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Assessing Infant Mortality in Nigeria using Artificial
Neural Network and Logistic Regression Models

ABSTRACT

Aims: To examine the suitability of Artificial Neural Network (ANN) in predicting infant
mortality and compare its performance with Logistic Regression (LR) model.

Study design: A cross-sectional population based study was conducted. The 2013 Nigeria
Demographic Health Survey (NDHS) data were used.

Place and Duration of Study: The study was conducted in Nigeria and the fieldwork was
carried out from February 15, 2013, to May 31, 2013.

Methodology: Data were partitioned into training and testing sets with ratio 7:3. Logistic and
ANN models were fitted on the training set and were validated using the testing sample.
Akaike Information Criterion (AIC) and Area under curve (AUC) were used as criteria for
comparing the two models. The discriminative ability was measured using sensitivity and
specificity. Variable importance analysis was also conducted to determine the magnitude of
contribution of each predictor to the outcome.

Results: The sensitivity of the classification model was 67% and 76% for the LR and the
ANN models respectively. Specificity of the prediction was 94% for the two models. Overall
accuracy was approximately 81% and 83% for LR and ANN respectively. The AIC values
were 9462 and 9614 for ANN model and LR model respectively. Area under curve was
0.621 and 0.637 for the LR model and the ANN model respectively. The variable importance
analysis showed that preceding birth interval less than 24 months and not receiving tetanus
toxoid injection during pregnancy had the highest positive contribution to infant mortality.
Conclusion: The artificial neural network model had a higher sensitivity than the logistic
regression model. Preceding birth interval of less than 24 months and non-reception of
tetanus toxoid injection by mothers’ during pregnancy were important predictors of infant
mortality in Nigeria.

Keywords: Model comparison, Classification models, Variable importance analysis, Infant
mortality.

1. INTRODUCTION

The most frequently used models in clinical and public health risk estimation are logistic
regression and artificial neural network [1]. Over time, medical researchers have
conventionally used the logistic regression simply because of the dichotomous nature of
study outcome variables.

Logistic regression is a class of generalised linear model and a type of regression model
used when the outcome variable is qualitative and has binary indicators. In the current study,
the outcome event is infant mortality i.e. the proportion of a cohort of children born in the last
five years who had died before their first birthday. The relationship between the independent
variables such as socio-demographic, environmental, health facility related and child
characteristics can be represented by a logistic regression model of the form;

v=0y + 0%, +B.X; +B:X. + .-+ f_%X_ where y is the response variable (infant mortality) with a
status 1 if the child died before reaching one year and 0 if otherwise. The expected value of
y is the probability that y=1 which makes the range of y to be limited between 0 through 1.
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Logit link function is therefore used to transform the output of a linear regression to present it
in form of a probability. Therefore y is expressed as logit (p) where p is the probability of
dying before age one year. The logit transformation is written as the log odds:

logit(p) =logodds =log L.L—;-] = B, +5X, +68,X%, +0.X .+ -+ 5. X_.

Artificial neural networks (ANN) on the other hand are algorithms used to; perform non-linear
statistical modelling and provide a new alternative to logistic regression [2].These algorithms
are used to estimate unknown functions that can depend on a large number of inputs. The
network is divided into layers namely; the input layer, the hidden layer and the output layer.
The hidden nodes in artificial neural networks allow the model to detect complex
relationships present between the input variables and infant mortality. In fact, a special ANN
with no hidden node has been made known to be identical to a logistic regression model [3].
The ANN produces a variable importance analysis chart that illustrates the contribution of
each variable to infant survival status. Artificial neural networks are used as a black box
model: a certain number of inputs produce a desired output, the model achieves this result
through a self-organizing process which involved: multiplication, summation and activation.
At the input level, the inputs are weighted i.e. every input value is multiplied with an
individual weight. In the middle section the sum of all weighted inputs and bias is computed.
At the final stage, the sum of the previously weighted inputs and bias is passed through a
transfer function. Artificial neural network models work in two phases; the Learning phase
and the Evaluation phase. In the learning phase, the ANN adapt to the internal parameters.

