On the Logistic and Probit Regression Modelling of Infant Survival at Birth
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This study focused on modeling the probability of infant survival at birth using the Logistic and Probit regression models. Status of Infant at birth was the response variable; while Systolic BP, Diastolic BP, Age of Mother, Sex of Baby, Weight of Mother, Mode of Delivery, Age/Week Gestation, Parity, and Weight of Baby were the explanatory variables. The Study Data used for illustration comprised of live deliveries at the Federal Government of Nigeria Model Primary Healthcare Center located at Isu-Njaba Town in Isu L.G.A. of Imo State, Nigeria. The test for relationship between any two of the variables used in this study showed that there were negative significant associations between Status of Infant at Birth and Mode of Delivery, and Birth Weight and Mode of Delivery; while there were positive significant associations between Systolic BP and Diastolic BP, Age of Mother and Systolic BP, Gestation and Systolic BP, Gestation and Age of Mother, Diastolic BP and Weight of Mother, Parity and Age of Mother, Parity and Weight of Mother, Parity and Diastolic BP, Birth Weight and Weight of Mother, and Birth Weight and Parity. Multiple logistic and multiple Probit regression models were fitted on the Study Data, and the results of the goodness of fit test using Likelihood Ratio Test at 5% level of significance showed that both models were of good fit. The result of the Wald test showed that Weight of Mother, Mode of Delivery and Birth Weight were significant to the response variable (Status of Infant at Birth – Dead or Alive) at 5% level of significance. The study concluded that Infant Survival at Birth was significantly influenced by Weight of Mother, Mode of Delivery and Birth Weight. Also, both the Logistic and Probit regression models were relatively the same; with AIC values of 164.0844 and 164.2984, respectively.
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1. INTRODUCTION
The neonatal period is one of the most vulnerable periods for a child’s survival because of the various attacks and infections, majority of which are avoidable mainly through preventive measures (Houssou et al., 2020). Studies have shown that about half of infant deaths occur in the neonatal period. Infant neonatal and maternal rates are considered among the benchmarks commonly used to access the health status of a given society. These rates are considered as significant health indicators of a country’s level of socioeconomic development and quality of life. Reducing the neonatal mortality rate has always been a major focus and remains a major concern of any government. The chances of survival of newborn babies have become an issue of health concern both in Nigeria and globally. Globally, around 2.5 million neonatal deaths are reported annually with the highest mortality concentrated in sub-Sahara Africa and South Asia. In comparison with countries demonstrating the lowest neonatal mortality, the risk of mortality is over 30 times higher in Sub-Saharan Africa. It has been noted that about 2.4 million new babies died worldwide in 2021 (see, for example, Islam and Biswas, 2021).
The prevalence of death at birth (neonatal death) varies broadly depending on the geographical region. Sub-Sahara Africa has the highest neonatal deaths rate globally with about 27 deaths per 1000 live births, followed by Central and South Asia with about 23 deaths per 1000 live births (see, Emmanuel, Kain, and Forster, 2021). The prevalence’s of neonatal deaths in the United States of America and Europe are 3.4 and 3.4 deaths per 1000 live births, respectively. Among the countries in Africa, Nigeria is rated one of the countries with highest number of neonatal deaths in 2020 when the neonatal death rate was recorded as 72.2 deaths per 1000 live births (see, Nwanze, Siuliman and Ibrahim, 2023).
Global efforts to reduce these mortality rates have been led by World Health Organization (WHO) and United Nations. These initiatives have significantly reduced child birth related mortality rates worldwide. Neonatal survival is at the heart of the Sustainable Development Goal’s (SDG’s) agenda (see, UNDP, 2019; WHO, 2016). Furthermore, the United Nations set the target of reducing neonatal mortality to 12 deaths per 1000 live births or fewer by 2030. Globally, neonatal deaths declined by 51% from 5 million in 1990 to 2.5 million in 2017, but this decline has not been realized in low-income and middle-income countries, which carries the highest burden of neonatal deaths, with South Asia and Sub-Sahara Africa accounting for about 79% of the total burden of neonatal deaths in 2017. According to Ezeh et al. (2022), Nigeria experienced a 1.1% increase in neonatal deaths between 2013 and 2018, signifying a setback to the former reported improvement in neonatal death in Nigeria. 
In the past 25 years, medical technology has greatly improved the chances of survival of premature infants in industrial nations (Esan, Maswime and Blaauw, 2022). Rapid access to neonatal intensive care units is of paramount importance. Government, Health-professionals, Healthcare-providers, and policy-makers have exclusive interests in reducing childhood deaths, especially newborn deaths, but a comprehensive understanding of the contributing factors is crucial for effective strategies. Knowledge of the determinants of neonatal mortality is essential for the design of intervention programs that will enhance neonatal survival. Identifying the factors that contribute to child mortality in Nigeria is crucial for the development and implementation of effective interventions to reduce child mortality.
Quite a number of works have been done in the past as regards Infant Survival at Birth and Infant Mortality and their deterministic factors. Tesema, Seretew, Worku, and Angaw (2021) was on the trends of infant mortality and its determinants in Ethiopia using mixed-effect binary logistic regression and multivariate decomposition analysis. The analysis was based on the data from four EDHSs (EDHS 2000, 2005, 2011, and 2016). A total weighted sample of 46,317 live births was included for the final analysis. The logit-based multivariate decomposition analysis was used to identify significantly contributing factors for the decrease in infant mortality in Ethiopia over the last 16 years. To identify determinants, a mixed-effect logistic regression model was fitted. The study concluded that preceding birth interval, child-size at birth, BMI, type of birth, parity, maternal age, and sex of child were significant predictors of infant mortality. In the mixed-effect binary logistic regression analysis; preceding interval <24 months (AOR=1.79, 95% CI;1.46, 2.19), small size at birth (AOR=1.55, 95% CI;1.25, 1.92), large size at birth (AOR=1.26, 95% CI;1.01, 1.57), BMI <18.5 kg/m (AOR=1.22, 95% CI;1.05, 1.50), and twins (AOR=4.25, 95% CI;3.01, 6.01), parity > 6(1.51,95% Cl, 1.01, 2.26), maternal age and male sex (AOR=1.50, 95% CI;1.27, 1.79) were significantly associated with increased odds of infant mortality.
Mboya, Mahande, Mohammed, Obure and Mwambi (2020) focused on the prediction of perinatal death using machine learning models: a birth registry-based cohort study in northern Tanzania. A secondary dataset analysis using the Kilimanjaro Christian Medical Centre (KCMC) Medical Birth Registry cohort from 2000 to 2015 was employed. The study assessed the discriminative ability of models using the area under the receiver operating characteristics curve (AUC) and the net benefit using decision curve analysis. The study concluded that there was no significant difference in the prediction of perinatal deaths between machine learning and logistic regression models, except for bagging. The machine learning models had a higher net benefit, as its predictive ability of perinatal death was considerably superior over the logistic regression model. The machine learning models, as demonstrated by their study, could be used to improve the prediction of perinatal deaths and triage for women at risk.
Rezaeian, Rezaeian, Khatami, Khorashadizadeh and Moghaddam (2022) centered on prediction of mortality of premature neonates using neural network and logistic regression. The study aimed to establish and compare two models (neural network and logistic regression models) for prediction of mortality in premature neonates upon admission to the NICU. The modeling research was conducted based on the information of 1618 neonates for prediction of mortality risk until the 28th day of life. The results showed that the MLP (with 60 neurons in the hidden layer) had more acceptable indices compared to logistic regression. While both neural network and logistic regression were able to predict the neonatal mortality risk, the neural network was more effective than logistic regression model in performance comparison.
Tessema and Tesema (2020) studied the incidence of neonatal mortality and its predictors among live births in Ethiopia: Gompertz gamma shared frailty model. A secondary data analysis was conducted based on the 2016 Ethiopian Demographic and Health Survey (EDHS) data. A total weighted sample of 11,022 live births was included in the analysis. The shared frailty model was applied since the EDHS data had hierarchical nature, and neonates were nested within-cluster, and this could violate the independent and equal variance assumption. For checking the proportional hazard assumption, Schoenfeld residual test was applied. Akaike Information Criteria (AIC), Cox-Snell residual test, and deviance were used for checking model adequacy and for model comparison. The study found that neonatal mortality remained a public health problem in Ethiopia. Shorter birth interval, small and large size at birth, ANC visits, male sex, and twin births were significant predictors of neonatal mortality.
