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Abstract
Pooled cross-sectional health survey data are commonly utilized to examine trends in child malnutrition; however, their precision is 
usually undermined by measurement errors and absent data. This study assesses the efficacy of a Multiple Imputation (MI) 
methodology in rectifying these biases and enhancing the reliability of malnutrition prevalence estimates for children under five in 
Cameroon. Utilizing simulated data that mirrors the structure of four rounds of Demographic and Health Surveys (DHS) from 
Cameroon (2004, 2011, 2018, 2022), we provide a logistic regression model including measurement error correction by multiple 
imputation. The efficacy of the MI-corrected model is evaluated against an uncorrected model using several measures, such as 
prevalence estimates, classification accuracy, precision, and parameter stability across different sample sizes. The MI-corrected 
model consistently yielded lower and more precise estimates of malnutrition prevalence than the uncorrected model, with 
reductions of up to 11.34 percentage points in 2004. Classification accuracy increased by 3–4 percentage points across survey 
waves, with a corresponding improvement in precision. Increasing the sample size reduced the variability of the parameters, as 
shown by lower standard deviations and coefficients of variation. This made the regression estimates more stable. The model 
exhibited enhanced resilience in situations including absent data and inaccurately assessed variables. Multiple Imputation 
successfully rectifies measurement errors and addresses missing data in pooled cross-sectional surveys, resulting in more credible 
estimates of child malnutrition prevalence. These improved estimates offer a more accurate assessment of public health needs, 
better targeting of dietary interventions, and more dependable monitoring of trends over time. The results support the 
implementation of MI-based corrections in national health survey analyses to enhance evidence-based policy and resource 
distribution in resource-constrained environments. 
 
Keywords epidemiological trends, health data analysis, malnutrition analysis, measurement error, multiple imputation modeling, 
pooled cross-sectional analysis  

1. INTRODUCTION

Cross-sectional data refers to information 

collected at a given time from a sample or 

population. Specifically, cross-sectional data is data 

collected at a point in time, which means that it 

provides only a snapshot of the behavior or state of 

individuals. This type of data provides a snapshot of 

the characteristics, behaviors, or other variables of 

interest in a population at a specific point in time, as 

noted in previous works [1][2]. In the context of the 

stages of change, previous reports [3][4] defined 

cross-sectional data as a theoretical model that 

describes the different stages individuals go through 

when trying to eliminate problematic behaviors, 

such as stopping smoking or starting to exercise 

 
regularly. Sutton points out that cross sectional data 

can provide useful information about the prevalence 

of different stages of change in a given population. 

However, their interpretation requires a nuanced 

understanding of the limitations of these data. 

Repeated cross-sectional data, as published 

previously [5], involve collecting data from 

different individuals or groups at multiple time 

points, rather than following the same individuals 

over time as in panel studies [6][7]. This approach 

is useful for analyzing trends in attitudes, behaviors, 

health, and socio-economic indicators within a 

population. Researchers analyzed trends in 

socioeconomic inequalities related to behavioral 

risk factors for non-communicable diseases using 

repeated cross-sectional health survey data from 

England spanning 2003 to 2019 [8][9]. The study 

highlight persistent disparities and the need for 

targeted public health interventions. In the African 

context, repeated cross-sectional data come from 

sources such as national surveys (e.g., Demographic 

and Health Surveys, Multiple Indicator Cluster 

Surveys, and Living Standards Measurement 

Surveys), population censuses, and administrative 

records, enabling researchers and policymakers to 

track changes over time [10][11]. While panel 

studies, though less common, provide insights into 
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individual-level dynamics, repeated cross-sectional 

data remain a key tool for monitoring population 

trends in Africa. 

Pooled cross-sectional data refers to a type of 

dataset that combines multiple cross-sectional 

samples collected over time. When analyzing 

pooled cross-sectional data, researchers can gain 

insights into various policy questions that would be 

difficult to address by ignoring the pooling aspect. 

Here are some examples: In this multi-country 

analysis, pooled cross-sectional data were used to 

assess the prevalence and determinants of antenatal 

care visits in countries with high maternal mortality 

[14][15]. The study aimed to identify the factors 

that influence the use of antenatal care to inform 

public health strategies in these regions. Trend 

analysis using pooled cross-sectional data allows 

researchers to track changes over time. By 

combining data from different sources and time 

periods, they can identify disparities and determine 

whether certain policies are more effective in 

specific contexts. An example of such analysis can 

be found in the study conducted in [16]. The 

researchers pooled data from various experimental 

studies to compare the effectiveness of different 

incentive schemes on human behavior across 

different contexts and populations. Pooled cross-

sectional data from multiple studies were utilized to 

assess the effects of minimum wage policies on 

employment levels over time, as reported in [17]. 

Policy diffusion through pooled cross-sectional data 

can shed light on the spread or diffusion of policies 

across different regions or jurisdictions. By tracking 

policy adoption rates over time, researchers can 

assess the factors influencing policy diffusion and 

their impact on various outcomes. Earnings 

forecasting models were evaluated using pooled 

cross-sectional data from Indian firms. The study 

provides insights into the effectiveness of various 

forecasting techniques in the context of the Indian 

financial market [18].  

Malnutrition is a major problem in developing 

countries, especially with the decrease of food 

supply and accordingly the increase of food prices 

all over the globe [19][20]; malnutrition among 

children under the age of five is a critical public 

health issue globally, particularly in low- and 

middle-income countries such as Cameroon: 

Despite efforts to address this problem, accurate 

estimation of malnutrition prevalence remains 

challenging due to various factors, including 

measurement error in collected data. Traditional 

statistical methods may not adequately account for 

measurement error, leading to biased or imprecise 

estimates of malnutrition prevalence. In Cameroon 

and Central African Republic (CAR), as in many 

developing countries, data on malnutrition are often 

collected through cross-sectional surveys such as 

Demographic and Health Surveys (DHS). However, 

these surveys may suffer from measurement errors 

arising from issues such as recall bias, inaccuracies 

in anthropometric measurements, and 

inconsistencies in data collection procedures. These 

errors can introduce noise and bias into the data, 

making it difficult to obtain reliable estimates of 

malnutrition prevalence and identify underlying 

 

 

Table 1. Summary statistics of key variables from DHS Cameroon Pooled Dataset (2004–2022).  

 
 

 
Variable Mean / Proportion SD Min-Max / Categories 

Stunted (Y) 0.34 - 0 = no, 1 = yes 

Age_group - - 15 – 49 (grouped in 5-year bands) 

Urban_rural 0.39 - 0 = rural, 1 = urban 

Education_mother 6.8 years 3.5 0 – 16 

Partner_occupation - - Agriculture, Professional, Service, Other 

Wealth_index 3.0 1.4 1 (poorest) – 5 (richest) 

Toilet_type - - Improved, Unimproved, None 

Water_source - - Safe, Unsafe 

Maternity_enteries 2.7 1.1 0 – 5 

Healthcare_enteries 2.5 1.2 0 – 5 
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determinants [21]. Given the importance of accurate 

estimation of malnutrition prevalence for informing 

targeted interventions and policy decisions, there is 

a growing need for statistical models capable of 

handling measurement error in pooled cross-

sectional data on malnutrition among children under 

five in Cameroon. 

In their systematic review and meta-analysis, the 

global prevalence of malnutrition among older 

adults was examined in a recent study [22]. 

Analyzing data from 98 studies with a total sample 

size of 79,976 individuals, they found that 18.6% of 

the world’s elderly population is affected by 

malnutrition. The study revealed regional 

disparities, with Africa exhibiting the highest 

prevalence at 35.7%, followed by the Americas at 

20.3%. These findings highlight the critical need for 

targeted nutritional interventions and policies to 

address malnutrition, particularly in high-

prevalence regions. Global trends in malnutrition 

among children under five were examined in [23]. 

The study revealed that, despite some progress, 

malnutrition remains a significant public health 

issue, with notable disparities across different 

regions. The authors emphasized the need for 

targeted interventions to address both 

undernutrition and overnutrition to improve health 

outcomes for children worldwide. 

Logistic regression is widely used when the 

dependent variable is binary (i.e., it has only two 

possible outcomes). In this study, a multivariate 

logistic regression analysis was conducted to 

identify risk factors associated with birth defects 

using population-based surveillance data [24][25]. 

The research aimed to determine the prevalence of 

congenital abnormalities and their associated risk 

factors. The findings provide valuable insights for 

public health interventions aimed at reducing the 

incidence of birth defect. The application of logistic 

regression and other statistical tools in diagnostic 

biomarker studies was explored in recent research 

[26][27]. The authors discussed the importance of 

appropriate statistical methods in the analysis of 

biomarker data to improve diagnostic accuracy. 