This study used the artificial neural network with feed-forward topology which has only one
condition: information must flow from input to output in only one direction with no back-loops.
This network has no limitations neither on number of layers nor the type of transfer function
used in individual artificial neuron nor the number of connections between the individual
artificial neurons. Successful applications of artificial neural network to predict medical
outcomes have been achieved in the past [4-6]. ANN has also been used to predict mortality
risk in preterm infants [7].

Studies which compared the model accuracy of ANN and GLM in terms of model accuracy
showed that ANN performed better than the GLM [5,8-10]. Green et al [11] applied the
logistic regression and the artificial neural network to predict acute coronary syndrome in
electrocardiogram (ECG) data. The finding from this study showed ANN model was at
advantage when the effective odds ratios from the ANN model were compared with the odds
ratios obtained from the logistic regression model.

A comparison of ANN and logistic regression was conducted on lung cancer data in Turkey
[12] using Area Under the Curve (AUC), sensitivity and specificity criteria. The ANN
outperforms logistic regression for all criteria. The ANN also outshines the logistic regression
model in terms of performance when the two were applied in predicting mortality among
critical care patients. In the prediction of pregnancy using In Vitro Fertilisation (IVF)
treatment, logistic regression turned out to be suitable for theoretical interest while ANN was
more useful in clinical prediction [13]. However, some research findings have also revealed
that both the logistic regression model and the ANN model are capable of achieving
accurate results [14-16].

Nigeria is a country with a large population of young people and infant mortality is still an
issue of major public health concern. In Nigeria, the infant mortality rate is 68 per 1,000 live
birth and the country losses about 2,300 under-five years old children on daily basis [17-19].
A quarter of the deaths among under-five children is accounted for by the death of new-
borns which occur mostly within the first week of life [20]. This input makes Nigeria the
second largest contributor to the under—five and maternal mortality rate in the world.

2



81
82
83
84
85
86
87
88
89
90
91
92
93
94
95
96
97
98
99
100
101
102
103
104
105
106
107
108
109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132

Despite wide coverage of the data analyses and research evidence on infant mortality in
Nigeria and some parts of Africa. Most studies either used logistic regression or Cox-
proportional hazard model [21-26] with very few using ANN model. Also information on the
comparison of the performance of logistic regression and ANN is still a grey area for
research in Nigeria. Therefore, this study compares the performance of ANN and logistic
regression in predicting infant mortality in Nigeria. It also applies ANN to infant mortality to
check whether the efficient predictive ability of ANN will be maintained in mortality data and
to test its ability to detect new factors.

2. METHODOLOGY

2.1 DATA SOURCE

The data used was extracted from the child recode dataset of the Nigeria Demographic
Health Survey (NDHS 2013); the dataset was cleaned and variables were recoded to suit
the study (27). The NDHS was a cross-sectional population based study design.The 2013
NDHS sample was nationally representative and covers the entire population residing in
non-institutional dwelling units in the country. Data on birth history were collected from
women of reproductive age. Specifically, background information about the under-five
children were obtained through verbal reporting by their mothers. In addition, measurements
were made where possible to get information on nutritional status of the children.

2.2 STUDY POPULATION
The target population were children less than 12 months old i.e. infants.
2.3 STUDY VARIABLES

2.3.1 OQutcome Variable

The main outcome variable was infant mortality (this was obtained from the survival status of
the children from age 0 to 11 months). Each death case was coded as 1 and each non-death
(living) case was coded as 0.

2.3.2 Explanatory Variables

The choice of the explanatory variables was based on previous studies on factors
influencing infant mortality [17,19-22,28-32]
Maternal factors

Age at birth

Educational level

Marital status

Birth interval

Desire for the pregnancy

Wealth index

Child factors

Sex

Size at birth

Birth order

Environmental/Health related factors
Region

Religion
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Place of residence

ANC attendance

Tetanus toxoid injection

Place of delivery

Delivery by caesarean section
Delivery assistance

Source of drinking water

Type of toilet facility
Availability of electricity

AKAIKE INFORMATION CRITERION (AIC)

AIC is a penalized-likelihood criterion which is used for choosing best predictor
subsets in regression and often used for comparing non nested models, which
ordinary statistical tests cannot do. AIC is an estimate of a relative distance between
the unknown true likelihood function of the data and the fitted likelihood function of
the model, so that a lower AIC means the model is nearer to the truth. AIC for a
model is usually illustrated as [-2logl + kp], where | is the likelihood function, p is the
number of parameters in the model, and k= 2.

