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ABSTRACT
Under-five mortality remains a critical public health problem driven by multiple socioeconomic, health, and
environmental factors. The severity of this problem varies across regions, depending on the underlying
contextual characteristics. Understanding the spatial distribution and temporal pattern of under-five mortality
can provide actionable insights for targeted interventions in vulnerable areas and help identify key sources of
variation in mortality. In this study, we apply multivariate outlier detection and classification methods to
identify countries at high risk of under-five mortality, using the robust multivariate CovMCD and cellMCD
techniques. We exploit the concepts of regular, cellwise, and rowwise outliers to classify the risk levels of
different countries. The analysis uses 2023 global under-five mortality data for 199 countries obtained from
the United Nations Inter-agency Group for Child Mortality Estimation and evaluates robust regression
methods for modelling global under-five mortality (U5MR). Our results show that spatial maps derived from
CovMCD and cellMCD identify Africa as the most vulnerable region in terms of under-five mortality risk.
Furthermore, we apply four regression estimators: ordinary least squares (OLS), least absolute deviations
(LAD), least trimmed squares (LTS), and MM to compare their performance in the presence of cellwise and
rowwise contamination. Both the real-data analysis and simulation study indicate that the MM estimator
outperforms its competitors in terms of average coefficient RMSE and RMSPE across different outlier
scenarios. Overall, our findings demonstrate that conventional OLS models can be misleading in the presence
of multivariate outliers and reinforce the value of robust methods for policy-relevant child mortality
modelling.
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INTRODUCTION
Child mortality remains one of the most critical indicators of
population health and socio-economic development
worldwide. Despite substantial global progress over the past
decades, under-five mortality rates remain high in many low
and middle income countries, especially in Sub-Saharan
Africa and South Asia (Tagoe et al., 2020; Wang, 2003).
Understanding the determinants of child mortality is a
central in public health research, as empirical evidence
derived from statistical models directly informs policy
maker about stragtegic resource allocation, and interventions
planning (Isiko et al., 2025). Regression analysis has been
widely adopted to quantify the relationship between child
mortality and explanatory variables such as maternal
education, household income, access to healthcare,
sanitation, and nutrition (Van Malderen et al., 2019; Musa et
al., 2020). Among regression estimation techniques, the
Ordinary Least Squares (OLS) estimator has historically
been the most widely used due to its computational
simplicity and optimal properties under the classical
assumptions (Stocker, 2008; Zdaniuk, 2024). However, this
estimator is well known to produce corrupted estimates
where classical assumptions such as normality,
homoscedasticity, and absence of influential outliers are
violated (Wilcox, 2012). Empirical evidence shows that
child mortality data rarely satisfy these assumptions (Silva,
2012; Kaombe and Manda, 2023). Mortality indicators are
often derived from complex survey designs, indirect
demographic methods, and model-based estimates that
combine multiple data sources of varying quality.
Consequently, such datasets frequently exhibit outliers,
skewness, heteroscedasticity, and leverage points, which can
severely distort OLS estimates and lead to misleading
inferences (Kefale et al., 2025). This problem commonly

