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Abstract

The study of causality in multivariate relationships in scientific studies involves the application of stochastic models in
quantifying complex relationships. Stochastic models are becoming increasingly significant in health research due to their
adaptability in practical situations and their ability to capture randomness, assess uncertainty, and inform decision-making. The
models also provide reliable performance in capturing the complex determinants of malnutrition, demonstrating prediction
precision and explanatory power. This study applies iterative parameter estimation methods for the multinomial regression
model to investigate factors influencing childhood malnutrition in Kenya. Using data from the 2022 Kenya Demographic and
Health Survey (KDHS), the research applies Newton-Raphson, Fisher’s Scoring, and Reweighted Least Squares methods to
estimate parameters of the model and assess their classification performance. The study evaluates classification accuracy,
goodness of fit, computational time, and predictive power of each method to identify the most reliable approach for modeling
multinomial outcomes of childhood malnutrition, including stunting, wasting, underweight, and overweight. The methodological
novelty of this study is the systematic comparison of iterative estimation methods, and the practical implications of selecting a
method consistent with study objectives. By revealing causal relationships between malnutrition outcomes and significant
demographic, socioeconomic, and environmental factors, the study aims to improve the analysis of multinomial datasets, provide
accurate estimates, and support evidence-based decision-making for public health interventions in Kenya. The study results
therefore, demonstrate practical policy implications for interventions toward high-risk children, prioritizing resource allocation
and ensuring stronger credibility of evidence that supports nutritional policy decisions.
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1. Introduction

Stochastic models play a crucial role in quantifying causal
relationships and support evidence-based decision making in
multivariate health research [1]. For nominal outcomes with
more than two unordered categories, the multinomial regres-
sion model generalizes binary logistic regression by modeling
the log odds of each category as a linear function of predictors
and estimating category probabilities using the logistic func-
tion [2]. Estimation of the model parameters requires solving
non-linear maximum likelihood equations. Practitioners typ-
ically rely on iterative numerical methods to obtain consistent
and asymptotically normal parameter estimates and reliable
inference.

Childhood malnutrition remains a major public health
concern worldwide, particularly in developing countries
where both undernutrition and overnutrition coexist. In Kenya,
recent estimates from the 2022 Kenya Demographic and
Health Survey (KDHS) reported 17.6% of children under five
were stunted, 4.9% wasted, 10.1% underweight, and 3.2%
overweight [3]. These statistics highlight a two-fold challenge,
as malnutrition negatively impacts children’s physical and
cognitive development, weakens immunity, and contributes to
higher morbidity and mortality [4]. Addressing childhood
malnutrition is therefore critical in achieving sustainable child
health outcomes and meeting the Sustainable Development
Goals (SDGs) 2030 [5].

There are limited studies that explicitly compare New-
ton-Raphson, Fisher’s Scoring, and Reweighted Least
Squares methods in the context of multinomial regression for
childhood malnutrition data, both undernutrition and overnu-
trition. Different optimization methods can produce signifi-
cantly different coefficient estimates, standard errors, and
classification results, which may lead to poor model perfor-
mance or biased inference. This study applies and compares
Newton-Raphson, Fisher’s Scoring, and Reweighted Least
Squares methods on KDHS (2022) data with the aims of
identifying significant factors, fitting a reliable multinomial
regression model, and evaluating each method’s predictive
performance.

Evaluating estimation methods for multinomial regression
is important both methodologically because multinomial
regression maintain information across outcome categories
and can reduce standard errors for parameter estimates [6],
and practically aims to (a) identify significant factors influ-
encing childhood malnutrition in Kenya, (b) fit a reliable
multinomial regression model for prediction, and (c) deter-
mine which estimation method attains the best combination of
unbiased parameter estimates, predictive accuracy and com-
putational efficiency. This study aims to inform researchers
and policy-makers targeting child nutrition interventions.