RECEIVER OPERATING CHARACTERISTIC

The receiver operating characteristic is mainly used in radiological researches to
illustrate the diagnostic accuracy of imaging examinations. The observer's
prediction in each case is plotted against the true condition of the case to detect
misclassification of cases. One criterion to assess the quality of a classification
model is discrimination. The discriminative ability of the logistic regression model
and the artificial neural network model was likened using the Receiver's Operating
Characteristics (ROC) curve. This is usually plotted as true positive (TP) versus
false positive (FP). The ROC curve is an indication of an observer’s degree of
diagnostic certainty. The area under this curve is commonly used as a global
indicator of diagnostic performance.

24 DATA ANALYSIS

Descriptive statistics (proportion for categorical variables) for all independent variables were
obtained. A chi-square test was performed to investigate the relationship between the
outcome variable (infant mortality) and the independent variables. The dataset was further
partitioned into training and testing samples where 70% of the dataset was attributed to
training set and the remaining 30% to the testing set [33]. Thereafter the multivariate logistic
regression was conducted on the training set using the forward selection method of model
building. The significant variables from the chi-square test were added to the model based
on the magnitude of their xz—statistic. The Hosmer Lemeshow goodness-of-fit test was
performed to determine the adequacy of the logistic regression model.

The artificial neural network model was also built on the training sample. The sigmoid
activation function with a cross entropy error function was utilised. Both models were
validated using the testing dataset. The variable importance analysis from the artificial neural
network illustrated the contribution of each predictor on infant mortality. The results from the
logistic and the ANN models were compared in terms of predictive and discriminative ability
using the Akaike Information Criterion, Sensitivity, Specificity and the Area Under the curve
(AUC).
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The data was cleaned and weighted using SPSS version 20 and was then exported to the R
statistical software which was used to fit the logistic regression and the ANN models. The
neuralnet package was installed on the R software to help in building the neural network
model on the training set.

3. RESULTS
3.1 BACKGROUND CHARACTERISTICS OF INFANTS

Two-third of the infants (67.1%) were from the rural areas and a large proportion (73.5%)
was born to mothers between the ages of 20 to 35 years. The mean maternal age at birth
was 27.5 years (SD=6.9years) with almost half (46.9%) having no formal education. Islam
was the religion practised by most (58.6%) of the mothers and a higher proportion (95.3%) of
the mothers were currently married.

Only 8.8% of the mothers did not desire their pregnancy when they became pregnant.
Three-quarter of the mothers did not receive tetanus toxoid injection during their pregnancy
and 79.0% of mothers never attended antenatal care. Only one-third (36.6%) of the
mothers gave birth in a health facility while others gave birth at home (62.4%) or places
other than a health facility. Majority (86.5%) of the mothers received no assistance from any
health professional or community health worker at time of delivery.

Very few (2.1%) of the infants were delivered by caesarean section compared to normal

delivery (96.9%). About 4 out of 10 (43.2%) of the live-births were of large size at birth and
only 14.3% were small in size at the time of birth.

Table 1. Percentage distribution of infants according to selected background characteristics

Background characteristics %(n=31482)
Region

North Central 14.7
North East 20.7
North West 31.5
South East 8.9
South South 11.9
South West 12.3
Residence

