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Abstract 

Background  Malaria remains a leading cause of morbidity and mortality among children under five years in sub-
Saharan Africa, despite extensive public health efforts. Its transmission is influenced by a complex interaction of socio-
economic, environmental, maternal, and child health factors. Traditional analytic approaches often fail to capture 
these multifaceted relationships. This study employs Structural Equation Modelling (SEM) to explore the latent 
and observed predictors of child malaria prevalence, offering a comprehensive understanding of the underlying 
pathways.

Methods  Utilizing secondary data from the 2018–2019 Uganda Malaria Indicator Survey (MIS), a SEM frame-
work was constructed comprising four latent constructs: Socioeconomic Status (SES), Environment, Maternal 
Health, and Child Health. Each construct was defined by multiple observed variables, and the outcome of interest 
was the malaria status of the child. Factor loadings and regression coefficients were estimated using standardized 
model parameters. Model fit was assessed using indices including the Comparative Fit Index (CFI), Tucker-Lewis Index 
(TLI), Root Mean Square Error of Approximation (RMSEA), and Standardized Root Mean Square Residual (SRMR).

Results  The SEM analysis demonstrated significant pathways from latent variables to child malaria prevalence. Child 
Health had the strongest positive association with malaria status (β = 0.22, p < 0.001), followed by a marginal negative 
association with the Environment construct (β = − 0.36, p = 0.056). Socioeconomic Status and Maternal Health were 
not statistically significant predictors. Model fit indices suggested a moderately acceptable fit (CFI = 0.786, TLI = 0.630, 
RMSEA = 0.064, SRMR = 0.053), indicating that the conceptual framework captured meaningful relationships.

Conclusion  This study highlights the value of SEM in disentangling the intricate network of factors influencing 
child malaria. The findings underscore the importance of child-level health conditions and environmental factors, 
while pointing to the limited direct effect of socioeconomic and maternal health variables. These insights can inform 
integrated intervention strategies that simultaneously address child health and environmental exposures to reduce 
the burden of malaria.
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Background
Despite substantial global investment in malaria control, 
children under five in sub-Saharan Africa remain dispro-
portionately affected, reflecting stalled progress and the 
unfinished agenda of malaria elimination. Despite global 
efforts and measurable progress in malaria control and 
elimination, the disease continues to disproportionately 
affect children under the age of five, contributing signifi-
cantly to childhood morbidity and mortality. According 
to the World Health Organization (WHO), sub-Saharan 
Africa accounts for over 90% of global malaria cases and 
deaths, with children bearing the greatest burden due to 
their relatively underdeveloped immunity [1, 2]. While 
the biological mechanisms of malaria transmission are 
well-characterized, the relative contributions of socio-
economic disadvantage, environmental exposures (e.g., 
sanitation, housing quality), and maternal health factors 
remain contentious, with studies reporting inconsistent 
associations across settings [3, 4].

Malaria transmission is inherently multifactorial. Tra-
ditional studies have typically focused on single risk fac-
tors in isolation, such as insecticide-treated net (ITN) 
usage, indoor residual spraying (IRS), and proximity 
to mosquito breeding grounds [5, 6]. However, such 
an approach may obscure the broader, interconnected 
mechanisms that underpin malaria risk, particularly 
among vulnerable populations like children. Socioeco-
nomic status (SES), for example, is not merely a back-
ground variable but a latent construct encompassing 
education, income, and living conditions, all of which 
influence both exposure to malaria vectors and the capac-
ity to seek timely medical care [7, 8]. Similarly, maternal 
health factors, environmental conditions such as access 
to improved sanitation and water sources, and child-spe-
cific health variables (e.g., age, sex, recent illnesses) col-
lectively shape the vulnerability landscape [9, 10].

Understanding the relative contributions and pathways 
through which these determinants affect child malaria 
outcomes requires more than just conventional statisti-
cal techniques. Structural Equation Modelling (SEM) 
offers a robust analytical framework to assess complex, 
latent constructs and their direct and indirect relation-
ships with observed outcomes [5]. SEM enables research-
ers to model multi-layered relationships among variables, 
account for measurement error, and evaluate entire con-
ceptual models in a statistically rigorous manner. This 
makes it especially well-suited to public health research, 
where latent constructs like SES and maternal health 
cannot be measured directly but can be inferred from 
observed indicators [1, 2].

