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Abstract: In eastern Democratic Republic of the Congo, persistent insecurity and protracted armed conflict have intensified public
dissatisfaction with the United Nations Organization Stabilization Mission in the Democratic Republic of the Congo (MONUSCO).
In Butembo, debates over renewing MONUSCO’s mandate have become increasingly contentious, yet empirical evidence on the deter-
minants of public opposition remains limited. This study addresses this gap by using machine learning to predict refusal to extend
MONUSCO’s mandate from primary survey data. A cross-sectional quantitative survey was conducted among 5518 respondents in
Butembo using a structured questionnaire comprising 28 items on sociodemographic characteristics and perceptions of MONUSCO’s
performance and local security conditions. After excluding the outcome variable, exploratory factor analysis identified latent struc-
tures in the data. Fifteen variables with factor loadings above 0.40 were retained and grouped into two dimensions: sociodemographic
factors and self-conviction factors. These variables were then used to train and test three classifiers: decision tree, logistic regression,
and support vector machine (SVM). SVM yielded the best predictive performance, achieving 93.1% accuracy on the held-out test set,
compared with 90.8% for logistic regression and 89.6% for decision tree. The best-performing model was further deployed in a Flask-
based web prototype for real-time prediction. Overall, the study demonstrates the value of combining latent variable modeling and
machine learning to analyze public opinion in conflict-affected settings.
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1. Introduction

The population of Butembo, located in North Kivu in the
Democratic Republic of Congo (DRC), has lived for many years
in a climate marked by recurring insecurity and deep social insta-
bility. Over time, and particularly over the last two decades, local
confidence in the United Nations Organization Stabilization Mis-
sion in the Democratic Republic of the Congo (MONUSCO)
has gradually weakened. Many residents question its effective-
ness, often drawing on their own experiences of violence and
the continued presence of armed groups. Butembo—an impor-
tant commercial hub with a rapidly growing population—offers a
revealing illustration of the tensions that can arise between local
communities and international peacekeeping forces [1]. Under-
standing how people form their opinions about MONUSCO’s
mandate is therefore essential both for local authorities and for
broader peacekeeping strategies.

Earlier research on MONUSCO has mostly relied on quali-
tative or descriptive approaches. These studies underline recurring
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criticisms such as perceived passivity, operational delays, and a
limited impact on restoring security. However, they often stop
short of quantifying or modeling the factors that shape public dis-
satisfaction [2]. In parallel, other work in conflict-affected regions
has shown how machine learning (ML) techniques can help fore-
cast political instability or outbreaks of violence. These studies
demonstrate the potential of data-driven approaches in complex
social contexts. Yet, to the best of our knowledge, such methods
have not been applied to examine public dissent toward peace-
keeping missions in the DRC [3]. This gap motivates the present
study, which applies ML models to primary data collected from
5518 respondents to determine whether individuals support or
oppose the extension of MONUSCO’s mandate [4].

The conceptual basis of this research draws from theories
of public trust, institutional legitimacy, and political behavior
[5, 6]. Public sentiment—understood here as the shared attitudes
or convictions of a population—plays a decisive role in whether
peacekeeping efforts are accepted or rejected. In the case of
MONUSCO [7], people’s views are shaped not only by their per-
sonal experiences with insecurity but also by broader historical,
social, and political influences, including perceptions of fair-
ness, competence, and transparency [8]. Studies on peacekeeping
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generally suggest that when any of these dimensions is perceived
as weak or inconsistent, trust tends to erode.

To move beyond purely qualitative descriptions, this study
integrates two categories of variables: sociodemographic charac-
teristics (such as age, gender, marital status, and education level)
and self-conviction factors (including views about MONUSCO’s
interests, its mission, and its effectiveness) [9]. Using exploratory
factor analysis (EFA) [10], the authors extracted two latent
constructs representing these dimensions, following established
psychometric standards [11]. These constructs were then used
as predictors in ML models aimed at classifying respon-
dents according to their willingness or refusal to extend the
mandate [2].

ML techniques [12, 13] have previously shown strong per-
formance in sociopolitical research, particularly when analyzing
complex behavioral patterns. Algorithms such as support vector
machines (SVM) [14], logistic regression [15, 16], and decision
trees [17] are widely used because they can handle structured
datasets and detect subtle relationships that are not always visi-
ble through traditional statistical techniques. Prior studies show
that SVMs often perform particularly well in classification tasks
involving multidimensional data. Building on these insights, the
present study evaluates the three algorithms to determine which
best predicts refusal to extend MONUSCO’s mandate [18]. Stud-
ies such as Zhang et al. [19] and Muzalia Kihangu et al. [9]
have documented local sentiments regarding international inter-
ventions, emphasizing the role of perceived passivity and vested
interests in shaping public opinion. These works suggest that trust
in peacekeeping missions depends not only on their operational
success but also on their transparency and accountability.

By combining contextual understanding, latent variable
extraction, and predictive modeling, this study offers a quan-
titative perspective on public perceptions in a conflict-affected
environment. It complements existing literature by providing
measurable evidence of the factors associated with dissatisfac-
tion and by showing how ML-based approaches can support
more informed and responsive decision-making in peacekeeping
operations [20–23].