Rural 67.1
Urban 32.9
Religion

Christianity 40.2
Islam 58.3
Traditionalists and others 1.0
Maternal education

No education 46.9
Primary education 20.4
Secondary or Higher 32.7
Maternal age

<20 12.2




211
212

20-35

>35

Marital status
Currently or formerly in a union
Never in a union

Sex of child

Male

Female

Size at birth

Small

Average

Large

Place of delivery
Home

Health facility

Delivered by caesarean section
Yes

No

No delivery assistance
Yes

No

Birth order

1

2o0r3

>3

Preceding birth interval
First births

< 24months

>24 months

Unwanted pregnancy
Yes

No

No antenatal attendance
Yes

No

Did not receive tetanus toxoid injection
Yes

No

Wealth index

Poor

Middle

Rich

Source of water
Improved

Unimproved

Type of toilet facility
Improved

Unimproved

Electricity

Yes

No

73.5
14.3

95.3
4.7

49.3
50.7

14.6
40.3
43.2

62.4
36.6

96.9
21

86.5
12.1

194
32.0
48.6

19.6
21.2
59.2

90.1
8.8

79.0
21.0

75.2
24.8

45.9
19.9
34.1

57.9
42.1

48.2
51.8

53.7
46.3

3.2 FACTORS AFFECTING INFANT MORTALITY
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3.2.1 Multivariate Logistic regression model

A multivariate logistic regression analysis was conducted to determine the factors affecting
infant mortality. The model fit was tested with Hosmer Lemeshow-statistic=2.654 (P=0.954).
A male infant had about 26% (OR= 1.26; 95% CI: 1.13, 1.41) increased risk of experiencing
infant mortality compared to a female infant. Infants born to mothers with no formal
education are 32% (OR= 1.32; 95% CI: 1.07, 1.62) at higher risk of experiencing infant
mortality than those whose mothers had a secondary or tertiary education. Similarly,
mothers with primary education were 28% (OR= 1.28; 95% CI: 1.06, 1.53) at higher risk of
losing their babies than mothers who had a secondary or tertiary education.

There was approximately 29% (OR=1.29; 95% CI: 1.06, 1.56) higher risk in infant mortality
among infants born to mothers who are less than 20 years of age compared to mothers that
are between the ages of 20 and 35 years. Similarly, about 23% (OR=1.23; 95% CI: 1.04,
1.45) increased risk in infant mortality was experienced by infants whose mothers are above
35 years of age compared to those with mothers between the ages of 20 and 35 years.
Infants from the rural areas were more likely to experience infant mortality than those from
the urban areas (OR=1.27; 95% CI: 1.07, 1.50).

Infants with small size at birth were (OR=1.93; 95% CI: 1.65, 2.25) more likely to die at
infancy compared to babies with large birth size. Likewise, those with average size were
(OR=1.21; 95% CI: 1.06, 1.38) more likely to experience infant mortality compared to large
size babies. Mothers that did not receive tetanus toxoid injection during pregnancy had an
11% (OR=1.11; 95% CI: 0.97, 1.26) increase in risk of losing their babies compared with the
mothers that received tetanus toxoid injection during their pregnancy (Table 2).

Table 2. Multivariate logistic regression analysis of factors affecting infant mortality

Explanatory variables OR 95% CI p-value
Lower bound  Upper bound

Region

North Central 0.87 0.675 1.11 0.519

North East 1.02 0.795 1.32 0.917

North West 1.22 0.940 1.59 0.032

South East 1.12 0.859 1.46 0.037

South 0.74 0.562 0.97 0.022

South West®

Residence

Rural 1.27 1.074 1.50 0.001

Urban®

Religion

Islam®

Christianity 1.19 0.987 1.44 0.068

Traditionalists and others 1.25 0.720 2.02 0.994

Maternal education

No education 1.32 1.072 1.62 0.002

Primary education 1.28 1.063 1.53 0.003

Secondary or Higher®




Maternal age

<20

20-35°

>35

Marital status
Currently in a union®
Formerly or Never in a union
Sex of child

Male

Female®

Size at birth

Small

Average

Large®

Place of delivery
Home

Health facility®

Delivered by caesarean section

Yes
No®

No delivery assistance
Yes

No®

Preceding birth interval
First births

< 24months

>24 months®

No antenatal attendance

Yes
No®

No tetanus toxoid injection
received

Yes

No®

Wealth index

Poor

Middle

Rich®

Source of water
Improved®
Unimproved

Type of toilet facility
Improved®

1.29

1.23

1.40

1.26

1.93
1.21

1.06

1.56

0.91

1.25
1.16

0.59

1.11

1.12
1.04

1.01

1.059

1.042

1.087

1.125

1.652
1.062

0.903

1.063

0.759

1.012
1.040

0.498

0.969

0.883
0.852

0.89

1.56

1.45

1.78

1.41

2.25
1.38

1.24

2.21

1.09

1.37
1.34

0.68

1.26

1.41
1.28

1.15

0.001

0.031

0.001

<0.001

<0.001
0.003

0.189

0.002

0.362

0.034
0.003

<0.001

0.353

0.310
0.546

0.641
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241
242
243
244
245
246
247
248
249