appears in scientific, engineering, and public health datasets
(Currit, 2002; Shatz, 2024). For example, the vulnerability of
OLS is problematic in health policy research, where
regression coefficient estimates directly influence decisions
such as resource allocation and intervention prioritization
(Ugrinowitsch et al., 2004). In addition misidentified or
biased risk factors can lead to ineffective policies and
misdirected public health investments (Kiviet and Phillips,
1996; Horrace and Oaxaca, 2006). In response to these
challenges, the statistical literature has increasingly
emphasized the use of robust regression estimators that are
less sensitive to departures from classical assumptions. The
Least Absolute Deviations (LAD) estimator minimizes the
sum of absolute residuals and is known to be more robust to
extreme observations than OLS (Dodge, 1997; Khan et al.,
2021).
The Least Trimmed Squares (LTS) estimator further
enhances robustness by fitting the regression model to a
subset of the data after trimming observations with the
largest residuals, thereby achieving a high breakdown point
(Rousseeuw and Van Driessen, 2006). The MM estimator,
which combines a high-breakdown initial estimator with an
efficient M-estimation step, has been shown to offer an
attractive balance between robustness and statistical
efficiency (Khotimah et al., 2020; Lakshmi and Sajesh,
2023). Recent studies have demonstrated that robust
estimators often outperform OLS in the presence of
contaminated data, both in simulation settings and applied
research contexts (Fitrianto and Xin, 2022). In health and
demographic studies, where extreme observations may arise
from conflict-affected regions, weak health systems, or data
reporting errors, robust methods are particularly relevant
(Van Malderen et al., 2019). Beyond classical statistical
outliers, child mortality data often exhibit spatial outliers,
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which arise when mortality levels in a particular region
deviate markedly from those of its surrounding locations.
Recent advances in spatial statistics emphasize that ignoring
spatial dependence when detecting outliers can lead to
incorrect identification and biased parameter estimation
(Yildirim and Mert Kantar, 2020; Cai et al., 2024). Robust
Mahalanobis-distance-based approaches, using estimators
such as the Minimum Covariance Determinant (MCD), have
been shown to effectively identify anomalous spatial units
while maintaining resistance to masking and swamping
effects (Gimàez et al., 2012; Rousseeuw and Bossche, 2018;
Hu et al., 2024). Although robust regression estimators such
as LAD, LTS, and MM have been shown to perform better
under data contamination, their application in child mortality
modeling remains limited and fragmented in recent
empirical literature. Furthermore, most existing studies
either focus on simulated datasets or apply robust methods
without systematic comparison against OLS using real
demographic data. Consequently, there is insufficient
empirical evidence to guide researchers on the most
appropriate estimator for analyzing child mortality data
characterized by outliers, skewness, and heteroscedasticity.
The primary aim of this paper is to propose a detection and
classification algorithm based on minimum covariance
determinant for the identification of countries with extreme
under 5 mortality rate. In addition, we evaluate the
performance of the several regression estimators to diagnose
the effect of outlying observations. We conduct a simulation
study to compare the performance of the classical and robust
regression estimators. We analysis under 5 mortality data to
demonstrate the benefit of outlier diagnostics for the robust
regression estimators in real life application.

MATERIALS AND METHODS
Data Description
The dataset used in this study was obtained from the United
Nations Inter-agency Group for Child Mortality Estimation,
a collaborative initiative of UNICEF, the World Health
Organization, the United Nations Population Division, and
the World Bank Group. The version analyzed corresponds to
the 2025 update. These data are internationally recognized
for standardized definitions, harmonized measurement
procedures, and cross-country comparability.
The dataset consists of country-level observations and six
variables: country identifier, under-five mortality rate
(u5mr2023), infant mortality rate (imr2023), neonatal
mortality rate (nmr2023), mortality rate for children aged 5–
14 (m5_14_2023), and stillbirth rate (sbr2023). The under-
five mortality rate serves as the response variable, while the
remaining four mortality indicators are used as explanatory
variables.
This study adopts a quantitative approach to identify
countries with extreme under-five mortality rates and to
evaluate the performance of classical and robust regression
estimators. The robustness and efficiency of the competing
methods are assessed using both real data and simulation
experiments under the presence of outliers. Similar
comparative methodological frameworks have been applied
in recent robust regression studies to evaluate estimators
resistance to contamination (Ismail and Rasheed, 2021;
Gharehgozli, 2021).
The use of internationally harmonized mortality data
improves the validity of cross-national comparisons and
reduces measurement bias. This strengthens the reliability of
statistical inference and enhances the reproducibility of the
empirical results.

Descriptive Statistics and Data Preprocessing
Summary statistics were computed to describe the
distributional characteristics of all variables. Measures
reported include the mean, median, standard deviation,
minimum, and maximum values. These statistics provide an
overview of central tendency, variability, and dispersion
across countries. Table 2 shows the descriptive statistics of
mortality indicators
Prior to analysis, the dataset was screened for missing values,
inconsistencies, and coding errors. Observations with
incomplete mortality indicators were excluded to ensure
comparability across variables. All numerical variables were
verified for plausible ranges based on internationally
accepted mortality thresholds.
Special attention was given to detecting extreme
observations, as the presence of outliers may influence
regression estimates. Therefore, preliminary inspection of
cell wise and row wise outliers’ diagnostics was conducted
prior to model estimation.

