which 

suggests over-dispersion. 



             Modelling the impact of the climate factors on the number of scorpion stings 
 

41 

 

Other test for over-dispersion in Poisson model defined in (Hilbe 2014) as: 

 𝑧 =
(𝑦𝑖 − 𝜇�̂�)

2 − 𝑦𝑖

𝜇�̂�√2
 (59) 

The score test is executed after the data have been modeled and obtain the fitted values 𝜇�̂�, then 

calculate 𝑧, and regress it using a basic linear regression (as a constant-only model). The test of 

the hypotheses 𝐻0 = 𝑉(𝑦) = 𝐸(𝑦) vs 𝐻1: 𝑉(𝑦) = 𝐸(𝑦) + 𝛼𝑔(𝐸(𝑦)) is t-distributed. The z score 

test for our Poisson model is 0.54894 with a t-probability of  5.07𝑒 − 12 which indicates that 

there is over-dispersion in the data. 

We fit the NB model with mean 𝜇 and dispersion parameter 𝛼 that will be estimated based on the 

model.  

 𝑁𝐵:      𝑙𝑜𝑔(𝜇) = 𝛽0 + 𝛽1 × 𝑇 + 𝛽2 × 𝑅𝐻 + 𝛽4 × 𝑇𝑟 (60) 

We fit all the other models (ZIP, ZINB, PH, NBH) with probability of zeros 𝜋, mean of the counts 

𝜇 and dispersion parameter α (for ZINB and NBH) using the same covariates in both parts of them. 

 𝑙𝑜𝑔𝑖𝑡(𝜋) = 𝛾0 + 𝛾1 × 𝑇 + 𝛾2 × 𝑅𝐻 + 𝛾4 × 𝑇𝑟 (61) 

 𝑙𝑜𝑔(𝜇) = 𝛽0 + 𝛽1 × 𝑇 + 𝛽2 × 𝑅𝐻 + 𝛽4 × 𝑇𝑟 (62) 

For the NB model Table 3.6, all predictors are significant.  

Table 3.6   Parameters estimation of Negative binomial model (NB) 

  Estimate Std. Error z value Pr(>|z|)   

Intercept -2.517898 0.217501 -11.576 < 2e-16 *** 

T 0.104281 0.006544 15.935 < 2e-16 *** 

RH 0.011348 0.002576 4.406 1.05E-05 *** 

Tr 0.71285 0.184145 3.871 0.000108 *** 

 

For the zero-inflated models (Table 3.7, 3.8), Tr is not significant predictor for the count part but 

it is the only significant in the zero part. The same for hurdle models (Table 3.9, 3.10) only Tr not 

significant predictor for the count part, but for the zero part only RH not significant. 
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Table 3.7   Parameters estimation of ZIP model 

    Estimate Std. Error z value Pr(>|z|)   

Count           

model 

coefficients  

Intercept -2.183 0.185 -11.784 <2e-16 *** 

T 0.108 0.005 21.451 <2e-16 *** 

RH 0.016 0.002 8.273 <2e-16 *** 

Tr -0.005 0.154 -0.031 0.975   

Zero-inflation 

model 

coefficients 

Intercept -0.364 1.483 -0.245 0.806 
 

T -0.067 0.048 -1.404 0.160 
 

RH 0.030 0.018 1.626 0.104 
 

Tr -3.743 1.171 -3.196 0.001 ** 

 

 

Table 3.8   Parameters estimation of ZINB model 

    Estimate Std. Error z value Pr(>|z|)   

Count           

model 

coefficients  

Intercept -2.194 0.241 -9.105 < 2e-16 *** 

T 0.106 0.007 16.272 < 2e-16 *** 

RH 0.013 0.003 4.536 5.72E-06 *** 

Tr 0.207 0.205 1.007 0.314 
 

Log(theta) 1.720 0.122 14.054 < 2e-16 *** 

Zero-inflation 

model 

coefficients 

Intercept 0.374 3.092 0.121 0.9036 
 

T -0.086 0.083 -1.037 0.2999 
 

RH 0.019 0.037 0.499 0.6178 
 

Tr -5.149 2.079 -2.477 0.0132 * 
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Table 3.9   Parameters estimation of PH model 

    Estimate Std. Error z value Pr(>|z|)   

Count           

model 

coefficients  

Intercept -2.215 0.188 -11.771 <2e-16 *** 

T 0.110 0.005 20.818 <2e-16 *** 

RH 0.017 0.002 8.308 <2e-16 *** 

Tr -0.031 0.156 -0.198 0.843   

Zero hurdle 

model 

coefficients 

Intercept -3.150 0.725 -4.344 1.40E-05 *** 

T 0.156 0.027 5.751 8.87E-09 *** 

RH 0.002 0.009 0.244 0.807147 
 

Tr 2.478 0.640 3.873 0.000107 *** 

 