250
251

252

253
254

255
256
257

Unimproved 1.08 0.95 1.23 0.068
No electricity

Yes 1.06 0.91 1.25 0.540
No®

® Reference category

3.2.2 Variable Importance Analysis

The result of the ANN showed that the preceding birth interval of an infant had the largest
contribution to whether the infant will experience infant mortality or not. The type of toilet
facility in the household was the predictor with the lowest contribution to infant relative to all
other factors. The size of the child at birth also contributed to the probability of an infant
dying at the stage of infancy. Figure 1 below shows the factors according to their
contribution to infant mortality.

Normalized Importance

Toilet 24 6%
Mo antenatal care 28.9%
Water 29.8%
delivery place 31.5%
No electricity 33.6%
Religion 36.3%
No delivery assistance 37.8%
marital status 38.7%
child's sex 43.1%
caeserean 48.9%
Residence 50.3%
Maternal age at birth 51.6%
Mother's Education 52 8%
Region 53.2%
Mo tetanus toxocide 53.9%
Wealth index 61.7%
child birth size 95.0%

Preceding birth interval 00 0%

Figure 1: Percentage contribution of each factor to infant mortality

Sensitivity

00 02 04 08 08 10
Sensitivity

00 02 04 06 08 10

T T T T T T T T T T T T
170 08 06 04 02 00 10 08 06 04 02 00

Specificity Specificity

Figure 2: ROC curve from logistic regression model (left) and neural network model (right)

The logistic regression model and the artificial neural network model were compared using
the ROC curve by examining the area under the curve. The area under the curve was 0.646
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and 0.637 for the logistic regression model and the artificial neural network respectively.
Figure 2 shows the ROC curve from both models. Table 3 shows the performance of ANN
and LR in predicting infant mortality. The sensitivity of the classification model was 67% and
76% for the logistic regression model and the artificial neural network respectively.
Specificity of the prediction was 94% for both the logistic regression and the artificial neural
network model. The AIC values were 9462 and 9614 for the neural network model and the
logistic regression model respectively.

Table 3. Comparison of ANN and LR models
Performance indices ANN LR
Accuracy 83% 81%
Specificity 94% 94%
Sensitivity 76% 67%
AlC 9462 9614
AUC 0.637 0.622

3.3 TOPOLOGY OF THE ARTIFICIAL NEURAL NETWORK MODEL

The ANN applied was a feed-forward backpropagation; multi-layer perceptron (MLP) neural
network with three layers which includes the input, the hidden and the output layers. The
neural network model was trained using 1, 10, 20, 22 and 24 neurons in the hidden layer.
The error of the network models were 4772, 4270, 4008, 3989 and 3989 for 1, 10, 20, 22
and 24 hidden neurons respectively (Table 4). The error reduced up to the model with 22
hidden neurons and there was no effect of adding more neurons on the error.

Table 4. Error across number of hidden neurons
Number of hidden neurons in the model  Error

1 4772

10 4270

20 4008

22 3989

24 3989

4. DISCUSSION

The discriminative ability of a classification model can be assessed using the sensitivity and
the specificity of the prediction. In this study, the results of logistic regression model were
compared with those of ANN model in prediction of infant mortality through ROC curve.
Research findings revealed that ANN model had better predictive ability than that of logistic
regression model. Moreover, ANN model possessed a higher sensitivity than the logistic
regression. Many studies have been conducted on the application of ANN for analysing data,
and most of them have evaluated the results of the model to be favourable [4,5].