2. Literature Review

Previous research has applied statistical models, particu-
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larly multinomial regression, to investigate determinants of
child health outcomes, and more recent studies confirm its
usefulness in analyzing child nutrition and health [7]. Multi-
nomial regression is effective in analyzing multiple outcome
categories simultaneously without collapsing them into binary
outcomes, thereby yielding more precise estimates [6]. [8]
applied multinomial regression to study physical violence
against children, while [9] and [10] used it to explore allergic
morbidity and respiratory outcomes. In the context of nutri-
tion, studies have shown that factors such as maternal educa-
tion, household wealth, and place of residence significantly
influence nutritional outcomes among children [11-14].
However, despite its increasing application, limited studies
have compared iterative estimation methods used to fit mul-
tinomial regression models in health research [15].

A major challenge in multinomial regression is that the
model parameters are estimated using iterative maximum
likelihood methods, and different methods may produce var-
ying estimates, classification accuracies, and computational
times. Newton-Raphson, Fisher’s Scoring, and Reweighted
Least Squares methods are among the most widely used ap-
proaches to solving maximum likelihood equations for non-
linear models [16, 17]. While each method has theoretical
advantages, little is known about how they compare in prac-
tice when applied to complex health datasets such as child-
hood malnutrition. This raises concerns about the reliability
and interpretability of results, which can influence evi-
dence-based decision-making in nutrition policy.

This study addresses the gap by applying and comparing
Newton-Raphson, Fisher’s Scoring, and Reweighted Least
Squares methods to the KDHS 2022 dataset of children under
the age of five years. The methods are evaluated based on
classification accuracy, area under the curve (AUC), and
computational time efficiency. By precisely assessing the
performance of these estimation methods, the study provides
insights into the most reliable approach for analyzing multi-
nomial health outcomes. The findings contribute both to
methodological knowledge in biostatistics and to practical
policy-making in child health and nutrition in Kenya and
similar contexts.

3. Methodology

3.1. Model Fitting

Multinomial regression model: Multinomial regression
model fits the log odds of outcome categories as a linear
function of predictors.

Given y is the outcome variable with J nominal catego-
riessuchthat j =1,2,3,...,] —1,and x; are predictors such
that i =1,2,...,k, then the multinomial regression model
relative to baseline categorical outcome J is expressed as:


http://www.sciencepg.com/journal/ajtas

American Journal of Theoretical and Applied Statistics

http://www.sciencepg.com/journal/ajtas

_ Prob(y=jlx)
9;(x) = log (Pr ob(y=1|ac))

[’)jo + [)’j1x1 + ﬁj2x2+---+ﬁijK = ﬁjo + @j-’!T

Whel’e [51 = (ﬁjl!ﬁjZ""!ﬁjK)
X1
X
="
XK

Odds: Odds represent the ratio of the likelihood of being in
the categorical outcome (j) over the probability of being in
the baseline categorical outcome (J) modeled as a function
of predictor variables given as the exponential value of
log-odds in the Multinomial Regression model.

ProbO=jI) _ ,(Bjo+pjx")
Prob(y=]|x)

3.2. Significance Testing

Wald statistic: Wald statistic partially evaluates the im-
portance of each parameter to establish the reliability of each
predictor variable in fitting a model in the classification problem.

Bj

2
_ ~ 32
Wald = (s&‘([j,-)) X

The null hypothesis is rejected if W >x*(d.f,a) or

p —value < a.

Likelihood Ratio Tests: The Likelihood Ratio (LR) estab-
lishes whether the multinomial regression model is suitable by
evaluating predictor variables that influence the fitting of the
model simultaneously.

LR = =2In (1;_0) 2{InLy — InL} ~ x*
1

The null hypothesis is rejected if LR>x*(d.f,0) or

p —value < a.

3.3. Goodness of Fit

Pearson’s chi-squared statistic: Goodness of fit was ex-
amined by comparing observed and expected occurrences of
outcome variables. Decision rules followed Pearson’s
chi-squared statistic or p-value thresholds.

.02

X2 =3 Zc—l(oll Eij)
=y Y

i Jj=0 Ejj

There is no major difference between anticipated and actual
occurrences if the calculated chi-square statistic is lower than
the threshold of (r —1)(c —1)degr ees of freedom.

McFadden’s adjusted pseudo-R*: Explanatory power was
summarized using McFadden’s adjusted pseudo-R? com-
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paring the fitted model to an intercept-only model.

5 InLfitted—q
Ryp=1-—1

McF Ini:
Nlintercept—only

Larger values indicate a better fit.