2. Methods and Materials

2.1. Research design

In this research, the authors used the quantitative method,
which is based on numerical variables that correspond to quan-
tities because it designates several things, particularly data or
techniques for collecting and processing these data [24]. A quan-
titative study is used to prove or demonstrate facts by quantifying
a phenomenon. The results are often expressed in the form of
figures (statistics). This method can, for example, be carried out
using a survey (answers to one question) or a questionnaire
(answers to several questions). The results of a quantitative study
are expressed in figures and can be used to calculate averages,
count the frequency of a given response, and divide data into per-
centages. The results of quantitative studies are most often found
in the form of statistical tables or graphs [25]. The study used
primary data. The primary data used were original and unique
and were collected directly by the researcher from a single source
according to his or her needs. Secondary data are readily available
but are not pure because they have undergone extensive statistical
processing. The quantitative data collected were used to develop
the ML models. The stages of the overall investigation of this
research are summarized and visualized in Figure 1.

The pipeline includes data collection, exploratory data anal-
ysis (EDA), data preprocessing, EFA, ML model training and
evaluation, and deployment using Flask. EFA was estimated on
the training data only, and the derived factors were used as inputs
for both training and test sets. The final selected model, trained
on the training data and evaluated on the test set, was deployed
using Flask.

To obtain the raw data, the authors used a survey question-
naire. This enabled them to collect data from the respondents.
EDA was conducted as the second phase to examine the dataset’s
distribution, identify patterns, and detect anomalies using visu-
alizations and summary statistics. EDA served to inform the
researchers about potential data inconsistencies and the relation-
ships among variables. Visualizations and statistical summaries

Figure 1
Workflow of the study
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were used to identify patterns, outliers, and correlations between
variables. This step was crucial for determining how to clean
and transform the data for subsequent analysis. Unlike data
preprocessing, which prepares data for modeling, EDA is a dis-
tinct process aimed at understanding and investigating the dataset
before feature selection and modeling [26]. Following this, the
data preprocessing phase was conducted. This phase included
cleaning the raw survey data by addressing missing values and
encoding categorical variables into numeric formats. These pre-
processing steps were necessary to ensure that the dataset was
compatible with ML algorithms and ready for model train-
ing [26]. In this process, missing data (<2%) were handled via
median imputation to preserve the distributional characteristics
of continuous variables. All numerical features were standardized
using z-score normalization to ensure comparability across scales.
A fixed randomization seed (42) was applied during the 80/20
train-test split to enhance reproducibility of model evaluation
results.

To achieve the first objective of this study, the authors con-
ducted an EFA. EFA was conducted to identify the underlying
contextual factors that predict the refusal to extend MONUSCO’s
mandate. This step aligns with the study’s objective of determin-
ing significant features for the predictive model, as illustrated
in Figure 1. EFA is a statistical method used to uncover latent
structures within datasets by grouping variables based on their
correlations [27]. EFA was preferred over principal compo-
nent analysis (PCA) as it reveals latent constructs underlying
observed correlations, consistent with psychometric and behav-
ioral modeling standards [28]. In contrast, PCA merely reduces
dimensionality without explicitly modeling latent structures or
measurement errors, making EFA more suitable for theory-driven
social science research.

By using EFA, the authors followed these steps: (1) Data
Adequacy Assessment. The Kaiser–Meyer–Olkin (KMO) test
and Bartlett’s test of sphericity were performed to assess the
suitability of the dataset for EFA. (2) Factor Extraction. The
study employed the “minimum residual” method for factor extrac-
tion, and factors were rotated using the “varimax” method to
maximize interpretability [10]. (3) Factor Interpretation. Sixteen
variables with factor loadings greater than 0.4 were grouped
into two latent factors: (i) sociodemographic factors (age, gen-
der, marital status, place of birth, education level, profession,
security in the neighborhood, and political affiliation) and (ii)
self-conviction factors (perceptions regarding MONUSCO’s inter-
ests, its mission contract, local security institutions, and beliefs
about whether insecurity will end if MONUSCO leaves). EFA was
crucial in identifying features that reflected both contextual and
respondent-driven factors. These latent variables provided a com-
pact, meaningful representation of the original dataset, which was
essential for reducing dimensionality and improving model per-
formance. By identifying these two key factors, the study ensured
that only the most relevant predictors were used in training the
ML models [13].

The study employed three ML algorithms: SVM, logistic
regression, and decision tree. These algorithms were chosen due
to their complementary strengths in handling classification prob-
lems and their established use in similar studies. SVM is a robust
supervised learning algorithm, widely used for binary classifica-
tion tasks, as it finds an optimal hyperplane that separates classes
effectively, even in high-dimensional spaces. Its ability to use
the kernel trick allows it to handle complex, nonlinear decision
boundaries. For the SVM classifier, probabilistic outputs were
enabled using the probability = True option in scikit-learn, which

applies Platt scaling to transform decision scores into calibrated
probability estimates based on the training data [13]. Previous
studies, such as those by Musumba et al. [4], have demonstrated
SVM’s superior accuracy in predictive modeling for sociopolitical
outcomes. Logistic regression was selected for its simplicity, inter-
pretability, and strong performance on linearly separable data. It
is particularly effective for problems involving binary outcomes,
as in this study, where the target variable is whether respondents
support the extension of the MONUSCO mandate. It has been
a foundational algorithm in conflict prediction due to its capa-
bility to model probabilities and provide insights into feature
importance. Decision trees were included for their intuitive inter-
pretability and ability to handle both categorical and numerical
data. Decision trees are particularly suitable for understanding the
hierarchical importance of contextual factors influencing public
opinion. Studies such as Mutsotsya et al. [13] have highlighted
the effectiveness of decision trees in exploratory research involv-
ing diverse contextual features. By using these three algorithms,
the study ensured a robust comparison across models with dis-
tinct approaches to classification. The selected algorithms have
been validated in previous research for their predictive accuracy
and relevance to social and political data.