Previous studies [11–16] have applied SEM in vari-
ous domains of health research, including mental health, 
reproductive health, and health service utilization. SEM 

has been underutilized in malaria research. Although 
numerous studies have applied regression-based 
approaches to assess risk factors [7, 20, 25], very few, if 
any, have leveraged SEM to examine the latent pathways 
underlying child malaria risk. This represents an impor-
tant methodological gap this study seeks to address. By 
leveraging SEM, it is possible to move beyond surface-
level associations and toward a more integrated under-
standing of how various predictors interrelate and impact 
child malaria prevalence. For example, the effect of 
maternal education on child health might be mediated 
through antenatal care utilization and household wealth, 
while environmental exposures may be confounded by 
socioeconomic inequalities [5, 9, 14].

Moreover, as countries strive to achieve the United 
Nations Sustainable Development Goals (SDGs)-par-
ticularly Goal 3 (Good Health and Well-being) and Goal 
6 (Clean Water and Sanitation)-there is a growing need 
to adopt data-driven, systems-level approaches to dis-
ease prevention [1, 2]. This necessitates a holistic under-
standing of social determinants of health, environmental 
factors, and access to care as mutually reinforcing con-
tributors to health outcomes. Using SEM, researchers 
and policymakers can identify leverage points for tar-
geted interventions that address root causes rather than 
symptoms.

This study, therefore, employs Structural Equation 
Modelling to investigate the latent and observed predic-
tors of child malaria prevalence. Drawing upon nation-
ally representative data, the model integrates four latent 
constructs Socioeconomic Status (SES), Environment, 
Maternal Health, and Child Health-each defined by a 
series of observed indicators. The aim is to elucidate 
the pathways through which these factors influence the 
likelihood of malaria infection in children. By doing so, 
the study seeks to contribute to a deeper understanding 
of the multifaceted etiology of malaria and to provide 
actionable insights for designing more effective, equity-
oriented malaria control strategies.

Methods
Data source and study population
The study utilized data from the 2018–19 Uganda Malaria 
Indicator Survey (MIS). The analytic dataset was derived 
from two DHS/MIS standard files: The Household Mem-
bers Recode (PR) file, which contains malaria rapid diag-
nostic test (RDT) and anaemia biomarker results, and the 
Children’s Recode (KR) file, which contains demographic 
and maternal/child background information. The unit 
of analysis was children under 5  years of age who were 
tested for malaria. Women 15–49 years were part of the 
MIS sampling frame but were not analysed in this study.
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The MIS was based on a stratified two-stage clus-
ter design [15]. The MIS stratified the sample by 
region × urban/rural residence, yielding 34 sampling 
strata rather than the 20 that had previously reported. 
Within each stratum, clusters (enumeration areas) were 
selected, resulting in 210 clusters (78 urban and 132 
rural).

Data linkage
The KR and PR files were merged using the household 
identifier (hhid), constructed from the KR file’s case id, 
to match the household IDs in the PR file. Mismatches, 
duplicates, and inconsistencies were checked for, during 
the merging process. Records with conflicting or miss-
ing household identifiers were carefully reviewed and 
excluded if linkage could not be confidently established. 
The final merged dataset was assessed for representa-
tiveness by comparing key demographic variables before 
and after merging to ensure no systematic bias was intro-
duced due to linkage errors.

Data collection and measurements
Data collection was conducted from December 2018 
through February 2019, which corresponds to a period 
of relatively high malaria transmission in Uganda. Blood 
samples were taken from the fingers or heels of children 
aged less than 5 years and tested on the spot using Rapid 
Diagnostic Tests (RDTs). In addition, thick and thin 
blood smears were prepared and tested by microscopy. 
Results were recorded as either positive or negative if 
malaria parasites were found or not in the blood sample, 
respectively.

Capillary blood was obtained from children aged 
0–59 months for malaria Rapid Diagnostic Testing (RDT) 
in the field, and thick/thin blood smears were prepared 
for centralized microscopy, which served as the refer-
ence standard. Smears were double-read by independent 
microscopists, with discrepancies adjudicated by a senior 
reader as part of the MIS quality-control protocol.