3.4. Estimation Methods

Newton Raphson Method (NR): An iterative parameter es-
timation method which updates using gradient and observed
information (Hessian) such that;

Bw+1) = By — [HBw)]  uBwy)

The method converges such that ||+1) — Bwll < €,
where ¢ is a negligible positive real number.

Fisher’s Scoring Method (FS): An alternate iterative
method of parameter estimation using the expected infor-
mation matrix (Expectation Value of the Hessian matrix) such
that;

B(v+1) = Bw) — E [HBw)] 1By

The method converges such that ||,+1) — Bwll < €,
where ¢ is a negligible positive real number.

Reweighted Least Squares method: Reweighted Least
Squares method is an iterative estimation which computes
working responses (z;) and weights (w;) at each iteration (v) to
weighted least squares updates such that;

n 1/
5 — T
i=1 i=1

= (xiTw(")xi)_l(xiTw(”)zi(V))

In the reweighted least squares method, step-halving results
in convergence.

3.5. Diagnostic and Model Evaluation Tests

Multicollinearity: Multicollinearity was detected using the
Variance Inflation Factors (VIF) value.

1
VIE, = =

If the value VIF, is greater than 10, then there is multicol-
linearity.

Confusion matrix: The confusion matrix was used to
evaluate classification accuracy.

Area under the curve: Area under the curve was used to
evaluate the performance of the model, with higher values
indicating better performance.
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Computational time: computational time was used to de-
termine the time taken to fit the model.

4. Results and Discussion

4.1. Characteristics of the Study Population

The study sample consisted of 15,336 children under the
age of five years derived from the 2022 Kenya Demographic
and Health Survey (KDHS). Among these, 64.3% were clas-
sified as having normal weight, while 35.7% were malnour-
ished. Specifically, 17.4% were stunted, 4.9% wasted, 10.0%
underweight, and 3.4% overweight (Table 1). These results
reflect the continuing double burden of childhood malnutri-
tion in Kenya, having both undernutrition and overnutrition.

Table 1. Distribution of nutritional status among children under five
(KDHS 2022, n=15,336).

Nutritional Status Percentage (%) of Children

Normal 64.3
Stunted 17.4
Wasted 49
Underweight 10.0
Overweight 34

Gender analysis revealed that 57.2% of stunted children
and 55.6% of underweight children were male, whereas
54.5% of overweight children were female. Wealth index
patterns revealed that stunting and underweight were most
prevalent among children from the poorest households
(37.0% and 44.0% respectively), while overweight was
more common among children from the richest households
(28.6%). These findings are consistent with the literature
linking childhood malnutrition to socioeconomic inequali-
ties [13].

4.2. Significance Tests of Predictors

Likelihood Ratio (LR) tests identified several significant
predictors of childhood malnutrition; region of residence
(\V024), type of residence (rural/urban) (V025), highest ma-
ternal education level (V106), number of under-five children
in the household (V137), household wealth index (V190),
gender of child (B4), and age of child (HW1). In contrast,
diarrhea episodes, source of drinking water, toilet facility, and
roofing material were not statistically significant.

Variance Inflation Factor (VIF) analysis confirmed no
multicollinearity problems among the significant predictors
(all VIF < 10).
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Table 2. Summary of significant predictors of childhood malnutri-
tion (Likelihood Ratio Tests).

Predictor Significance (p-value)
Region of residence <0.001

Urban/rural residence <0.01

Maternal education <0.001

No. of under-five children <0.05

Wealth Index <0.001

Sex of child <0.05

Age in months <0.001

Diarrhea episode Not significant

Water source Not significant

Toilet facility Not significant

Roofing material Not significant

4.3. Multinomial Regression Model Estimation
by Iterative Methods

Newton-Raphson method: using the Newton-Raphson (NR)
approach (implemented in SPSS NOMREG), the full model
demonstrated a significantly better fit than the intercept-only
model (y? = 3197.579,df = 484,p < 0.001). Goodness of
fit statistics indicated an adequate fit, with a non-significant
Pearson and Deviance tests
(p = 0.955 and 1.000, respectively). McFadden’s pseudo
R? was 0.109, indicating that 10.9% of the variance in child-
hood malnutrition outcomes was explained by the predictors.