Madaki et al. (2023) modeled child survival at birth data using logistic regression model: using Yobe State Specialist Hospital Damaturu, Nigeria, as a case study. A total of 150 data points were collected through transcription from the maternity record of the Hospital to test significant factors that affected survival of child at birth.  Analysis of logistic regression model was applied to the data using the Generalized Linear Model (GLM) package in R programming software. The study recommended that pregnant women should be educated about the effect of baby weight in a worm as that may increase the chance of caesarean section which in turn may affect the likelihood of child survival at birth. Further studies were suggested to consider factors like educational level, income of level of the family, antennal status, and blood pressure. A more advance community-based survey was recommended since not pregnant women attain formal health care facilities for antennal and postnatal services, which might expose more factors that influenced child survival at birth.
Worku, Teshale and Tesema (2021) studied the determinants of under-five mortality in the high mortality regions of Ethiopia: mixed-effect logistic regression analysis. A secondary data analysis was done based on the 2016 Ethiopian Demographic and Health Survey (EDHS) data. A total weighted sample of 3446 live births was included for this study. For the determinants of under-five mortality, mixed-effect logistic regression was fitted. The Intra-Class Correlation Coefficient (ICC) and Median Odds Ratio (MOR) were done to assess the presence of a significant clustering effect. The standard binary logistic regression and the mixed-effect logistic regression model were fitted and deviance (−2LL) was used for model comparison as the models were nested models. Variables with a p-value less than 0.2 in the bi-variable mixed-effect binary logistic regression analysis were considered for the multivariable analysis. In the multivariable mixed-effect logistic regression analysis, the Adjusted Odds Ratio (AOR) with the 95% Confidence Interval (CI) was reported to declare the statistical significance and strength of association of under-five mortality and the determinant factors. The study concluded that under-five mortality rate was highest in high mortality regions of Ethiopia. Parity, ANC visit, preceding birth interval, and multiple births were significant predictors of under-five mortality. Therefore, public health interventions that increase maternal health service utilization such as ANC and family planning service utilization to increase birth interval were needed to reduce under-five mortality among these regions of Ethiopia.
Musa, Asiribo, Dikko, Usman and Sani (2020) modeled the determinants of under-five child mortality rates using Cox Proportional Hazards Regression Model. Some factors that significantly affected under-five child mortality were examined. A sample of mothers with children under the age of five from Nigeria Demographic and Health Survey data (NDHS, 2013 & 2018) was used to assess the effect of some selected predictor variables (or covariates) on childhood survival. The results from final fitted Cox Proportional Hazards Regression Model showed that the covariates, contraceptive used by the mother, state of residence, birth weight of child and type of toilet facility used by the household were found to be significantly associated with under-five survival in the North Central Region of Nigeria. 
Aheto (2019) worked on the predictive model and determinants of under-five child mortality: evidence from the 2014 Ghana Demographic and Health Survey. Analyses were conducted on 5884 children, and the outcome variable was Child Survival Status (Alive or Dead). Single level binary logistic and multilevel logistic regression models were employed to investigate determinants of under-five mortality. The fit of the model was checked using Variance Inflation Factor and Likelihood Ratio tests. The Receiver Operating Characteristic curve was used to assess the predictive ability of the models. A p-value < 0.05 was used to declare statistical significance. The study identified critical risk factors for under-five mortality and strongly highlighted the need for family planning, improvement in maternal education and addressing regional disparities in child health which could help inform health policy and intervention strategies aimed at improving child survival.
Kareem, Akinyemi and Ekum (2023) modeled the factors that predict differences in childhood mortality in Lagos communities using prognostic logistic and Poisson regression models. Prognostic models were used in modeling factors that predict the differences in childhood mortality in Lagos communities. Six models, two each from logistic regression, linear regression and Poisson regression models were used. Primary data were collected from mothers that fall in the age bracket (15-49), who resided in any of the 5 divisions of Lagos State, namely Ikorodu, Badagry, Lagos Mainland/Ikeja, Lagos Island and Epe. Five variables were identified as covariates. The prognostic multi-variable models were employed. The binary logistic regression model with 5 covariates was selected as the best model for the binary response variable, while the Poisson regression model with 4 covariates was selected as the best model for the count response variable. At the end of the research, Ikorodu, Badagry and Epe communities had higher than expected childhood mortality rates. Also, they estimated childhood mortality rate in Lagos State and measured the variations in childhood mortality across Lagos communities. The factors that predicted the variations were detected and control measures were recommended to reduce the difference in childhood mortality rate in Lagos State.
Argawu and Mekebo (2022) studied the risk factors of under-five mortality in Ethiopia using count data regression models, 2021. The data source for this study was the 2019 Ethiopia mini demography and health survey data. Various count data regression models were applied to identify the determinants of under-five mortality. A total of 5,535 mothers, with children aged 0–59 months, were included in the study. Of the total, 1,277 (23.07%) women had lost at least one child by death before celebrating fifth birthday. Zero-Inflated Poisson model was found to be the best model, and it revealed that mother's age, marital status, mother's age at first birth, place of delivery, current contraceptive type used, type of cooking fuel, residence, region, religion, time to get drinking water, number of children at home, birth order, and birth type were significant factors that determined Under-5 mortality in Ethiopia.
Mbitto and Mzingula (2022) explored the determinants of infant mortality in Tanzania using binary logistic regression mode. Descriptive statistic and binary logistic regression were used for data analysis. The result showed that there were both neonatal (60.6%) and postnatal (39.4%) mortality incidences in the study area which contained child growth and development. Delivery at home (p=0.024) as social factor and breast feeding (p=0.018) as demographic factor had significant influence on infant mortality. The study concluded that delivery at home increased chances of infant deaths; while infant mortality was reduced when newborn had access to adequate breast feeding.
Fenta, Fenta, and Ayenew (2020) sought the best statistical model to estimate predictors of under-five mortality in Ethiopia. Ethiopian demography and health survey of 2016 data were accessed and used for the analysis. A total of 14,370 women were included. Various count models (Poisson, Negative Binomial, Zero-Inflated Poisson, Zero-Inflated Negative Binomial, Hurdle Poisson, and Hurdle Negative Binomial) were considered to identify risk factors associated with the death of under-five in Ethiopia. The result of hurdle negative binomial model showed that region, mother’s age, educational level of the father, education level of the mother, father’s occupation, family size, age of mother at first birth, vaccination of child, contraceptive use, birth order, preceding birth interval, twin children, place of delivery, antenatal visit predict under-five death in Ethiopia. The rate of Under-five death remains high. Concerned governmental organizations should work properly to reduce under-five mortality through encouraging child vaccinations and antenatal care visits. Attention should also be provided to multiple births and the spacing among order of birth. The Hurdle negative binomial model provided a better fit for the data. It was argued the Hurdle negative binomial model for count data with excess zeros of unknown sources such as the number of under-five death should be fitted.
Eke and Ewere (2022) studied the levels, trend and determinants of infant mortality in Nigeria using the Logistic Regression Model.  Infant mortality data for each of the five years preceding the 2003, 2008, 2013 and 2018 Nigeria Demographic Health Survey (NDHS) was retrieved and used for the analysis. Finding from the study revealed that infant mortality rates decline had stagnated in the five years period prior to the 2018 survey with an Annual Rate of Reduction (ARR) of 0% relative to an initial ARR of 5.7% between 2003 and 2008. The study also showed that maternal characteristics such as age and education levels as well as cultural practices like use of clean water and toilet facilities were statistically significant determinant of infant mortality in Nigeria with p-values <0.05 across each of the survey years.
Amzat and Adeosun (2014) was on a Sequential Probit of infant mortality in Nigeria, by analyzing the nature of relationship between mortality and some socioeconomics and demographic variables, and the proximate covariate that influenced the survival of an infant; using the 2003 Nigeria Demographic and Health-Survey Data (NDHS). The result of the analysis showed that in both of the situation with correlated and uncorrelated error term, infants been alive or dead was positively affected by education, birth order number, and duration of breast feeding; and was negatively affected by both total children born and place of delivery. There were significant differences among the predictor variables on the probability of infant’s death at neonatal and past neonatal period.