The primary outcome was microscopy-confirmed 
malaria (positive/negative). Sensitivity analyses were 
conducted using (i) RDT-only and (ii) a composite defini-
tion classifying a child as malaria-positive if either RDT 
or microscopy was positive. Under the composite defini-
tion, discordant results (RDT +/Mic– or RDT–/Mic +) 
were coded positive.

Sample selection
The analysis was restricted to de facto children under 
5 years of age (0–59 months), i.e., those who were present 
in the household the night before the survey. Children 
without valid malaria RDT or microscopy results were 
excluded. Specifically, out of 7435 eligible children listed 

in the household roster and eligible for biomarker testing, 
7214 provided valid malaria test results. After excluding 
children with missing outcome data, the final analytic 
sample included 6705 children (Fig. 1).

Study variables
Outcome variable
The primary outcome for the Structural Equation Mod-
eling (SEM) was microscopy-confirmed malaria status 
(positive/negative), given its role as the reference stand-
ard. Sensitivity analyses using (i) RDT-only status and 
(ii) a composite malaria definition (positive if either RDT 
or microscopy was positive) were conducted separately 
to assess robustness but were not included in the main 
SEM. This approach ensures clarity and consistency 
in the primary model while acknowledging alternative 
malaria classification methods.

Latent constructs
Although malaria Rapid Diagnostic Test (RDT) results 
are described as a measure in this section, the primary 
malaria status indicator used throughout the analy-
sis, including in latent variable modeling, was micros-
copy-confirmed malaria due to its higher specificity as 
a reference standard. RDT results were considered only 
in sensitivity analyses outside the main model. This 

Fig. 1  Flow diagram of sample selection
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consistent use of microscopy-confirmed status reduces 
measurement bias and maintains coherence across the 
study. All observed indicators were coded appropriately 
as binary or ordinal variables, with age treated categori-
cally (0–11, 12–23 and 24 + months).

Haemoglobin concentration was measured in the field 
using a HemoCue analyzer. The DHS program provides 
altitude-adjusted haemoglobin values in the recode files, 
and these pre-adjusted variables were used directly. 
Children were classified as anaemic if their adjusted 
haemoglobin concentration was < 11.0  g/dL, consist-
ent with WHO guidelines for 0–59  months of age [21]. 
The child’s malaria status was based on RDT results. A 
drop of blood was tested for the presence of Plasmodium 
parasites using the SD Bioline Pf/Pv RDT. This type of 
test is increasingly used as a diagnostic test when reliable 
microscopy is not available [15].

Maternal anaemia was defined using altitude-adjusted 
haemoglobin values measured similarly to child hae-
moglobin, with anaemia classified according to WHO 
guidelines (adjusted haemoglobin < 12.0  g/dL for non-
pregnant women aged 15–49  years). Although mater-
nal anaemia status was generated during data merging, 
it was not included as an outcome or latent variable in 
the Structural Equation Modelling (SEM) due to [reason, 
e.g., focus on child health outcomes]. Its potential role 
as a confounder or mediator could be explored in future 
analyses.

Statistical analysis
Descriptive statistics
Descriptive summaries were generated using R pack-
ages Table  1 and tableone, stratified by malaria status. 
To account for the complex survey design of the DHS/
MIS, we applied sampling weights provided by DHS (PR 
weights for children), along with adjustment for clus-
tering at the primary sampling unit and stratification 
by region–residence. All estimates therefore represent 
weighted, design-adjusted results. Weighted analyses 
were performed in R using the survey package. For cat-
egorical comparisons across malaria status, Rao–Scott 
corrected Chi-square tests were used (svychisq in the R 
survey package), which provide design-adjusted p-values 
under stratified cluster sampling with unequal weights.

Structural equation modelling
SEM was used to estimate direct and indirect effects. 
Missing data in the Structural Equation Modeling 
(SEM) were addressed using Full Information Maxi-
mum Likelihood (FIML) estimation, which allows for 
the inclusion of all available data under the assumption 
that data are missing at random (MAR). This approach 
maximizes statistical power and reduces bias compared 
to traditional list-wise deletion [5, 9]. Before proceed-
ing with the full SEM, a Confirmatory Factor Analysis 
(CFA) was conducted to validate the adequacy of the 
latent constructs. Each construct (Socioeconomic Sta-
tus, Environment, Maternal Health, and Child Health) 
was tested separately to ensure that the measurement 
model was acceptable. Factor loadings for the majority 
of observed indicators were above the recommended 
cutoff of 0.40, confirming that the items contributed 
meaningfully to their respective latent variables.

