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ABSTRACT

Implementing Social Projects (SPs) has become crucial in crisis-affected areas for supporting disadvantaged groups
and decreasing poverty. The use of classification algorithms to forecast social project selection outcomes in post-
conflict areas is examined in this study. Nine project variables, including financial, technical, spatial, and social
aspects, were employed as predictive features based on a dataset that included 274 possible projects in Northern
Syria. Logistic Regression, Simple Logistic, Naive Bayes, IBk (k-Nearest Neighbors), J48 decision tree, and
Multilayer Perceptron were the six classification techniques that were assessed. Model performance was evaluated
using accuracy, the Kappa statistic, mean absolute error (MAE), and root mean square error (RMSE). The results
show that Simple Logistic and Naive Bayes obtained the best accuracy (98.18%) and Kappa (0.963), and Logistic
Regression had the lowest MAE. The novelty of this study lies in using a real archival non-governmental organization
(NGO) dataset from northern Syria to develop a machine learning-based decision-support framework for project-
level social project selection, thereby providing a practical complement to traditional multi-criteria decision-making
MCDM methods.

Keywords: Project Selection, classification, prediction.
OZET

Ihtiyac sahibi bireylere destek olmak ve krizden etkilenen bolgelerde yoksullugu azaltmak igin Sosyal Projelerin
(SP’ler) kullanilmast giderek artan bir zorunluluk haline gelmistir. Bu ¢alisma, ¢atisma sonrasi bolgelerde sosyal
projelerin sec¢ilme sonuglarimi tahmin etmek amaciyla makine 6grenmesi siniflandirma algoritmalarinin
uygulanmasini incelemektedir. Suriye’nin kuzeyinde yiiriitillen ve 274 aday projeyi igeren bir karar verme
calismasindan elde edilen veri seti temel alinmis; finansal, teknik, mekansal ve sosyal 6l¢iitleri kapsayan dokuz proje
0zelligi tahmin degiskeni olarak kullanilmistir. Alt1 siniflandirma algoritmasi degerlendirilmistir: Lojistik Regresyon,
Simple Logistic, Naive Bayes, IBk (en yakin komsular — KNN), J48 karar agact ve Cok Katmanli Algilayici
(Multilayer Perceptron). Model performansini 6lgmek i¢in dogruluk orani, Kappa istatistigi, ortalama mutlak hata
(MAE) ve kok ortalama kare hata (RMSE) kullanilmistir. Sonuglar, Simple Logistic ve Naive Bayes algoritmalarmin
en yiiksek dogruluk ( %98,18 ) ve Kappa (0,963) degerlerine ulastigini, Lojistik Regresyonun ise en diisiik MAE
degerine sahip oldugunu gostermektedir. Bu ¢alisma, Kuzey Suriye’den elde edilen gergek bir STK arsiv veri setini
kullanarak geleneksel CKKV degerlendirmesini tamamlayici nitelikte, proje diizeyinde sosyal proje secimine yonelik
makine 6grenmesi tabanli bir karar destek araci gelistirmesiyle literatiire katki sunmaktadir.

Anahtar Kelimeler: Proje se¢imi, siniflandirma, tahmin.
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INTRODUCTION

The Syrian conflict has displaced millions and significantly undermined both economic and social infrastructures
(UNHCR, 2023). Populations in northern Syria, where governance frameworks are fragmented and security
situations are unstable, are significantly dependent on both development and humanitarian assistance to deliver on
core requirements and recover local economies (OCHA, 2023). Initiatives that target concrete social issues within a
population and support those in search of jobs by procuring their acquisition of jobs, vocational skill development
programs, small business support, and the re-establishment of social services are valuable tools for constructing a
population's resilience, supporting livelihoods, and driving stability (Briick et al., 2019).

Determining which initiatives to fund and implement is challenging, as it typically requires multi-criteria evaluation,
expert consultation, and field assessment. In crisis situations, decision makers often work with time and information
constraints. This can lead to delays in intervention or suboptimal allocation of resources (Banerjee & Duflo, 2013).
Predictive analytics is a means to supplement more traditional decision-making processes by quickly screening
proposals for a particular project and establishing their likelihood of being selected based on past decision-making
behavior.