The Atrtificial neural network also had a higher overall accuracy than the logistic regression
model. The overall accuracy was measured as percentage of correct predictions out of total
predictions. This higher accuracy is in line with what was discovered in other researches
conducted on comparison of artificial neural network and logistic regression models [6,34].
In fact, neural networks are mostly condemned as ‘black-boxes’ that gives little or no
perception about the causative relationships among variables. Olden and Jackson [35] has
addressed this criticism and several approaches have since been developed to ‘illuminate
the black-box’. Though, the ANN does not give the odds ratio of predictors but it was able to

10
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illustrate the contribution of each factor to risk of infant mortality from the variable importance
analysis.

The variance importance analysis was developed by Olden and Jackson [35] to show the
magnitude of contribution of each predictor on the outcome. This analysis was able to detect
that preceding birth interval of less than 24 months has the largest contribution to infant
mortality. Previous studies have also shown that birth interval greater than 24 months
reduces the risk of infant mortality [36-39]. Furthermore, non-reception of tetanus toxoid
injection by mothers’ during pregnancy achieved significance using ANN but not with LR.
However, previous studies using Cox regression did not also identify non-reception of
tetanus toxoid has a significant factor [29].

ANN had a lower Akaike Information Criterion indicating that ANN model fits the data more
than the LR model. This lower AIC can be associated with the hidden layer present in the
artificial network model as reported by Rojas [33] that a neural network model without an
hidden layer is similar to the logistic regression model. The model with 22 hidden neurons
was suitable enough to minimize the error of the model.

5. CONCLUSION

Artificial neural network outperformed the logistic regression in terms of accuracy and
discriminative ability. Both models (ANN and LR) performed efficiently in their unique way
but the artificial neural network was able to detect more true positives than the logistic
regression model. The ANN minimizes the error as the number of neurons in the hidden
layer increases.

Less than 24 months gap between an infant and the preceding child and non-reception of
tetanus toxoid injection by mothers’ during pregnancy were important predictors of infant
mortality in Nigeria.

ETHICAL ISSUES

Authorisation for data usage was sought from the Micro International USA before the data
was extracted from their web platform. Informed consent from the study participants was
pursued by the data initiators before commencement of the interview after a detailed
description of all issues related to the study was addressed. Eligible respondents who did
not agree to take part in the study were excluded from the survey. Each consenting
participants was made to sign appropriate agreement form before the start of the interview.

ACKNOWLEDGEMENT

We express our gratitude to the National Population Commission, Abuja, Nigeria and other
partners involved in the NDHS.

11



338
339
340
341
342
343
344
345
346
347
348
349
350
351
352
353
354
355
356
357
358
359
360
361
362
363
364
365
366
367
368
369
370
371
372
373
374
375
376
377
378
379
380
381
382
383
384
385
386
387
388
389
390

REFERENCES

1.

10.

11.

13.

14.

Ayer T, Jagpreet C, Alagoz O. Informatics in radiology: comparison of logistic regression
and artificial neural network models in breast cancer risk estimation. Radiographics: a
review publication of the radiological society of North America, inc. 2010;30(1):13-22.

Tu JV. Advantages and disadvantages of using artificial neural networks versus logistic
regression for predicting medical outcomes. Journal of Clin. Epid. 1996;49(11):1225—
1231.

Spackman KA. Maximum likelihood training of connectionist models: comparison with
least squares back-propagation and logistic regression. In: Proceedings of the Fifteenth
Annual Symposium on Computer Applications in Medical Care. Washington, DC:
McGraw-Hill, 1991; 285-289.

Gismondi RC, Almeida RMVR, Infantosi AFC. Artificial neural networks for infant
mortality modelling. Computer methods and programs in biomedicine. 2002;69(3):237—
247,

Parsaeian M, Mohammad K, Mahmoudi M, Zeraati H. Comparison of logistic regression
and artificial neural network in low back pain prediction: Second national health survey.
Iranian Journal of Public Health. 2012;41(6):86-92.

Shi L, Wang XC, Wang YS. Artificial neural network models for predicting 1-year
mortality in elderly patients with intertrochanteric fractures in China. Brazilian journal of
medical and biological research. 2013;46(11):993—-999.