The structural paths specified were:

•	 SES → Environment.
•	 SES → Maternal health access.
•	 Environment → Child vulnerability.
•	 Maternal health access → Child vulnerability.
•	 Child vulnerability → Malaria status.

Table  2 shows fit indices used for model evaluation 
and their recommended cutoff thresholds.

Modification indices and residuals were reviewed to 
refine the model.

As shown in Fig. 2, it was hypothesized that each fac-
tor had a direct relationship with the outcome.

Table 1  Latent constructs and their associated observed variables used in the structural equation model of malaria prevalence

Latent variable Observed indicators

Socioeconomic status Education attainment, Wealth index, Urban/rural residence

Household environment Toilet facility, Water source

Maternal health access Maternal anaemia status, Antenatal visits, Maternal age

Child vulnerability Age of child, Sex of child, Recent fever status, Recent anaemia status

Table 2  Fit indices used for model evaluation and their 
recommended cutoff thresholds

Fit Index Threshold for 
acceptable fit

RMSEA  < 0.08

CFI  > 0.90

TLI  > 0.90
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Software
All analyses were performed in R (version 4.4.2). Struc-
tural Equation Modeling was conducted using the lavaan 
package (version 0.6–17.6), with additional visualization 
through semplot (version 1.1.6) and post-estimation sum-
maries generated using parameters (version 0.21.7).

Ethical considerations
The 2018–2019 study was approved by two ethical review 
bodies that included the Makerere University School of 
Biomedical Sciences higher degrees research and ethics 
committee (sbs-HDREC) and the Uganda National Coun-
cil for Science and Technology (UNCST). All participants 
interviewed gave their written informed consent to par-
ticipate in the 2018–2019 MIS in addition to granting per-
mission that information from survey could be published. 
Furthermore, written informed consent was sought from 
the mother or guardian of a child before any blood sample 
was taken. The data used in this analysis were anonymous 
with no individual names of participants captured.

Results
Descriptive characteristics of the study population 
by malaria status
Table  3 presents the weighted distribution of 
demographic, socioeconomic, and health-related 

characteristics of children and their mothers stratified 
by malaria status. All estimates were calculated using 
survey weights to account for the complex DHS sam-
pling design. The age of the child was significantly asso-
ciated with malaria status (p = 0.005). Malaria prevalence 
peaked among children aged 12–23 months (40.3%), fol-
lowed by infants aged 0–11 months (37.5%), and was low-
est among children aged 24  months and above (22.2%). 
Although the positivity rate appeared higher among 
infants, this likely reflects small subgroup sizes and sam-
pling variability.

Sex of the child was not significantly associated with 
malaria positivity (p = 0.604). In contrast, residence sta-
tus showed strong effects: children in rural areas had 
markedly higher malaria prevalence (94.5%) compared 
to urban areas (5.5%) (p < 0.001). Similarly, children from 
non-central regions exhibited higher prevalence (88.4%) 
than those from central Uganda (11.6%) (p = 0.043). 
Maternal education was inversely associated with malaria 
positivity (p < 0.001). Children of mothers with no educa-
tion accounted for 30.8% of positive cases compared to 
14.7% among negatives, while tertiary-educated moth-
ers’ children had the lowest positivity (0.9%). Household 
wealth index also showed a strong gradient: children 
from poor households had a prevalence of 87.6% com-
pared to 12.4% in rich households (p < 0.001).

Sanitation and environment were also significant pre-
dictors. Only 3.3% of malaria-positive children had access 
to improved toilet facilities, compared to 16% among 
negatives (p < 0.001). However, water source was not 
significantly associated with malaria status (p = 0.572), 
possibly reflecting the grouping of piped and protected 
sources within the “improved” category.

Maternal anaemia was strongly associated with child 
malaria status (p < 0.001). Among children who tested 
positive, 73.9% had anaemic mothers. Recent fever in 
children also showed strong associations (p < 0.001), with 
41.1% of malaria-positive children reported to have had 
fever, compared to 22.7% among negatives.