Those models were evaluated using four metrics to assess
their final performance and compare them with each other. With
the large number of metrics available, it is not always easy to
choose the one that best suits the use case. The final result can
significantly differ depending on the metric used to optimize and
select the models [29]. For this study, the models were evaluated
for accuracy, precision, recall, and F-score. The evaluation is used
to test the final performance of the algorithm and is carried out
on the test set. The precision is the accuracy. The percentage
of tuples that the classifier labels as positive is actually positive.
Recall is complete. The percentage of positive tuples for which the
classifier was labeled as positive was also recorded.

The accuracy, which is the percentage of tuples in the test
set that are correctly classified, is calculated using the follow-
ing formula. The harmonic mean of precision and recall is used
to obtain the F-score. Therefore, the F-score will only take a
high value if both of its components are high. When the num-
ber of classes is not balanced, the F-score often reflects the
precision [30].

For better model validation, the dataset was divided into a
training set and a test set. Specifically, the authors allocated 80%
of the data to the training set and 20% to the test set. In addition,
we went on to train our model. This procedure enabled us to select
four algorithms from which we selected the most suitable algo-
rithm. The model training stage was followed by the evaluation
stage to validate the model that performed best.

2.2. Target population

The population of a study is nothing more than the set of
elements of an observed phenomenon that have the same proper-
ties and are of the same nature. In other words, it is the statistical
universe to which the researcher questions himself to gather the
necessary information. The target population is the entire pop-
ulation that the results of the survey should represent. This may
be the case for an entire country or a single region. The set of
members of a specific group on which the results will be appli-
cable is known [10]. The target population for this study was the
entire population of the city of Butembo, located in the Province
of North Kivu, DRC.
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2.3. Sampling procedure

A simple random sampling approach was employed to col-
lect primary data from the population of Butembo, DRC. Under
this approach, each eligible individual had an equal probability of
being selected, thereby minimizing selection bias and supporting
the generalizability of the findings [31]. This method is appro-
priate for large and heterogeneous populations where no prior
information on subgroup proportions is required.

Given that the total population size was not precisely known
in advance, Cochran’s formula was used to estimate the minimum
required sample size at a 95% confidence level and a 5% margin
of error:

n0 = Z2 × p × (1 − p)
e2

where Z represents the Z-score corresponding to the desired
confidence level (1.96 for 95%), p is the estimated population
proportion (set at 0.5 to maximize variance), and e denotes the
margin of error (0.05). Based on this calculation, the minimum
sample size was estimated at 384 respondents. The minimum
sample size was therefore computed as follows:

n0 = (1, 96)2 × (0, 5) × (1 − 0, 5)(0, 05)2
n0 = 3, 8416 × 0, 5 × 0, 5

0, 0025 = 384, 16
To enhance the robustness and precision of the analysis, data were
ultimately collected from 5518 respondents, substantially exceed-
ing the minimum requirement. Although sociodemographic
characteristics such as age, gender, education level, and profession
were monitored to ensure diversity in the sample, no formal strat-
ification procedure was applied during respondent selection. This
approach ensured broad population coverage while maintaining
the randomness of the sampling process [25].

2.4. Research instrument

To collect the data, the authors used Google Forms, devel-
oped by Google, to create an online quiz, form, or survey to
gather information or conduct a survey or poll. The questionnaire
for this research took into account demographic characteristics,
questions related to the respondent’s sociopolitical context, and
questions related to the respondent’s views on the MONUSCO
mandate in the DRC. The survey consisted of 28 closed ques-
tions, including 6 binary questions (which offered only 2 response
options) and 22 Likert-type questions. The dependent variable for
this study was “MONUSCO must necessarily leave the region:
Yes or No.” For the independent variables, 5 questions were con-
sidered dyadic, 22 questions were given a 5-point Likert scale, and
1 question was given a 6-point Likert scale.

2.5. Validity and reliability of the instrument

After finalizing the survey questionnaire, it was reviewed by
subject-matter experts to assess its content validity, clarity, and
relevance to the study objectives, as well as to minimize poten-
tial respondent fatigue. Reliability analysis was conducted on a
subsample of 1103 respondents, corresponding to approximately
20% of the full dataset, which is a commonly adopted proportion
for internal consistency assessment.

From a theoretical perspective, reliability was examined
in line with classical internal consistency frameworks, includ-
ing Cronbach’s reliability theory and McDonald’s conceptual
approach to scale consistency. In practice, internal consistency
was quantified using Cronbach’s alpha, which remains the most
widely reported and interpretable reliability coefficient in EFA.
Cronbach’s alpha was computed using Python based on the
standard formulation:

𝛼st = N × ṝ
1 + (N − 1) × ṝ

where N denotes the number of items and ṝ represents the average
inter-item correlation [27].

Following the EFA, two latent factors demonstrated sat-
isfactory internal consistency, with Cronbach’s alpha values of
0.82 and 0.80, respectively (Table 1). These values exceed com-
monly accepted thresholds for exploratory research and confirm
the reliability of the extracted factors. The two factors jointly
explained 76.27% of the total variance, supporting their retention
for subsequent ML modeling [10].