Development planners, humanitarian workers, and aid allocators are increasingly using machine learning
classification algorithms because they can depict complex relationships in data that contain many attributes (Jordan
& Mitchell, 2015). Data from 274 potential social projects in Northern Syria are used in this analysis. Nine financial,
technical, spatial, and social criteria were used to assess these initiatives. Six classification models—Logistic
Regression, Simple Logistics, Naive Bayes, IBk, J48 decision tree, and Multilayer Perceptron—were evaluated using
these records. Error measurements, accuracy, and the Kappa statistic were used to compare their performance. The
objective is to determine which models are more accurate in predicting project selection and whether they can assist
in identifying more robust recommendations before a thorough assessment. The study's use of actual NGO archive
records to analyze project-level approval decisions in a post-conflict setting is one of its practical contributions.

Three questions are the main focus of this study:

* In post-conflict settings, which classification techniques are better at forecasting the choice of social projects?

* How well can decision trees, neural networks, k-Nearest Neighbors, Naive Bayes, and logistic regression perform
on multi-criteria project evaluation data?

* Is it possible to use predictive modeling to cut down on project screening time and effort without sacrificing the
caliber of selection choices?

The following is how the article goes: The literature is reviewed in Chapter 2. The classification framework is
described in Chapter 3. The case study is presented, and the results are discussed in Chapter 4. The article is concluded
in the last chapter, which also makes recommendations for future research topics.

LITERATURE REVIEW

Social programs have been crucial in meeting urgent needs, reestablishing vital services, and bolstering community
resilience during the Syrian conflict (OCHA, 2023). These interventions frequently combine social advantages like
education, healthcare, and basic infrastructure with economic assistance like job creation and vocational training. As
a result, they are valuable for addressing long-term healing demands in addition to providing acute relief (Briick,
2020). They can also lessen reliance on aid, improve social cohesion, and aid in the reconstruction of livelihoods
when appropriately targeted (Briick et al., 2019). This area is crucial for predictive analysis using classification
methods because research on project evaluation in conflict-affected environments reveals that selection decisions are
influenced by a variety of factors, such as economic feasibility and various forms of risk (Hallak, Ozkurt, & Agduk,
2022).

Because machine learning can handle multidimensional data and speed up the process of making evidence-based
judgments, it is becoming more and more popular in decision support applications (Jordan & Mitchell, 2015; Witten
et al., 2016). These techniques have been used in prior research on beneficiary targeting, poverty estimation, and
resource allocation (Abidi et al., 2022). Decision trees like Logistic Regression, Naive Bayes, k-Nearest Neighbors
(IBk), J48, and Multilayer Perceptrons are common classification methods (Witten et al., 2016). These techniques
can assist in identifying trends in past choices and show which project proposals have a higher chance of being
accepted in applications related to development and humanitarian aid.
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Accuracy shouldn't be the only consideration when selecting a model for a project. Metrics like Kappa statistics,
Mean Absolute Error, and Root Mean Square Error can provide a more complete picture of categorization
performance when accuracy alone is insufficient (Witten et al., 2016; Dou et al., 2023). However, forecasting tools
should be used as supplemental tools rather than as a replacement for expert judgment in humanitarian relief
workflows, particularly in high-risk situations where interpretability, accountability, and justice are critical (Briick et
al., 2019).

Evaluation and selection problems, including economic, technological, social, and risk-related variables, also
frequently employ multi-criteria decision-making techniques. They have been applied in humanitarian aid decision
support studies (de Souza et al., 2021; Mediouni & Cheikhrouhou, 2019; Alturki & Lee, 2024) to rank and choose
options under competing considerations in project and portfolio studies. Alternative weighting techniques like the
Hellinger Distance Method in multi-criteria decision-making problems, GIS-based AHP for solar power plant site
selection, and DEMATEL-based TOPSIS for disaster relief site selection are used similarly in recent studies (Derse,
2022; Tekdamar & Tekdamar, 2024; Altintag, 2025). Together, these studies indicate that MCDM offers a practical
and transparent way to combine expert judgment with multiple evaluation criteria, which is also relevant to the
assessment of social projects.