In summary, weighted analyses confirm that age, rural 
residence, region, maternal education, wealth, sanitation, 
maternal anaemia, and fever status are significantly asso-
ciated with malaria positivity in Ugandan children under 
five, while sex of child and water source were not.

Measurement model: factor loadings
Table 4 presents the standardized factor loadings for the 
measurement model. Four latent constructs were speci-
fied: Socioeconomic Status (SES), Environment, Maternal 
Health, and Child Health. All loadings were statistically 
significant (p < 0.05), with the exception of fixed reference 
indicators, which by design do not have p-values.

Fig. 2  Proposed model structure
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Table 3  Characteristics of mothers/children by malaria status

Mother/child characteristic Negative (N = 4767) Positive (N = 1935) Total (N = 6705) p-value

Age of child (months) 0.005

 0–11 2116 (45.1%) 760 (37.5%) 2876 (42.6%)

 12–23 1798 (36.9%) 786 (40.3%) 2584 (38.0%)

 24 +  853 (18.0%) 389 (22.2%) 1242 (19.4%)

Sex of child 0.604

 Female 2443 (49.9%) 947 (48.7%) 3390 (49.5%)

 Male 2425 (50.1%) 1022 (51.3%) 3447 (50.5%)

Residence 0.000

 Rural 3749 (74.2%) 1832 (94.5%) 5581 (80.6%)

 Urban 1119 (25.8%) 137 (5.5%) 1256 (19.4%)

Region 0.043

 Central 910 (26.6%) 122 (11.6%) 1032 (21.8%)

 Non-central 3464 (73.4%) 1712 (88.4%) 5176 (78.2%)

Maternal education 0.000

 No education 804 (14.7%) 648 (30.8%) 1452 (19.8%)

 Primary/secondary 3841 (80.8%) 1299 (68.2%) 5140 (76.8%)

 Tertiary 223 (4.5%) 22 (0.9%) 245 (3.4%)

Wealth Index 0.000

 Poor 3294 (62.4%) 1785 (87.6%) 5079 (70.4%)

 Rich 1574 (37.6%) 184 (12.4%) 1758 (29.6%)

Toilet facility 0.000

 Improved 605 (16.0%) 76 (3.3%) 681 (12.1%)

 Not improved 4218 (84.0%) 1882 (96.7%) 6100 (87.9%)

Water source 0.572

 Improved 3442 (75.6%) 1416 (79.0%) 4858 (76.7%)

 Not improved 1426 (24.4%) 553 (21.0%) 1979 (23.3%)

Maternal anaemia 0.000

 Anaemic 2122 (48.0%) 1265 (73.9%) 3387 (56.1%)

 Not anaemic 2469 (52.0%) 587 (26.1%) 3056 (43.9%)

Fever status 0.000

 No 3689 (77.3%) 1079 (58.9%) 4768 (71.4%)

 Yes 1078 (22.7%) 856 (41.1%) 1934 (28.6%)

Table 4  Standardized factor loadings for latent constructs from SEM measurement model

Latent Variable Factor loading Standard error P-value Standardized 
loading

SES Education attainment 1.000 0.000 0.100

Wealth index 7.978 0.846 0.000 0.477

Environment Toilet improved 1.000 0.000 0.675

Water improved 0.306 0.047 0.000 0.137

Maternal Health Maternal anaemia 1.000 0.000 0.420

Antenatal visits 0.374 0.035 0.000 0.174

Child Health Fever recent 1.000 0.000 0.171

Age of child  − 5.387 0.463 0.000  − 0.295

Sex of child 0.199 0.085 0.019 0.031

CFI 0.786

TLI 0.63

RMSEA(CI) 0.064 (0.059, 0.068)
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For SES, wealth index demonstrated a moderate 
standardized loading (0.477), while education attain-
ment loaded very weakly (0.100). This suggests that in 
the Ugandan MIS dataset, household wealth was a more 
salient measure of socioeconomic variation than mater-
nal education. The weak contribution of education may 
reflect relatively homogeneous educational attainment 
across households, or a weaker association between edu-
cation and health service access in this context. Educa-
tion was retained in the model to remain consistent with 
epidemiological literature where maternal education has 
been strongly linked to malaria prevention knowledge 
and child health, but acknowledge that its measurement 
value here is limited.