Their work emphasizes the critical role of logistic 

regression in evaluating the effectiveness of 

biomarkers in clinical settings, which May be 

inaccurate. Additionally, logistic regression is 

sensitive to multicollinearity among predictor 

variables, which can lead to unstable parameter 

estimates and inflated standard errors. Techniques 

such as variable selection, regularization (e.g., 

Lassa or ridge regression), and checking for 

multicollinearity can help mitigate some of the 

drawbacks associated with logistic regression [28]

[29]. Multilevel logistic regression extends logistic 

regression to account for hierarchical or nested data 

structures commonly encountered in pooled cross-

sectional studies, such as individuals nested within 

households or communities. It allows for the 

estimation of both within-group and between-group 

effects, providing more accurate estimates of the 

relationships between predictors and outcomes. 

Multilevel logistic regression models can be 

computationally intensive, especially with large 

datasets or complex nesting structures.  

Additionally, specifying the appropriate random 

effects structure can be challenging, and 

misspecification may lead to biased parameter 

estimates. Techniques, such as model 

simplification, sensitivity analysis, and model 

comparison, can help address some of the 

challenges associated with multilevel logistic 

regression modeling [30]. 

Measurement error in exposure variables is a 

significant concern in epidemiological studies, often 

leading to bias in estimated exposure-outcome 

associations, yet it is frequently overlooked [31]

 

 

 

Table 2. Estimated prevalence of malnutrition among children under five, based on simulated pooled cross-

sectional data on malnutrition among children under five in Cameroon from 2004 to 2022 (N=750).  

 
 

Year Prevalence (Uncorrected) Prevalence (Corrected) 

2004 0.3000 0.1866 

2011 0.1047 0.1396 

2018 0.2160 0.1839 

2022 0.1628 0.1000 
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[32]. Adjusting for this bias typically requires a 

validation study with multiple replicates of a 

reference measurement, which can be costly. When 

only a single-replicate validation study is available 

or no internal validation study is conducted, 

researchers face challenges in using external 

validation data for bias correction. In accelerometry 

research, many new accelerometer models lack 

proper validation in real-world settings, yet they are 

sometimes used to validate other instruments, such 

as physical activity questionnaires. This can 

misrepresent the true validity of these instruments if 

the accelerometers themselves contain substantial 

measurement error [33]. 

Notwithstanding these advancements, significant 

deficiencies persist in the implementation of 

Multiple Imputation (MI) for pooled cross-sectional 

health surveys characterized by measurement error. 

Although multiple imputation (MI) is well-

established for addressing missing data [34][35], its 

use for rectifying measurement error in covariates—

especially in pooled cross-sectional designs—

remains constrained. Most current multiple 

imputation implementations presume that the 

imputed variables are devoid of error after 

addressing missing values; hence, they neglect the 

supplementary bias imposed by mismeasurement 

[36][37]. Secondly, limited research has included 

measurement error models directly into the 

imputation process while considering the 

hierarchical structure characteristic of pooled survey 

data (e.g., clustering by area and time). The 

omission is crucial, since neglecting intra-class 

correlations may result in underestimated standard 

errors and erroneous conclusions [38]. Third, while 

simulation studies have shown the advantages of 

multiple imputation for missing data, there is a lack 

of methodological frameworks that concurrently 

tackle both measurement error and missingness in 

child malnutrition research within low-resource 

environments. Current applications in nutritional 

epidemiology frequently utilize complete-case 

analysis or single imputation, which inadequately 

disseminates uncertainty and may provide biased 

results [39][40]. Consequently, a unified MI-based 

framework is essential that (1) explicitly 

incorporates measurement error during the 

imputation phase; (2) accommodates the multilevel 

structure of pooled cross-sectional surveys; and (3) 

offers a reproducible methodology for deriving 

unbiased and efficient parameter estimates amidst 

mismeasurement and missing data. 

This study enhances the current methods for 

addressing measurement error and missing data in 

pooled cross-sectional health surveys by 

introducing a comprehensive Multiple Imputation 

(MI) framework that concurrently addresses both 

types of bias. Although conventional uses of 

Multiple Imputation (MI) have been concentrated 

on addressing missing data [34][35], its potential 

for rectifying measurement error in aggregated 

survey datasets is still inadequately investigated, 

 

 

 
Figure 1. Predicted malnutrition prevalence trends among children under five, based on simulated pooled 

cross-sectional data on malnutrition among children under five in Cameroon from 2004 to 2022 (N=750).  
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especially in resource-constrained environments 

where data quality is a continual issue. Our 

methodology incorporates measurement error 

modeling into the imputation process, facilitating 

the determination of accurate covariate values and 

subsequent bias adjustment in logistic regression 

parameters. This signifies a methodological 

expansion beyond traditional multiple imputation 

applications, which often presuppose that the 

imputed variables are measured without mistake 

[36][37]. By including a measurement error model 

during the imputation phase, we offer a more 

realistic and robust correction mechanism that 

improves the accuracy and reliability of prevalence 

estimates and model conclusions. The proposed 

approach accommodates the hierarchical structure 

of pooled cross-sectional data by including random 

effects at both the cluster and time levels to account 

for intra-class correlation and temporal variability 

[38][41]. This comprehensive methodology not 

only overcomes the constraints of conventional 

logistic regression models that overlook 

measurement error but also provides a scalable and 

reproducible analytical instrument for health 

researchers and policymakers dealing with flawed 

survey data. 

This paper enhances statistical methods by 

addressing a significant gap in the literature on the 

analysis of pooled cross-sectional data with 

measurement error. This research advances our 

comprehension of malnutrition dynamics through 

the proposal of unique statistical models and 

approaches, providing vital insights for academics, 

policymakers, and public health practitioners in 

child nutrition and welfare. The subsequent goals 

are delineated: To develop a logistic regression 

model incorporating measurement errors for 

malnutrition analysis; To validate the statistical 

model through simulations of measurement error 

scenarios.  

The paper is organized as follows: Section 2 

presents the data used, the nutritional status of the 

children, outlines the formulation of the proposed 

logistic regression model, and explains the 

application of Multiple Imputation method to 

correct measurement error and estimate the 

parameters. In the Section 3, the various results are 

presented, and the results are discussed. The paper 

concludes with a general summary in Section 4.  

  

2. MATERIALS AND METHODS 

 

2.1. Study Design 

This study employs a quantitative cross-sectional 

design, utilizing pooled cross-sectional data to 

analyze malnutrition prevalence among children 

under five years in Cameroon. The design facilitates 

the examination of relationships between various 

predictors and malnutrition outcomes, while 

accounting for measurement errors through 

Multiple Imputation (MI). 

 

2.2. Study Setting and Population 

The study is conducted in Cameroon, a country 

in Central Africa characterized by diverse cultural, 

economic, and geographical conditions. This setting 

is particularly relevant for examining malnutrition, 

as Cameroon faces significant challenges related to 

food security, health care access, and socio-

economic disparities. The population targeted in 

this study includes children under five years of age 

from various regions in Cameroon, selected through 

 

 

 

Table 3. Confusion matrices of logistic regression models predicting malnutrition status among children 

under five, based on simulated pooled cross-sectional data on malnutrition among children under five in 

Cameroon from 2004 to 2022 (N=750).  

 
 

Prediction / Reference Reference = 0 Reference = 1 

Corrected Model 

Prediction = 0 20,249 4,725 

Prediction = 1 1,725 3,301 

Uncorrected Model 

Prediction = 0 8,734 2,052 

Prediction = 1 752 1,444 
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national health surveys. This demographic is critical 

for understanding malnutrition trends, as early 

childhood is a vital period for growth and 

development.  

The selection of children under five is 

intentional, as this age group is pivotal for growth 

and development. Malnutrition during these 

formative years can lead to severe health issues, 

including stunted growth and developmental delays, 

which can persist into adulthood. By focusing on 

this population, the study aims to provide actionable 

insights that can inform public health strategies 

aimed at improving child nutrition in Cameroon. 

To ensure a representative sample, the study 

includes participants from various regions across 

the country, reflecting the diversity of socio-

economic conditions. This approach allows for the 

identification of regional disparities in malnutrition 

prevalence, helping to highlight areas that may 

require targeted interventions. The inclusion of a 

broad geographical spectrum not only enhances the 

generalizability of the findings but also underscores 

the importance of tailored public health strategies in 

addressing malnutrition. 