The use of MCDM often depends on repeated expert input, weighting procedures, and multiple rounds of assessment.
Recent studies treat MCDM and machine learning as approaches that can complement one another rather than serve
as alternatives. MCDM remains valuable for structuring criteria and preserving transparency in the evaluation
process, whereas machine learning can detect patterns in past decisions and support faster and more consistent
screening when historical data are available. For this reason, the present study does not present machine learning as
a substitute for MCDM. Instead, it introduces it as a supporting predictive tool that learns from earlier expert-based
project evaluations and can assist with the preliminary screening of future social projects in a post-conflict
environment (de Souza et al., 2021; Alturki & Lee, 2024; Abdulla & Baryannis, 2024; Kocaman & Asan, 2026).

Although project appraisal in humanitarian and development contexts has been discussed extensively, much of the
existing literature still focuses on expert-based MCDM frameworks or on beneficiary-level targeting rather than on
predicting project approval outcomes from historical evaluation records. This is particularly noticeable in post-
conflict settings, where project selection decisions are often made under time pressure, limited resources, and
repeated expert consultations aimed at reaching consensus. In addition, only a small number of studies have explored
whether archival NGO evaluation data can be used to build predictive models that support conventional MCDM
screening and expert judgment. The present study responds to this gap by applying and comparing six machine
learning classification algorithms using a real dataset of 274 social projects previously evaluated in northern Syria in
order to predict whether a project is likely to be selected for support.

The main contribution of this study is the use of machine learning classification to predict social project approval
decisions based on a real archival dataset obtained from an NGO operating in northern Syria. Unlike many earlier
studies that concentrate either on expert-based MCDM evaluation or on beneficiary-level targeting, this study focuses
on project-level selection in a post-conflict context using historical evaluation records. Its contribution is therefore
both methodological and practical. Methodologically, it examines whether past expert decisions can be used to
support predictive screening. Practically, it offers a decision-support approach that may help speed up preliminary
project assessment when time and institutional resources are limited.

MATERIAL AND METHOD
Application of Classification Techniques

The primary goal of this section is to assess and forecast social project selection by using six classification algorithms
on the “social project selection” dataset. We tested Logistic Regression, Simple Logistic, Naive Bayes, IBk (K-
Nearest Neighbors), J48 (Decision Tree), and Multilayer Perceptron algorithms on the "project selection" dataset,
which was obtained through a questionnaire administered to 274 candidate social projects. Furthermore, we
compared six classifiers based on specific evaluation parameters, such as F-measure, accuracy, kappa, and area under
the receiver operating characteristic (ROC) curve value, in predicting project selection. The dataset used in this study,
the classification procedure, and the classification methods will be explained in detail in this section.
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Dataset and Data Collection

There are 274 instances or records in the dataset, which consists of 9 attributes and project selection as a class. Table
1 indicates that the attributes stand for a number of quantitative and qualitative factors, such as technical viability,
urgency, risk, and vulnerability, which impact the choice of projects. The last attribute, which we described in Table
1 as "selected or not," is a class attribute with two possible values that indicate whether the project was picked or not.
We examined an entire dataset that was complete with no missing information, which could have a major influence
on the classification outcome. The dataset was complete and contained no missing values. No additional
preprocessing, such as scaling or normalization, was applied before model training, and the classifiers were evaluated
using the original variables as recorded in the dataset.