2.6. Data processing and analysis

The data collected were first translated into English, given
that the language spoken in the DRC was French. All French
responses were double-translated by bilingual experts and val-
idated using a back-translation procedure to ensure linguistic
consistency and semantic equivalence [32]. This multistep veri-
fication process ensured that key sociopolitical expressions and
cultural nuances were preserved across translations, reducing the
risk of semantic bias in the ML inputs. These data, validated
and standardized, were then processed using the Python func-
tion map( ) and saved in CSV format for subsequent analysis.
Although the minimum required sample size was satisfied, the
authors chose to retain the entire dataset (N = 5518) in order
to preserve population diversity and the underlying multivari-
ate structure of the data. The proportion of missing values was
very low (below 2%) and showed no systematic pattern across
variables. For this reason, median imputation was applied as a
cautious and pragmatic approach, allowing the authors to limit
unnecessary data loss while preserving the distributional charac-
teristics and correlation patterns required for EFA and subsequent
ML modeling [10]. Pandas is the library that helped to import it
into the Jupyter Notebook. Pandas is a Python library used to
manipulate and analyze tabular data and time series [26]. On the

Table 1
Extracted retained factors

Factor Eigenvalue Explained variance % of variance Cumulative variance Cronbach’s alpha

Factor 1 3.664383 2.950035 39.25 39.25 0.82
Factor 2 3.272724 2.347413 37.02 76.27 0.80

Note: Extraction Method: “Minimum residual”; Rotation Method: “Varimax”.
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other hand, for activities related to the development of ML mod-
els, the authors used the Python library sklearn. This library is
more useful and robust for ML in Python. It provides a selection
of efficient tools for ML and statistical modeling, including classi-
fication, regression, clustering, and dimensionality reduction via a
Python consistency interface. The library, which is largely written
in Python, is built on NumPy, SciPy, and Matplotlib [33].

The suitability of the data for EFA was assessed using
the KMO measure of sampling adequacy and Bartlett’s test of
sphericity. Bartlett’s test evaluates whether the correlation matrix
significantly differs from an identity matrix. The null hypoth-
esis assumes that the variables are uncorrelated; rejection of
this hypothesis indicates that sufficient inter-variable relationships
exist to justify the application of factor analysis [27]. In this study,
sampling adequacy was confirmed (KMO = 0.78), and Bartlett’s
test was statistically significant (𝜒² = 3567.2, p < 0.001), meet-
ing conventional thresholds for factor analysis validity. The EFA
was conducted using Python libraries such as FactorAnalyzer and
Statsmodels [27].

After model training, the best-performing SVM model was
serialized using the pickle module, allowing it to be stored and
reloaded efficiently. This serialized model was then integrated
into a Flask-based web application, which serves as an interface
enabling users to input new data and receive real-time predic-
tions of public sentiment. Flask was employed to manage HTTP
requests, handle user inputs, and deploy the predictive model as
an accessible web service [13]. After training the developed mod-
els with Python, the authors deployed the outperformed model in
web technology using the Flask framework.

Flask is a small, lightweight Python web framework that pro-
vides useful tools and features that make it easy to construct web
applications in Python. It offers developers a degree of flexibility
and is a more accessible framework for new developers, as you
can quickly build a web application using a single Python file. The
Flask is REST-based. Flasks are also extensible and do not force
a particular directory structure or require complicated standard
code before starting [13].

The potential for overfitting is a critical concern in ML mod-
els, particularly when analyzing sociopolitical data. To address
this issue, the dataset was first split into training (80%) and test
(20%) subsets using a fixed random seed to ensure reproducibil-
ity. The held-out test set was used exclusively to report final
model performance and to evaluate generalization to unseen data
[26]. Model complexity was controlled through regularization,
particularly in the SVM classifier, and dimensionality reduction
was achieved by retaining only variables with significant factor
loadings from the EFA [27]. Model performance was evaluated
using accuracy, precision, recall, and F1-score metrics computed
on the test set. In addition, a 10-fold cross-validation procedure
was conducted on the training data to assess model stability and
robustness. Cross-validation results are reported as mean accuracy
and standard deviation and are used solely as a consistency check
rather than as final performance estimates. The cross-validation
outcomes were consistent with the test-set results, confirming the
stability and generalizability of the selected models [34]. The con-
sistency between test-set performance and cross-validation results
further suggests that the observed performance is not attributable
to overfitting.

2.7. Addressing potential biases in data collection

The primary data for this study were collected using a
structured questionnaire administered to 5518 respondents from

Butembo. While care was taken to design an unbiased and com-
prehensive survey, potential biases in the data collection process
must be acknowledged:

1) Selection bias. The study utilized a random sampling method
to minimize selection bias. However, focusing solely on
respondents from Butembo may limit the generalizabil-
ity of the findings to other regions of the DRC. Future
research should include other geographic areas to enhance the
generalizability of the results.

2) Response bias. Respondents’ self-reported data may have been
influenced by social desirability or fear of expressing dissenting
opinions in a politically sensitive context. Such response biases
are common in conflict-prone regions and can skew survey
results. To mitigate this, the questionnaire was anonymized,
and neutral language was used to reduce the risk of biased
responses for sensitive research settings.

3) Sampling frame limitations. The lack of precise demographic
data for Butembo’s population made it challenging to ensure
the sample was fully representative of all subgroups. Using
Cochran’s formula for sample size determination helped
ensure an adequate sample size. However, oversampling cer-
tain demographics may have inadvertently skewed the dataset.
Future studies should aim to refine sampling techniques
and include stratified sampling where population data are
available.

4) Questionnaire design. Closed-ended questions, while useful
for quantitative analysis, may have constrained respondents’
ability to fully express their views. Incorporating open-ended
questions or mixed-methods approaches could provide richer
insights into public sentiment [24]. Furthermore, cultural and
linguistic considerations must be taken into account to ensure
questions are understood consistently by respondents.