 

2.3. Variables 

The primary dependent variable in this study is 

the nutritional status of children, specifically 

measured using the height-for-age Z-score to 

identify stunting. Stunting is a crucial indicator of 

chronic malnutrition and reflects long-term 

nutritional deficiencies affecting physical growth 

and development. By focusing on this metric, the 

study aims to provide a clear assessment of 

malnutrition prevalence and its implications for 

child health [42] : Independent variables include a 

range of socio-demographic factors, such as place 

of residence (urban or rural), parental education 

levels, and household income. These factors are 

critical in understanding the broader context of 

malnutrition, as they can influence dietary practices, 

access to healthcare, and overall wellbeing. 

Additionally, health-related factors, including 

access to healthcare services and dietary diversity, 

are also considered, as they play a significant role in 

determining nutritional outcomes. 

 

2.4. Data Resource and Measurement 

 

2.4.1. Data Collection Tool 

Data is collected using standardized 

questionnaires administered during national health 

surveys. These questionnaires include validated 

items on socio-demographic characteristics, dietary 

intake, and health service utilization. 

 

2.4.2. Data Collection 

Data collection is performed by trained 

enumerators who follow strict protocols to ensure 

accuracy and minimize bias. Enumerators undergo 

extensive training to familiarize themselves with the 

data collection instruments and techniques, 

emphasizing the importance of objectivity and 

consistency. This training includes mock interviews 

and field practice to prepare them for real-world 

data collection scenarios: The surveys employ a 

combination of direct measurements (e.g., height 

and weight) and interviews to gather comprehensive 

information. Direct measurements provide objective 

data that can be used to calculate nutritional 

indicators, while interviews capture subjective 

information about dietary habits and health-seeking 

behaviors. This mixed-method approach enhances 

the richness of the data and allows for a more 

nuanced understanding of malnutrition: To further 

enhance data quality, quality control measures are 

implemented throughout the data collection process. 

These measures include regular supervision of 

enumerators, random checks of collected data, and 

follow-up interviews to verify responses. By 

maintaining rigorous data collection standards, the 

study aims to ensure that the findings are both valid 

and reliable, providing a solid foundation for 

subsequent analysis. 

 

 

 

Table 4. Sensitivity and specificity of corrected and uncorrected logistic regression models.  

 
 

Model Sensitivity Specificity 

Corrected Model 0.5488 0.9361 

Uncorrected Model 0.4129 0.9207 



J. Multidiscip. Appl. Nat. Sci. 

 

2.4.3. Sample Size 

The sample size for this study is determined 

based on previous health surveys and statistical 

power analyses, targeting a minimum of 750 

children under five years. This sample size is 

chosen to ensure that the study has sufficient power 

to detect significant differences in malnutrition 

prevalence, taking into account potential 

confounding factors. A larger sample size also 

enhances the generalizability of the findings across 

different populations and settings: In addition to 

providing statistical power, a well-calculated 

sample size allows for more robust subgroup 

analyses. By ensuring that the sample is large 

enough to include various demographics, the study 

can explore differences in malnutrition prevalence 

among different groups, such as urban versus rural 

populations or children from different socio-

economic backgrounds. This capability is essential 

for identifying at-risk populations and informing 

targeted public health interventions: The 

determination of the sample size also considers the 

expected response rate and potential attrition during 

data collection. By accounting for these factors, the 

study aims to maintain a high level of precision in 

its estimates. The careful planning of sample size 

not only supports the statistical analysis but also 

reinforces the credibility of the research findings, 

ensuring that they can inform effective public 

health strategies. 

 

2.4.4. Data Analysis 

Data analysis involves several steps to ensure a 

comprehensive assessment of malnutrition 

prevalence and its determinants. The initial phase 

includes descriptive statistics, which provide an 

overview of the data characteristics, including 

means, medians, and standard deviations for 

continuous variables, as well as frequencies for 

categorical variables. This descriptive analysis 

serves as a foundational step for understanding the 

distribution of key variables in the study: Following 

the descriptive analysis, Multiple Imputation is 

employed to address missing data and correct for 

measurement errors in the covariates. This 

technique allows for the estimation of true values 

based on observed data, thereby enhancing the 

reliability of the subsequent analyses. By generating 

multiple imputed datasets, the study ensures that the 

uncertainty associated with missing data is 

accounted for in the final analyses, leading to more 

robust findings. After imputation, a logistic 

regression model is fitted to each imputed dataset to 

examine the relationship between predictors and 

malnutrition outcomes. This modeling approach 

allows for the assessment of how different factors 

contribute to malnutrition prevalence, while also 

correcting for potential biases introduced by 

measurement errors. Finally, model performance is 

evaluated using metrics such as accuracy, precision, 

and confusion matrices, which compare the results 

of corrected and uncorrected models. This 

comprehensive data analysis framework not only 

enhances the validity of the findings but also 

provides actionable insights for public health 

practitioners. 

 

2.4.5. Data Sources 

This study evaluates the impact of multiple 

imputation correction on the estimation of the 

logistic regression parameters on the prediction of 

the prevalence of malnutrition [43]. The dataset was 

 

 

 

Table 5. Sensitivity analysis of Multiple Imputation performance under varying levels of missingness 

(MAR mechanism). Results are averaged over 500 simulation replications.  

 
 

Missingness Level Method 
Estimation Classification 

Bias RMSE Sensitivity Specificity AUC 

10 % MI 0.015 0.082 0.792 0.861 0.889 

  CCA 0.048 0.114 0.756 0.842 0.864 

25 % MI 0.022 0.095 0.781 0.854 0.880 

  CCA 0.073 0.138 0.742 0.831 0.851 

40 % MI 0.041 0.122 0.763 0.846 0.867 

  CCA 0.101 0.165 0.725 0.819 0.838 
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simulated to mimic real-world conditions, 

incorporating measurement errors and missing 

values, which were addressed using multiple 

imputation. The performance of corrected and 

uncorrected models was assessed through estimated 

parameters, prevalence trends, and classification 

metrics. A simulated dataset was created with 

nregions = 10 regions, nchildren = 750 children per 

region, and four time points (2004, 2011, 2018, 

2022). The true covariates Xtrue were generated 

from a standard normal distribution, and observed 

covariates Xobs were computed with added noise V 

~ N(0, σv). The probability of malnutrition pijt was 

modeled using Equation (1): 

 

η = β0 + Xtrueβ,      (1) 

 

where η is the linear predictor. This is a standard 

specification in logistic regression for binary 

outcomes and is widely used in modern 

epidemiological and health modeling literature 

(Equation 2) [43]. 

 

         (2) 

 

This logit link function maps the linear predictor 

to the [0, 1] interval and is commonly applied in 

health statistics and multivariable risk modeling 

[41]. The outcome variable (Y) was generated using 

a logistic function with a true intercept of -1.5 and 

coefficients randomly sampled between 0.3 and 0.8. 

 

2.5. Justification for Using Multiple Imputation 

Over Alternative Correction Approaches 

Multiple Imputation was chosen above other 

measurement error correction techniques for many 

critical reasons, corresponding to the particular 

constraints presented by pooled cross-sectional 

health survey data. There are other methods 

available, such as regression calibration, simulation 

extrapolation (SIMEX), and complete Bayesian 

modeling, but Multiple Imputation has some unique 

advantages in this case. Initially, Multiple 

Imputation offers a versatile framework that 

concurrently addresses both missing data and 

measurement error, which frequently co-occur in 

survey-based health research. In contrast to 

regression calibration, which rectifies measurement 

error without necessarily addressing missing data 

[44], Multiple Imputation may incorporate a 

measurement error model into the imputation 

process, thereby simultaneously correcting for both 

types of bias. This comprehensive strategy 

mitigates the possibility of skewed estimations that 

may result from addressing these concerns in 

isolation.  

Secondly, Multiple Imputation inherently 

transmit uncertainty from both absent data and 

measurement inaccuracies to the ultimate parameter 

estimations and their standard errors. Techniques 

like single imputation or complete-case analysis 

diminish variance and may result in exaggerated 

type I error rates [45]. Conversely, Multiple 

Imputation addresses both within-imputation and 

between-imputation variability, facilitating effective 

statistical inference under the missing-at-random 

(MAR) assumption and specific measurement error 

frameworks. Third, Multiple Imputation is 

computationally feasible and effectively 

accommodates intricate hierarchical data structures, 

such as those seen in pooled cross-sectional surveys 

with regional and temporal clustering. Although 

fully Bayesian approaches provide comparable 

advantages, they frequently need the specification 

of prior distributions and entail more complex 

computations [46]. Multiple Imputation, executed 

 

 

 

Table 6. Accuracy trends of logistic regression models predicting malnutrition among children under five, 

based on simulated pooled cross-sectional data on malnutrition among children under five in Cameroon 

from 2004 to 2022 (N=750).  