The Environment construct was captured primarily 
through toilet facilities (loading = 0.675), whereas water 
source contributed only trivially (0.137). This imbalance 
suggests that sanitation was a stronger discriminator of 
household environment in relation to child malaria risk, 
while the broad categorization of water source (improved 
vs. not improved) may have obscured its potential 
effect. Accordingly, the Environment factor should be 
interpreted as reflecting sanitation more than water 
conditions.

Maternal Health was indicated by maternal anaemia 
(loading = 0.420) and antenatal visits (0.174). The latter, 
although statistically significant, was conceptually less 
plausible as a determinant of malaria in children aged 
0–4 years, and its low loading confirms that it added little 
to the construct. Maternal anaemia, by contrast, provided 
a more consistent measure of maternal health status rel-
evant to child malaria vulnerability. Future refinements 
of this construct should consider more appropriate indi-
cators, such as maternal ITN use or treatment-seeking 
behaviours.

Taken together, the measurement model demonstrated 
uneven performance across constructs, with some indi-
cators (education attainment, water source, antenatal vis-
its) contributing weakly. This highlights both contextual 
limitations in the MIS variables and opportunities for 
future model refinement (Table 5).

Model fit indices
The overall fit of the SEM model was evaluated using 
multiple indices. The Comparative Fit Index (CFI = 0.786) 
and Tucker–Lewis Index (TLI = 0.630) were well below 
the conventional cutoff of 0.90, indicating poor model 
fit. The Root Mean Square Error of Approximation 
(RMSEA = 0.064, 90% CI: [0.059, 0.068]) and the Stand-
ardized Root Mean Square Residual (SRMR = 0.053) fell 
within generally accepted thresholds (≤ 0.08). While 
RMSEA and SRMR suggest a reasonable approximation 
of the data, the poor CFI and TLI scores demonstrate 

that the overall measurement and structural model did 
not achieve conventional SEM standards. This discrep-
ancy highlights the limitations of the specified latent 
constructs.

Importantly, fit indices are known to be influenced 
by both sample size (N = 6,705 in this analysis) and the 
degrees of freedom of the model. Given the relatively 
large sample, even modest deviations between observed 
and model-implied covariance structures are amplified, 
making incremental fit indices such as CFI and TLI par-
ticularly stringent. Nonetheless, the results point to the 
need for cautious interpretation of the SEM findings.

Factor loadings
Although nearly all factor loadings were statistically sig-
nificant (p < 0.05), several were extremely weak (e.g., 
sex of child = 0.031, water source = 0.137, antenatal vis-
its = 0.174). Statistical significance should not be con-
flated with substantive importance. These small loadings 
indicate that the corresponding indicators contributed 
little to their latent constructs, raising concerns about 
construct validity. For example, education attainment 
(0.100) did not meaningfully capture SES in this dataset, 
and water source (0.137) did not meaningfully capture 
environmental risk. These limitations may have contrib-
uted to the poor overall model fit.

Path diagram results
The structural equation model (SEM) path diagram 
(Fig.  3) presents the estimated relationships among the 
four latent constructs—Socioeconomic Status (SES), 
Environment, Maternal Health, and Child Health—and 
their respective observed indicators, as well as the direct 
effects of these latent constructs on child malaria status.

Each latent variable was measured using two or more 
observed indicators, with acceptable standardized factor 
loadings. For instance, education attainment and wealth 
index loaded onto SES, with wealth index exhibiting a 
stronger standardized loading (0.477). The Environment 
factor included improved toilet and improved water 
source, with toilet facility being a particularly strong 
indicator (loading = 0.675). Maternal Health was defined 
by maternal anaemia and antenatal visits, while Child 

Table 5  Standardized and unstandardized effects of predictors 
on child malaria

Factor B (95% CI) β (Std) P-value

SES 0.99 (− 4.58, 6.57) 0.07 0.73

Environment  − 1.77 (− 3.57, 0.04)  − 0.36 0.06

Maternal health 0.18 (− 0.18, 0.54) 0.04 0.32

Child health 2.78 (2.06, 3.50) 0.22 0.00
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Health comprised recent fever, age of the child, and sex of 
the child. Loadings were statistically significant for most 
observed variables, confirming their adequacy in repre-
senting latent constructs.