1.1 Limitations of Study
This study is limited to the Study Data obtained from the Neonatal Records of live deliveries at the Federal Government of Nigeria Model Primary Healthcare Center, in Isu-Njaba Town, Isu L.G.A of Imo State, Nigeria. This study is limited to the methods of analyses to which the Study Data are to be subjected to.
 
2. DATA AND METHODS
The data used in this study are secondary – from Neonatal Records of live deliveries at the Federal Government of Nigeria Model Primary Healthcare Center, in Isu-Njaba Town, Isu L.G.A of Imo State, Nigeria. The data are as presented in Table 1. The methods of analysis adopted in this study are the Logistic and Probit regression modelling.

              Table 1: The Study Data
	S/N
	Status of
the Infant
	Systolic BP
	Diastolic BP
	Age of Mother (Years)
	Sex of Baby
	Weight of
Mother (kg)
	Mode of
Delivery
	Age/Week Gestation
	Parity
	Birth
Weight (kg)

	1
	A
	100
	70
	37
	M
	80.5
	N
	40
	4
	3.00

	2
	A
	110
	60
	26
	F
	74.2
	CS
	41
	1
	3.12

	3
	A
	120
	60
	40
	F
	86
	N
	40
	3
	3.21

	4
	A
	100
	60
	28
	M
	90.3
	CS
	41
	4
	2.80

	5
	D
	100
	40
	28
	M
	75.5
	CS
	36
	1
	2.76

	6
	A
	120
	70
	29
	F
	76.9
	N
	41
	4
	3.20

	7
	A
	110
	60
	34
	M
	74.1
	N
	40
	1
	3.21

	8
	A
	100
	40
	35
	F
	80.4
	CS
	40
	2
	3.14

	9
	A
	110
	50
	30
	F
	83.6
	N
	37
	3
	3.20

	10
	A
	100
	60
	27
	M
	86.5
	N
	35
	4
	3.50

	11
	D
	130
	60
	30
	F
	76
	CS
	40
	1
	2.78

	12
	A
	100
	30
	29
	M
	78.3
	N
	42
	4
	3.00

	13
	A
	100
	70
	38
	F
	78.2
	N
	39
	4
	3.00

	14
	A
	100
	40
	28
	M
	75.7
	CS
	39
	3
	3.02

	15
	D
	100
	70
	28
	F
	85.4
	CS
	41
	4
	2.56

	16
	D
	120
	40
	30
	F
	70.2
	CS
	40
	3
	2.57

	17
	D
	110
	60
	28
	F
	94.1
	CS
	35
	4
	3.21

	18
	A
	100
	40
	35
	M
	76.5
	CS
	40
	3
	4.01

	19
	A
	100
	40
	30
	F
	73.7
	CS
	40
	2
	3.85

	20
	A
	100
	30
	29
	M
	77.8
	N
	35
	3
	3.00

	21
	D
	100
	40
	37
	M
	77.1
	CS
	40
	3
	2.56

	22
	D
	110
	60
	42
	F
	76.8
	N
	41
	3
	2.56

	23
	A
	100
	40
	32
	M
	74.6
	N
	39
	2
	3.23

	24
	A
	100
	30
	29
	F
	75.8
	N
	36
	3
	3.21

	25
	D
	100
	30
	31
	M
	85.2
	CS
	37
	4
	2.78

	26
	D
	120
	60
	45
	F
	87
	CS
	41
	5
	2.73

	27
	A
	100
	40
	27
	F
	80.4
	N
	39
	3
	3.22

	28
	A
	100
	40
	41
	F
	92.3
	CS
	38
	5
	3.42

	29
	A
	100
	50
	40
	F
	85.5
	N
	40
	4
	3.34

	30
	A
	110
	70
	36
	M
	78.1
	N
	38
	3
	3.35

	31
	D
	120
	70
	40
	F
	79.5
	CS
	39
	4
	2.50

	32
	D
	100
	70
	28
	F
	79.1
	CS
	35
	4
	2.50

	33
	A
	120
	80
	32
	F
	82.3
	N
	42
	5
	3.19

	34
	D
	100
	70
	30
	M
	77.6
	CS
	39
	2
	2.56

	35
	A
	110
	60
	28
	F
	84.5
	N
	40
	4
	3.20

	36
	A
	100
	60
	32
	F
	80.4
	CS
	37
	3
	3.19

	37
	A
	100
	70
	34
	M
	83.6
	N
	42
	4
	3.21

	38
	A
	100
	80
	41
	M
	94.1
	N
	39
	5
	3.20

	39
	A
	100
	70
	30
	M
	74.2
	CS
	40
	3
	3.23

	40
	A
	110
	60
	30
	F
	85.9
	N
	34
	4
	3.21

	41
	D
	100
	60
	27
	M
	77.5
	CS
	39
	2
	2.45

	42
	D
	120
	70
	27
	F
	88.4
	CS
	39
	3
	2.48

	43
	A
	100
	80
	19
	F
	75.7
	N
	41
	2
	3.25

	44
	A
	100
	80
	23
	F
	84.6
	N
	39
	4
	3.10

	45
	A
	100
	80
	40
	F
	86.5
	N
	37
	5
	3.21

	46
	A
	120
	70
	41
	F
	73.6
	N
	40
	4
	3.17

	47
	A
	100
	60
	35
	M
	85.7
	N
	37
	5
	3.00

	48
	A
	100
	70
	35
	F
	84.3
	N
	41
	5
	3.00

	49
	A
	110
	70
	38
	M
	73.2
	N
	39
	2
	3.12

	50
	A
	100
	80
	30
	F
	82.2
	N
	40
	3
	3.21

	51
	A
	100
	80
	28
	M
	79.5
	N
	35
	2
	3.28

	52
	A
	110
	70
	39
	M
	81.5
	N
	34
	3
	3.23

	53
	D
	100
	60
	42
	M
	78.5
	CS
	38
	2
	2.49

	54
	D
	100
	60
	34
	F
	74.6
	CS
	41
	3
	2.46

	55
	A
	100
	50
	38
	F
	73.7
	N
	40
	2
	3.21

	56
	A
	100
	40
	27
	F
	71.8
	N
	37
	2
	3.32

	57
	D
	100
	60
	37
	M
	75.9
	CS
	40
	3
	2.54

	58
	A
	110
	70
	40
	M
	85.4
	N
	41
	4
	2.68

	59
	D
	120
	80
	41
	M
	86.8
	CS
	42
	5
	2.40

	60
	A
	100
	60
	39
	M
	74.8
	N
	40
	2
	3.21

	61
	A
	90
	60
	35
	F
	78.7
	N
	39
	3
	3.19

	62
	A
	90
	60
	30
	F
	82.6
	N
	42
	4
	3.23

	63
	A
	100
	50
	30
	F
	74.6
	N
	39
	2
	3.29

	64
	A
	100
	60
	39
	M
	82.7
	N
	42
	3
	3.28

	65
	A
	110
	70
	40
	M
	88.5
	N
	37
	4
	3.22

	66
	A
	120
	80
	41
	F
	90.5
	N
	40
	5
	3.25

	67
	A
	100
	70
	29
	F
	83.2
	N
	41
	4
	3.20

	68
	D
	100
	70
	38
	F
	83
	CS
	42
	4
	2.49

	69
	D
	110
	60
	41
	M
	80.7
	CS
	39
	3
	2.51

	70
	A
	90
	70
	35
	F
	82.7
	N
	38
	3
	3.27

	71
	A
	100
	60
	30
	M
	75.9
	N
	39
	2
	3.32

	72
	A
	110
	50
	28
	F
	74.8
	N
	37
	1
	3.36

	73
	A
	100
	70
	31
	M
	90.6
	N
	38
	4
	4.00

	74
	A
	100
	80
	34
	F
	99.5
	N
	38
	5
	3.90

	75
	A
	100
	70
	32
	M
	86.8
	CS
	40
	4
	4.50

	76
	A
	110
	60
	33
	M
	82.6
	N
	29
	3
	3.20

	77
	A
	100
	50
	28
	F
	79.8
	N
	38
	2
	3.10

	78
	A
	110
	40
	39
	F
	73.8
	N
	40
	3
	2.90

	79
	A
	120
	60
	40
	M
	70.8
	N
	40
	2
	3.21

	80
	A
	100
	70
	28
	F
	84.7
	N
	41
	3
	3.21

	81
	A
	100
	40
	28
	F
	69.8
	N
	34
	2
	3.26

	82
	D
	120
	70
	29
	F
	84.5
	CS
	42
	3
	2.78

	83
	A
	110
	60
	34
	F
	71.1
	N
	40
	2
	3.42

	84
	A
	100
	40
	35
	F
	70.4
	N
	40
	1
	3.24

	85
	A
	110
	50
	30
	M
	84.7
	N
	37
	3
	3.40

	86
	A
	100
	60
	27
	F
	81.8
	N
	32
	4
	3.50

	87
	A
	130
	60
	30
	F
	69.7
	N
	40
	2
	3.34

	88
	D
	100
	30
	29
	M
	82.8
	CS
	42
	4
	2.58

	89
	A
	100
	70
	38
	F
	81.8
	N
	39
	4
	3.23

	90
	A
	100
	40
	28
	M
	79.7
	N
	39
	3
	3.28

	91
	A
	100
	70
	28
	F
	88.5
	N
	41
	4
	3.20

	92
	A
	120
	40
	30
	F
	84.6
	N
	40
	3
	3.43

	93
	A
	110
	60
	28
	F
	94.1
	N
	35
	4
	4.00

	94
	A
	100
	40
	35
	F
	73.8
	N
	38
	3
	3.73

	95
	A
	100
	30
	30
	M
	82.6
	N
	40
	4
	3.47

	96
	D
	100
	30
	29
	F
	83.8
	CS
	33
	5
	2.63

	97
	A
	100
	40
	37
	M
	82.8
	N
	40
	5
	3.42

	98
	A
	110
	60
	42
	M
	86.9
	N
	41
	6
	3.40

	99
	A
	100
	40
	32
	F
	69.8
	N
	34
	3
	3.52

	100
	A
	100
	30
	29
	M
	78.9
	N
	38
	4
	3.76

	101
	D
	100
	30
	26
	F
	80.6
	N
	36
	5
	2.80

	102
	A
	120
	60
	44
	M
	86.8
	CS
	39
	6
	3.90

	103
	A
	100
	40
	28
	M
	82.8
	CS
	38
	5
	3.40

	104
	A
	120
	80
	27
	F
	80.8
	N
	42
	4