Table 3.10   Parameters estimation of NBH model 

    Estimate Std. Error z value Pr(>|z|)   

Count           

model 

coefficients  

Intercept -2.405 0.253 -9.495 < 2e-16 *** 

T 0.113 0.007 15.397 < 2e-16 *** 

RH 0.015 0.003 5.238 1.62E-07 *** 

Tr 0.124 0.220 0.565 0.572 
 

Log(theta) 1.607 0.132 12.189 < 2e-16 *** 

Zero hurdle 

model 

coefficients 

Intercept -3.150 0.725 -4.344 1.40E-05 *** 

T 0.156 0.027 5.751 8.87E-09 *** 

RH 0.002 0.009 0.244 0.807147 
 

Tr 2.478 0.640 3.873 0.000107 *** 

 

Figure 3.9 presents the hanging rootogram of the six models. NB- type models do an overall better 

job at modeling the counts compared to Poisson-type models. The rootogram of ZINB and NBH, 

(ZIP and PH) is very similar. The Poisson model seems to underestimate zero counts by 21%, 

overestimate counts of 1 to 11 by 10%, and underestimate counts of 12 to 24 by 42%. ZIP and PH 

models also underestimate counts of 12 to 24 and overestimate counts of 1 to 11. In contrast, the 

negative binomial Hurdle model fits the zero counts, counts of 1 to 11 and counts of 12 to 24 very 

closely. Poisson model, ZIP and PH models underestimate counts of 12 to 24 and overestimate 

counts of 1 to 11.  The suspended rootogram of the six models (Figure 3.10) shows that the 

differences in the residuals don't appear between the ZIP and PH (ZINB and NBH) models. 
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Figure 3.11:   Hanging rootogram 

 

 

Figure 3.12:   Suspended  rootogram 
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3.7  Model selection  

     Table 3.11 shows the AIC, BIC and log likelihood for the six models. The NBH model has the 

smallest AIC (4208.9) and BIC (4253.9), and the Poisson model has the highest AIC (4472.9) and 

BIC (4492.9). A closer look reveals that NB-type models have smaller AIC and BIC values than 

the Poisson-type models. 

LR 𝜒2 is highly significant for all models, and NBH model has the smallest value (4190.9) and the 

Poisson model has the highest value (4464.9). 

All LRT tests are highly significant (p-value < 0.0001) for differences in the pairs as displayed in 

Table 3.12. It is quite clear that NB-type models are preferred to Poisson-type models (Poisson, 

ZIP and PH) to handle the over-dispersion of the daily scorpion sting counts. Moreover, the 

statistical tests displayed in Table 3.12 are indicative of the fact that over-dispersion is due to both 

heterogeneity and excess zeroes. Indeed, NB-type models are preferred to the Poisson-type 

models, zero inflated are preferred over the Poisson and NB models and hurdle models are 

preferred over the Poisson and NB models. 

Table 3.13 presents the results of Vuong test. We can see from the first four pairs that both the 

zero-inflated models and Hurdle models are better and effective at handling the excessive zero 

counts than the Poisson and NB models. Furthermore, the Vuong tests indicate that both ZIP and 

PH (respectively ZINB and NBH) handle the excessive zero counts equally well, irrespective of 

over-dispersion. These findings therefore suggest that the NBH model should be considered when 

modelling daily scorpion sting data. 

Table 3.11   AIC, BIC, Likelihood Ratio Chi-Square results. 

Models AIC BIC        LR 𝜒2 DF 

Poisson 4472.9 4492.9 4464.9 p < 0.001 1091 

NB 4240.1 4265.1 4230.1 p < 0.001 1091 

ZIP 4393.2 4433.2 4377.2 p < 0.001 1087 

ZINB 4216.8 4261.8 4198.8 p < 0.001 1086 

PH 4392.1 4432.1 4376.1 p < 0.001 1087 

NBH 4208.9 4253.9 4190.9 p < 0.001 1086 
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Table 3.12   Likelihood Ratio test results. 

Tests Models Output p-value 

LRT(1) 

NB vs P 234.8322 p < 0.001 

ZINB vs ZIP 178.4392 p < 0.001 

NBH vs PH 185.2304 p < 0.001 

LRT(2) 
Poisson vs ZIP 87.67551 p < 0.001 

NB  vs ZINB 31.2825 p < 0.001 

LRT(1) Likelihood ratio test for over-dispersion due to heterogeneity.  LRT(2) 

Likelihood ratio test for over-dispersion due excess zeros. 

Table 3.13   Vuong test results. 

  ZIP-P ZINB-NB PH-P NBH-NB PH-ZIP NBH-ZINB 

Vuong test 
4.07 2.79 4.07 3.05 0.28 1.20 

p < 0.001 p = 0.0026 p < 0.001 p = 0.0012 p = 0.3879 p = 0.1145 

 

Table 3.14   RMSE and MAE metrics. 