The path diagram indicates that Child Health was the 
only latent variable with a statistically significant direct 
effect on child malaria status, with a standardized path 
coefficient of 0.22 (p < 0.001). This suggests that the 
health status of the child, particularly recent fever and 
age, plays a central role in determining malaria risk. 
Environment showed a marginal negative association 
(β = −  0.36, p = 0.056), implying a potential protective 
effect of improved water and sanitation infrastruc-
ture, although this did not reach conventional levels of 
significance.

Neither SES nor Maternal Health exhibited statistically 
significant direct paths to child malaria status (β = 0.07, 
p = 0.728 and β = 0.04, p = 0.323, respectively). This sug-
gests that their effects may be more indirect or medi-
ated through other latent variables rather than exerting a 
direct influence on malaria outcomes in children.

The diagram also displays covariances between latent 
variables, though these were not the primary focus of 
the current analysis. The model offers a holistic view of 
how individual, maternal, household, and environmental 
determinants collectively shape malaria risk in children.

Fit indices for the overall model were mixed. The 
Comparative Fit Index (CFI) was 0.786, and the Tucker-
Lewis Index (TLI) was 0.630, both below the ideal 
threshold of 0.90. However, the Root Mean Square 
Error of Approximation (RMSEA) was 0.064, within 
acceptable limits (90% CI: 0.059–0.068), and the Stand-
ardized Root Mean Square Residual (SRMR) was 0.053, 
indicating an adequate but improvable model fit.

Discussion
This study employed structural equation modelling 
(SEM) to examine the latent pathways through which 
socioeconomic status (SES), environmental conditions, 
maternal health, and child health influence the risk of 
malaria infection among children. A notable and some-
what surprising finding of this study was that socioeco-
nomic status (SES) and maternal health, factors widely 
recognized as structural determinants of malaria risk, 
were not significantly associated with child malaria infec-
tion in the structural equation model. This contrasts 
with prior evidence from malaria-endemic settings [4, 5, 
17, 18] and represents the novel contribution of the pre-
sent study. However, these non-significant effects should 
not be interpreted as evidence of absence, but rather as 
reflecting measurement and specification limitations in 
the modelling approach. While SEM enabled the explo-
ration of multiple interrelated pathways, the results pro-
vide only a partial understanding of the multifactorial 
nature of malaria risk, as the model demonstrated poor 
overall fit (CFI = 0.786; TLI = 0.630) and specification 
weaknesses.

Among the latent constructs tested, Child Health 
exhibited the strongest and only statistically significant 
direct association with malaria status, whereas SES and 
maternal health showed weaker or non-significant direct 
associations in the structural model [1, 2, 19]. This con-
struct was defined by age, sex, and recent fever. Younger 
children showed higher malaria positivity, consistent 
with the established epidemiological pattern that chil-
dren under five, particularly those below 24 months, bear 
the greatest burden due to immature immunity [6, 7].

However, the inclusion of fever as an indicator intro-
duces conceptual limitations. Fever is a diagnostic 

Fig. 3  SEM path diagram of latent and observed predictors of child malaria prevalence
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symptom of malaria rather than an independent risk fac-
tor, and its strong loading likely reflects tautological over-
lap with the malaria outcome [1, 2, 19]. This circularity 
undermines the construct validity of the Child Health 
factor and should be considered a limitation of the model 
[3, 20].

The Environment construct demonstrated a border-
line, negative association with malaria status (p = 0.056). 
While this hints at a potential protective role of improved 
sanitation and water sources [8, 10, 18], the evidence is 
tentative and should be treated as hypothesis-generating 
rather than definitive. Furthermore, the trivial loading of 
water source (0.137) suggests that this indicator did not 
adequately capture environmental exposure pathways, 
which likely contributed to its nonsignificant role in the 
bivariate analysis. The argument that water collection 
practices may increase mosquito exposure is plausible 
[22], but cannot be directly substantiated with the MIS 
data, as no measures of collection frequency or distance 
were available. [18, 21].

Although the statistical significance was borderline, 
the practical implications are noteworthy. Environmental 
interventions remain a cornerstone of malaria prevention 
strategies. These findings lend support to the continued 
expansion of WASH (Water, Sanitation, and Hygiene) 
infrastructure, particularly in rural and peri-urban areas 
where malaria remains endemic [2, 23]. Programmes that 
combine health promotion with infrastructural improve-
ments may be especially effective in reducing the risk of 
malaria and other vector-borne diseases [8, 10].