	3.00

	105
	A
	100
	70
	30
	F
	72.3
	N
	38
	3
	2.20

	106
	A
	110
	70
	29
	M
	75.8
	N
	40
	4
	3.80

	107
	A
	100
	60
	32
	M
	72.7
	N
	38
	3
	3.00

	108
	D
	100
	70
	19
	F
	79.6
	N
	42
	4
	3.70

	109
	D
	100
	80
	20
	M
	81.6
	CS
	38
	5
	3.90

	110
	D
	100
	70
	30
	F
	74.8
	CS
	40
	3
	2.30

	111
	A
	110
	60
	30
	F
	77.8
	N
	36
	4
	2.90

	112
	A
	100
	60
	27
	M
	69.8
	N
	39
	3
	1.80

	113
	A
	120
	70
	31
	M
	79.5
	CS
	38
	4
	3.00

	114
	A
	100
	80
	19
	F
	74.6
	N
	41
	3
	2.20

	115
	A
	100
	70
	24
	M
	76.1
	N
	37
	4
	3.00

	116
	A
	100
	80
	40
	F
	80.3
	N
	38
	5
	3.70

	117
	A
	120
	70
	41
	M
	72.7
	N
	40
	3
	2.80

	118
	A
	100
	60
	34
	F
	79.5
	CS
	37
	4
	3.20

	119
	A
	100
	70
	22
	F
	73.7
	CS
	41
	3
	3.00

	120
	A
	100
	70
	38
	M
	64.8
	CS
	37
	2
	1.90

	121
	D
	110
	80
	30
	M
	75.9
	N
	40
	3
	2.70

	122
	A
	100
	80
	26
	F
	72.8
	N
	33
	2
	2.20

	123
	A
	110
	70
	39
	M
	73.9
	N
	34
	3
	2.30

	124
	D
	100
	60
	42
	M
	71.9
	N
	38
	2
	2.00

	125
	A
	100
	60
	34
	F
	75.9
	N
	41
	3
	2.20

	126
	A
	100
	50
	35
	M
	69.8
	N
	33
	2
	1.90

	127
	A
	100
	40
	26
	F
	68.4
	N
	37
	1
	1.70

	128
	A
	100
	70
	37
	M
	71.7
	N
	39
	2
	1.80

	129
	A
	110
	70
	40
	M
	75.8
	CS
	41
	3
	2.30

	130
	A
	120
	80
	26
	M
	78.6
	N
	42
	4
	2.70

	131
	A
	90
	60
	39
	M
	68.9
	N
	40
	2
	1.70

	132
	A
	100
	60
	35
	F
	70.8
	CS
	39
	3
	1.80

	133
	A
	90
	60
	32
	F
	79.9
	CS
	42
	4
	2.40

	134
	A
	100
	70
	30
	M
	71.9
	N
	38
	3
	1.90

	135
	A
	100
	50
	36
	F
	82.9
	N
	41
	4
	2.90

	136
	A
	90
	70
	40
	F
	85.8
	N
	37
	5
	3.10

	137
	A
	120
	70
	41
	F
	90.7
	N
	40
	6
	4.10

	138
	D
	100
	70
	29
	F
	82.8
	CS
	41
	4
	3.20

	139
	A
	100
	70
	38
	F
	81.6
	N
	42
	4
	3.20

	140
	A
	110
	60
	40
	F
	79.6
	N
	40
	3
	2.90

	141
	A
	90
	60
	35
	F
	80.7
	N
	38
	4
	3.00

	142
	A
	100
	60
	30
	M
	74.8
	CS
	39
	3
	2.60

	143
	A
	110
	40
	28
	F
	72.5
	N
	37
	2
	2.00

	144
	A
	100
	60
	31
	F
	89.6
	N
	38
	4
	4.10

	145
	A
	100
	60
	34
	F
	93.6
	N
	36
	5
	5.30

	146
	D
	100
	70
	33
	F
	87.8
	CS
	40
	4
	4.30

	147
	A
	110
	50
	30
	M
	80.1
	N
	29
	3
	3.40

	148
	A
	100
	50
	28
	M
	76.8
	N
	34
	2
	3.10

	149
	A
	110
	60
	40
	F
	74.6
	N
	41
	1
	3.00

	150
	A
	110
	60
	41
	M
	72.6
	N
	40
	2
	2.20

	151
	D
	100
	70
	24
	M
	74.6
	N
	40
	4
	2.70

	152
	A
	100
	40
	28
	F
	72.2
	CS
	32
	2
	1.90

	153
	A
	120
	70
	27
	M
	78.8
	N
	42
	4
	3.30

	154
	A
	110
	60
	37
	F
	74.6
	N
	40
	3
	2.70

	155
	A
	100
	40
	35
	F
	73.7
	CS
	38
	2
	2.60

	156
	A
	110
	50
	30
	M
	78.9
	CS
	37
	4
	3.60

	157
	A
	100
	60
	25
	F
	74.7
	N
	32
	3
	3.20

	158
	A
	130
	60
	30
	M
	64.8
	N
	40
	2
	1.80

	159
	A
	100
	50
	31
	M
	81.7
	N
	42
	4
	3.20

	160
	D
	110
	70
	36
	F
	80.4
	N
	38
	3
	3.00

	161
	A
	100
	60
	29
	M
	74.8
	N
	39
	2
	2.70

	162
	A
	100
	70
	28
	F
	80.7
	CS
	40
	4
	3.60

	163
	A
	120
	40
	30
	M
	75.8
	N
	41
	3
	3.00

	164
	A
	110
	60
	26
	F
	84.1
	N
	33
	4
	4.00

	165
	D
	100
	40
	34
	M
	76.8
	N
	37
	3
	2.40

	166
	A
	100
	30
	29
	F
	78.9
	CS
	39
	4
	2.80

	167
	A
	100
	60
	32
	M
	81.8
	N
	33
	5
	3.40

	168
	A
	100
	40
	39
	M
	80.4
	N
	40
	4
	3.10

	169
	A
	110
	60
	42
	F
	85.7
	N
	41
	5
	3.60

	170
	D
	100
	40
	32
	F
	74.6
	CS
	34
	3
	1.90

	171
	A
	100
	40
	29
	M
	76.8
	N
	37
	4
	2.50

	172
	A
	100
	30
	26
	F
	78.9
	N
	31
	5
	2.90

	173
	A
	120
	60
	40
	F
	83
	N
	39
	6
	3.90

	174
	A
	100
	40
	28
	M
	81.8
	CS
	37
	4
	3.40

	175
	A
	120
	80
	22
	M
	78.9
	CS
	39
	3
	3.00

	176
	A
	100
	70
	30
	F
	72.3
	CS
	38
	2
	2.20

	177
	D
	110
	70
	29
	M
	78.9
	N
	40
	4
	3.80

	178
	A
	110
	60
	32
	M
	77.8
	N
	38
	3
	3.00

	179
	A
	100
	80
	26
	F
	70.4
	N
	33
	2
	2.20

	180
	A
	110
	70
	39
	M
	72.6
	N
	34
	3
	2.30

	181
	A
	100
	60
	42
	M
	71.6
	N
	38
	2
	2.00

	182
	A
	100
	60
	33
	M
	72.8
	CS
	40
	3
	2.20

	183
	A
	100
	50
	35
	M
	69.7
	N
	30
	2
	1.70

	184
	D
	100
	40
	22
	F
	69.9
	N
	36
	3
	1.80

	185
	A
	100
	70
	36
	F
	71.6
	CS
	34
	4
	1.90

	186
	A
	110
	60
	40
	M
	75.8
	N
	41
	5
	2.50

	187
	A
	120
	80
	42
	M
	78.9
	N
	42
	6
	2.80

	188
	A
	90
	60
	37
	M
	68.9
	CS
	40
	2
	1.80

	189
	A
	100
	60
	35
	F
	71.8
	N
	38
	3
	1.90

	190
	A
	90
	60
	32
	M
	77.5
	N
	41
	4
	2.80

	191
	A
	100
	70
	30
	M
	73.6
	CS
	38
	3
	2.10

	192
	D
	100
	50
	37
	F
	76.8
	CS
	40
	4
	2.90

	193
	A
	90
	70
	39
	F
	81.4
	N
	37
	5
	3.50

	194
	A
	110
	70
	41
	M
	84.8
	N
	40
	6
	4.20

	195
	D
	100
	70
	28
	F
	81.5
	CS
	34
	3
	3.20

	196
	A
	100
	40
	32
	F
	75.7
	CS
	35
	2
	2.10

	197
	A
	100
	40
	29
	M
	77.6
	CS
	37
	3
	2.80

	198
	A
	100
	30
	26
	F
	80.5
	N
	33
	4
	2.90

	199
	A
	110
	60
	42
	F
	84
	N
	34
	5
	3.30

	200
	A
	100
	40
	45
	F
	85.4
	N
	36
	6
	3.40


                     Key: A = Alive; D = Death; F = Female; M = Male; CS = Caesarean section; N = Normal.


2.1 Logistic Regression Model
Logistic regression is a statistical technique that makes use of one or more predictor variables that may be either continues or categorical data. It is used to model a categorical variable that is binary (or more than two possible values) by treating the dependent variable as the outcome of a Bernoulli trails rather than a continuous outcome. It uses independent variable that are continuous, discrete or a mix of those types of variables (see, for example, King, 2008; Tabachnick and Fidell, 2013). For a binary dependent variable, (Y=0, 1), the method of Logistic regression can be derived from the Linear Regression Model by considering the effects of the dependent variable being binary (see, Kutner, Nachtsheim, Neter, and Li, 2005). According to Eke and Ewere (2022), a binary logistic regression model is used to solve a problem by determining the “odds ratio” or simply “odds” of an event occurring (that is, taking the value 1) against its non-occurrence (that is, taking the value 0). In a situation where the dependent variable, Y, is binary; that is,