Table 1. Descriptions And Types Of The Attributes In The Social Project Selection Dataset

Attribute Description  Attribute Name Unit / Scale Attribute Type
Requested fund at site j RF() UsSD Numeric
Technical feasibility TF() Scale 1-5 Numeric
Urgency u() Scale 1-5 Numeric
Risk R() Composite score Numeric
Vulnerability V() Binary 0-1 Binary, with 2 distinct choices
Beneficiaries B() Number Numeric
Worker required WR() Number Numeric
Average distance AD() Km Numeric
Payback period PBP(j) Year Numeric
Project Selected or not Class Binary 0-1 Binary, with 2 distinct choices

The dataset analyzed in this study was obtained from the evaluation records of a local NGO working in northern
Syria that supports and assesses social and livelihood projects. These records were generated within an earlier support
program aimed at reviewing ongoing projects in the region and deciding whether they were suitable for institutional
support. The data were collected and evaluated between April and June 2023 using interviews, focus group
discussions, and expert assessment.

Table 2. Illustrative Sample Of The Project Evaluation Dataset

Project PBP(j) RF() TF(G) UG) RG) V() BG) WR() AD() class
D

Pl 1.8 1270 1 1 1.649 1 17 2 15532.13 0
P2 1.0 1322 2 2 1.649 1 7 0 15604.69 1

P3 1.7 1716 2 3 1.649 1 6 2 13800.17 1
P4 1.3 1032 5 3 1.649 1 15 1 15143.75 1

P5 0.7 1329 4 3 1.649 1 13 0 14703.64 1

P6 3.3 2300 4 2 1.649 1 240 14359.39 0

P7 1.0 1344 4 3 1.649 1 28 2 15027.22 1

P8 0.6 1432 4 3 1.649 1 9 0 14926.97 1
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In total, the dataset includes 274 project cases. Of these, 154 were approved for support, while 120 were not. Some
criteria, including technical feasibility and urgency, were judged directly by five experts through a two-round
assessment process designed to reach a common view. Other variables, such as payback period and distance, were
calculated by the NGO team and then checked and approved by the same experts. The dataset contains project-level
evaluation records rather than personal or sensitive individual information, and for that reason, formal ethical
approval was not required. An illustrative sample of these evaluation records is presented in Table 2.

Classification Techniques

In this part, six classification methods have been selected to evaluate their performances in the “social project
selection” dataset. Logistic Regression, Simple Logistic, Naive Bayes, IBk (K-Nearest Neighbors), J48 (Decision
Tree), and Multilayer Perceptron classifiers are utilized in this work. The Waikato Environment for Knowledge
Analysis (Weka) data mining software (version 3.8.6), which offers an integrated environment for assessing machine
learning methods, was used for all classification analyses.

One of the most well-known classifier types is the Naive Bayes classifier. Using Bayesian approaches, Naive Bayes
constructs a simple network where the likelihood of one new sample belonging to a class is considered to be based
on the premise that all attributes are independent of one another(Ratra et al.,2021). This method works by estimating
the most probable class for each case and assigning probabilities to the possible class labels through a probabilistic
approach. It is also considered practical for use with relatively large datasets (Mohd Radzi et al., 2022). Naive Bayes
is known for its simple structure and fast learning process, and in many cases, it can perform competitively with more
complex methods (Mohd Radzi et al., 2022). The k-Nearest Neighbors method is an instance-based learning approach
and is implemented in WEKA as IBk. All training data is saved, and the classification procedure is carried out at the
moment of prediction because there is no model learning phase. KNN predicts new examples based on the class
labels of their neighbors, making it a straightforward yet efficient technique in this regard.

A supervised learning technique called logistic regression (LR) is primarily applied to binary classification problems.
It estimates the probability that a given instance belongs to a particular class by using a logistic, or sigmoid, function.
The input variables are presumed to be Gaussian and numerical. In logistic regression, a coefficient is estimated for
each input variable, and these coefficients are combined through the logistic function to model the probability of
class membership (Ratra et al., 2021). The interconnection between independent variables presented in the interval
and/or categorical scale data and response variables presented as binary data is outlined by logistic regression (LR)
analysis. Among the crucial advantages of the LR approach is that the methodology doesn't demand prior
presumptions, thereby providing for a direct analytical procedure and supporting a rapid classification process, while
providing for a study on relationships between the variables. The technique is a rapid one that is effective for various
classification problems (Ratra et al., 2021).