 Poisson NB ZIP ZINB PH NBH 

RMSE 19.8812 20.6165 19.5783 18.8931 19.9162 19.222 

MAE 14.0888 16.4338 11.6188 13.1388 11.9288 12.9388 

 

A set of 244 observations will be used to evaluate the models. We then estimate the RMSE and 

MAE metrics to evaluate the six models. The results are displayed in Table 3.14. 

According to every two validation techniques ZIP and PH have smaller values than P, NB, ZINB 

and NBH models. The MAE is smaller for predicting the frequency of stings from January to 

March using the Poisson model and from April to August using the NBH model. On the other 

hand, the Poisson model outperformed as against the NB model at the out-of-sample performance 

while NB-type models was more superior to Poisson-type models in the modelling stage according 

to the AIC and BIC results. These findings therefore suggest that the NBH model is preferable for 

modelling the daily scorpion sting count using the considered criteria.  

We will compare NBH model with NBH with intercept only in zero part (NBH1). 
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  𝑁𝐵𝐻1:         
𝑙𝑜𝑔𝑖𝑡(𝜋) = 𝛾0

𝑙𝑜𝑔(𝜇) = 𝛽0 + 𝛽1 × 𝑇 + 𝛽2 × 𝑅𝐻 + 𝛽4 × 𝑇𝑟
 
 

  
 (63) 

Drawing on the likelihood ratio test (𝐻0: 𝛾𝑇 = 𝛾𝑅𝐻 = 𝛾𝑇𝑟 = 0, 468.54, p-value < 0.0001) and 

under the significance level, we reject the null hypothesis; and drawing on the AIC and BIC 

(4671.4 and 4701.4) the NBH model is preferable.  

Notice that the logistic regression model does not find RH to be a useful variable for estimating 𝜋. 

Indeed, the regression coefficient is found to be not statistically significant at the 95% CI, as 

indicated by the p-value (0.81) which is greater than 0.05.  

We will compare NBH model with NBH without RH in the zero part. Drawing on the likelihood 

ratio test (𝐻0: 𝛾𝑅𝐻 = 0, 0.0597, p-value < 0.807) the two variables that the logistic regression 

model determined to be useful for estimating the probability of observing a zero count were T and 

Tr. The estimated parameters, standard errors, and associated p-values of the preferable model are 

displayed in Table 3.15. 

Table 3.15:   Estimated coefficient by NBH model 

 Zero Part  Count Part 

Factor Estimate Std. Error p-value  Estimate Std. Error p-value 

Intercept -2.987 -0.274 p < 0.001  -2.405 0.253 p < 0.001 

T 0.154 0.026 p < 0.001  0.113 0.007 p < 0.001 

RH - - -  0.015 0.003 p < 0.001 

Tr 2.442 0.623 p < 0.001  0.124 0.220 p = 0.572 

 

The NBH model consists of two parts. The zero part contains information about variables that the 

nested logistic regression model used to estimate the probability (𝜋) of observing a zero count: 

 𝑙𝑜𝑔𝑖𝑡(𝑃[𝑆 = 0]) = −2.987 + 0.154 ∗ 𝑇 + 2.442 ∗ 𝑇𝑟 (64) 

The count part contains information about the variables that the NBH model used to estimate 

scorpion sting count on the condition that 𝑆 > 0.  

 log(𝐸[𝑆|𝑆 > 0]) = −2.405 + 0.113 ∗ 𝑇 + 0.015 ∗ 𝑅𝐻 + 0.124 ∗ 𝑇𝑟 (65) 
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The coefficients for T and RH were statistically significant, as evidenced by their respective p-

values. The coefficients for T and RH are positive, meaning that as T and RH went up, the number 

scorpion sting increased.  

Examination of the relationship between scorpion sting data and available Evaporation data from 

January 1, 2013 to July 13, 2015 shows a height correlation (𝑟 =  0.79) at monthly level and 

significant at the daily level (𝑟 = 0.49). This suggests that Evaporation might affect the count of 

daily scorpion stings but we do not incorporate it into the models due to lack of data. 

Weekly and monthly predicted count stings 

Here, we aggregate the estimated daily data for the validation period into weekly data and monthly 

data. The predicted data are strongly correlated with the actual data (Pearson product-moment 

correlation coefficient: 𝑟 = 0.93 for weekly data and 𝑟 = 0.98 for monthly data) as shown in 

Figure 3.11 and Figure 3.12, confirming the appropriateness and effectiveness of the NBH model 

to predict scorpion stings in terms of climate variables with very high accuracy.  