Description of the Models Used
The relationship between child mortality and its
determinants was modelled using a multiple linear
regression framework. Let iy denote the response variable
representing child mortality for observation i . The model is
specified as
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where 0 is the intercept term, j denotes the regression
coefficient associated with the �th explanatory variable, ie is
a random error term, n represents the sample size, and p
is the number of explanatory variables. The classical linear
regression model assumes that the errors ie are
independently and identically distributed.
For this study, we specify a regression model to investigate
the relationship between the under-five mortality rate and
four mortality predictors measured at the country level in the
year 2023. The study assumes a linear regression framework
of the form:

iiiiiii eSBRMNMRIMRMRU  4320 1455  (2)
Where i is a country index, 0 is the intercept term,

41 ,   are the coefficients of regression of each
explanatory variables with under five mortality rate, ie is
the error term capturing unobserved influences on the
dependent variable. Our choice of this model is guided by
several demographic works that treats age specific mortality
as component of overall child mortality (Ezeh et al., 2021;
Mwanga et al., 2025).

Ordinary Least Squares Estimator
The Ordinary Least Squares (OLS) estimator is obtained by
minimizing the sum of squared residuals:
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Where ����� represent the estimates of regression
coefficients. The OLS is unbiased, consistent, and efficient
within the class of linear unbiased estimators (Portnoy,
2022). However, because squared residuals are minimized,
the estimator is highly sensitive to extreme observations and
influential points. The OLS is implemented in R using lm
function.

Least Absolute Deviations Estimator
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The Least Absolute Deviations (LAD) estimator minimizes
the sum of absolute residuals:
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The LAD estimator targets the conditional median of the
response variable and is more robust to outliers than OLS. It
performs well when the error distribution is heavy-tailed or
asymmetric (Giloni et al., 2015; Genc and Lukman, 2025).
This estimator is implemented using the rq function in R.

Least Trimmed Squares Estimator
The Least Trimmed Squares (LTS) estimator minimizes the
sum of the smallest ℎ squared residuals:
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Denote the ordered squared residuals. The trimming constant
is defined as
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The LTS estimator achieves a breakdown point of up to
50% , meaning that nearly half the observations can be
contaminated without invalidating the estimator. This makes
it highly robust to outliers and leverage points, though its
statistical efficiency is reduced when the data are
uncontaminated (Huang et al., 2015). This is implemented
using ltsReg under the robustbase package.

MM Estimator
The MM estimator combines high breakdown robustness
with high asymptotic efficiency. It is defined as the solution
to
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Where �( ⋅ )a bounded influence function such as Tukey’s
bisquare is, �� is a robust estimate of scale, and the initial
parameter estimates are obtained from a high-breakdown
estimator such as LTS. The estimator is implemented using
rlm function under the MASS package in R. MM estimators
retain resistance to outliers while achieving high statistical
efficiency under normally distributed errors. They provide
stable coefficient estimates across varying levels of
contamination and represent a widely recommended
approach for robust regression analysis (Pitselis, 2002;
Rusgiyono, 2021).

RESULTS AND DISCUSSION
Correlation, multicollinearity, and spatial outlier
diagnostics
The correlation, variance inflation factor, and outlier
diagnostics based on covMcd and cellMCD approaches are
applied to check the nature of the association between the
mortality variables, confirm the severity of multicollinearity,
and check the presence of rowwise and cellwise outliers. The