interest is centered on ; and it is denoted by  – which represents the conditional probability of success given X values. According to Hosmer and Lemeshow (2000), the logistic regression model can be of two types; the simple logistic regression model and the multiple logistic regression model. The simple logistic regression model is given by,

						      	(1)
and the multiple logistic regression model is given by,


 ; 				      	(2)

Given that  is the probability of success; then, according to Ruspriyanty and Sofro (2018), the probability of failure – in the case of a multiple logistic regression model – is given by,


 ; 						(3)
2.1.1   The odds
The Odds are the ratio of the probability of the occurrence of an event to the probability of non-occurrence of that same event (see, for example, Nwobi and Ohaegbulem (2013); Guneri, Durmus, and Incekirik (2022)). Consequently, given (2) and (3), the odds are given as,


 ; 					(4)




According to Eke and Ewere (2022), if represents the probability that Y=1 for the success; with probability, , and  represents the probability that Y=0 for the failure; with probability, , then,  

							(5)
and


  				(6)

may now be rewritten as,  

 								(7)
Now, according to Eke and Ewere (2022), the logit of logistic regression model to test the significant effect of the independent variables on the dependent variable is given as, 

								(8)	
and the logistic regression model is given as,

								(9)	
where,



;  are the independent variables; Y is the dependent variable; and are parameters to be estimated.

2.1.2   Assumptions of Logistic regression
According to Leung (2021), the followings are the basic assumptions of logistic regression:
(a)  Appropriate outcome type: Logistic regression generally works as a classifier, so the type of logistic regression utilized (binary, multinomial, or ordinal) must match the dependent variable in the data set.
(b)  Linearity of independent variables and log-odds.
(c) There is no severe multicollinearity among predictor variables, that is, explanatory variables should not be highly correlated among themselves.
(d)  No strongly influential outliers. It is assumed that there are no extreme outlier(s) or influential observation(s) in the data set.
(e) There linear relationship between the predictor variables and the logit of the response variable.
(f) The sample size is sufficiently large.
2.1.3   Parameter estimation of the Logistic regression model
Maximum Likelihood Estimation (MLE) method, Chi-Square Minimization Method, Bayesian method, and Downhill (MLE D-H) algorithms are known techniques/methods that can be used in the estimation of the parameters of the logistic regression model; with the MLE method being most widely used (see, Kutner et al., 2005; Febrianti, Widyaningsih, and Soemartojo, 2021; Fadaam, 2025). The MLE method estimates the parameters by maximizing the likelihood function, provided that the data follow a certain distribution. 




According to Febrianti et al. (2021),  is a random variable, and it is independent with  and . The likelihood function of is defined as,

								(10)
where, 

 is as defined in (2); such that (10) can be rewritten as,

				(11)

Now, for ease of handling, let ; such that (11) can be transformed to,

					(12)
Taking the natural log of the likelihood in (12) gives,

								(13)
Simplifying (13) yields, 

								(14)
Further simplifications of (14) give,

		

	





								(15)

Now, substituting the value,back into (15) gives,

							(16)

Differentiating (16) partially with respect to, and equating it to zero gives, 

						(17)
Simplifying (17) yields,

								(18)
Further simplifications of (18) give,









								(19)


It should be noted that (19) is non-linear in , and it is therefore difficult to find the solution analytically. Hence, the estimate of are obtained by any of the following numerical methods (see, for example, Kutner et al. 2005): 
(a) Newton-Raphson Numerical iteration method
(b) Fisher Scoring Technique
(c) Quasi-Newton Method
(d) Gradient Descant

According to Febrianti et al. (2021), the Newton-Raphson numerical iteration method is mostly used in the estimation of the parameters, ; and the steps are as follows:

(a) input the initial estimated value of ;


(b) obtain the estimation values on the  iteration by calculating ; and

(c) the iteration is continued until 

is defined as a matrix of the first derivative of log likelihood function with respect to the parameter; and it is given by,

								(20)
and

				

						(21)

2.2   Probit Regression Model
Probit regression, also called probit model, is used to model dichotomous or binary outcome variables. In the probit model, according to Spring (2022), the inverse standard normal distribution of the probability is modeled as a linear combination of the predictor variables. Probit model is a nonlinear model used to analyze the relationship of response/dependent variable with several predictor/independent variables where the response variable is qualitative data dichotomy (that is, 0 and 1). The probit regression model uses the cumulative distribution function (Normal cumulative distribution function) to explain the function of the equation. 


Binary response models directly describe the response probability, of the dependent variables, . The probability that the dependent variables take value 1 is modeled as,

								(22)
where,



is a  dimensional column vector of parameters. The Probit regression model assumes that the transformation function, , is a cumulative density function of the standard normal distribution (see, for example, Amzat and Adeosun, 2014).