2.8. Criteria for selecting variables

The variables included in this study were selected through
a combination of theoretical considerations and empirical vali-
dation. The initial pool of 28 variables was identified based on
an extensive review of the literature on public sentiment and
peacekeeping missions, focusing on factors frequently associated
with public opinion in conflict zones [18]. Sociodemographic
variables, such as age, gender, education level, and marital sta-
tus, were included due to their demonstrated influence on public
sentiment in similar studies [4]. Self-conviction factors, such as
perceptions of MONUSCO’s performance, vested interests, and
passivity, were selected for their relevance to the research objec-
tives and alignment with prior findings on public dissatisfaction
with peacekeeping missions [9].

To refine this selection, an EFA was conducted, guided
by statistical criteria. The KMO test value and Bartlett’s test
of sphericity result confirmed the dataset’s adequacy for factor
analysis. Variables with factor loadings greater than 0.4 were
retained, as this threshold is commonly used to identify statisti-
cally significant relationships in social science research [27]. The
final set of 15 variables grouped into two factors, which are the
sociodemographic and the self-conviction, was chosen for their
high correlations with latent constructs and their relevance to
the study’s objectives. This rigorous selection process ensured the
inclusion of variables that were both theoretically grounded and
empirically validated, providing a robust foundation for the ML
models [10].
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3. Results and Discussion

3.1. Demographic information

After the data preprocessing phase, especially the EDA stage,
several responses or sociodemographic elements of the respon-
dents in this research were visualized. The authors collected
sociodemographic information on place of birth and place of
growth. They therefore constructed a profile of the respondents
according to the method of data collection chosen, using graphs
to explain our responses. Figure 2 shows that many of the respon-
dents in this study were born in the town of Butembo (52.2%),
the town of Beni (25.4%), the area around Butembo (11.5%), the
area around Beni (7.2%), or elsewhere (3.7%). The demographic
factor in this research also consisted of determining the growth
rate (the environment in which people grew up). The answers
obtained show that the inhabitants of Butembo represent 67.3%,
those of Beni represent 16.9%, those of Beni represent 6.1%, those
of Butembo represent 8%, and those of other provinces repre-
sent 1.6%. These two demographic variables played an important
role in this research, as they helped the authors to conduct their
research in society.

3.2. Research results

3.2.1. Relationship between features and the target variable
To examine the relationship between the predictor vari-

ables and the target variable (“refusal to extend MONUSCO’s
mandate”), pairwise correlation coefficients were computed. For
clarity, Figure 3 presents pairwise correlations for a repre-
sentative subset of key predictors, rather than the full set of
variables retained after EFA. Overall, all associations between
individual predictors and the target variable were weak in abso-
lute terms (|r| < 0.2), indicating the absence of strong linear
relationships.

Among sociodemographic variables, age (r ≈ 0.05), edu-
cation level (r ≈ −0.08), and gender (r ≈ 0.18) showed weak
correlations with mandate refusal. These coefficients should there-
fore not be interpreted as meaningful standalone effects, but
rather as relative differences among predictors. For instance,

gender exhibited a comparatively higher correlation than age or
education, although all associations remain weak.

Similarly, self-conviction variables displayed weak corre-
lations with the target variable. Trust in nongovernmental
organization (NGO) showed a negative association (r ≈ −0.18),
while perceptions of MONUSCO’s vested interests (r ≈ 0.12)
and the belief that peace would be restored after MONUSCO’s
departure (r ≈ 0.06) were weakly and positively correlated with
mandate refusal. Other contextual variables, including neigh-
borhood, place of birth, and political engagement, exhibited
negligible correlations (|r| < 0.10).

Taken together, these results indicate that no single pre-
dictor demonstrates a strong linear association with refusal
of MONUSCO’s mandate. Instead, the correlations are best
interpreted comparatively, highlighting relative differences across
variables rather than absolute effects. This finding supports the
use of multivariate ML models to capture nonlinear interac-
tions and combined effects that cannot be inferred from pairwise
correlations alone.

3.2.2. Results for achieving the first research objective
To achieve the first objective of this study, the authors had to

first execute the KMO and Bartlett tests to determine the feasibil-
ity of the EFA study and whether the available data were suitable
for conducting EFA. As a result, the overall KMO value for the
data was 0.78, which was satisfactory. This figure suggested that
the researchers could carry out their intended factor analysis. The
Bartlett test was significant at p = 0.0. The authors were able to
reject the null hypothesis that the matrix was identical as a result
of this. After the EFA phase, two factors were found to be reli-
able, as indicated by Cronbach’s alpha values of 0.82 and 0.80, as
shown in Table 1. The total cumulative variance percentage was
76.27%, which is a decisive criterion in deciding the number of
factors to retain [10].

The study followed the commonly accepted rule of thumb
by retaining only variables with factor loadings greater than 0.4
[10]. The questionnaire initially comprised 28 items, including
one target variable measuring refusal to extend MONUSCO’s
mandate. This target variable was excluded prior to the EFA,
resulting in 27 observed variables used for factor extraction. Based

Figure 2
Distribution of respondents by place of birth and place of growth

Data source: Primary survey (N = 5518).
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Figure 3
Correlation matrix between predictor variables and target variables (“Refusal to extend MONUSCO’s mandate”). Color intensity

represents Pearson correlation values

Source: Authors’ computation in Python (sklearn, seaborn).

on the EFA results, 15 variables loaded onto two latent factors and
were retained as contextual predictors for subsequent ML model-
ing. The corresponding factor loadings for these 15 variables are
reported in column 4 of Table 2.

The EFA yielded two latent factors with satisfactory reli-
ability: Factor 1 (sociodemographic) (𝛼 = 0.82) and Factor 2
(self-conviction) (𝛼 = 0.80). Fifteen variables with loadings ≥ 0.4
were retained (see Table 2). These numeric results fulfill the first
research objective by identifying statistically supported constructs
underlying public sentiment toward MONUSCO’s mandate.