 
 

Year Accuracy (Uncorrected) Accuracy (Corrected) 

2004 0.7846 0.8183 

2011 0.7729 0.8187 

2018 0.7956 0.8319 

2022 0.7827 0.8247 
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by chained equations, provides a practical and 

accessible approach that may be utilized with 

common statistical tools without requiring 

considerable previous specification.  

Fourth, Multiple Imputation endorses the 

utilization of auxiliary variables to enhance 

imputation precision, which is especially 

advantageous when external validation data or 

replication measurements are scarce: a frequent 

occurrence in resource-constrained environments. 

By using correlations among observable variables, 

Multiple Imputation can provide more precise 

imputations than approaches that depend 

exclusively on unreliable covariates [47]. 

Ultimately, Multiple Imputation has been 

extensively verified in epidemiological and health 

research, accompanied by well-defined standards 

for its application and interpretation. The usage of 

this method in nutritional epidemiology is 

increasing, however its use to rectify measurement 

error in pooled cross-sectional designs remains little 

investigated. Considering these benefits, Multiple 

Imputation is a strong, adaptable, and 

methodologically rigorous option for rectifying 

measurement error and addressing missing data in 

the current investigation. 

 

2.6. Methodological Contribution 

Although Multiple Imputation is a recognized 

method for addressing missing data, its use for 

rectifying measurement error in pooled cross-

sectional surveys is still constrained. This study 

enhances the conventional Multiple Imputation 

framework by including a measurement error model 

directly into the imputation process, enabling the 

concurrent rectification of both missing data and 

measurement inaccuracies: This comprehensive 

method is especially appropriate for hierarchical 

survey data, as it incorporates cluster-level and 

temporal heterogeneity via random effects. This is 

one of the initial uses of MI-based measurement 

error correction in the study of child malnutrition 

with pooled DHS-style data. The proposed 

paradigm provides a pragmatic and scalable 

approach to enhancing the accuracy of prevalence 

estimates and regression inferences in contexts 

lacking gold-standard measures. 

 

2.7. Model Formulation 

Researchers may define the nutritional status of 

children in various ways. A child’s nutritional status 

is typically determined using several measurements, 

including height, weight, gender, and age. The three 

commonly used indicators of nutritional status are 

height-for-age (stunting), weight-for-height 

(wasting), and weight-for-age (underweight), as 

proposed in [48][49]. These indicators are 

expressed as Z-scores relative to the median of a 

reference population: In our study, we use ”height-

for-age” (stunting) as the dependent variable, coded 

as ’1’ if the child is classified as stunted and ’0’ 

otherwise. Height-for-age is an indicator that 

compares an individual’s height with the expected 

height for their age, based on standardized growth 

charts. This metric primarily assesses chronic 

malnutrition, reflecting long-term nutritional 

deficiencies that affect growth over time. A child 

whose height is significantly below the expected 

range is considered stunted, indicating inadequate 

nutrition during critical periods of growth. This 

measure is also informative of current nutritional 

status as it relates body mass to body length and 

requires accurate knowledge of the child’s age. It 

complements ”weight-for-age,” an indicator used in 

[51][52]. 

 

 

 

Table 7. Precision of uncorrected and corrected logistic regression models identifying malnutrition among 

children under five, based on simulated pooled cross-sectional survey data reflecting malnutrition in Came-

roon from 2004 to 2022 (N=750).  

 
 

Year Precision (Uncorrected) Precision (Corrected) 

2004 0.8098 0.8333 

2011 0.7974 0.8288 

2018 0.8221 0.8446 

2022 0.8095 0.8352 
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Furthermore, height-for-age helps determine 

whether a child has recently received sufficient 

nutrients to support and maintain body weight, and 

it reflects broader influences such as genetic 

potential, environmental conditions, and disease 

burden, as emphasized by the World Health 

Organization (WHO). To define child malnutrition, 

we followed the guidelines of the Bangladesh 

National Report and the World Health Organization 

[53][54]. We consider several covariates as 

predictor variables that are commonly reported in 

nutritional studies of children. Some of them 

(categories are given in brackets) are place of 

residence (urban, rural), partner’s education (no 

education, primary, secondary, higher, don’t know), 

partner’s occupation (did not work, prof., tech. 

manag., sales, agric-employed, household/domestic, 

service, skilled manual, unskilled manual), type of 

toilet facility (flush toilet, rudimentary pit toilet 

latrine, improved pit toilet latrine, no facility, other, 

not dejure residence), source of drinking water (in 

the house, in the courtyard, along the road, well 

with pump, well, protected without pump, river/

stream not protected, protected source, rainwater, 

other, not dejure residence), religion (Protestant, 

Catholic, Animist, Muslim, other, no religion, new 

religion (rebellious religion)), Gave child baby 

formula (from 1 time to 10 times by week), Gave 

child food (eggs, fish, poultry, meat), entries in 

maternity table (from 0 to 5 times by week), entries 

in health table (from 0 to 5 times by week), husband 

lives in house (living with her, staying elsewhere), 

sex of child (male or female), antenatal visits of 

pregnancy (from 0 to 5 times by month), Entries in 

height/weight (from 0 to 5 times by week). 

To model the malnutrition of children under five 

years in the presence of measurements errors using 

Logistic regression model, we consider Yijk, which 

represent the malnutrition status of child i in region 

j during survey conducted at time t. Our logistic 

measurement-error regression with data revision 

has the Formula (3): 

 

         

      (3) 

 

with X1jt, X2jt, . . . ,Xkjt represents individual 

child characteristics such as age of child, weight of 

child, time of gave child food, entries in child 

health , antenatal care, entries in health table, 

entries in pregnancy and postnatal care, etc. The 

independent variable Xijt is affected by a 

measurement error ϵijt, which is unobserved. β0 is 

the intercept, this is the constant term in the model 

that represents the average effect on the logit of the 

probability of success when all independent 

variables are zero. β1, β2, . . . , βk  : These are the 

parameters of the model to be estimated from the 

data. Each coefficient βk represents the contribution 

of the corresponding variable X*
ijt to the logit of the 

 

 

 
Figure 2. Classification accuracy of uncorrected and corrected logistic regression models predicting malnu-

trition among children under five, based on simulated pooled cross-sectional data on malnutrition among 

children under five in Cameroon from 2004 to 2022 (N=750).  
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probability of success; X*
ijt are the observed values 

of Xijt corrected for measurement error. uc : 

Captures variability at the cluster level. wt: : 

Captures variability across time periods; vijt : These 

are the measurement errors associated with each 

independent variable. 

Measurement errors are differences between the 

actual values of the variables and the measured or 

observed values. P(Yijt = 1): This is the probability 

that the dependent variable (Yijt) will take the value 

1 (success) for a given observation. In logistic 

regression, this probability is modelled using the 

logistic (or logit) function, which is a 

transformation of the probability so that it varies 

between 0 and 1. The model developed, called 

LRM-DR, would make it possible to model the 

relationship between the individual characteristics 

of children, and the nutritional status of children, 

while taking account of measurement errors in the 

explanatory variables. 

 

2.8. Statistical Method 

Measurement error can significantly bias 

regression coefficient estimates β and inflate 

standard errors, leading to incorrect inferences. To 

address this issue, Multiple Imputation is applied to 

estimate the true values of covariates and obtain 

unbiased estimates of the logistic regression 

parameters β0, β1, β2, . . . , β8. 

 

2.8.1. Measurement Error Model 

We assume that the observed independent 

variables contain measurement error, which can be 

modeled as follows Equation (4); 

      (4) 

 

where, X*
ijt represents the observed values, 

which are affected by measurement error. Xijt 

denotes the true but unobserved values of the 

covariates, while vijt is the random measurement 

error, assumed to follow a normal distribution with 

mean zero and variance σ2
v. 

 

2.8.2. Imputation of True Covariates 

To estimate the true values Xijt, we employ 

Multiple Imputation, modeling the expectation of 

the true values given the observed data as Equation 

(5). 

       

      (5) 

 

This formulation is based on classical 

measurement error models and regression 

calibration techniques [55][56]. For each imputation 

m, the true values are generated as Equation (6). 

       

      (6) 

 

This process accounts for the uncertainty in 

estimating the true covariates, following the 

framework described in [34][56]. 