According to Ruspriyanty and Sofro (2018), the response/dependent variable, , is binary; and follows the Binomial Distribution, with the probability function as follows:

								(23)
where,







[bookmark: _Hlk223530261];  is the probability of occurrence of the  for ; and is the probability of the occurrence of the  for . The transformation function in the Probit regression model is the cumulative function of the cumulative function of the Normal Distribution as a link function in Generalized Linear Model. In general, the Probit regression model can be expressed as,

							(24)
Since probit model is related to the cumulative function of normal distribution, the model can be written as,

								(25)

to obtain an expectation of the probit value, . 
In the model, according to Amzat and Adeosun (2014), the inverse standard normal cumulative distribution function of the probability is modeled as a linear combination of the predictors. The model can be represented as,

							(26)
where, 

										(27)

and  is the inverse of the cumulative distribution function of the standard normal distribution.

2.2.1   Assumptions of Probit regression
According to Spring (2022), the followings are the basic assumptions of Probit regression:
(a) Binary outcome: The dependent variables must be binary, having two possible outcomes (generally coded as 0 and 1);
(b) Errors are independent: Observations must be independent, meaning one outcome probability should not rely on any other outcome in the data set; to avoid clustering in the data;
(c) Linearity: The outcome so acquired and the independent or explanatory variables should possess a linear relationship;
(d) No perfect multicollinearity:  Independent variables should not be perfectly correlated; as this can lead to estimation errors and influence the outcome; and
(e) Normality of errors: Probit regression assumes normally distributed errors crucial for valid statistical inferences about model parameters.
2.2.2   Parameter estimation of Probit regression model
In estimation of the parameters of the Probit regression model, the following techniques or methods can be used;
(a) Maximum likelihood estimation
(b) The method of moments
(c) The method of least square
According to Ruspriyanty and Sofro (2018), the likelihood function of the Probit regression model can be written as,

										(28)
The transformation function in the Probit regression model is the cumulative function of the Normal distribution so that (23) becomes,

								(29)
where, 

is the cumulative function of the Normal distribution.
Taking natural log of the likelihood of (29) yields,

					(30)

Then, taking the first derivative of the log-likelihood with respect to the parameter,, and equating it to zero yields,

							(31)

According to Ruspriyanty and Sofro (2018), the value of , often, is not explicit, but one of the most common way of solving for it numerically is by using the Newton-Raphson iteration method.
2.3	Tests on Assumptions of Logistic and Probit Regressions
One of the basic assumptions which must be fulfilled before proceeding to Logistic and Probit regression modeling is the multicollinearity assumption.
2.3.1   Test for normality assumption
According to Mishra et al. (2019), an assessment of the normality of data is a prerequisite for many statistical tests because it is an underlying assumption in parametric testing. There are many methods of assessing normality of data – graphical and numerical (including statistical tests) – namely; Shapiro-Wilks test, Kolmogorov-Smirnov test, Skewness, Kurtosis, Histogram, Box plot, P-P plot, Q-Q plot. Mishra et al. (2019) further added that the Kolmogorov-Smirnov test and the Shapiro-Wilks test are the most widely used methods to test the normality of a data. Nevertheless, Janssen (2005) asserted that for large sample size (n >30), the law of large number and the central limit theorem both holds. With corresponding norming applied, the sample mean of the large number of observations will be close to the population mean or will have a distribution close to the normal distribution even if the observations themselves do not follow normal distribution.
2.3.2 Test for Multicollinearity Assumption
Condition Index (CI) and Variance Inflation Factor (VIF) are the popular methods used in testing the assumption of multicollinearity in both Logistic regression model and Probit regression model. According to Shrestha (2020), the Condition Index is perhaps the best available multicollinearity diagnostic. CI involves calculating the eigenvalues of the matrix of observations on the predictor variables, Z.
Using the eigenvalues, the condition number (K) and the condition index (CI) are defined, respectively, as

										(32)
and

												(33)
If CI < 10, there is no significant multicollinearity;
If 10  CI  30, there is moderate to strong multicollinearity; and
If CI > 30, there is severe multicollinearity.

According to Shrestha (2020), Variance Inflation Factor (VIF) is a measure of the amount of multicollinearity in regression analysis. VIF estimates how much the variance of a multiple regression coefficients is inflated to multicollinearity. The formula for VIF is,

											(34)
where, 

is the adjusted coefficient of determination for regressing the ith independent variable on the remaining ones.
If VIF 1  VIF  5, there is no significant multicollinearity;
If 5  VIF  10, there is moderate to strong multicollinearity; and
If VIF > 10, there is severe multicollinearity.

2.3.3 Test for relationship between any two variables in the regression model
According to Shrestha (2020), Pearson’s correlation matrix is a statistical technique used to evaluate the extent/degree of the relationship between any two variables in a regression model. The matrix displays in every cell, a correlation coefficient and an associated p-Value. If the p-Value is less than the level of significance, then the conclusion will be that there is sufficient evidence that there is a significant linear relationship between the two variables.

2.4   Goodness-of-Fit Test of Logistic and Probit Regression Models
In linear regression model, an F-statistic is used to test the joint hypotheses that all the coefficients except the intercept are zero (that is, to ascertain how good the model fits the dataset). According to Hosmer and Lemeshow (2000), some other test can be used to test for the model fit for logistic regression model and probit regression model, but a corresponding test that suits exactly the same purpose is based on the Likelihood Ratio Test (LRT) principle (see, for example, John, Held, and Wichern, 1984).
According to Ruspriyanty and Sofro (2018), the model obtained needs to be tested whether the independent variables contained in the model have a significant relationship with the dependent variable. The test null and alternative hypotheses are given as,




The appropriate test statistic is the G test statistic or likelihood ratio test, given as,

									(35)
where, 



; ; ; and the G statistic follows the chi-squared distribution.





The null hypothesis, , is to be rejected if and only if ; where p is the number of independent variables (or the number of parameters) in the model at a significant level, . Alternatively, the null hypothesis, , is to be rejected if the p-Value.


The rejection of in this test implies that the fitted model is of good fit to the dataset used; while the non-rejection of   implies otherwise.

2.5  Test for Significance of Logistic and Probit Regression Model Parameters
If the test on the Logistic and Probit regression models fit to the dataset is significant (that is, the models are of good fit to the dataset), then the test for significance of the individual regression model parameters will be employed to carry out tests on each of the estimated Logistic as well as the Probit regression models parameters as to ascertain the parameter(s) of the Logistic and Probit regression models that is/are significant to the dependent variable.
According to Dobek, Molinski, and Skotarczak (2015), Wald test, likelihood ratio test, and score test are three common ways of testing the hypothesis for the significance of the parameters in the Logistic and Probit regression models. According to Honest (2013), Wald test is very easy to conduct, as it is carried out in the usual way as in the linear regression analysis case.
The null and alternative hypotheses for the test for significance of the parameters in the Logistic, as well as the Probit Regression Models are given as,





And they are tested at the level of significance,  (which could take any value, say, 1%, 5%, 10%, and so on).
The test statistic for the Wald test for significance of the parameters of the Logistic, as well as the Probit Regression Models is given as,

												(36)
where, 



is the estimated value of the logistic as well as Probit regression models parameter; and  is the standard error of estimation – which is the square root of the diagonal elements of estimated variance-covariance matrix. According to Hosmer and Lemeshow (2000), the standard error of estimation, , is given by,

											(37)
with

											(38)
and that

									(39)
and

				(40)






The null hypothesis is to be rejected if the (absolute) value of the calculated test statistic, W, is greater than or equal to the critical value, ; or if the p-Value is lesser than or equal to level of significance, . That is, is to be rejected if or if the .
Based on the decision taken; if a particular null hypothesis was rejected, then the particular estimated Logistic, as well as the Probit regression model parameter had a significant relationship with the dependent variable. Otherwise, it had no significant relationship with the dependent variable.

2.6 Model Comparison Criteria
There are several criteria for comparing models on the basis of their performances; of which Akaike Information Criteria (AIC) is amongst the prominent ones. According to Akaike (1973), AIC is given by,

										(41)
where, 

 is the log-likelihood function for the fitted model; and k is the number of parameters in the model. According to Akaike (1973), the smaller the AIC the better the model is.