The present study also utilizes a multilayer perceptron (MLP) classifier that has been adapted for data mining
applications. The MLP network comprises a number of nodes that possess similar characteristics. The entities are
known as neurons (Popescu et al., 2009). The development of neurons occurs in a layered fashion, i.e., each node is
connected to the subsequent one, excluding the final one, known as the output layer. In practice, the MLP structure
is constructed within a three-layered design, i.e., one output layer, one or more hidden layers, and one input layer
comprising neurons (Popescu et al., 2009). Within the MLP paradigm, a procedure known as backpropagation is
applied for neurons to be trained. The input impulses are computed at the level that initiates at the input layer, i.e., at
the initiation point for MLP (Popescu et al., 2009). The MLP computational engine calculates the input at the hidden
layer that falls between the input and output layers (Popescu et al., 2009). The output layer eventually performs the
required functionality and calculates the output.

J48 is a decision tree approach based on the C4.5 algorithm. The main components are the production rule generator,
decision tree interpreter, decision tree generator, and production rule interpreter (Mohd Radzi et al., 2022). The
approach builds the decision tree from the training data set using information gain, measuring the effect of choosing
an attribute for dividing the data (Mohd Radzi et al., 2022). The algorithm then recursively evaluates smaller subsets
(Mohd Radzi et al., 2022). Splitting stops when each instance in a subset is in the same class. The leaf node for the
decision tree is determined at this stage, and it presents the findings.
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Mathematical Definition of Performance Metrics

To evaluate the classification performance of each algorithm, several statistical metrics were employed. These
include Accuracy, Precision, Recall, F1-score, the Kappa coefficient, ROC Area, and precision—-recall curve (PRC)
Area as shown in Table 3. The mathematical formulations of these metrics are given below.

where:

TP = True Positives

TN = True Negatives

FP = False Positives

FN = False Negatives

N = Total number of instances

Table 3. Mathematical Definition Of Performance Metrics

Metric Formula Explanation
Accuracy Proportion of correctly classified
Accuracy = TP+TN instances.
Y=TPYTN+FP+FN
Precision Precision — TP Ratio of correctly predicted positive
reciston = TP + FP instances to total predicted positives.

Recall Recall = TP Ratio of correctly predicted positive
(Sensitivity) ecalt = TP + FN instances to all actual positives.
F1-score _ (Precision X Recall) Harmonic mean of Precision and Recall,

F1= (Precision + Recall) balancing false positives and false

negatives.
Kappa _P,—-P, Measures agreement between predicted
Coefficient k= 1-P, and actual classes adjusted for chance.
where
TP+ TN
P, = —N
(TP + FP)(TP + FN) + (FN + TN)(FP + TN)
e = N2
ROC Area Calculated as the area under the Receiver Operating Represents the trade-off between True
Characteristic curve. Positive Rate and False Positive Rate.

PRC Area Calculated as the area under the Precision—Recall curve. Indicates performance when dealing

with class imbalance.

Better model performance is typically indicated by higher values for these metrics, especially for the F1-score, ROC
domain, and Kappa, which show greater agreement with the real class labels. Because it takes possible chance fit
into consideration, the Kappa statistic is helpful. The model's performance at various classification thresholds is
further demonstrated by the ROC and PRC domains.

Procedures for Model Configuration and Validation

WEKA 3.8.6 was used to construct and test the models. In order to assess performance, a 10-fold layered cross-
validation was employed to ensure that each layer accurately represented the class distribution of the entire dataset.
This approach was thought to be suitable for making effective use of the given data and producing reliable
performance forecasts because the dataset is rather small (274 samples). The classifiers were run with the default
settings available in WEKA. Details of these settings are given in Table 4.