correlation matrix reveals strong positive associations among
the mortality indicators, indicating that countries with high
mortality in one age category tend to exhibit high mortality
across other age groups. Infant and neonatal mortality show
extremely high correlation, suggesting substantial
redundancy in information. Variance Inflation Factor results
confirm severe multicollinearity. Infant and neonatal
mortality exhibit VIF values above 70, far exceeding the
conventional threshold of 10, indicating serious collinearity
problems. The stillbirth rate also shows high
multicollinearity, while mortality among children aged 5–14
demonstrates moderate collinearity. We used a spatial
visualization technique to construct the world map using the
ggplot2 package in R. Country classification as risk zone or
not was done using rowwise and cellwise outlier detection
techniques (Filzmoser and Gregorich, 2020; Raymaekers
and Rousseeuw, 2024; Mwanga et al., 2025). For these tasks,
the covMcd and cellMcd functions in R are used. Both
rowwise MCD and cellwise CellMCD detected 83 countries
as risk zones. MCD detected 9 countries and CellMCD
flagged 12 as risk zones globally; see Figure 1. These
findings imply that classical regression estimators may
produce biased or unreliable estimates due to the effect of
outliers (Jiao et al., 2024; Raza et al., 2024), which in turn
affects the inferences and interpretations of results.
Consequently, robust regression methods are justified, as
they provide more reliable estimates under contamination.
Figure 1 show a clear distribution of multivariate mortality
profile worldwide.
Global classification of countries based on covMcd and
cellMCD reveal strong spatial clustering of high risk
countries (outliers) in part of Latin America, Asia, and
Africa. Similar results has been confirmed by several studies
for example empirical reports from UN IGME (2024) and
the World Health Organization (2026) demonstrate that the
Global South bears the vast majority of the global under-five
mortality burden. Specifically, sub-Saharan Africa and
Southern/Central Asia remain highly vulnerable, combined
representing over 80% of global child fatalities. Furthermore,
systematic spatial and economic assessments by Chao et al.
(2018) and contemporary multi-country analyses (Shitu et al.,
2025) prove that deep structural inequalities cause high-risk
U5MR pockets to form strong spatial clusters across Latin
America, Asia, and Africa. The high risk countries are
classified into four outliers groups: regular, both, cellMCD
only, and covMCD only. Countries identified by both
methods defined extreme mortality profile are influence by
rowwise and cellwise multivariate outliers. Only covMCD
are influence by rowwise outliers, only cellMCD are
influence by cellwise outliers, and regular defined countries
with control mortality profile. The simultaneous coexistence
of the covMCD only and cellMCD only outliers indicate that
both rowwise and cellwise mechanism are present. This
suggest that purely rowise outlier approaches are limited in
this context. Tables 1 and 2 present the description of
variables and descriptive statistics of 2023 child mortality
dataset. Table 1 show a clear heterogeneity and strong
skewness across mortality variables with under five
mortality ranging from 1-115 deaths per 1000 per live births.
This also confirm the rationale for applying robust
regression estimators rather than the classical OLS.
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Figure 1: Global Classification of Countries by Multivariate Outlier Status Using Cellmcd and Covmcd.
Countries Are Classified As Regular (Purple), Outliers Detected By Cellmcd Only (Green), Outliers
Detected By Covmcd Only (Blue), or Outliers Detected By Both Methods (Red)

Table 1: Description of Variables Used in the Analysis
Variable Type Description
Country Categorical Country name or identifier
u5mr2023 Numeric Under-five mortality rate (response)
imr2023 Numeric Infant mortality rate
nmr2023 Numeric Neonatal mortality rate
m5_14_2023 Numeric Mortality rate ages 5–14
sbr2023 Numeric Stillbirth rate

Table 2: Descriptive Statistics of Mortality Indicators (2023)
Variable Mean Median Std. Dev. Min Max
Under-five mortality 24.491 15.173 24.847 1.429 114.789
Infant mortality 18.670 13.281 16.625 1.367 72.616
Neonatal mortality 11.611 8.510 9.748 0.618 40.241
Mortality ages 5–14 5.147 2.994 5.829 0.436 30.100
Stillbirth rate 9.974 8.200 7.437 1.180 34.899

Coefficient Estimates
The OLS, LAD, LTS, and MM was estimated for the five
variables to obtain the best estimates. Table 3 displays the
results for all the studied estimators in this paper. It can be
observed that the OLS produced the largest coefficients
values whereas the robust methods shrinks and stabilizes
them. All estimators show that infant mortality has positive
relationship with U5MR but OLS and LAD produced the
highest slope value, indicating strong sensitivity to extreme
infant mortality pairs. The MM and LTS produced a slightly
smaller coefficients, suggesting a more conservative average
marginal effect provided that outliers are downweighted or

truncated. For NMR variables all the methods produced
negative slopes but MM estimators push this effect close to
zero, showing that robust estimator reduces the spurious
negative relationship provided contaminated points are
controlled. Similar negative slope values was realised for
SBR variable and positive for M5-14 variable. Overall, these
results show that the robust MM and LTS estimators yield
more promising and stable effect for IMR, NMR, M5-14,
and SBR compared to the OLS and LAD estimators in
present of cellwise and rowwise contamination. These
results agree with finding of (Filzmoser et al. 2020, Su et al.
2024).