3. DATA ANALYSES
Some descriptive statistics obtained for both the quantitative as well as the qualitative predictor variables in the Study Data, in Table 1, are presented in Tables 2 and 3, respectively.
          Table 2. Descriptive Statistics of the Quantitative Predictor Variables in the Study Data
	Variable
	Mean
	Std. Deviation
	Minimum
	Maximum

	Systolic BP
	104.40
	8.24
	90.00
	130.00

	Diastolic BP
	58.85
	14.04
	30.00
	80.00

	Age of Mother
	32.69
	5.66
	19.00
	45.00

	Weight of Mother
	78.95
	6.08
	64.80
	99.50

	Gestation
	38.38
	2.77
	29
	42

	Parity
	3.38
	1.15
	1
	6

	Birth Weights
	2.97
	0.60
	1.70
	5.30


                           
                  Table 3: Distribution of the Qualitative Predictor Variables in the Study Data
	Qualitative Predictor Variable
	Description
	Frequency
	Proportion
	Percentage (%)

	Status of Infant at Birth
	Alive (Y=1)
	161
	0.805
	80.50

	
	Dead (Y=0)
	39
	0.195
	19.50

	Total
	200
	1.000
	100.00

	Sex of Baby
	Male (1)
	91
	0.455
	45.50

	
	Female (0)
	109
	0.545
	54.50

	Total
	200
	1.000
	100.00

	Mode of Delivery
	Normal (1)
	137
	0.685
	68.50

	
	CS (0)
	63
	0.315
	31.50

	Total
	200
	1.000
	100.00



Table 2 shows the mean Systolic BP to be 104.40, with a standard deviation of 8.24; mean Diastolic BP to be 58.85, with a standard deviation of 14.04; mean Mother’s Age to be 32.69, with a standard deviation of 5.66; mean Weight of Mother to be 78.95, with a standard deviation of 6.08; mean Gestation to be 38.38, with a standard deviation of 2.77; mean Parity to be 3.38, with a standard deviation of 1.15; and the mean Birth Weight to be 2.97, with a standard deviation of 0.60.
Table 3 shows that the statuses of the infants at birth are such that 161 (about 80.50%) were alive, while 39 (about 19.50%) were dead; the sexes of the infants are such that 91 (about 45.50%) were male, while 109 (about 54.50%) were females; and the modes of delivery of the infants are such that 137 (about 68.50%) were normal deliveries, while 63 (about 31.50%) were delivered through CS.

3.1  Testing for Normality Assumption on the Study Data
Any of the methods of testing for the Normality assumption could be employed, as far as the test for the Normality assumption is concerned. However, relying on the law of large numbers – according to Janssen (2005), the normality of the Study Data; which comprised of 200 neonatal live deliveries in the Federal Government of Nigeria Model Primary Healthcare Center located at Isu-Njaba Town in Isu L.G.A. of Imo State, Nigeria, is assumed.

3.2 Testing for Multicollinearity Assumption on the Study Data
Ascertaining whether or not the independent variables employed in this study are correlated implied testing for multicollinearity. In determining the Condition Index and Variance Inflation Factor (VIF) for the Study Data, eigenvalues, condition index, and VIF for each of the predictor variables are as summarized in Table 4.

                                 Table 4. The Eigenvalues, Condition Index, and VIF for the
                                                       Predictor Variables
	Variables
	Eigenvalue
	Condition Index
	VIF

	Systolic BP
	2.2801
	1.0000
	1.1162

	Diastolic BP
	1.4360
	1.2601
	1.1710

	Age of Mother
	1.0731
	1.4577
	1.1524

	Sex of Baby
	1.0254
	1.4912
	1.0404

	Weight of Mother
	0.8593
	1.6289
	2.5988

	Mode of Delivery
	0.8261
	1.6613
	1.0570

	Gestation
	0.7640
	1.7276
	1.1721

	Parity
	0.4708
	2.2007
	1.8127

	Birth Weight
	0.2651
	2.9326
	1.9397


Having obtained the eigenvalues, as presented in Table 4, and with the maximum and minimum eigenvalues as 2.2801 and 0.2651, respectively, the Condition Number, K, using (32), is

	
Hence, using (3.33), the Condition Index becomes,



Since the value of the CI obtained (=2.93) is lesser than 10 (that is, ), the conclusion, therefore, is that there is no significant multicollinearity among the predictor variables. Alternatively, from Table 4, the values of the VIF for of each of the nine predictor variables fall between 1 and 5 (that is, 1<VIF<5). This outcome implies that there is no significant multicollinearity among the nine predictor variables.
The two statistics employed in testing the multicollinearity among the nine predictor variables confirmed that the variables are not correlated. Hence, the Study Data are good to be used in the modeling of the probability of infant survival at birth using the Logistic regression model and the Probit regression model.

3.3	Testing for Relationship between any Two Variables in the Study Data
The study used the correlation matrix to show the relationships that exists between the variables. The variables in question are Status of Infant at Birth (Dead or Alive), Systolic BP, Diastolic BP, Age of Mother, Sex of Baby, Weight of Mother, Mode of Delivery, Gestation, Parity, and Birth Weight. The computer output of the values of the correlation coefficients for any two predictor variables, as well as their associated p-Values for the test of significance are as presented in Table 5.
      Table 5. Correlation Coefficients of the Predictor Variables and their Associated p-Values in Bracket
	
	Status of Infant at Birth
	Systolic BP
	Diastolic BP
	Age of Mother
	Sex of Baby
	Weight of Mother
	Mode of Delivery
	Gestation
	Parity
	Birth Weight

	Status of Infant at Birth
	1.000
	
	
	
	
	
	
	
	
	

	Systolic BP
	-0.059
(0.407)
	1.000
	
	
	
	
	
	
	
	

	Diastolic BP
	-0.004
(0.951)
	0.200
(0.004)
	1.000
	
	
	
	
	
	
	

	Age of Mother
	0.073
(0.304)
	0.149
(0.035)
	0.096
(0.177)
	1.000
	
	
	
	
	
	

	Sex of Baby
	-0.044
(0.534)
	-0.024
(0.737)
	0.004
(0.957)
	-0.099
(0.163)
	1.000
	
	
	
	
	

	Weight of Mother
	-0.062
(0.386)
	0.053
(0.454)
	0.165
(0.019)
	0.117
(0.098)
	0.127
(0.073)
	1.000
	
	
	
	

	Mode of Delivery
	-0.454
(0.000)
	-0.049
(0.494)
	-0.075
(0.291)
	-0.082
(0.247)
	-0.007
(0.919)
	0.000
(1.000)
	1.000
	
	
	

	Gestation
	-0.084
(0.237)
	0.172
(0.015)
	0.235
(0.001)
	0.164
(0.020)
	-0.036
(0.614)
	0.073
(0.307)
	0.079
(0.264)
	1.000
	
	

	Parity
	-0.002
(0.978)
	0.062
(0.387)
	0.155
(0.028)
	0.215
(0.002)
	0.049
(0.491)
	0.669
(0.000)
	-0.056
(0.431)
	0.086
(0.224)
	1.000
	

	Birth Weight
	-0.002
(0.978)
	0.085
(0.231)
	0.023
(0.745)
	-0.018
(0.805)
	0.100
(0.161)
	0.585
(0.000)
	-0.188
(0.008)
	0.059
(0.403)
	0.406
(0.000)
	1.000




Table 5 shows the relationship that exists between any two of the quantitative variables. Based on the results, and the level of significance, , the value of the correlation coefficient, -0.454, indicates that there is a significant (p=0.000< 0.05) negative association between Status of Infant at Birth and Mode of Delivery. Also, correlation coefficient of 0.200 indicates that there is significant (p=0.004<0.05) positive association between Systolic BP and Diastolic BP; correlation coefficient of 0.149 indicates that there is a significant (p=0.035<0.05) positive association between Age of Mother and Systolic BP. The correlation coefficients of 0.172, 0.165, 0.235, 0.164, and 0.215 indicate significant (p=0.015<0.05, p=0.019<0.05, p=0.001<0.5, p=0.020<0.05, p=0.002<0.05) positive associations between Gestation and Systolic BP, Weight of Mother and Diastolic BP, Diastolic BP and Gestation, Gestation and Age of Mother, Parity and Age of Mother, respectively. Correlation coefficients of 0.669, 0.585, and 0.406 indicate significant relationships (p=0.000<0.05, p=0.000<0.05, p=0.000<0.05, respectively) positive associations between Parity and Weight of Mother, Birth Weight and Weight of Mother, Birth Weight and Parity, respectively; while a correlation coefficient of -0.188 indicates a significant (p=0.008<0.05) negative association between Birth Weight and Mode of Delivery.