 

Figure 3.13:   Scatter plots of weekly predicted versus actual scorpion sting cases from January to August 

2016. 
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Figure 3.14:   Scatter plots of monthly predicted versus actual scorpion sting cases from January to 

August 2016. 
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Conclusion 

     The objective of this study is to provide a better view of the demographic and epidemiological 

characteristics of scorpion stings in an endemic area in Algeria, and to model the daily scorpion 

sting count as a function of climate factors using six count data models to compare the performance 

of these models. 

The scorpion envenomation represents a major public health problem, due to the morbidity and 

mortality it causes and the financial burdens that it imposes. Because of the seasonal pattern of 

scorpion stings, launching regular public awareness-raising campaigns in high-risk regions during 

the peak months could significantly reduce the number of sting incidents. 

To our reference knowledge, modeling of scorpion stings was performed with monthly data using 

different statistical approaches, but no modeling of daily observations has been performed before 

this study. Modeling based on daily data can produce very accurate forecasts, provided accurate 

predictions of climate variables are available. 

Due to distribution of data, the six count data regression models (Poisson, Negative binomial, 

Zero-inflated (Poisson & NB) and Hurdle (Poisson & NB)  were considered to model the daily 

scorpion stings as dependent variable and daily average temperature, relative humidity and trend 

as independent variable. The comparison of the statistical measures revealed that NBH is the best 

fit model. Temperature had the strongest effect on sting accidents. 

The evaluation of the models showed that the metric MAE is smaller while predicting the 

frequency of stings from January to March using Poisson model and from April to August using 

NBH model. Daily predictions by the NBH model provided highly accurate monthly forecasts. 

These predictions could assist public health decision-makers in initiating appropriate, rapid, and 

effective measures and in containing any unusual situations.  

The main contribution of this study is to improve the accuracy of predicting scorpion sting cases 

in terms of weather conditions. However, in view of the impact of scorpion envenomation in both 

financial and human terms, more research is needed to define alternative policies to avoid sting 

accidents rather than accepting them as inevitable. This novel study on the daily scorpion sting 

count is a contribution towards literature and the modelling of scorpion stings that encourages 

further investigations and studies of scorpionism. 
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     As perspectives, further analyses for this collected data will be conducted to prepare other 

models, and we plan to do a study on a national scale, taking into account other climatic and 

environmental factors and introducing human behavior.  
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Appendix A 

 

A. Figure 1:   Example of questionnaires to elicit information for scorpion sting from the emergency 

services (1) 
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A. Figure 2:   Example of questionnaires to elicit information for scorpion sting from the emergency 

services (2) 
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A. Figure 3:   The age frequency distribution 
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Appendix B 

R code  

library(xlsx) 

library(MASS) 

library(pscl) 

library(lmtest) 

library(vcdExtra) 

library(countreg) 

 

p <- rstudioapi::getActiveDocumentContext()$path    

setwd(dirname(p))                                   

SData <- read.xlsx("ScorpData_Tggt.xlsx", 1)     

trnd <- sin(SData[, 2]*pi/365) 

 

# Training set 

ScorpData <- data.frame( S = SData[1:1095,3] ,Tm = SData[1:1095,4], RH = 

SData[1:1095,5], Ws = SData[1:1095,6], Tr= trnd[1:1095]) 

 

# Testing set 

S = SData[1096:1339,3] ,Tm = SData[1096:1339,4], RH = SData[1096:1339,5],Ws =  

SData[1096:1339,6], Tr=trnd[1096:1339]) 

 

summary(ScorpData) 

sd(ScorpData$S)                        

cor(ScorpData$S, ScorpData)   

 

# Observed scorpion stings count 

scorp.fac <- factor(ScorpData$S, levels=0:24) 

scorp.tab <- table(scorp.fac) 

barplot(scorp.tab, xlab="Scorpion stings",  

        ylab="Frequency",col="lightblue", ylim = c(0,280)) 
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# Models 

# Poisson model 

P0 <- glm(formula = S ~ Tm + RH + Ws + Tr, family = poisson, data = ScorpData)   

# Poisson model without Ws 

P <- glm(formula = S ~ Tm + RH + Tr, family = poisson, data = ScorpData) 

#Negative binomial model  

NB <- glm.nb(formula = S ~ Tm + RH + Tr, data = ScorpData)    

# Zero-inflated Poisson model 

ZIP <- zeroinfl(formula = S ~ Tm + RH + Tr, data = ScorpData, dist = "poisson")  

# Zero-inflated Negative Binomial model 

ZINB <- zeroinfl(formula = S ~ Tm + RH + Tr, data = ScorpData, dist = "negbin") 

# Poisson Hurdle model 

PH <- hurdle(formula = S ~ Tm + RH + Tr, data = ScorpData, dist = "poisson")     

# Negative binomial Hurdle model 

NBH <- hurdle(formula = S ~ Tm + RH + Tr, data = ScorpData, dist = "negbin")     

# Negative binomial Hurdle model with only interest in zero part  

NBH1 <- hurdle(formula = S ~ Tm + RH + Tr|1, data = Scorp_Data, dist = "negbin") 