Zernikow B, Holtmanspoetter ME, Pielemeier W, Hornschuh F, Westermann A,
Hennecke KH. Artificial neural network for risk assessment in preterm neonates.
Archives of disease in childhood. Fetal and neonatal edition. 1998;79(2):f129-f134

Chukwu AU, Adepoju KA. On the power efficiency of artificial neural network (ANN) and
the classical regression model. Progress in applied mathematics. 2012;3(2):28-34.

Anyaeche CO, Ighravwe DE. Predicting performance measures using regression and
neural network : A comparison. African Journal of Engineering Research. 2013;1(3):84—
89.

Dreiseitl S, Ohno-Machado L. Logistic regression and artificial neural network
classification models: a methodology review. Journal of Biomedical Informatics.
2002;35(5-6):352—-359.

Green M, Bjork J, Forberg J, Ekelund U, Edenbrandt L, Ohlsson M. Comparison
between neural networks and multiple logistic regression to predict acute coronary
syndrome in the emergency room. Atrtificial Intelligence in Medicine. 2006;38(3):305-
318.

Oner Y, Tunc T, Egrioglu E, Atasoy Y. Comparisons of Logistic Regression and Artificial
Neural Networks in Lung Cancer Data. American Journal of Intelligent Systems.
2013;3(2):71-74.

Milewski R, Milewska JA, Wieska T, Morgan A. Comparison of Artificial Neural Networks
12



391
392
393
394
395
396
397
398
399
400
401
402
403
404
405
406
407
408
409
410
411
412
413
414
415
416
417
418
419
420
421
422
423
424
425
426
427
428
429
430
431
432
433
434
435
436
437
438
439
440
441
442
443

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

24,

25.

26.

27.

and Logistic Regression Analysis in Pregnancy Prediction Using the In Vitro Fertilization
Treatment. Studies in Logic, Grammar and Rhetoric. 2013;35(1):39-48.

Kayri M, and Cokluk O. Data Optimization with Multilayer Perceptron Neural network and
Using New Pattern in Decision Tree comparatively. J Comput. Sci. 2010;6:606-612

Jaimes F, Farbiarz J, Alvarez D, Martinez C. Comparison between logistic regression
and neural networks to predict death in patients with suspected sepsis in the emergency
room. Critical care (London, England). 2005;9(2):R150—-R156.

Song JH, Venkatesh SS, Conant EA, Arger PH, Segal CM. Comparative analysis of
logistic regression and artificial neural network for computer-aided diagnosis of breast
masses. Academic radiology. 2005;12(4):487-495.

Muluye S, Wencheko E. Determinants of infant mortality in Ethiopia: A study based on
the 2005 EDHS data. Ethiopian Journal of Health Development. 2012;26(2):72-77.

Negera A , Albeti G, Bogale T, Gebreselassie T, Roger P. An Analysis of the Trends
,Differentials and Key Proximate Determinants of Infant and Under-Five Mortality in
Ethiopia, Further analysis of the 2000, 2005 and 2011 Demographic and Health Surveys
data. DHS Further Analysis Reports No.79.Calverton,Maryland,USA:ICF International.
2013

Mesike, G.C. and Mojekwu, N.J., 2012. Environmental Determinants of Child Mortality in
Nigeria. Journal of Sustainable Development. 2012;5(1):65-75.

National Population Commission. Federal Republic of Nigeria: final report on Nigeria
Demographic and Health Survey Calverton, MD, USA: ORC Macro. 2013.

UNICEFLevels and trends in child mortality. Available at: http://www.who.int
/maternal_child_adolescent/documents/levels_ Assessed on February 2015.

UNICEF, 2015. Trends in child mortality,Available at: http://www.unicef.org/
maternal_child_ adolescent/documents/trends_. Assessed on October 2015

Ezeh OK, Agho KE, Dibley MJ, Hall JJ, Page N A. Risk factors for postneonatal, infant,
child and under-5 mortality in Nigeria: a pooled cross-sectional analysis. BMJ Open,
2015;5(3):e006779—e. Available at: http://bmjopen.bmj.com/cgi/doi/10.1136/bmjopen-
2014-006779.