 

2.8.3. Logistic Regression with Imputed Data 

After imputation, we fit a logistic regression 

model to each imputed dataset (Equation (7)); 

       

      (7) 

 

 

 

 

Table 8. Mean estimates of logistic regression coefficients (β0 to β8) across increasing sample sizes, based 

on simulated pooled cross-sectional survey data reflecting malnutrition prevalence in Cameroon N varies 

by scenario).  

 
 

Sample Size β0 β1 β2 β3 β4 β5 β6 β7 β8 

50 -1.2955 0.3288 0.4580 0.4962 0.5997 0.5549 0.2109 0.3608 0.5444 

100 -1.3076 0.3102 0.4721 0.3912 0.4721 0.5138 0.2631 0.4459 0.5252 

200 -1.3320 0.3257 0.5028 0.4034 0.4984 0.5977 0.2302 0.4148 0.5451 

300 -1.3372 0.3106 0.4857 0.3867 0.5490 0.5435 0.2317 0.3820 0.5376 

400 -1.3902 0.3253 0.5049 0.3571 0.5338 0.5324 0.2700 0.4683 0.5537 

500 -1.3595 0.3440 0.5356 0.3278 0.5422 0.5514 0.2350 0.4015 0.5105 

600 -1.3130 0.3239 0.5061 0.3588 0.5502 0.5386 0.2575 0.3678 0.5376 

750 -1.3766 0.3189 0.5193 0.3654 0.5564 0.5428 0.2453 0.4109 0.5341 
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where, uc ~ N (0, σ2
u) captures variability at the 

cluster level; wt ~ N (0, σ2
w) accounts for time-

period variability. This hierarchical logistic model 

is a standard approach in multilevel analysis of 

health data [57][58]. 

 

2.8.4. Pooling Estimates from Imputed Datasets 

Since multiple datasets are generated through 

imputation, the logistic regression results must be 

combined to obtain final parameter estimates. For 

each imputed dataset m, we obtain an estimate β(m) 

of the regression parameters. The final pooled 

estimate is computed as Equation (8). 

       

      (8) 

 

This pooling rule follows Rubin’s rules for 

multiple imputation [34][55]. This represents the 

average of the estimates across the M imputed 

datasets. To estimate the regression coefficients β

(m), we use maximum likelihood estimation (MLE) 

applied to logistic regression [58]. The model is 

expressed as Equation (9).  

       

      (9) 

 

The likelihood function for logistic regression in 

the m-th imputed dataset is given by Equations (10) 

and (11); 

       

                (10) 

 

where: 

                 

 

                (11) 

 

is the predicted probability that Yi = 1. Taking 

the logarithm of the likelihood function, we obtain 

the Equation (12): 

       

                (12) 

 

The estimated coefficients ˆ β(m) are obtained by 

solving the optimization problem (Equation (13)): 

 

                 (13) 

 

Since the log-likelihood function is nonlinear, 

we solve Equation (14): 

 

                (14) 

 

These are standard results in logistic regression 

modeling [58]. After estimating ˆ β(m) for each 

imputed dataset, the final pooled estimate is 

computed as Equation (15): 

 

                (15) 

 

This approach ensures that missing data 

uncertainty is properly incorporated into the final 

model. The variance of the pooled estimate. β: is 

computed using Rubin’s variance formula [34]. 

 

2.8.4.1. Within-Imputation Variance 

This measures the average variance of the 

parameter estimates across the M datasets (Eq. 16): 

 

 

 

Table 9. Standard deviations of logistic regression coefficients (β0 to β8) across increasing sample sizes, 

based on simulated pooled cross-sectional data modeling malnutrition among children under five in Came-

roon (N varies by scenario).  

Sample Size β0 β1 β2 β3 β4 β5 β6 β7 β8 

50 0.0657 0.0534 0.0551 0.0564 0.0568 0.0567 0.0523 0.0534 0.0535 

100 0.0461 0.0381 0.0379 0.0371 0.0383 0.0392 0.0374 0.0374 0.0382 

200 0.0332 0.0267 0.0268 0.0273 0.0273 0.0278 0.0266 0.0270 0.0275 

300 0.0269 0.0213 0.0222 0.0217 0.0224 0.0226 0.0214 0.0218 0.0224 

400 0.0239 0.0188 0.0194 0.0189 0.0199 0.0194 0.0187 0.0193 0.0197 

500 0.0210 0.0167 0.0174 0.0170 0.0175 0.0177 0.0167 0.0169 0.0173 

600 0.0189 0.0151 0.0159 0.0154 0.0159 0.0159 0.0150 0.0153 0.0160 

750 0.0205 0.0172 0.0201 0.0184 0.0195 0.0212 0.0189 0.0202 0.0193 
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                 (16) 

 

2.8.4.2. Between-Imputation Variance 

This quantifies the variability in the parameter 

estimates across the different imputations (Eq. 17). 

       

                (17) 

 

2.8.4.3. Total Variance 

This accounts for both within-imputation and 

between-imputation variance, capturing total 

uncertainty in the estimated parameters (Eq. 18). 

        

                (18) 

 

Confidence intervals for the estimated 

parameters are derived as Equation (19). 

      

                (19) 

 

where, tν is the critical value from the t-

distribution with degrees of freedom ν. The degrees 

of freedom are computed by Equation (20): 

       

                (20) 

 

These expressions follow the original variance 

decomposition and degrees of freedom 

approximations proposed by Rubin [34][55]. 

After pooling the estimates, the final corrected 

logistic regression model is Equation (21): 

 

        

                (21) 

 

where, βk are the corrected regression 

coefficients; uc ~ N(0, σ2
u) captures cluster-level 

variability; wt ~ N(0, σ2
w) accounts for time-period 

variability. Which incorporates uncertainty from 

missing and mismeasured data into the parameter 

estimates [55][56]. 

 

2.8.5. Multiple Imputation Procedure 

The analysis addressed measurement error and 

missing data with regression calibration-based 

Multiple Imputation. The imputation model 

assumes additive normal error for observed 

covariates (X*
ijt) and a linear relationship between 

latent and observable variables. The model is 

explained in Equation (6). This regression 

calibration method works for continuous variables 

impacted by classical measurement error and 

follows literature recommendations. For consistent 

and efficient parameter estimation, Rubin’s 

methods created eleven imputed datasets. We used 

a logistic regression model with cluster-level (uc) 

and year-level (wt) random effects to assess each 

imputed dataset. We computed regression 

coefficient aggregates using Rubin’s methodology. 

These rules calculated standard errors and 

confidence ranges using inside- and across-

imputation variances. Imputation and analysis were 

in R (4.5.1). Preliminary testing of the mice 

package was done before final Multiple Imputation 

using bespoke R scripts for regression calibration. 

 

 

 

Table 10. Coefficient of variation (CV) for logistic regression coefficients (β0 to β8) across increasing sam-

ple sizes, based on simulated pooled cross-sectional data on malnutrition among children under five in 

Cameroon (N varies by scenario).  

 
 

Sample Size β0 β1 β2 β3 β4 β5 β6 β7 β8 

50 5.07 16.24 12.03 11.37 9.47 10.22 24.78 14.81 9.83 

100 3.52 12.29 8.03 9.48 8.12 7.63 14.21 8.39 7.27 

200 2.49 8.19 5.33 6.77 5.48 4.65 11.56 6.51 5.05 

300 2.01 6.86 4.57 5.61 4.08 4.15 9.24 5.71 4.17 

400 1.72 5.78 3.84 5.29 3.73 3.64 6.92 4.12 3.56 

500 1.54 4.85 3.25 5.19 3.23 3.21 7.11 4.21 3.39 

600 1.44 4.66 3.14 4.29 2.89 2.95 5.82 4.16 2.98 

750 1.49 5.39 3.87 5.03 3.51 3.91 7.71 4.91 3.61 
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The model was estimated and tested using lme4, 

stats, caret, and pROC.  

Checking input values with typical diagnostics. 

Trace plots of parameter estimations during 

imputations showed convergence, density graphs 

showed imputed and actual distributions for 

plausibility, and Monte Carlo errors measured 

numerical stability. Corrected and uncorrected 

models were compared for prevalence, 

classification accuracy, and coefficient stability to 

measure Multiple Imputation. Because 

demographic and socioeconomic factors were 

obvious confounders, we assumed the data were 

”missing at random” (MAR). Missingness is 

frequently connected to observed characteristics 

like residency and maternal education, which were 

incorporated in the imputation model. Our MAR-

based simulation method examines Multiple 

Imputation in a controlled and straightforward 

manner, unlike genuine DHS data with more 

complex missingness patterns. Regression 

calibration was selected over MICE to correct 

measurement error in continuous variables without 

imputing missing values. MICE is good for general-

purpose imputation but not systematic measurement 

error, which regression-based techniques manage. 