Discrimination ability was moderate: AUC values were
0.64 for stunting, 0.71 for wasting, 0.68 for underweight, and
0.76 for overweight, with a multiclass AUC of 0.68. The
overall classification accuracy was 73.5%, though accuracy
varied by nutritional outcome. The observed computational
time was 2.50 seconds.

Fisher’s Scoring method: Fisher’s Scoring (FS) approach
(implemented in nnet::multinom function in R software) also
produced a significantly improved model fit ( y% =
1672.77,df = 28,p < 0.001). Fit measures were strong,
with Pearson and Deviance tests
(p = 1.000 and 1.000, respectively ). McFadden’s pseu-
do-R? was 0.057, notably lower than NR.

Despite the lower pseudo-R?, AUC values were almost
similar to those produced by NR, and the multiclass AUC was
0.68. Classification accuracy was 73.15%. A major strength
of FS was efficiency: convergence required only 1.27 se-
conds.

Reweighted Least Squares method: Iteratively Reweighted
Least Squares (IRLS) method (implemented in VGAM::vgIm
function in R software) yielded almost similar results to FS,
with ( x? = 1672.8,df = 28,p < 0.001 ), McFadden’s
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pseudo-R? = 0.057, and multiclass AUC =0.68. Classification
accuracy was also 73.15%. However, IRLS required 3.24
seconds for convergence.

4.4. Comparative Performance of Estimation
Methods

NR produced the highest explanatory power (10.9%) and
slightly superior classification (73.5%), while FS provided the
fastest convergence. IRLS is computationally the slowest (3.24
seconds) but comparable in performance to FS (73.15%).

Table 3. Comparative performance of Newton-Raphson, Fisher’s Scoring, and IRLS methods.

Metric Newton-Raphson

Pseudo-R? (McFadden) 0.109
Classification Accuracy 73.5%
Multiclass AUC 0.68
Computation time (sec) 2.50

Fisher’s Scoring IRLS
0.057 0.057
73.15% 73.15%
0.68 0.68
1.27 3.24

The overall Multiclass AUC (0.68) is moderate and the same for all methods; however, the per-class AUCs show significant
differences; overweight (0.76) is much easier to identify than stunting (0.64).

10 B //
’¢/
-
s
_ZZ
0.8} 227
zz=
”
-
//’/
g ‘/;//
= * P s
S~ 0 6 | // t/
(O P
- ’
© L
(o} /,
[}
4
2 7 /
= 2
8 7Y
a 0.4¢f 7
/
2 v/
4
i NR — stunting (AUC=0.64)
I/’ NR — wasting (AUC=0.71)
0.2 II —— NR — underweight (AUC=0.68)
I/ NR — overweight (AUC=0.76)
= = NR macro-average (AUC=0.697)
==« NR multiclass (reported AUC=0.68)
=== FS multiclass (reported AUC=0.68)
==« |RLS multiclass (reported AUC=0.68)
0.% 1 1 1 1 ]
.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate (FPR)
Figure 1. Area Under the Curve (AUC) Comparative performance of Newton-Raphson, Fisher’s Scoring, and IRLS methods.

4.5. Specification of the Best Multinomial Regression Models

Multinomial regression models obtained from the data using the Newton-Raphson parameter estimation method are as fol-

lows:
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Q
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5 (x)
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X
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X

91 x) = 3.5720 - 0.0113V024 — 0.3003V025 — 0.1539V106 + 0.1872V137 — 0.1845VI90 — 0.0360B4 + 0.0498HW1
= 3.3510 — 0.0105V024 — 0.3616V025 — 0.1948V106 + 0.3068V137 — 0.5285V[90 — 0.3822B4 + 0.0513HW1

= 2.1670 — 0.0355V024 — 0.4803V025 — 0.5911V106 + 0.3969V137 — 0.3551VI90 — 0.1964B4 + 0.0590HW1

ga ) = 0.1321 — 0.0286V024 — 0.4574V025 — 0.4147V106 + 0.2780V137 — 0.4392VI90 + 0.1762B4 + 0.0677HW1

The Newton-Raphson method provided the most accurate
classification and the highest pseudo-R?, confirming the the-
oretical expectation that NR leverages observed information
to yield more precise parameter estimates [16]. However, FS
and IRLS produced almost similar predictive performance
with much faster convergence, demonstrating their practical
advantage in computational time efficiency or complex da-
tasets applications where efficiency is critical [17]. FS may be
preferred, however, for health research where the most accu-
rate classification is required, NR appears superior.