No manual tuning of the model parameters was applied. This helped avoid giving an advantage to one algorithm over
another and reduced the possibility of overfitting. For that reason, the default WEKA settings were used as a common
baseline for comparison.
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Table 4. Algorithm Settings In Weka

Algorithm

Main Parameters

Setting (Default in WEKA)

Logistic Regression
Simple Logistic

Naive Bayes

IBk (k-NN)

J48 (Decision Tree)

Multilayer Perceptron (MLP)

Regularization method
Number of boosting iterations
Regularization

Kernel estimation

Supervised discretization
Number of neighbors (k)
Distance metric

Weighting scheme
Confidence factor for pruning
Minimum instances per leaf
Hidden layer structure
Learning rate

Momentum

Training epochs

Activation function
Validation method

Ridge estimator (A = 1.0E-8)

Default (heuristic-based, auto-selected)
LogitBoost algorithm with automatic shrinkage
Disabled (use normal distribution assumption)
False

1 (default)

Euclidean distance

No distance weighting

0.25

2

“a” (automatic, typically (attributes + classes) / 2)
0.3

0.2

500

Sigmoid

10-fold cross-validation

RESULTS AND DISCUSSION

In this section, the proposed methodology is used to predict the selection of social projects in crisis-affected areas.
The results are then discussed in relation to model performance and what they may mean for practice.

Results of Classification Techniques

In this part, the performance of six classification models, namely, Logistic Regression, Simple Logistic, Naive Bayes,
IBk (K-Nearest Neighbors), J48 (Decision Tree), and Multilayer Perceptron, was evaluated using several evaluation
metrics. Table 5 presents the comparison of performance results on the used dataset.

In this study, when assessing the performance of the chosen classifiers, the following parameters (evaluation metrics)
were taken into account: Accuracy (%), Kappa, F-Measure, ROC Area, and PRC Area. These metrics offer an in-
depth understanding of each model's capacity for classification, especially with regard to overall accuracy and
predicted reliability.

Table 5. Performance Comparison Of Classification Algorithms

Algorithm Accuracy (%) Kappa F-Measure ROC Area PRC Area
Simple Logistic 98.18 0.9631 0.982 0.922 0.892
Naive Bayes 98.18 0.9631 0.982 0.922 0.892
Logistic Regression 96.35 0.9259 0.964 0.710 0.435
Multilayer Perceptron  95.99 0.9185 0.960 0.609 0.566
J48 (Decision Tree) 87.96 0.7556  0.880 0.880 0.774
1Bk (KNN) 81.02 0.6166 0.811 0.689 0.389

According to the performance comparison of the six classification models on the social project selection dataset.
Simple Logistic and Naive Bayes achieved the highest average accuracy values, which were 98.18% and 98.18%,
respectively. Logistic Regression and Multilayer Perceptron ranked second, followed by J48 (Decision Tree) and IBk
(KNN). When considering the F-measure and Kappa, it is observed that the same hierarchy is preserved.

Furthermore, we considered Mean Absolute Error (MAE) and Root Mean Squared Error (RMSE) in order to conduct
a further evaluation. These are error-based metrics, and lower values indicate better classifier performance (Dou et
al., 2023). The mean absolute error of the Logistic Regression algorithm has the minimum value, 0.0351, and the
Multilayer Perceptron algorithm has the second minimum value, i.e., 0.0539.

The square root of mean squared error (MSE) is known as RMSE. The difference between values estimated by an
inference model and observed values is measured by RMSE. Stated differently, it assesses how well the projected
model fits the actual data (Dang et al., 2021). The minimum values achieved were Simple Logistic and Naive Bayes,
with the values of 0.166 and 0.166, respectively. Comparisons of the accuracy of different algorithms are shown in
the Figl. These findings suggest that Simple Logistic and Naive Bayes are highly effective for this dataset, followed
closely by Naive Bayes and IBk (KNN). Simple Logistic and Naive Bayes models' comparable performance also
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indicates that the dataset contains recurring patterns that can be similarly captured by various classification
techniques.