The SES and Maternal Health constructs did not show 
significant associations with malaria status. This find-
ing may reflect weaknesses in construct measurement 
rather than true null effects. In the measurement model, 
maternal education (loading = 0.100) and antenatal visits 
(0.174) were extremely weak indicators. Such low factor 
loadings undermine construct validity and suggest that 
these proxies were insufficient to capture the broader 
influence of SES and maternal health on child malaria 
outcomes. Maternal anaemia, while moderately associ-
ated (0.420), may share common exposure pathways with 
child anaemia rather than independently influencing 
malaria risk [5, 14, 24]. Future research should consider 
alternative or additional indicators such as insecticide-
treated net (ITN) use, maternal malaria history, health-
care-seeking behaviours, and household crowding to 
better capture these constructs [4, 8, 10, 25].

Model fit statistics further underscore the limitations 
of the current specification. While RMSEA (0.064) and 
SRMR (0.053) fell within conventional thresholds, both 
CFI (0.786) and TLI (0.630) were well below the accepted 
cutoff of 0.90 [9, 26]. This indicates that the model, as 
specified, demonstrated poor fit and did not adequately 

reproduce the observed covariance structure. The poor 
fit likely reflects both weak measurement indicators and 
omitted variables of known importance, including ITN 
use, malaria seasonality, and community-level preva-
lence, which were unavailable in the dataset but remain 
critical drivers of malaria risk [27, 28].

While this study provides important insights into the 
relative salience of child health and environmental condi-
tions, it also demonstrates the limitations of SEM when 
applied to survey datasets with weak proxies for key con-
structs. These results should, therefore, be interpreted 
cautiously as hypothesis-generating, and they highlight 
the need for improved data collection and measurement 
strategies in future malaria research. [27, 28].

Taken together, these findings highlight the importance 
of proximal factors—particularly child health and envi-
ronmental improvements—in shaping malaria risk, while 
also revealing serious limitations in the measurement of 
distal constructs such as SES and maternal health. The 
SEM path diagram further illustrated that only Child 
Health maintained a statistically significant pathway to 
malaria positivity, whereas other constructs either failed 
to reach significance or were weakly specified. These 
results underscore both the potential utility and the 
limitations of SEM for analysing complex health data in 
contexts where available indicators may be insufficiently 
sensitive.

The SEM path diagram provides a visual and statistical 
representation of the hypothesized relationships among 
latent variables and the outcome (child malaria sta-
tus). The diagram reveals that child health was the only 
latent construct with a statistically significant direct path 
to malaria positivity, suggesting that variables such as 
recent fever, sex, and age of the child are most proximally 
related to infection status.

Future research should employ longitudinal designs and 
incorporate multilevel and geospatial modeling to capture 
temporal dynamics and contextual variations [29]. Expand-
ing indicator sets to include ITN coverage, indoor residual 
spraying, maternal health-seeking practices, and seasonal 
malaria patterns may yield more accurate and theoreti-
cally coherent models. [29]. While the descriptive analyses 
accounted for the complex survey design using sampling 
weights, clustering, and stratification, the SEM was con-
ducted using standard estimation methods in lavaan that 
assume independent observations. Given this limitation, 
survey weights were applied as probability weights in the 
SEM to partially adjust for unequal selection probabilities. 
However, clustering and stratification were not directly 
modelled, which may lead to underestimated standard 
errors. This limitation is acknowledged and recommend 
interpreting SEM results with caution. Future work could 
explore SEM approaches that fully integrate complex 
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survey design, such as using pseudo-likelihood methods or 
bootstrap techniques.

Conclusion
This study underscores the critical role of child health and 
environmental conditions in shaping the risk of malaria 
infection among children. While socioeconomic status and 
maternal health were not directly associated with malaria 
outcomes in the final model, their influence may oper-
ate through indirect or context-specific pathways. These 
findings highlight the need for integrated malaria control 
strategies that prioritize child-centered health services 
and environmental improvements, while also address-
ing broader social determinants. Future research should 
build on these insights using longitudinal and multilevel 
approaches to better capture causal pathways and contex-
tual variations.
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