# Negative binomial Hurdle model without RH in zero part 

NBH2 <- hurdle(formula = S ~ Tm + RH + Tr|Tm + Tr, data = Scorp_Data, dist = 

"negbin") 

 

# Likelihood ratio test to compare P0 with P 

pchisq(2 * (logLik(P0) - logLik(P)), df = 1, lower.tail = FALSE) 

# Score test for overdispersion    

mu <- predict(P, type="response") 

z <- ((ScorpData$S - mu)^2 - ScorpData$S)/ (mu * sqrt(2))  

summary(zscore <- lm(z ~ 1)) 

#Lagrange multiplier test for overdispersion 

mu <- predict(P, type="response") 

nybar <- nrow(ScorpData)* mean(mu) 

mu2 <- mean(mu^2)*nrow(ScorpData) 

LM <- (mu2 - nybar)^2/(2*mu2) 

LM 
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pchisq(LM,1,lower.tail = FALSE) 

# Determine if the over-dispersion parameter was significant 

# P vs NB 

lrtest(P, NB) 

# ZIP vs ZINB 

lrtest(ZIP, ZINB) 

# PH vs NBH 

lrtest(PH, NBH) 

# test Overdispersion due excess zeros 

# P vs ZIP  

lr <- -2*(logLik(P) - logLik(ZIP)) 

pchisq(lr, df= (length(coef(ZIP))-length(coef(P))), lower.tail = F) 

# NB vs ZINB 

lr <- -2*(logLik(NB) - logLik(ZINB)); lr 

pchisq(lr, df= (length(coef(ZINB))-length(coef(NB))), lower.tail = F) 

# Likelihood test NBH vs NBH1 

pchisq(2 * (logLik(NBH) - logLik(NBH1)), df = 1, lower.tail = FALSE) 

# Likelihood test NBH vs NBH2 

pchisq(2 * (logLik(NBH) - logLik(NBH2)), df = 1, lower.tail = FALSE) 

 

# Vuong test for non nested models  

vuong(PH, P) 

vuong(PH, ZIP) 

vuong(NBH, NB) 

vuong(NBH, ZINB) 

# AIC , BIC and LR Chisq 

LRstats(P, NB, PH, NBH, ZIP, ZINB, sortby="AIC") 

 

## RMSE/MAE function 

eval.rmse <- function(model, test.data, test.values) {  

output = predict(model, test.data, type="response") 

  rmse = sqrt(sum((output - test.values)^2)/length(test.values))} 

eval.MAE <- function(model, test.data, test.values) { 
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  output = predict(model, test.data, type="response") 

  rmse = sum(abs(output - test.values))/length(test.values)} 

 

# Compare observed and modeled counts 

Modeled.count <- list( ) 

Predicted.count[[1]] <- table(factor(ScorpData$S, levels=0:24)) 

Modeled.count[[2]] <- sapply(0:24 , function(x) sum(dpois(x, fitted(P)))) 

Modeled.count[[3]] <- sapply(0:24, function(x) sum(dnbinom(x, mu = fitted(NB), size 

= NB$theta))) 

Modeled.count[[4]] <- colSums(predict(ZIP, type = "prob")) 

Modeled.count[[5]] <- colSums(predict(ZINB, type = "prob")) 

Modeled.count[[6]] <- colSums(predict(PH, type = "prob")) 

Modeled.count[[7]] <- colSums(predict(NBH, type = "prob")) 

names(Modeled.count) <- c("Obs.","P", "NB", "ZIP", "ZINB", "PH", "NBH") 

 

# Compare observed and predicted counts 

Predicted.count <- list( ) 

Predicted.count[[1]] <- table(factor(Scorp_NewData$S, levels=0:24)) 

Predicted.count[[2]] <- sapply(0:24 , function(x) sum(dpois(x, predict(P, 

Scorp_NewData, type = "r" )))) 

Predicted.count[[3]] <- sapply(0:24, function(x) sum(dnbinom(x, mu = predict(NB, 

Scorp_NewData, type = "r" ), size = NB$theta))) 

Predicted.count[[4]] <- colSums(predict(ZIP, Scorp_NewData, type = "prob")) 

Predicted.count[[5]] <- colSums(predict(ZINB, Scorp_NewData, type = "prob")) 

Predicted.count[[6]] <- colSums(predict(PH, Scorp_NewData, type = "prob")) 

Predicted.count[[7]] <- colSums(predict(NBH, Scorp_NewData, type = "prob")) 

names(Predicted.count) <- c("Obs.","P", "NB", "ZIP", "ZINB", "PH", "NBH") 

 

# Evaluation (RMSE & MAE) 

test.data = 

Scorp_NewData[1:nrow(Scorp_NewData),names(Scorp_NewData)[names(Scorp_NewData

)!= 'S']] 