Factors such as maternal education, wealth index, ur-
ban/rural residence, and child’s age emerged as consistent
determinants of childhood malnutrition. These findings align
with studies from other African countries [11, 18] which em-
phasize socioeconomic inequalities as the major result of both
undernutrition and overnutrition. Wealth trend observed from
this study suggests Kenya is undergoing a nutritional transition,
where wealthier households are increasingly exposed to over-
weight and obesity among children, while poorer households
continue to suffer from stunting and underweight [13].

While all the estimation methods converged to stable solu-
tions, their performance varied, highlighting the importance
of selecting appropriate estimation methods for multinomial
regression in public health applications. Newton-Raphson
appears to offer the best choice of model fit and classification
accuracy, making it a valuable tool for analyzing complex
health datasets such as childhood malnutrition.

5. Conclusions and Recommendations

5.1. Summary

The study applied Newton-Raphson, Fisher’s Scoring, and
Iteratively Reweighted Least Squares methods to a multino-
mial regression model of childhood malnutrition in Kenya.
While all methods achieved convergence and comparable
AUC values, Newton-Raphson demonstrated superior classi-
fication accuracy and explanatory power, whereas Fisher’s
Scoring was the fastest computationally. The analysis identi-
fied region of residence, type of residence (urban/rural), ma-
ternal education, number of under-five children in the
household, household wealth index, child’s gender, and
child’s age as significant factors influencing childhood mal-
nutrition in Kenya.
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5.2. Conclusions

The Newton-Raphson method appears most appropriate
when the main research objective is classification accuracy,
especially in health policy applications where predictive pre-
cision is critical. Fisher’s Scoring method, however, may be
the preferred choice for research applications involving very
large datasets or constrained computing resources, given its
efficiency. The results confirm that multinomial regression is
an effective model for analyzing nominal health outcomes,
providing reliable performance in capturing the complex
determinants of malnutrition.

The methodological novelty of this study is a systematic
comparison of iterative estimation methods in a large-scale
national health survey, demonstrating how the methods affect
predictive precision, explanatory power, computational effi-
ciency, classification outcomes, and inferences. The study
highlights the practical implications of aligning the method
with study objectives; maximizing predictive accuracy in
health policy evaluations or favoring computational effi-
ciency in very large datasets, explicitly documenting the
method and package used for reproducibility and robustness
of the results, and conducting sensitivity checks in complex
survey features and variance estimation.

The public health implications of the analysis are evident;
approximately 36% of Kenyan children under the age of five
remain malnourished, with determinants mainly being ma-
ternal education, socioeconomic status, and regional dispari-
ties. Addressing these inequalities is vital for achieving na-
tional and global nutritional goals.

From a policy evaluation, the results confirm that child-
hood malnutrition in Kenya remains propelled by child age,
regional disparities, household wealth, and maternal educa-
tion. Addressing these factors aims at reducing stunting and
underweight in poorer households, and preventive measures
against overweight in wealthier households. The study
demonstrates practical policy implications for targeting and
identification of high-risk children, cost-effective programs,
standardizing analytical procedures, adopting routine sensi-
tive analysis, and training analysts in numerical diagnostics
and statistical uncertainties. This will strengthen the credibil-
ity of evidence that informs resource allocation priorities,
transparent reporting of methods, and validation in nutritional
policy analyses.
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5.3. Recommendations

Prioritize evidence-based policies and targeted interven-
tions to address socioeconomic and educational determinants
of childhood malnutrition.

Reduce missing information in national survey data to
strengthen predictive modeling.

Researchers should adopt the Newton-Raphson method for
maximum accuracy, but consider Fisher’s Scoring method in
very large and complex datasets or resource-constrained
contexts.

Future research should explore alternative models to im-
prove prediction and incorporate unobserved determinants.
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