The emphasis on sociodemographic and self-conviction fac-
tors derives from these results, as both groups of variables showed
the strongest factor loadings. This confirms that demographic
attributes and individual perceptions jointly influence public
attitudes toward MONUSCO’s mandate.

3.2.3. Results for achieving the second research objective
The authors chose the SVM, decision tree, and logistic

regression algorithms for this study. A data sample of 5,518
records was used to predict the refusal to extend MONUSCO’s
mandate to the DRC. The following findings were obtained using
the performance measures shown in Table 3. Table 3 shows that
the SVM outperformed the other methods, achieving an accu-
racy of 93.1% on the held-out test set. According to the analysis
of the decision tree algorithm, the accuracy was 89.6%. Logistic
regression had an accuracy of 90.8%.

To comprehensively evaluate the performance of the pro-
posed models, a comparative analysis was conducted among the
three algorithms utilized. These models were selected due to their
diverse methodological approaches and relevance in sociopolit-
ical studies [10]. The evaluation metrics (accuracy, precision,
recall, and F1-score) were applied consistently to ensure a reliable
comparison. The SVM model outperformed the other two,

achieving the highest accuracy of 93.1%, as well as superior
precision, recall, and F1-score [14]. Logistic regression followed
with an accuracy of 90.8%, demonstrating its capability to han-
dle linearly separable data effectively. The decision tree model,
while intuitive and interpretable, achieved an accuracy of 89.6%,
reflecting its limitations in handling complex, nonlinear relation-
ships. This comparison underscores the robustness of the SVM
model in high-dimensional feature spaces and its suitability for
the prediction task within this sociopolitical context.

The bar graph in Figure 4 illustrates the performance of
SVM, logistic regression, and decision tree models across accu-
racy, recall, precision, and F-score metrics. SVM outperforms
the other models in all metrics, achieving the highest accu-
racy (93.1%), recall (99%), precision (99%), and F-score (99%),
demonstrating its robustness and reliability. Logistic regression
and decision tree exhibit comparable performance, with accuracy
around 90%, and slightly lower recall, precision, and F-score val-
ues (approximately 91% and 89%). These results highlight SVM
as the most effective model for this dataset, minimizing errors and
providing superior predictive capability.

Knowing that the second objective of this study was to
determine which ML algorithm best predicted the refusal of
MONUSCO’s mandate extension, the results of the comparison
in Table 3 showed that the SVM algorithm was the best compared
to the others. This led the authors to conclude that the SVM
algorithm best predicted this social reality.

3.2.4. Results for achieving the third research objective
In this section, the results relating to the third objective of

this study are presented. This consisted of deploying the SVM
model, which was found to perform best in Flask technology.
To illustrate the model’s predictive functionality in a transpar-
ent and replicable manner, a data-driven example is presented
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Table 2
Correlations between items and retained factors

Factor Related items Variable Factor load

1 Your age AGE 0.742393

Your gender GENDER 0.611087

Marital status MS 0.657237
Place of birth POB 0.530255
Education level EDUCATION 0.569666
Profession PROFESSION 0.651442
The neighborhood where you live is secure NEIGHBOR 0.698374

Are you a member of a political party? POLITICS 0.628374

2 Can a nongovernmental organization provide security where MONUSCO has
failed?

NGO 0.699274

The perpetual kidnappings in areas under MONUSCO control are proof of its
passivity

KIDNAPPING 0.798374

Cutting off civilians’ roads in areas under MONUSCO control is proof of
MONUSCO’s passivity

ROADCUTOFF 0.688354

MONUSCO has vested interests in eastern DRC UNBUSINESS 0.658201
MONUSCO and the Congolese government have a vested interest in the

insecurity in the east of the country
INTEREST 0.675896

The MONUSCO mission contract must be revised if it is to remain in the
region

REVISIONCON-
TRACT

0.798362

Insecurity will end if MONUSCO leaves the DRC ENDWAR 0.824513

Note: AGE = Age; GENDER = Gender; MS = Marital Status; POB = Place of Birth; EDUCATION = Education Level; PROFES-
SION = Occupation; NEIGHBOR = Neighborhood Security; POLITICS = Political Affiliation; NGO = Trust in Nongovernmental
Organization,; KIDNAPPING = Perceived MONUSCO Passivity through Kidnappings; ROADCUTOFF = Perceived MONUSCO
Passivity through Road Closures; UNBUSINESS = MONUSCO’s Business Interests; INTEREST = MONUSCO–Government
Vested Interest; REVISIONCONTRACT = Need for Mandate Revision; ENDWAR = Belief that War Ends after Withdrawal.

Table 3
Test-set performance of ML models predicting refusal to extend MONUSCO’s mandate

No. Models Accuracy (%) ± SD Recall ± SD Precision ± SD F-score ± SD

1 SVM 93.1 ± 1.2 0.99 ± 0.01 0.99 ± 0.01 0.99 ± 0.01
2 Logistic regression 90.8 ± 1.5 0.91 ± 0.02 0.89 ± 0.02 0.9 ± 0.02

3 Decision tree 89.6 ± 1.7 0.91 ± 0.03 0.89 ± 0.03 0.9 ± 0.03

Source: Authors’ computation using Python.
Note: Values represent performance on the held-out test set. Mean ± standard deviation from 10-fold cross-validation
conducted on the training data are reported separately to assess model stability.