 

2.9. Simulation of Varying Sample Sizes 

We utilized the subsequent values to generate 

simulated datasets with increased sample sizes: n = 

50, 100, 200, 300, 400, 500, 600, 750. This was 

conducted to examine the impact of sample size on 

the stability of parameter estimates. In each 

instance, an identical methodology was employed 

to generate the data, and the actual regression 

coefficients were predetermined. An exhaustive 

analysis was performed on the estimations obtained 

from each scenario to discern trends in mean bias 

and parameter convergence. The system’s design 

enabled us to evaluate the accuracy and consistency 

of the estimation approach with varying data 

volumes. 

 

2.10. Algorithm Evaluation 

On the test dataset, we evaluated model 

performance using a confusion matrix. Confusion 

matrix determined model accuracy, sensitivity, and 

specificity. In a binary classification framework, the 

following assessment metrics are calculated for the 

four outcomes: True Positive (TP), True Negative 

(TN), False Positive (FP), and False Negative (FN).  

 

2.10.1. Accuracy 

Accuracy is the proportion of the total number of 

correct predictions (TP + TN) to the total number of 

predictions (TP + TN + FP + FN). It reflects the 

overall ability of the classifier to make correct 

decisions. Formally, it is given by Equation (22): 

       

                (22) 

 

2.10.2. Sensitivity 

Sensitivity, also known as recall or the true 

positive rate, measures the proportion of actual 

positive cases correctly identified by the model. It 

represents the classifier’s ability to detect positive 

instances (e.g., individuals with malnutrition). A 

highly sensitive classifier has a low rate of false 

negatives. Sensitivity is defined as Equation (23): 

       

                (23) 

 

2.10.3. Specificity 

Specificity, or the true negative rate, measures 

the proportion of actual negative cases correctly 

classified. It reflects the classifier’s ability to 

identify individuals without the condition (e.g., well

-nourished children) as negative. A highly specific 

model results in a low rate of false positives. 

Specificity is calculated as Equation (24): 

 

                 (24) 

 

2.10.4. Area Under the Curve - Receiver Operating 

Curve (AUC-ROC) 

AUC-ROC-unit square graphs—show classifier 

diagnostic performance. A plot of true positive rate 

(sensitivity) and false positive rate (1 − specificity) 

is created for different thresholds. To measure 

classifier performance, the area under the curve 

(AUC) estimates the area beneath the ROC curve to 

aggregate classification results over all thresholds. 

AUCs 0–1. A 0.5 AUC classifier is unpredictable 

and unreliable. Classifiers with 1.0 AUCs correctly 

identify positive and negative cases. The classifier 

improves as AUC approaches 1. With this metric, 

classifier discrimination comparisons are robust and 

threshold independent.  
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3. RESULTS AND DISCUSSIONS 

 

3.1. Results 

 

3.1.1. Descriptive Data 

The study simulated data from 10 regions in 

Cameroon, each with 750 children observed in 

2004, 2011, 2018, and 2022. It included 

demographic, socioeconomic, and healthcare-

related variables, with deliberate measurement 

errors to mimic real survey challenges. Malnutrition 

was measured using height-for-age (stunting), 

coded as 1 for stunted and 0 otherwise. The 

Multiple Imputation technique employed in this 

work is adaptable to actual DHS datasets because to 

its compatibility with intricate survey designs using 

MICE imputation methods. Utilizing DHS data, we 

will implement survey design elements such as 

sample weights, clustering, and stratification during 

imputation and analysis, adhering to weighted 

multiple imputation guidelines for complex surveys. 

This addresses within-cluster correlation and 

ensures survey representativeness in imputed values 

and parameter estimates. We elucidated this aspect 

in the Discussion section and outlined practical 

methodologies for implementing the methodology 

on actual DHS data. Logistic regression with 

multiple imputation was used to address missing 

data and correct measurement errors. The 

simulation accounted for regional and time 

variability, reflecting real-world survey 

heterogeneity and allowing a robust assessment of 

multiple imputation’s impact on model 

performance.  

We elucidate the original variables derived from 

the aggregated Demographic and Health Surveys 

(DHS) conducted in Cameroon in 2004, 2011, 

2018, and 2022 to enhance the clarity and 

replicability of the study. The study examined 

children under five, using criteria linked to child 

nutrition, including household, demographic, and 

health data. Table 1 presents a summary of the most 

significant variables. The binary outcome variable, 

stunted, indicates that a child’s height-for-age Z-

score falls below −2 standard deviations. The mean 

prevalence of stunting during the duration of the 

survey was 34%. Approximately 39% of children 

resided in urban areas. The mean educational 

attainment for women was 6.8 years, although the 

average wealth index for households approximated 

the national median (3.0 out of 5.0). Each record 

had an average of 2.7 entries in the pregnancy 

portion and 2.5 entries in the healthcare section of 

the questionnaire. Additional confounders include 

categorical variables such as the mother’s age 

category, the partner’s occupation, the kind of 

 

 

 
Figure 3. Variability in regression parameter estimates (β0 to β8) across increasing sample sizes, based on 

simulated pooled cross-sectional data on malnutrition among children under five in Cameroon using a Mul-

tiple Imputation framework from 2004 to 2022 (N varies by scenario).  
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sanitation facility, and the source of potable water. 

These represent prevalent indicators of DHS. 

  

3.1.2. Outcome Data 

Table 2 presents the predicted malnutrition 

prevalence from both corrected and uncorrected 

models, with the corrected model consistently 

reporting lower values, indicating that the 

uncorrected model tends to overestimate 

prevalence. For example, in 2004, the corrected 

prevalence was 0.1866 compared to 0.3000 in the 

uncorrected version. This pattern held across all 

observed years. The trend persisted across years, as 

illustrated in Figure 1, which displays the 

prevalence estimates from both models over time. 

The 2011 anomaly, where the adjusted prevalence 

(0.1396) slightly exceeds the unadjusted figure 

(0.1047), may be ascribed to imputation 

modifications that rectify underreporting or data 

inaccuracies for that year. This highlights the need 

of accounting for the uncertainty caused by 

measurement error, hence enhancing the precision 

and clarity of our evaluation about the effects of the 

imputation-based correction approach.  

The corrected model demonstrates superior 

performance in detecting malnourished children 

(sensitivity: 0.5488 vs. 0.4129) and accurately 

identifying non-malnourished children (specificity: 

0.9361 vs. 0.9207), as evidenced by the confusion 

matrices (Table 3) and the corresponding sensitivity 

and specificity values (Table 4). Table 5 presents 

the results of a sensitivity analysis for three levels 

of missingness employing the MAR mechanism. 

MI consistently surpassed CCA in terms of bias, 

RMSE, and classification accuracy. Multiple 

Imputation exhibited satisfactory performance with 

moderate (25%) and high (40%) levels of missing 

data; however, sensitivity and AUC diminished 

under conditions of extreme missing data. Multiple 

Imputation demonstrated superior estimation and 

differentiation in all instances compared to CCA. 

The enhancements have illuminated the efficacy of 

measurement error correction using multiple 

imputation in enhancing model performance across 

both classification dimensions. The confusion 

matrices (Table 3) show that the corrected model 

achieved better sensitivity and specificity, reducing 

both false positives and false negatives.  

The accuracy and precision results (Tables 6 and 

7) affirm the superior performance of the corrected 

model. Across all years, accuracy improved by 

approximately 3–4%, and precision increased to 

values above 0.83. This suggests that the model 

with multiple imputation was more reliable in 

identifying true cases of malnutrition, as further 

illustrated in Figure 2, which compares 

classification accuracy between corrected and 

uncorrected models over time. 

 

3.1.3. Main Results 

As seen in Table 8, increasing the sample size 

led to more stable parameter estimates. Coefficients 

such as β2, β4, and β5 became more consistent with 

larger samples, demonstrating the convergence of 

estimates as data volume increased. This pattern is 

visually supported by Figure 3, which shows the 

decreasing variability in regression parameter 

estimates across sample sizes. Figures 4 and 5 show 

the trends in standard deviation and coefficient of 

variation, respectively. These metrics declined 

steadily with larger sample sizes, highlighting 

improved precision. However, a slight fluctuation at 

sample size 750 suggests potential noise or 

computational sensitivity. Overall, the corrected 

model using Multiple Imputation yielded better 

prevalence estimates, stronger classification 

performance, and more stable parameter estimates 

across sample sizes. This validates the use of 

imputation methods in epidemiological modeling 

with noisy data.  