Evaluate_RMSE <- list( ) 
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Evaluate_RMSE[[1]] <- eval.rmse(P, test.data, Scorp_NewData$S) 

Evaluate_RMSE[[2]] <- eval.rmse(NB, test.data, Scorp_NewData$S) 

Evaluate_RMSE[[3]] <- eval.rmse(ZIP, test.data, Scorp_NewData$S) 

Evaluate_RMSE[[4]] <- eval.rmse(ZINB, test.data, Scorp_NewData$S) 

Evaluate_RMSE[[5]] <- eval.rmse(PH, test.data, Scorp_NewData$S) 

Evaluate_RMSE[[6]] <- eval.rmse(NBH, test.data, Scorp_NewData$S) 

names(Evaluate_RMSE) <- c("Poisson", "NB", "ZIP", "ZINB", "PH", "NBH") 

 

Evaluate_MAE <- list( ) 

Evaluate_MAE[[1]] <- eval.MAE(P, test.data, Scorp_NewData$S) 

Evaluate_MAE[[2]] <- eval.MAE(NB, test.data, Scorp_NewData$S) 

Evaluate_MAE[[3]] <- eval.MAE(ZIP, test.data, Scorp_NewData$S) 

Evaluate_MAE[[4]] <- eval.MAE(ZINB, test.data, Scorp_NewData$S) 

Evaluate_MAE[[5]] <- eval.MAE(PH, test.data, Scorp_NewData$S) 

Evaluate_MAE[[6]] <- eval.MAE(NBH, test.data, Scorp_NewData$S) 

names(Evaluate_MAE) <- c("Poisson", "NB", "ZIP", "ZINB", "PH", "NBH") 

 

### Scatter Plot 

par(mfrow=c(1,2)) 

plot(S ~ Tm, data = Scorp_Data, xlab= 'T') 

plot(S ~ RH, data = Scorp_Data) 

plot(S ~ Ws, data = Scorp_Data) 

plot(S ~ Tr, data = Scorp_Data) 

par(mfrow=c(1,1)) 

# Rootogram "hanging" 

par(mfrow=c(1,3))     

rootogram(P,style ="hanging" , xlim= c(0,20), ylim= c(-2,18), type='l',main =         

"Poisson model"  ) 

rootogram(ZIP, style ="hanging", xlim= c(0,20), ylim= c(-2,18), type='l', main =             

"ZIP model") 

rootogram(PH,  style ="hanging", xlim= c(0,20), ylim= c(-2,18),  type='l', main =          

"PH model" ) 

rootogram(NB,  style ="hanging", xlim= c(0,20), ylim= c(-2,18),  main = "NB model" ) 
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rootogram(ZINB,  style ="hanging",   xlim= c(0,20), ylim= c(-2,18), main = "ZINB 

model" ) 

rootogram(NBH,  style ="hanging",xlim= c(0,20),ylim= c(-2,18), main = "NBH model" 

) 

 

# Rootogram "suspended" 

par(mfrow=c(1,3))     

rootogram(P,style ="suspended" , xlim= c(0,20),ylim= c(-2,3),type='l',  lty = 0,main = 

"Poisson model"  ) 

rootogram(ZIP, style ="suspended",xlim= c(0,20),ylim= c(-2,3), type='l',lty = 0, main 

= "ZIP model") 

rootogram(PH,  style ="suspended",xlim= c(0,20),ylim= c(-2,3), type='l',lty = 0, main 

= "PH model" ) 

rootogram(NB,  style ="suspended",xlim= c(0,20),ylim= c(-2,3),lty = 0,  main = "NB 

model" ) 

rootogram(ZINB,  style ="suspended", xlim= c(0,20),ylim= c(-2,3),lty = 0, main = 

"ZINB model" ) 

rootogram(NBH,  style ="suspended",xlim= c(0,20),ylim= c(-2,3),lty = 0,  main = 

"NBH model" ) 

 

## Compare NBH model with NBH with only intercept in zero part 

NBH0 <-hurdle(formula = S ~ Tm + RH + Tr|1, data = ScorpData, dist = "negbin")     

lrtest(NBH0, NBH) 

AIC(NBH, NBH0) 

BIC(NBH, NBH0) 

 

##Compare NBH model with NBH without RH in the zero part 

NBH1 <- hurdle(formula = S ~ Tm + RH + Tr | Tm + Tr , data = ScorpData, dist = 

"negbin")     

lrtest(NBH1, NBH) 

AIC(NBH, NBH1) 

BIC(NBH, NBH1) 
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# R code for maps 

library("xlsx") 

library("tmap") 

library("tmaptools") 

library("sf") 

library("leaflet") 

 

# Import the Excel file that contains the data to be represented on the map.  

ExcelData <- read.xlsx("MapData.xlsx", 1)       