Table 3: Regression Coefficient Estimates under Different Estimation Methods
Variable OLS MM LTS LAD
Intercept −2.092 0.087 0.140 −0.507
IMR (2023) 1.428 1.132 1.199 1.341
NMR (2023) −0.374 −0.055 −0.144 −0.337
M5–14 (2023) 0.925 0.399 0.414 1.140
SBR (2023) −0.051 −0.067 −0.091 −0.210

OLS and LTS significance levels are based on � -tests.
Significance for LAD estimates is inferred from confidence

intervals. The MM estimator prioritizes robustness and
efficiency rather than classical hypothesis testing.
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Model Fit and Robustness Diagnostics
Table 4 summarizes goodness of fit measures and residual
dispersion across the different estimation methods. The OLS
model exhibits a very high coefficient of determination (�2)
but also a large residual spread, indicating sensitivity to
outlying observations. The MM estimator substantially
reduces the residual scale while maintaining stable
coefficient estimates, confirming strong robustness to
contamination. The LTS estimator achieves the smallest
residual dispersion and the highest explained variance after
trimming extreme observations, albeit at the cost of a

reduced effective sample size. The LAD estimator yields
comparatively larger coefficient magnitudes for key
predictors, reflecting its focus on conditional medians rather
than conditional means. Across the robust estimators (MM,
LTS, and LAD), IMR and M5–14 remain consistently
positive and influential, while NMR and SBR exhibit stable
negative effects. These findings suggest that robust
estimators provide more reliable inference than OLS in the
presence of contaminated mortality data. The superior
performance of the MM estimator further supports its
suitability for public health datasets characterized by outliers
and leverage points.

Table 4: Model Fit Statistics and Residual Dispersion
Metric OLS MM LTS LAD
Residual SE Scale 4.169 0.804 0.575 1.111
Degrees of freedom 194 194 139 194
�� 0.972 – 0.997 –
Adjusted �� 0.972 – 0.997 –
Max |��������| 18.28 32.93 1.53 21.03

Simulation Study
An extensive Monte Carlo simulation study was conducted
to evaluate the finite-sample performance, robustness
properties, and predictive accuracy of the proposed
regression framework under multiple contamination
mechanisms. The estimators considered were Ordinary Least
Squares (OLS), MM-estimation, Least Trimmed Squares
(LTS), Least Absolute Deviations (LAD), and Weighted
LAD (WLAD).

Data Generating Model
Data were generated from the linear regression model

i
T
ii eXy   , ni ,,2,1  (7)

Where ix denotes the covariate vector (including

intercept),  is the true parameter vector, and ie is the
random error term. The design matrix X was fixed and
obtained from the empirical dataset according to the
specified regression formula. This preserves the realistic
correlation structure among predictors and avoids artificial
covariate generation. Two true parameter configurations
were considered: MM ​ and LTS obtained from the MM
and LTS fits. The errors are generated from )1,0(N and
from a Student-t distribution with 5 degrees of freedom. The
uncontaminated response is generated using the linear
model iii exy  0

. For the contamination set,
let  denote the contamination rate. For a given
contamination proportion , let ​ be cn the number of
contaminated observations, where nn c  with n
denoting the sample size. To mimic realistic data corruption
patterns, cellwise perturbation was introduced. For each
contaminated row, a fraction  of predictor cells (excluding
the intercept) was randomly selected. For those cells,

ijij
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Where δ>0controls the magnitude of contamination

and ijz ​ are random shocks. We consider three different
outlier scenarios: response outliers (Y-outliers), leverage
outliers (X-outliers), and combined contamination (Y+X-