MAE and RMSE

Logistic Regression

Multilayer Perceptron Simple Logistic

e \/| AE

e RMSE

148 (Decision Tree) Naive Bayes

0.43
1Bk (KNN)

Fig 1. Comparison Of The Accuracy Of Different Algorithms

A more detailed assessment was conducted using the class-specific Precision, Recall, and F1-score values reported
in WEKA under “Detailed Accuracy by Class”. To explore the possible effect of class imbalance, model performance
was also examined separately across the two classes. The results in Table 6 show no clear tendency for the classifiers
to favor one class over the other. In terms of F1-score, the best performance was achieved by Simple Logistic and
Naive Bayes, both with 0.982. Logistic Regression ranked next at 0.964, followed by Multilayer Perceptron at 0.960.
These results indicate a strong correspondence between the predicted labels and the observed class labels.

These findings demonstrate the robustness and dependability of the suggested models, as both Precision and Recall
values are consistently high (above 0.95) across classes. Therefore, a more thorough and reliable assessment of
model performance is provided by the use of several evaluation metrics, including class-wise assessments.

In this analysis, Simple Logistic and Naive Bayes achieved the best performance and had the lowest error rates.
Additionally, Logistic Regression and Multilayer Perceptron were also highly successful. The lower-performing
algorithms were J48 and IBK. The outcome is hoped to assist humanitarian researchers and policy makers in making
accurate predictions of the selection of effective social projects in crisis and conflict areas.

Some models showed comparatively lower ROC and PRC values, despite a number of them achieving high accuracy.
This is because ROC and PRC show the model's capacity to differentiate between classes across a range of thresholds,
while accuracy is threshold-dependent. As a result, strong classification performance in terms of class separation is
not always indicated by high accuracy.

Additionally, a feature importance analysis was carried out using a tree-based ensemble method (Random Forest) to
improve the predictive models' interpretability, and the results of this analysis are demonstrated in Table 7. This
method makes it possible to determine each input variable's relative contribution to the classification result. Urgency
is the primary factor in project selection decisions, accounting for almost half of the model's decision structure,



KSU Miihendislik Bilimleri Dergisi, 29(2), 2026 927 KSU J Eng Sci, 29(2), 2026
Arastirma Makalesi Research Article
Y. Sirin Eryoldas, J. Hallak

according to the findings of the feature importance analysis. Vulnerability and risk have a relatively small impact,
but requested funding and payback period also play a major role. This result implies that in reality, decision-makers
put short-term demands ahead of long-term or structural factors.

Table 6. Class-Wise Performance Comparison Of Classification Algorithms

Algorithm Class Precision Recall F1-Score Weighted Avg. F1
Logistic Regression 0 0.958 0.958 0.958 0.964

1 0.968 0.968 0.968
Simple Logistic 0 0.960 1.000 0.980

1 1.000 0.968 0.983 0.982
Naive Bayes 0 0.960 1.000 0.980

1 1.000 0.968 0.983 0.982
IBk 0 0.770 0.808 0.789

1 0.845 0.812 0.828 0811
J48 0 0.860 0.867 0.863

1 0.895 0.890 0.893 0.880
Multilayer Perceptron 0 0.950 0.958 0.954

1 0.967 0.961 0.964 0.960

Table 7. Feature Importance Results

Feature Importance
Urgency (U) 0.445
Requested Fund (RF) 0.196
Payback Period (PBP) 0.129
Beneficiaries (B) 0.067
Distance 0.060
Technical Feasibility (TF) 0.049
Risk (R) 0.029
Vulnerability (V) 0.012
Worker Required (WR) 0.012

Limitations of Classification Models

Although the classification models achieved satisfactory accuracy and Kappa values, their results should still be
interpreted with caution. Naive Bayes assumes conditional independence among predictors, an assumption that is
often difficult to meet in social or behavioral datasets and may lead to distorted probability estimates (Rish, 2001).
Simple Logistic Regression is relatively easy to interpret, but it is sensitive to multicollinearity and assumes a linear
relationship between the predictors and the log-odds of the outcome (Menard, 2002). Compared to simpler classifiers,
Multilayer Perceptrons (MLPs) provide more modeling freedom, but the model's construction can affect its
performance. Its behavior can be influenced by variables like learning rate, momentum, number of hidden neurons,
data normalization, and initial parameter values (Haykin, 2009). According to Cover and Hart (1967), the IBk
classifier exhibits comparable sensitivity, especially with regard to the selection of k and distance functions, and may
perform less consistently when the data contains noise or variables with low importance. Therefore, rather than
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assuming that the conclusions presented here will hold true in other situations, they must be understood in respect to
the structure and features of the current dataset.