# Import the shapefile 

ShapData <- read_sf("SHP/RIGH.shp") 

# to compare shapefile objects and ExcelData objects,must convert them into characters  

ExcelData$COMMUNE <-as.character(ExcelData$COMMUNE) 

ShapData$COMMUNE <- as.character(ShapData$COMMUNE) 

# to compare the name of municipality of shapefile and that of ExcelData  

# order them according to the municipality (COMMUNE) column  

ShapData <- ShapData[order(ShapData$COMMUNE),]       

ExcelData <- ExcelData[order(ExcelData$COMMUNE),]    

# check if the municipality (commune) name is written in the same way in each file 

identical(ShapData$COMMUNE,ExcelData$COMMUNE)        

 

MyMap <- sp::merge(ShapData, ExcelData, by="COMMUNE") 

tmap_mode("plot") 

breaks = c(3,4,5,6,7,8,9, 10)*100 # color breaks 

 

#Making maps 

map13  <- tm_shape(MyMap) +  

                   tm_fill("Incd.2013",breaks= breaks, palette = "Greens",title= "Incidence",id=    

                                 "COMMUNE")+ 

                   tm_borders() +tm_text("N", size= 0.7)+ 

                   tm_layout( title= "2013",title.size = 1,title.position = c(0.3,0.88),   

                   inner.margin= 0.1, frame = F,legend.title.size = 0.9 , legend.text.size = 0.7,  

                   legend.show = T)  
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map14 <- tm_shape(MyMap) +  

                     tm_polygons("Incd.2014",breaks= breaks,palette = "Greens",title=   

                                                "Incidence",id= "COMMUNE")+ 

                    tm_text("N", size= 0.7, legend.col.show = F)+ 

  tm_layout( title= "2014",title.size = 1, title.position = c(0.3,0.88),     

                               inner.margin= 0.1, frame = F, legend.show = F)  

 

map15 <- tm_shape(MyMap) +  

                     tm_polygons("Incd.2015", breaks = breaks,  palette  =  "Greens", title =  

                     "Incidence", id= "COMMUNE") + 

                      tm_text("N",  size= 0.7,  legend.col.show  =  F) + 

                      tm_layout( title = "2015",  title.size = 1,  title.position  =  c(0.3,0.88),   

                                          inner.margin= 0.1, frame = F, legend.show = F)  + 

                      tm_compass(type = "8star", size = 3, position = c(0.65, 0.8))  +  

                              tm_scale_bar() 

 

map <- tmap_arrange(map13, map14, map15) 

map 

tmap_save(map, "Scorpion Tggt.tiff", dpi = 300) 

 

# R code Algeria maps 

ExcelData <- read.xlsx("ScorpAlgeria 11-17.xlsx", 1)       

ShapData <- read_sf("WILAYAs Algerie.shp") # Import the shapefile 

ExcelData$WILAYA <-as.character(ExcelData$WILAYA) 

ShapData$WILAYA <- as.character(ShapData$WILAYA) 

ShapData <- ShapData[order(ShapData$WILAYA),]       

ExcelData <- ExcelData[order(ExcelData$WILAYA),]    

identical(ShapData$WILAYA,ExcelData$WILAYA)        

 

MyMap <- sp::merge(ShapData, ExcelData, by="WILAYA") 

tmap_mode("plot") 

breaks = c(0,10, 100, 500, 900, 1200) # color breaks 

#Making maps 

map11  <- tm_shape(MyMap) +  

  tm_fill("Incid2011",breaks= breaks, palette = "Greens" ,title= "Incidence",id= "WILAYA")+ 
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  tm_borders( col="palegreen4") + 

  tm_layout(inner.margin= 0.1,legend.title.size = 0.95 , legend.text.size = 0.8, 

                        legend.show = T, legend.position=c("left","bottom")) + 

  tm_bubbles(size="Death2011", col = "red3",border.col = "red3",  

                          title.size ='Death')+ 

  tm_compass(type = "8star", size = 3, position = c(0.83, 0.85)) +  

  tm_scale_bar() 

map11 

tmap_save(map11, "Scorpion ALgeria 2011 .tiff", dpi = 300) 

 

 



 

 

 

Abstract 

     Algeria by its vast geographic scope, its various climates and diverse ecosystems houses 

a diverse scorpion fauna. The scorpion envenomation represents a major public health 

problem in the country. The epidemiological situation of the scorpion envenomation 

revealed that 85.41 % of provinces are affected by scorpion envenomation accidents. 

Therefore, 78 % of the national population is at risk of scorpion stings.  

Our work aimed to analyze and interpret the available data in Touggourt and to develop a 

forecasting model that could help public health decision-makers to take appropriate, rapid 

and effective action timely and to contain any unusual situation. 