outliers). The performance of each method is evaluated over
500 replications using the average coefficient root mean
squared error (RMSE) defined by:
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Results are reported under two data-generating mechanisms:
true regression coefficients obtained from the MM estimator
and from the LTS estimator, see Tables 5 and 6. Lower
values indicate better predictive performance. Both response
and predictor perturbations were applied simultaneously to
the same index set in the Y+X-outlier scenario, representing
the most adversarial contamination case. This contamination
differs from classical rowwise contamination and reflects
modern epidemiology and public health data corruption
structures. Across all contamination scenarios and both true-
parameter specifications, the MM estimator consistently
achieved the lowest coefficient RMSE and prediction RMSE.
The LTS and LAD estimators provided partial robustness
but were uniformly outperformed by MM, particularly under
combined response and leverage contamination. In contrast,
OLS exhibited substantial degradation in both estimation
and prediction accuracy in the presence of outliers. All
through the simulation we set the contamination rate
to 10.0 , so that 10% of observations are contaminated in
each replication; for each contaminated row, we
perturbed 5.0 of the predictor cells (excluding the

intercept), with contamination magnitude 3 standard
deviation. However, the real-data analysis and the simulation
results indicate that traditional OLS regression is severely
affected by multivariate outliers and multicollinearity. In
contrast, the robust MM estimator yields stable coefficient
estimates with small prediction error in both the global
under-five mortality dataset and the simulation study,
suggesting that it is well suited for policy-relevant child
mortality modeling and analysis.
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Table 5: Average Coefficient RMSE across Outlier Scenarios under Different True-Parameter Settings (Lower Is
Better)
True � Scenario OLS MM LTS LAD
MM-based Y-outliers 0.089 0.055 0.064 0.066
MM-based X-outliers 0.129 0.053 0.064 0.065
MM-based Y+X-outliers 0.162 0.056 0.066 0.070
LTS-based Y-outliers 0.088 0.058 0.061 0.064
LTS-based X-outliers 0.151 0.055 0.069 0.074
LTS-based Y+X-outliers 0.170 0.051 0.061 0.063

Table 6: Prediction RMSE across Outlier Scenarios under Different True-Parameter Settings (Lower Is Better)
True � Scenario OLS MM LTS LAD
MM-based Y-outliers 0.278 0.174 0.206 0.209
MM-based X-outliers 0.420 0.177 0.212 0.216
MM-based Y+X-outliers 0.510 0.177 0.215 0.221
LTS-based Y-outliers 0.288 0.174 0.198 0.198
LTS-based X-outliers 0.473 0.167 0.218 0.225
LTS-based Y+X-outliers 0.559 0.164 0.193 0.207

CONCLUSION
In public health practice, identifying the target population
remains a major challenge for donors, policymakers, and
governments at various levels. At the same time, identifying
the key factors associated with a high risk of a particular
epidemiological disease is another major challenge.
Therefore, appropriate statistical models are essential for
sound decision-making, the identification of vulnerable areas,
and the allocation and distribution of interventions. To
address these problems, the global under-five mortality
dataset was analysed to identify high-risk zones of under-
five mortality worldwide. The concept of multivariate
outliers, operationalised via the CovMCD and cellMCD
methods, was adapted and applied. Regression methods were
also applied to determine the influence of selected factors on
the under-five mortality rate. The OLS, LAD, LTS, and MM
estimators were used. The analysis confirms that robust
estimators, particularly MM, substantially outperform
traditional OLS in modelling under-five mortality data
contaminated by outliers, skewness, and heteroscedasticity
in global health datasets. Spatial categorization via
CovMCD and cellMCD effectively flagged the majority of
African countries and parts of Asia and Latin America as the
highest-risk zones on the world map highlighting urgent
intervention priorities. The OLS produces biased coefficients
and invalid inference in such data, MM maintains high
efficiency (85%+) and a 50% breakdown point, making it
ideal for public health applications where policy decisions
depend on accurate risk factor identification. The simulation
results further demonstrate the superior robustness and
predictive performance of the MM estimator under multiple
contamination scenarios. This study fills a critical gap, as the
existing literature rarely applies multivariate outlier
detection and classification techniques to U5MR spatial risk
mapping. This paper focused on rowwise regression
estimators and demonstrated their performance. Future work
could explore methods that solve the combined problem of
cellwise and rowwise outliers; for example, developing a
cellwise-weighted LAD estimator to isolate cell
contamination effects in epidemiological modelling would
be an excellent contribution to public health and robust
statistics.
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