3.4	Estimation of the Logistic and Probit Regression Models Parameters for the Study Data
The estimates, standard errors, Z-values, and the p-Values of the model parameters (coefficients) for the nine predictor variables in the fitting of both the Logistic and Probit regression models are presented in Tables 6 and 7, respectively.
                       Table 6. Coefficients (and Characteristics) for the Logistic Regression Model 
                                        for the Study Data
	Predictor Variable
	Coefficients

	
	Estimate
	Std. Error
	Z-value
	Pr(>|Z|)

	Intercept
	9.838
	5.055
	1.946
	0.052

	Systolic BP
	-0.033
	0.026
	-1.254
	0.210

	Diastolic BP
	0.003
	0.016
	0.205
	0.837

	Age of Mother
	0.061
	0.041
	1.506
	0.132

	Sex of Baby
	0.175
	0.435
	0.403
	0.687

	Weight of Mother
	-0.116
	0.057
	-2.049
	0.040

	Mode of Delivery
	2.152
	0.444
	4.845
	0.000

	Gestation
	-0.091
	0.091
	-0.992
	0.321

	Parity
	-0.028
	0.264
	-0.107
	0.915

	Birth Weight
	1.530
	0.515
	2.968
	0.003



                        Table 7. Coefficients (and Characteristics) for the Probit Regression Model 
                                         for the Study Data
	Predictor
Variable
	Coefficients

	
	Estimate
	Std. Error
	Z-value
	Pr(>|Z|)

	Intercept
	5.462
	2.790
	1.958
	0.050

	Systolic BP
	-0.019
	0.015
	-1.301
	0.193

	Diastolic BP
	0.001
	0.009
	0.143
	0.886

	Age of Mother
	0.037
	0.022
	1.643
	0.100

	Sex of Baby
	0.081
	0.242
	0.336
	0.737

	Weight of Mother
	-0.062
	0.031
	-1.989
	0.042

	Mode of Delivery
	1.214
	0.242
	5.024
	0.000

	Gestation
	-0.055
	0.050
	-1.117
	0.264

	Parity
	-0.026
	0.146
	-0.175
	0.861

	Birth Weight
	0.863
	0.278
	3.103
	0.002



3.4.1 The fitted Logistic and Probit regression models for the study data
With the estimates of the parameters for each of the nine independent variables – Systolic BP, Diastolic BP, Age of Mother, Sex of Baby, Weight of Mother, Mode of Delivery, Gestation, Parity, and Birth Weight – so obtained for both the Logistic and Probit regression models, presented in Tables 6 and 7, respectively; the fitted Logistic Regression Model for the Study Data is hereby stated as,


And the fitted Probit Regression Model for the study data is hereby stated as,


3.4.2 Testing for goodness-of-fit of the fitted Logistic and Probit regression models for the study data
The null and alternative hypotheses;

(either of the fitted models is not of good fit to the Study Data)

(either of the fitted models is of good fit to the Study Data)

are tested at the level of significance, = 5% ().
The likelihood ratio tests for both the Logistic and Probit Regression Models are jointly computed with the aid of the RStudio Software, and the output is as displayed;

[bookmark: use-null-model-for-comparison]Use null model for comparison
logit_null<-glm(Delivery_status~1, data = data, family =binomial("logit"))
probit_null<-glm(Delivery_status~1, data = data, family =binomial("probit"))
cat("Likelihood Ratio Test - Logit Model:\n")
## Likelihood Ratio Test - Logit Model:
anova(logit_null, logit_model, test ="Chisq")
## Analysis of Deviance Table
## 
## Model 1: Delivery_status ~ 1
## Model 2: Delivery_status ~ Systolic + Diastolic + Mother_age + Sex_of_Baby + 
##     Weight_of_Mother + Type_of_Delivery + Week_Gestation + Parity + 
##     Birth_Weight
##   Resid. DfResid. DevDfDeviance  Pr(>Chi)    
## 1       199     197.36                          
## 2       190     144.08  9   53.273 2.595e-08 ***
## ---
## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1
cat("\nLikelihood Ratio Test - Probit Model:\n")
## 
## Likelihood Ratio Test - Probit Model:
anova(probit_null, probit_model, test ="Chisq")
## Analysis of Deviance Table
## 
## Model 1: Delivery_status ~ 1
## Model 2: Delivery_status ~ Systolic + Diastolic + Mother_age + Sex_of_Baby + 
##     Weight_of_Mother + Type_of_Delivery + Week_Gestation + Parity + 
##     Birth_Weight
##   Resid. DfResid. DevDfDeviance  Pr(>Chi)    
## 1       199     197.36                          
## 2       190     144.30  9   53.059 2.849e-08 ***
## ---
## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1

Thus, the values of the test statistic for this goodness of fit test, by employing (35), are obtained as, 
For the Logistic regression model: G = 53.273 (equivalently, a p-Value of 2.595e-08)
For the Logistic regression model: G = 53.059 (equivalently, a p-Value of 2.849e-08)

Given the p-Values of 2.595e-08 and 2.849e-08; which are both less than the value of the level of significance, = 0.05, the null hypotheses for both the Logistic and Probit regression models are, therefore, rejected. Thus, the implication is that both the Logistic and Probit regression models are each of good fit to the Study Data).

3.4.3 Testing for significance of the Logistic and Probit regression models parameters for the study data
Applying the procedure for the Wald test for testing the significance of each of the fitted Logistic and Probit regression models parameters; the null and alternative hypotheses:





are tested at the level of significance, = 5% ().
And using (36), with the aid of the RStudio program, the p-Values obtained for each of the nine predictor variables are as presented in Column 5 of Tables 6 and 7, respectively.
Table 6 indicates that three explanatory variables (Weight of Mother, Mode of Delivery, and Birth Weight) were significant to the response variable (Status of Infant at Birth; Dead or Alive) as their respective p-Values (p= 0.040, 0.000, and 0.003) are lesser than 0.05. This means that Weight of Mother, Mode of Delivery, and Birth Weight are associated with Status of Infant at Birth with respect to the Logistic regression model.
Similarly, Table 7 indicates that three explanatory variables (Weight of Mother, Mode of Delivery, and Birth Weight) were significant to the response variable (Status of Infant at Birth; Dead or Alive) as their respective p-Values (p= 0.042, 0.000, and 0.002) are lesser than 0.05. This means that Weight of Mother, Mode of Delivery, and Birth Weight are associated with Status of Infant at Birth with respect to the Probit regression model.

4	CONCLUSION
This study was aimed at modeling the probability of infant survival at birth using the Logistic and Probit Regression Models. In order to model infant survival at birth, the data on live deliveries from May 2023 to December 2023 from the Federal Government of Nigeria Model Primary Healthcare Center located at Isu-Njaba Town in Isu L.G.A. of Imo State were collected; where the variables included Status of Infant at Birth (as the dependent variable) and Systolic BP, Diastolic BP, Age of Mother, Sex of Baby, Weight of Mother, Mode of Delivery, Gestation, Parity, and Birth Weight (as the independent variables).
[bookmark: _Hlk227626172]The test for relationship between any two of the variables used in this study showed that there were negative significant associations between Status of Infant at Birth and Mode of Delivery, and Birth Weight and Mode of Delivery; while there were positive significant associations between Systolic BP and Diastolic BP, Age of Mother and Systolic BP, Gestation and Systolic BP, Gestation and Age of Mother, Diastolic BP and Weight of Mother, Parity and Age of Mother, Parity and Weight of Mother, Parity and Diastolic BP, Birth Weight and Weight of Mother, and Birth Weight and Parity.
The goodness-of-fit test carried out, using likelihood ratio test, showed that both the fitted Logistic and Probit Regression Models were of good fit to the Study Data. Also, in both the fitted Logistic and Probit regression models on the Study Data, three explanatory variables (Weight of Mother, Mode of Delivery and Birth Weight) were significantly related to the response variable (Status of Infant at Birth; Dead or Alive) at 0.05 level of significance; which means that Weight of Mother, Mode of Delivery and Birth Weight are associated with Infant Survival at Birth.
Finally, the study concluded that Infant Survival at Birth is influenced by Weight of Mother, Mode of Delivery and Birth Weight. Also, the Akaike Information Criteria (AIC) – which was used for the models’ comparison criteria – showed that both the fitted Logistic and Probit regression models were relatively the same; with AIC values of 164.0844 and 164.2984, respectively.
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