Even if the dataset's class distribution is fairly balanced, concerns about overly optimistic performance forecasts are
still there. Because cross-validation lessens but does not totally remove the possibility of overfitting, high accuracy
scores should be viewed with caution. Remember that the models are based on data from a particular place and time
period. As a result, their performance could change depending on where they are employed or the circumstances.

Model performance may vary depending on the institutional, cultural, and decision-making context. Rather than
learning more generic decision behavior, a model trained on a single dataset may learn patterns that represent that
specific environment (Bishop, 2006). Relationships between variables, including performance conditions,
environmental factors, and institutional traits, can alter over time and in different contexts. Because of this, the results
of this study are most reliable within the current dataset; more testing in different contexts would be necessary for
wider application. Future studies could test the models using cross-domain validation or domain adaptation and use
data from various locations or eras to investigate this problem.

The potential for bias associated with datasets and contexts should also be noted. The evaluations nonetheless
represent a certain institutional and regional context, despite the fact that the projects were evaluated by five experts
from various nations and professional backgrounds, which helped minimize individual bias. Instead of producing
rules that are easily adaptable to many contexts, a model trained on this type of data can reflect local preferences,
donor priorities, or context-specific judgment patterns. This indicates that unless the model is further verified on
more varied datasets, it should be used with caution outside of its current context.

Predictive Modeling as an Alternative to Traditional MCDM

Project alternatives are frequently ranked using traditional MCDM techniques like AHP and TOPSIS based on a
number of factors. They make expert judgment evident in the process and offer a clear framework for evaluation.
However, when a large number of suggestions need to be evaluated, particularly if recurrent expert input is needed,
they can become time-consuming. Predictive modeling is not considered a substitute for MCDM or expert judgment
in this study. It is presented as a tool for assistance. A classification model can provide a preliminary assessment of
the likelihood of a new project being chosen based on previous evaluation outcomes. This can help evaluators
concentrate more intently on the ideas with greater potential and make the initial evaluation phase easier to handle.

CONCLUSION

Using actual project evaluation data from northern Syria, this study investigated whether machine learning
classification techniques may be utilized to predict the selection of social initiatives in a conflict-affected area.
Logistic Regression, Simple Logistic, Naive Bayes, 1Bk, J48 decision tree, and Multilayer Perceptron were the six
methods examined. Nine project attributes—financial, technical, spatial, and social—were subjected to the models.
According to the results, Logistic Regression had the lowest mean absolute error, indicating more accurate probability
predictions, whereas Simple Logistic and Naive Bayes performed the best overall in terms of accuracy and Kappa.

The results demonstrate that early project proposal review can benefit from predictive modeling. It can assist the first
screening phase but is not intended to take the role of expert judgment or conventional multi-criteria decision-making
techniques. The models can assist in identifying which proposals have a higher chance of being chosen by utilizing
trends from earlier assessments. This could let experts focus more on the concepts that appear more promising and
lessen the regular work required in the review process. In post-conflict environments, where time, money, and expert
availability are frequently scarce, this can be quite helpful. The study demonstrates how archived project evaluation
records can serve as the foundation for a useful screening tool for social interventions at the project level.

Both the database and the modeling approach can be expanded in future research to improve this work. Testing other
approaches, like deep neural network models and community methodologies, could be one way. Another could be to
evaluate generalizability using more varied datasets from various project classes and geographical situations. It would
also be crucial to look into whether model performance varies over time. Lastly, incorporating disclosure and fairness
control methods may improve these models' practical acceptability and transparency in delicate social applications.
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