We present some generalities on the scorpion and its ecology. The epidemiological situation 

of scorpion envenomation in the world and in particular in Algeria is reviewed. Next, we 

present a summary of some regression models for count data: Poisson, negative binomial, 

zero inflated, and obstacle models. Finally, we examined the demographic and 

epidemiological characteristics of scorpion stings in the study region Touggourt and we 

proposed a predictive mathematical model using climate variables to predict the daily 

number of scorpion stings. This model gave satisfactory results. This study showed that 

Hurdle negative binomial (NBH) model is appropriate with the daily scorpion sting data in 

Touggourt.   

 



 

 

 

 

 

 

 

 

 

Résumé  

L’Algérie par sa vaste étendue géographique, ses différents climats et écosystèmes 

divers abrite une faune scorpion diversifiée. L’envenimation scorpionique représente un 

véritable problème de santé publique. La situation épidémiologique a révélé que 85,41 % 

des provinces sont touchées par des accidents d’envenimation de scorpions. Ainsi, 78 % de 

la population nationale est à risque de piqûres de scorpion. Pour la période 2001-2017, 

l’incidence moyenne était estimée à 137 piqûres de scorpion pour 100 000 habitants et la 

mortalité moyenne à 0,18 pour 100 000 habitants. L’incidence dans des wilayas du sud 

dépasse 1000 piqûres de scorpion pour 100 000 habitants.  

L’objectif de présent travail est d’analyser et interpréter les données disponibles et élaborer 

un modèle de prévision qui pourrait aider les décideurs en santé publique à prendre des 

mesures appropriées, rapides et efficaces et à contenir toute situation inhabituelle. 

Nous présentons quelques généralités sur le scorpion et son écologie. La situation 

épidémiologique de l'envenimation par les scorpions dans le monde et en particulier en 

Algérie est passée en revue. Ensuite, nous présentons un résumé de certains modèles de 

régression pour les données de dénombrement : les modèles de Poisson, binomial négatif, 

gonflés à zéro et d'obstacles. Enfin, nous avons examiné les caractéristiques démographiques 

et épidémiologiques des piqûres de scorpion dans la région d'étude de Touggourt, et nous 

avons proposé un modèle mathématique prédictif en utilisant des variables climatiques pour 

prédire le nombre quotidien de piqûres de scorpions. Ce modèle a donné des résultats 

satisfaisants. Cette étude a montré que le modèle d’obstacle binomial négatif (NBH) est le 

plus approprié avec les données quotidiennes de piqûre de scorpion à Touggourt. 

 

 

 

 



 

 

 

 

 

 

 

 

 

 

 

 

 

 ملخص

الجزائر بمداها الجغرافي الواسع ومناخها المختلف وأنظمتها البيئية المتنوعة هي موطن لحيوانات العقرب المتنوعة. يعتبر 

من الواليات بحوادث لدغة العقارب.  ٪85.41تسمم العقرب مشكلة صحية عامة. كشف الوضع الوبائي في الجزائر عن إصابة 

ِّر معدل اإلصابة في الفترة بينمن السكان معرض ٪78وبالتالي فإن   137ب  2017و 2001ون لخطر لسعات العقارب. قُد 

ألف نسمة. يزيد معدل اإلصابة في بعض الواليات الجنوبية عن  100لكل  0.18الوفيات ألف نسمة ، ومتوسط  100اصابة لكل 

 .نسمة 100000اصابة لكل  1000

المتاحة وتطوير نموذج تنبؤ يمكن أن يساعد صانعي القرار في مجال الصحة الهدف من هذا العمل هو تحليل وتفسير البيانات 

 .العامة على اتخاذ اإلجراءات المناسبة والسريعة والفعالة واحتواء أي موقف غير عادي

في هذا العمل نعرض بعض العموميات حول العقرب وبيئته، ونقدم عرض للوضع الوبائي للتسمم العقربي في العالم عامة وفي 

 ,Poisson, Negative binomial, Zero-inflated الجزائر خاصة. كذلك نقدم ملخًصا لبعض نماذج االنحدار لبيانات العد:

Hurdle  اقترحنا و. في األخير، قمنا بفحص الخصائص الديموغرافية والوبائية للسعات العقارب في منطقة الدراسة تقرت

 .لمناخية للتنبؤ بالعدد اليومي للسعات العقارب، هذا النموذج أعطى نتائج مرضيةنموذجا رياضيا تنبؤيا باستخدام المتغيرات ا
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Demographic and epidemiological characteristics of scorpion envenomation and daily 

forecasting of scorpion sting counts in Touggourt, Algeria. 
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Workshop 

Oral presentation at "The Third International Workshop of the African Women in Mathematics 

Association" that was held in Addis Ababa, Ethiopia on December 2018, entitled: On the use of 

count regression models to model monthly scorpion sting cases in Al-Bayadh Province. 

Training session 

Training animator at the "Training Seminar on the Statistical Program Epi Info 7, which was 
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