Mondal NI, Hossain K, Ali K. Factors Influencing Infant and Child Mortality: A Case
Study of Rajshahi District , Bangladesh. Journal of Human Ecology. 2009;26(1):31-39.

Adeyele IT, Ofoegbu DI. Infant and Child Mortality in Nigeria: An Impact Analysis.
International Journal of Economics Practices and Theories, 2013;3(2):122-132.

Ajaero CK, Owoh, OL. The Pattern And Determinants Of Infant Mortality In Rural Nigeria
Innovare Journal of Social Sciences. 2013;1(1):10-14

Fayehun O. Household environmental health hazards and child survival in

Sub-Saharan Africa. DHS Working Papers No 74. Calverton, Maryland, USA:
ICF Macro; 2010.

13


http://bmjopen.bmj.com/cgi/doi/10.1136/bmjopen-2014-006779
http://bmjopen.bmj.com/cgi/doi/10.1136/bmjopen-2014-006779

444
445
446
447
448
449
450
451
452
453
454
455
456
457
458
459
460
461
462
463
464
465
466
467
468
469
470
471
472
473
474
475
476
477
478
479
480
481
482
483
484
485
486
487
488
489
490

28.

29.

30.

31.

32.

32.

33.

34.

35.

36.

37.

38.

Adetunji JA. Infant mortality in Nigeria: effects of place of birth, mother’s education and
region of residence. Journal of biosocial science. 1994;26(4):469-477.

Akinyemi JO, Bamgboye EA, Ayeni O. Trends in neonatal mortality in Nigeria and
effects of bio-demographic and maternal characteristics. BMC pediatrics. 2015;15.

Chowdhury Q, Islam R, Hossain K. Socio-economic determinants of neonatal, post
neonatal, infant and child mortality. International Journal of Sociology and Anthropology,
2010;2(6):118-125.

Ezeh OK, Agho KE, Dibley MJ, Hall JJ, Page NA. Determinants of neonatal mortality in
Nigeria: evidence from the 2008 demographic and health survey. BMC public health.
2014;14(1):521. Available at: http://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=
4049428&tool=pmcentrez&rendertype=abstract.

Mekonnen D. Infant and Child Mortality in Ethiopia. Masters thesis spring 2011.

Rojas R. Neural Networks: A Systematic Introduction, Springer, ISBN 3-540-60505-3,
Germany. 1996

Akl A, Ghoneim, MA. Forcasting the Clinical Outcome : Artificial Neural Networks or
Multivariate  Statistical Models? Suzuki, ed., InTech. 2011. Available at:
http://www.intechopen.com/books/artificial-neural-networks-methodological-advances-
and-biomedicalapplications/forcasting-the-clinical-outcome-artificial-neural-networks-or
multivariate-statistical-models-.

Olden JD, Jackson DA. llluminating the “black box™: a randomization approach for
understanding variable contributions in artificial neuronal networks. Ecological Modelling.
2002;154:135-150.

Rutstein SO. Further Evidence of the Effects of Preceding Birth Intervals on Neonatal,
Infant, and Under-Five-Years Mortality and Nutritional Status in Developing Countries:
Evidence from the Demographic and Health Surveys. Demographic and Health
Research Division, Macro International Inc.11785 Beltsville Drive, Calverton, MD 20705.
2008

Rutstein S, Mohamed A, Ruilin R, Hong R.. Changing Health Conditions and the Decline
of Infant and Child Mortality in Benin: Further Analysis of the Benin Demographic and
Health Surveys Data. Calverton, Maryland, USA: ORC Macro. 2009

Saha UV, Van Soest A. Does Family Planning Reduce Infant Mortality? Evidence
from Surveillance Data in Matlab, Bangladesh. 2012. Working paper, Tilburg University.
Electronic copy available at: http://ssrn.com/abstract=2009853

Hong R, Mohamed A, Rutstein S, Ruilin R. Childhood Mortality in Rwanda Levels,

Trends and Differentials: Further Analysis of the Rwanda Demographic and Health
Surveys Data. Calverton, Maryland, USA: ORC Macro. 2009.

14