Figure 4
Comparison of SVM, logistic regression, and decision tree

models across accuracy, precision, recall, and F1-score metrics

Source: Authors’ analysis in Python.

instead of a narrative use case. Table 4 summarizes anonymized
sample inputs and the corresponding predicted probabilities
of mandate refusal generated by the SVM classifier. The pre-
dicted probabilities reported in Table 4 correspond to calibrated
probability estimates produced by the SVM model using Platt
scaling.

The above tabular presentation conveys the operational
logic of the predictive model: respondents combining low institu-
tional trust and high perceptions of MONUSCO’s vested interests
exhibit the highest predicted probability of rejecting the mandate.
Conversely, individuals with greater trust in domestic institutions
and limited attribution of profit motives to MONUSCO show a
substantially lower likelihood of opposition.

3.2.5. Model interpretability and feature importance
To enhance transparency and interpretability, a SHapley

Additive exPlanations (SHAP) analysis was conducted to assess

Pdf_Fol io:808



Archives of Advanced Engineering Science Vol. 00 Iss. 00 2026

Table 4
Example of model input variables and predicted probabilities of mandate refusal

Respondent Age
Education

level

Trust in non-
governmental
organization

Belief in MONUSCO’s
business interests

Expectation of
end of war

Predicted
probability of

mandate refusal

R-1032 42 Secondary 2 (Low) 4 (High) 3 (Moderate) 0.84

R-2175 29 University 5 (High) 1 (Low) 1 (Low) 0.22

R-3509 37 College 3 (Moderate) 3 (Moderate) 4 (High) 0.68

R-4582 54 Primary 1 (Very Low) 5 (Very high) 5 (Very high) 0.93

the marginal contribution of each feature to the SVM model’s
predictions. The results indicate that trust in nongovernment orga-
nization (NGO), expectations regarding the end of insecurity
(ENDWAR), and education level (EDUCATION) were the most
influential predictors of refusal to extend MONUSCO’s mandate,
as reflected by their higher SHAP values. These findings suggest
that perception-based variables play a more prominent role than
basic sociodemographic characteristics, such as age or gender, in
shaping public opinion.

Other influential predictors included perceptions of
MONUSCO’s vested interests (UNBUSINESS), which further
emphasize the importance of trust, institutional performance,
and perceived mission effectiveness in explaining opposition
to the mandate. In contrast, structural demographic attributes
such as marital status or place of birth exhibited comparatively
low SHAP importance, indicating a limited contribution to the
model’s predictive outcomes.

3.3. Discussion of results

The findings of this study provide insights into the fac-
tors associated with refusal to extend MONUSCO’s mandate
in Butembo, DRC. By applying ML techniques, the anal-
ysis explored how sociodemographic characteristics and self-
conviction factors relate to public attitudes toward the mission.
This section situates the results within the existing literature, dis-
cusses their implications, and outlines limitations and threats
to validity. Previous studies have documented persistent skepti-
cism regarding MONUSCO’s effectiveness, a perception that is
reflected in the present analysis, where variables linked to per-
ceived passivity of the mission, such as kidnappings and road
blockages, emerged as relevant predictors in the modeling stage.

From a methodological perspective, the EFA confirmed
the suitability of the dataset for latent structure extraction
(KMO = 0.78; Bartlett’s test p < 0.001). Two internally con-
sistent constructs were identified, with Cronbach’s alpha values
of 0.82 and 0.80, jointly explaining 76.27% of the total vari-
ance. These results support the retention of sociodemographic and
self-conviction dimensions as meaningful representations of the
underlying data structure for subsequent modeling.

The correlation analysis presented in Figure 3 showed that
associations between individual predictors and mandate refusal
were weak in absolute terms. Sociodemographic variables such as
gender (r = 0.18), age (r = 0.05), and education level (r = −0.08)
exhibited only limited linear relationships with the target variable.
Similarly, perceptions related to MONUSCO’s business interests
(r = 0.12) and trust in an NGO (r = −0.18) were weakly correlated
with mandate refusal. These coefficients are best interpreted com-
paratively, highlighting relative differences across variables rather
than meaningful standalone effects.

Despite these weak pairwise correlations (|r| < 0.2), the SVM
model achieved strong predictive performance compared to pre-
vious research [2, 4], with an accuracy of 93.1%. This result
indicates that the model was able to capture nonlinear and mul-
tidimensional interactions among variables that are not apparent
in bivariate analyses [35]. The performance gap between SVM,
logistic regression (90.8%), and decision tree (89.6%) was modest,
suggesting consistency across modeling approaches while confirm-
ing the robustness of the selected framework. The high predictive
accuracy, combined with cross-validation results, indicates that the
model generalizes well beyond the training data and is suitable for
applied contexts such as monitoring public sentiment.

Importantly, the predictive contribution of variables such as
perceptions of MONUSCO’s passivity, beliefs regarding the end
of insecurity, and education level should be understood within
this multivariate context. While these features display weak lin-
ear associations individually, their combined influence within
the SVM model demonstrates that public attitudes toward the
mandate are shaped by interacting perceptions rather than iso-
lated factors. This finding aligns with prior sociopolitical research
showing that complex belief systems often emerge through
interdependent influences rather than single determinants.

The results are also consistent with established theories of
public trust and institutional legitimacy. In peacekeeping con-
texts, perceptions of effectiveness, fairness, and responsiveness
play a central role in shaping public acceptance. In this study,
negative evaluations of MONUSCO’s role and greater confidence
in NGOs were associated with lower support for mandate exten-
sion, reflecting broader dynamics of legitimacy and trust observed
in fragile and conflict-affected settings.