 

3.2. Discussions 

 

3.2.1. Key Results 

This study builds on established knowledge in 

the field of health data analysis by recognizing 

several limitations in traditional methods applied to 

pooled cross-sectional data, particularly in low-

resource settings: Pooled cross-sectional data are 

commonly used in health research but are subject to 

missing data and measurement errors, particularly 

in low-resource settings; Traditional logistic 

regression models often fail to correct for these 

errors, leading to biased prevalence estimates and 

unreliable conclusions. Multiple Imputation is an 

established method for addressing missing data but 
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is less frequently applied to correct for 

measurement error in pooled survey datasets.  

In response to these challenges, this study 

contributes novel insights and practical 

advancements; Demontrates that Multiple 

Imputation significantly improves the accuracy and 

reliability of malnutrition prevalence estimates in 

pooled cross-sectional data. It Shows that MI-

corrected models outperform uncorrected models in 

classification accuracy, precision, and parameter 

stability. It Provides a robust and replicable 

framework for integrating Multiple Imputation into 

logistic regression analysis of health survey data, 

supporting evidence-based policy decisions.  

The findings of this study confirm that correcting 

for measurement error using Multiple Imputation 

significantly improves model performance. The 

corrected logistic regression model consistently 

outperformed the uncorrected version across all 

four survey years, with accuracy values ranging 

from 0.8183 to 0.8319. In contrast, the uncorrected 

model exhibited lower accuracies between 0.7729 

and 0.7956. These gains of approximately 3–4 

percentage points align with theoretical 

expectations and empirical results reported in the 

literature. For instance, Dong and Peng [59] 

observed improvements in classification 

performance of logistic regression models when MI 

was applied to simulated and empirical datasets. 

Similarly, White et al. [35] reported that MI-

corrected models produced more reliable and less 

biased estimates, particularly in scenarios with 

moderate to high levels of missing or mismeasured 

data. 

The findings of this study confirm that correcting 

for measurement error using Multiple Imputation 

significantly improves model performance. The 

corrected logistic regression model consistently 

outperformed the uncorrected version across all 

four survey years, with accuracy values ranging 

from 0.8183 to 0.8319. In contrast, the uncorrected 

model exhibited lower accuracies between 0.7729 

and 0.7956. These gains of approximately 3–4 

percentage points align with theoretical 

expectations and empirical results reported in the 

literature. For instance, Dong and Peng [59] 

observed improvements in classification 

performance of logistic regression models when MI 

was applied to simulated and empirical datasets. 

Similarly, White et al. [35] reported that MI-

corrected models produced more reliable and less 

biased estimates, particularly in scenarios with 

moderate to high levels of missing or mismeasured 

data. 

By comparison, studies that did not employ 

Multiple Imputation tended to report lower 

predictive accuracy. Higazi et al. [19], in their 

analysis of malnutrition in developing countries 

 

 

 
Figure 4. Standard deviation trends of logistic regression coefficients (β0 to β8) across increasing sample 

sizes, based on simulated pooled cross-sectional data on malnutrition among children under five in Came-

roon from 2004 to 2022 (N varies by scenario).  
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using a linear mixed model without Multiple 

Imputation, reported classification accuracies 

ranging from 0.72 to 0.78. These values are 

consistent with the uncorrected accuracy levels in 

the present study, suggesting that unaddressed 

measurement error may lead to inflated or deflated 

model estimates. This reinforces the notion that 

traditional logistic regression models, when applied 

directly to error-prone health data, can misrepresent 

the true relationship between covariates and 

outcomes.  

The alignment of our corrected model’s 

performance with that of previous MI-based studies 

further supports the robustness of our modeling 

approach. Little and Rubin [55] emphasized the 

importance of incorporating uncertainty from 

imputed data into parameter estimates, a feature that 

is integral to Multiple Imputation. The present 

study’s findings demonstrate the practical benefits 

of applying Multiple Imputation not only for 

handling missing data but also for correcting 

measurement error, ultimately yielding more 

accurate estimates of malnutrition risk. Therefore, 

the integration of Multiple Imputation into logistic 

regression modeling should be encouraged in health 

research using large-scale, cross-sectional datasets 

such as the DHS. 

The results from this study clearly demonstrate 

that correcting for measurement error using 

Multiple Imputation significantly improves the 

performance of logistic regression models applied 

to malnutrition prevalence data. As shown in Table 

2, the corrected model consistently reports lower 

prevalence estimates across all years, with the most 

notable correction observed in 2004, where 

prevalence drops from 0.3000 (uncorrected) to 

0.1866 (corrected). This suggests that the 

uncorrected model tends to overestimate 

malnutrition prevalence due to unaddressed 

measurement errors. Further, the classification 

performance of the models is substantially 

enhanced through correction. From Table 3, the 

corrected model yields higher true positive and true 

negative counts, with reduced false classifications.  

The sensitivity is notably better, as the number 

of correctly identified malnourished children 

increases from 1,444 (uncorrected) to 3,301 

(corrected). This translates into higher precision and 

accuracy, as shown in Tables 6 and 7. For instance, 

in 2018, accuracy improves from 0.7956 to 0.8319, 

and precision increases from 0.8221 to 0.8446. 

Another important finding is the role of sample size 

in stabilizing the estimates. Table 8 shows that 

parameter estimates (e.g., β2, β4, β5) tend to 

converge and become more consistent as sample 

size increases. This trend is corroborated by the 

reduction in standard deviation (Table 9) and 

coefficient of variation (Table 10), which both 

decline steadily from small (n=50) to larger samples 

(n=600). Thus, the use of Multiple Imputation not 

only corrects bias but also enhances stability in 

model estimation. 

 

3.2.2. Practical Magnitude and Public Health 

Implications 

The noted enhancements in model performance, 

albeit statistically significant, had substantial 

practical consequences for public health decision-

making and resource allocation. The revised model 

attained an average enhancement in classification 

accuracy of around 3–4 percentage points across the 

survey years (Table 6), accompanied by precision 

gains of a comparable scale (Table 7). While these 

benefits may seem little in absolute terms, they 

result in considerable effects when applied to 

population-level malnutrition screening and 

intervention strategies. In a population of one 

million children under five, a 3% enhancement in 

classification accuracy equates to around 30,000 

more children accurately recognized as either 

starving or well-nourished. The decrease in 

misclassification, especially the reduction in false 

negatives, guarantees that children requiring 

nutritional assistance are more likely to get prompt 

interventions while preventing the misallocation of 

limited resources to false positives. Precision is 

essential in low-resource environments such as 

Cameroon, where limited public health funds 

necessitate targeted efficiency, which directly 

influences program performance [60][61]. 

The adjusted prevalence estimates were 

consistently lower than the unadjusted figures 

(Table 2), with the most significant absolute 

decrease occurring in 2004 (from 0.3000 to 0.1866). 

The 11.34 percentage point decrease signifies a 

relative drop of around 38% in the projected 

prevalence of malnutrition for that year. This 

recalibration directly affects burden assessment, 
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financing requests, and the monitoring of 

Sustainable Development Goal (SDG) indicators. 

Exaggeration of malnutrition prevalence can result 

in an inflated perception of necessity, misallocated 

financing, and exaggerated advancements in later 

assessments [62][63]. In contrast, enhanced 

accuracy in estimations allows improved 

prioritizing of high-burden areas and more 

dependable monitoring of changes over time. 

The stability of parameter estimates with larger 

sample sizes (Tables 8 – 10, Figures 3 – 5) further 

corroborates the efficacy of the proposed Multiple 

Imputation framework in longitudinal survey 

research. The variability in sample size across 

rounds of demographic and health surveys 

necessitates the production of reliable and 

comparable estimates to bolster the credibility of 

cross-year comparisons and policy assessments. 

This is especially pertinent for national and 

subnational health planning, as choices are 

frequently guided by trends obtained from 

aggregated survey data [64][65]. The 

methodological enhancements presented herein 

transcend mere statistical advancements, providing 

concrete advantages for public health practice: more 

precise burden estimates, better intervention 

targeting, and increased dependability of trend 

studies. The future use of MI-based correction in 

national survey analysis may enhance the evidence 

foundation for nutrition policy and promote more 

effective and equitable child health measures in 

Cameroon and analogous settings. 