The empirical findings support the assumptions out-
lined in the introduction. The EFA results indicated that
sociodemographic variables (age, gender, education level, and
marital status) formed a coherent latent construct, while self-
conviction variables related to NGO trust and mission perfor-
mance constituted a second factor. Within the SVM model,
variables associated with perceptions of MONUSCO’s role and
expectations regarding insecurity contributed most strongly to
prediction, suggesting that personal convictions and evalua-
tions of institutional performance play an important role when
considered jointly.

Finally, the findings should be interpreted in light of the spe-
cific sociopolitical context of Butembo, a region characterized by
prolonged insecurity and complex governance challenges. Public
attitudes toward MONUSCO are shaped not only by individual
experiences but also by broader historical and political narratives
[36, 37]. While the model identifies relevant predictors of mandate
refusal, future research could extend this work by incorporating
additional contextual variables and testing the framework in other
regions to assess external validity.
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Beyond its methodological contribution, the proposed pre-
dictive framework offers practical implications for peacekeeping
and policy analysis. By identifying patterns associated with
opposition to MONUSCO’s mandate, the model may sup-
port targeted communication strategies and context-sensitive
interventions aimed at improving institutional legitimacy and
public engagement. These results illustrate how predictive ana-
lytics can complement traditional qualitative approaches, offer-
ing data-driven insights to inform decision-making in fragile
contexts.

4. Conclusions, Contributions, and Recommendations

This study provides a quantitative and predictive analysis of
public opinion on the MONUSCO mandate in Butembo, DRC,
contributing to the understanding of factors influencing public
sentiment on peacekeeping efforts. Guided by two assumptions,
the study achieved its objectives and offered actionable insights.
First, the research assumed that sociodemographic characteris-
tics significantly shape public opinions. This assumption was
validated, as key predictors, such as age, marital status, and edu-
cation level, emerged as influential variables. Second, the study
assumed that public perceptions of MONUSCO’s operational
performance and intentions, particularly perceived passivity and
vested interests, drive dissatisfaction. The findings supported this,
emphasizing the importance of trust and accountability in peace-
keeping operations. The sensitivity analyses collectively confirm
the robustness of the EFA results. The stability of the identified
sociodemographic and self-conviction predictors across various
conditions validates the reliability of the study’s conclusions. This
methodological rigor enhances confidence in the applicability
of the findings to broader contexts and supports their use in
predictive modeling frameworks.

The practical implications of these findings are manifold.
The deployed predictive model based on the SVM algorithm
serves as a robust tool for real-time sentiment analysis. This
application enables policymakers and stakeholders to dynami-
cally assess public opinion, design targeted interventions, and
address critical grievances such as perceived inefficiencies and
vested interests. Such data-driven strategies can enhance trans-
parency, accountability, and trust, ultimately fostering greater
acceptance of peacekeeping operations. Additionally, the method-
ology and findings of this study offer scalability, providing a
framework that can be adapted to analyze public sentiment in
other conflict-prone regions. Beyond predictive analytics, the inte-
gration of AI in peacekeeping logistics, early warning, and civilian
protection offers constructive alternatives to its militarized appli-
cations in weapon systems, aligning with ethical AI deployment
frameworks.

Beyond its specific application to the MONUSCO case, the
proposed framework can be adapted to other regions and peace-
keeping contexts by retraining the model with localized datasets.
The Flask-based predictive system can also be scaled by incor-
porating new variables such as media narratives, social media
sentiment, and local governance indicators. Furthermore, integra-
tion into institutional dashboards or early-warning systems would
allow decision-makers in international organizations to monitor
public sentiment in real time and anticipate legitimacy risks. This
adaptability positions the framework as a transferable and data-
driven decision-support tool for evidence-based peacekeeping and
conflict prevention across diverse contexts. The predictive model
offers clear policy and operational insights. MONUSCO and

the Congolese government can use the results to monitor public
acceptance of the mandate across regions. The model identifies
key drivers of opposition, such as perceived passivity and low
NGO trust. These insights can guide targeted communication and
engagement with local communities. In addition, integrating the
model into an early-warning system would help detect emerging
dissatisfaction and support timely, data-driven policy responses.

Looking ahead, future research could explore the develop-
ment of a recommender system that builds upon the predictive
insights from this study. Such a system could offer personalized
policy recommendations based on sociodemographic character-
istics and perceptions of MONUSCO’s performance, enabling
stakeholders to tailor interventions more effectively to specific
communities. Although the present analysis focuses exclusively
on Butembo, the proposed predictive framework can be retrained
with data from other regions of the DRC to enhance its gen-
eralization and policy relevance. Future extensions could apply
the same methodology to provinces such as Beni, Goma, or
Bukavu, using transfer learning or incremental retraining to
capture regional variations in public perception. Such adapta-
tions would support more inclusive, data-driven peacekeeping
strategies and strengthen the external validity of the model.
Future research could also integrate real-time or social media
data to capture dynamic shifts in public sentiment. Combining
survey-based predictors with online discourse would allow contin-
uous model updating and richer contextual interpretation. Such
hybrid data approaches are increasingly central to computational
peace research, enabling early detection of emerging tensions and
improving the responsiveness of peacekeeping strategies.

Finally, applying data science in fragile and politically sensi-
tive contexts requires ethical caution. Misinterpretation or misuse
of predictive outputs could reinforce biases or stigmatize certain
communities. The study therefore stresses the importance of trans-
parency, contextual understanding, and responsible data handling
when deploying ML models for policy insights [38, 39]. Ensur-
ing that algorithms are retrained with diverse and representative
data is essential to avoid reinforcing existing inequalities and to
promote ethical, inclusive, and trustworthy applications of AI in
peacekeeping and governance.
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