  

3.2.3. Generalizability and Considerations for 

Broader Application 

The methodological framework in this study is 

constructed for generalizability and can be modified 

for different survey designs, health outcomes, and 

data formats often seen in public health research, 

although it was utilized for malnutrition analysis 

using pooled DHS data from Cameroon. The 

Multiple Imputation method, incorporating 

measurement error correction, extends beyond child 

malnutrition and height-for-age metrics. This may 

be applied to additional binary or continuous health 

outcomes, like vaccination status, illness incidence, 

or healthcare usage, where issues of measurement 

error and missing data are pertinent. The basis of 

logistic regression facilitates easy adaptation to 

other outcome variables, contingent upon the 

accurate specification of the measurement error 

structure.  

The hierarchical modeling component, which 

includes random effects for clusters and times, 

renders the technique appropriate for diverse multi-

level data structures, such as those derived from 

panel surveys, repeated cross-sectional studies, or 

spatially nested designs. Researchers utilizing data 

 

 

 
Figure 5. Coefficient of variation (CV) trends for logistic regression coefficients across increasing sample 

sizes, based on simulated pooled cross-sectional data on child malnutrition in Cameroon from 2004 to 2022 

(N varies by scenario).  
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from the multiple indicator cluster surveys (MICS), 

living standards measurement study (LSMS), or 

other nationally representative surveys may employ 

a comparable paradigm to address within-cluster 

correlation and temporal trends. However, before 

we generalize this methodology, it is crucial to 

acknowledge several significant limitations. A 

primary limitation is the presumption of simple 

random sampling that is inherent in our simulation. 

Surveys like the DHS utilize stratified, multi-stage 

cluster sampling and integrate sampling weights to 

guarantee representativeness. Our existing approach 

does not explicitly account for these survey weights 

or the intricate sampling design, which may 

influence variance estimation and the 

generalizability of point estimates when directly 

applied to weighted survey data. Future 

implementations must use survey weights 

throughout the imputation and modeling phases to 

yield design-consistent findings. 

The measurement error model presupposes the 

normalcy and homoscedasticity of errors, which 

may not be applicable to all covariate types (e.g., 

binary, count, or censored variables). Modifications 

to the imputation model would be necessary for 

extensions to non-normal error distributions or 

heteroscedasticity. The technique presupposes that 

the variance of measurement error is either known 

or can be estimated, in reality may need validation 

data or replication measurements—resources that 

are not always accessible in secondary survey 

research. Ultimately, although the approach is 

computationally viable for the data size discussed, 

extensive datasets with numerous imputations, 

variables, or hierarchical levels may necessitate 

augmented computational resources or algorithmic 

enhancements. The suggested MI-based correction 

system provides a flexible and principled method 

for tackling measurement error and missing data in 

pooled cross-sectional health surveys. The 

application to various contexts relies on a 

meticulous evaluation of the sampling design, 

assumptions regarding measurement error, and the 

scalability of the model. This method might 

enhance analytical rigor in many health survey 

applications by making appropriate changes, 

including the integration of survey weights and the 

expansion of error models. 

 

3.2.4. Limitations 

Despite these strong results, some limitations 

were observed. First, while the model corrects for 

measurement error effectively, it relies on the 

assumption that the measurement errors are 

normally distributed with known variance. This 

assumption may not hold for all covariates or real-

world scenarios, potentially affecting the 

generalizability of the results. Another limitation is 

seen in the variability analysis at sample size 

n=750. As illustrated in Tables 9 and 10, certain 

parameters (e.g., β2, β5) show slight increases in 

standard deviation and coefficient of variation, 

indicating that even large samples can be subject to 

unexpected fluctuations. These may stem from 

computational variability or complex interactions 

within the data. Furthermore, while the simulation 

study was designed to reflect real-world DHS data, 

it remains a controlled environment. Application to 

actual DHS datasets may introduce complexities not 

fully captured here, including survey design 

weights, clustering, and interviewer effects, which 

would need additional adjustments. 

 

3.2.5. Interpretation 

The methodological enhancements provided by 

Multiple Imputation significantly influence not just 

statistical performance but also public health 

research and practice. The consistent decrease in 

estimated malnutrition prevalence following MI 

adjustment (Table 2) is a significant discovery. It 

clearly suggests that conventional analytical 

techniques, when utilized on error prone survey 

data, are susceptible to overestimation bias. This 

overestimation can skew the perceived severity of a 

public health issue, resulting in misallocation of 

resources. An exaggerated prevalence estimate may 

lead to superfluous or too wide nutritional 

treatments, reallocating resources from other vital 

health sectors. In contrast, the enhanced estimates 

from our revised model allow health authorities to 

more accurately assess requirements, focus on the 

most at-risk groups, and formulate cost-efficient 

treatments. 

The enhanced classification performance of the 

MI-corrected model, demonstrated by increased 

accuracy and precision (Tables 6 and 7), results in 

better reliability for case detection. A model with 

enhanced sensitivity (fewer false negatives) 
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guarantees that a greater percentage of hungry 

children are accurately identified for assistance. 

Concurrently, enhanced specificity (reduced false 

positives) averts the erroneous categorization of 

healthy youngsters, therefore augmenting the 

efficacy of intervention programs. In resource-

limited environments such as Cameroon, where 

healthcare funding is restricted, accurately targeting 

interventions is essential for optimizing health 

outcomes. The examination of parameter stability 

relative to sample size (Tables 9 and 10) offers 

essential insights for survey design and data 

analysis strategy. The noted reduction in standard 

deviation and coefficient of variation with bigger 

samples substantiates that greater data volume 

improves the reliability of computed correlations 

between risk variables and malnutrition. This 

understanding is essential for researchers and 

policymakers that depend on aggregated survey 

data to ascertain primary health factors. It 

emphasizes the necessity of investing in sufficiently 

robust surveys to produce reliable, actionable 

findings. Moreover, it indicates that in research 

with limited sample sizes, methodological 

adjustments such as Multiple Imputation are 

increasingly essential to alleviate the cumulative 

impacts of measurement error and sampling 

variability. 

The effective implementation of Multiple 

Imputation in this setting underscores a paradigm 

change in the management of faulty data. This 

study illustrates that measurement error and missing 

data, rather than being insurmountable issues that 

undermine analysis, may be explicitly modeled and 

rectified using readily available statistical methods. 

Embracing a proactive strategy enhances the overall 

trustworthiness of analytical results obtained from 

extensive health surveys. In national health 

information systems, including MI-based correction 

into standard data analytic workflows might 

markedly enhance the quality of health indicators 

utilized for monitoring, assessment, and strategic 

planning. This study illustrates that addressing 

measurement error and missing data using Multiple 

Imputation transcends a simply technical procedure 

to enhance model fit. It is a fundamental practice 

for generating valid, reliable, and actionable 

evidence. This analytical framework offers a 

practical approach to enhancing the evidence basis 

of public health choices, so fostering more effective 

policies and better child health outcomes in 

Cameroon and comparable contexts. 

 

4. CONCLUSIONS 

 

This study introduced and validated a multiple 

imputation (MI) methodology that concurrently 

tackles measurement error and missing data in 

pooled cross-sectional health surveys, specifically 

aimed at predicting the incidence of child 

malnutrition in Cameroon. Our technique enhances 

traditional multiple imputation applications by 

directly integrating a measurement error model into 

the imputation process and introducing hierarchical 

random effects for clusters and time periods, so 

providing a more accurate repair mechanism for 

flawed survey data. The findings indicate that the 

MI-corrected model consistently yielded lower and 

more dependable estimates of malnutrition 

prevalence than uncorrected models, with 

significant decreases in overestimation— up to 

11.34 percentage points in 2004. Classification 

accuracy enhanced by 3–4 percentage points across 

survey waves, and parameter estimations were more 

stable with increased sample size, as indicated by 

decreasing standard deviations and coefficients of 

variation. These enhancements highlight the 

practical significance of rectifying measurement 

error, not just for statistical precision but also for 

augmenting the validity of public health 

conclusions derived from aggregated survey data. 

The proposed framework demonstrates distinct 

advantages; however, its applicability is contingent 

upon various factors, such as the accessibility of 

data regarding measurement error variance, the 

validity of normality assumptions for error 

distributions, and the capacity to integrate survey 

weights within intricate sampling designs. 

Subsequent investigations ought to examine 

expansions to non-normal error models, the 

incorporation of design weights, and applications to 

diverse health outcomes and survey methodologies. 

This work presents a flexible and transparent MI-

based correction technique that enhances the 

accuracy and reliability of malnutrition estimations 

in resource-constrained environments. The 

methodology offers a methodologically rigorous 

approach to addressing data inadequacies, so 
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facilitating informed policy development, targeted 

interventions, and reliable tracking of child health 

trends across time. 
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