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Abstract. The Surabaya City Government launched the ‘Dandan Omah’ Social 
Rehabilitation Program for Uninhabitable Houses (RTLH) in 2022. However, 
beneficiary selection during 2022–2024 period was conducted manually, 

leading to potentially subjective and less targeted decisions. This applied 
research established a data-driven support approach by executing structured 
procedure: constructing a preprocessing pipeline for a dataset of 1700 records 
with 11 features, implementing four supervised machine learning models (DT, 

RF, SVM, KNN), performing 10-fold cross-validation, and also hyperparameter 
tuning with 10-fold cross-validation across 2, 4, and 5 classification tasks. RF 
consistently achieved the best performance across all scenarios, while SVM 

demonstrated competitive baseline performance. After tuning, DT surpassed 
SVM on 5-class tasks and matched RF on 2-class tasks, making optimized DT a 
viable, interpretable alternative when decision accountability was essential. 

KNN consistently underperformed due to the curse of dimensionality. Overall 
performance declined as classification complexity increased, attributed to 
variability in field assessment standards. These findings suggested that RF and 

optimized DT could support more standardized and objective RTLH 
beneficiary selection. Future studies is recommended to identify influential 
input features to optimize model performance while maintaining explainability. 

Re-standardizing field assessment protocols is also recommended to improve 
data quality. 
 

Keywords: decision support system; machine learning classification; random 
forest; uninhabitable houses (RTLH); beneficiary selection 

 

1 Introduction 
 The Social Rehabilitation Program for Uninhabitable Houses (RTLH) is a 

poverty alleviation program whose implementation falls under the government’s 

housing and settlement affairs and social affairs. In March 2022, the Surabaya City 

Government launched “Dandan Omah” as part of the RTLH Social Rehabilitation 

Program in Surabaya, as regulated in Surabaya Mayor Regulation Number 9 of 2022 

concerning the RTLH Social Rehabilitation Program in Surabaya [1]. In 2025, the 

Surabaya City Housing, Settlement, and Land Agency targeted 2,069 housing units. 

However, at the beginning of the year the program had received 7,789 rehabilitation 

proposals, far exceeding the target and indicating a significant increase in public 
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demand [2].  

To determine the recipients of the Uninhabitable House Rehabilitation (RTLH) 

program, each applicant's house is surveyed and assessed based on specific criterias. 

In accordance with Surabaya Mayor Regulation Number 7 of 2024, these factors 

include prior assistance history, as well as the conditions of the walls, ceiling, floor, 

and bathroom. Based on these criteria, the proposals are classified into five 

rehabilitation severity levels to determines their eligibility. Under factual conditions, 

however, both the criteria assessment and the final classification are handled manually 

on a case-by-case basis by the surveyors/officers. Because this evaluation relies 

entirely on manual judgment, it could introduces potential subjectivity, which may 

lead to poorly targeted aid distribution. 

Given the massive volume of data, the complexity of the variables, the 

multiple severity classes, the current classification process faces significant 

challenges. Therefore, a systematic, data-driven approach is essential to ensure 

consistent, objective classification. Implementing such an approach would enable 

more objective recommendations and help reduce subjectivity in decision-making [3].  

Table 1 highlights the positioning of this study relative to existing literature on 

RTLH beneficiary selection. In general, prior studies have been dominated by the 

Multi-Criteria Decision Making (MCDM) approach [4], [5], [6], [7]. Unlike MCDM 

methods which rely heavily on subjective weighting and ranking mechanisms and do 

not evaluate predictive performance across different classification scenarios, this 

study evaluates predictive performance across classification scenarios using Machine 

Learning (ML) methods that provide a standardized process to reduce subjectivity. 

Furthermore, this research expands the classification task from binary [8] to 

multiclass, providing deeper clarity and increasing the model’s usability during field 

implementation. Finally, in contrast to previous studies that often utilized limited 

samples, this research leverages a larger-scale dataset, thereby enabling more robust 

model generalization. 

 
Table 1. Comparison between the present study and previous research on RTLH assessment. 

Study Approach/Method Dataset Size Features Output 

[4] WP (MCDM) 33 9 Ranking 

[7] SAW (MCDM) 4 3 Ranking 

[5] TOPSIS (MCDM) 30 8 Ranking 

[6] 

 

AHP-VIKOR (MCDM) 30 5 Ranking 

[8] 

 

KNN (ML) 1289 13 Binary 

class 

Current 

study 

DT, RF, SVM, KNN (ML) 1700 11 Multiclass 

 

Considering the strengths and limitations of prior studies, this study employs 

DT, RF, SVM, and KNN. The selection of these ML methods is based on their 

widespread recognition as state-of-the-art approaches across many classification 

tasks. From a theoretical perspective, RF as an ensemble model is often considered 

stronger. In some previous studies, RF outperformed other models such as SVM, 

KNN, and DT [9], [10]. However, machine learning model performance is influenced 

by data characteristics [11]. For example, RF has a slightly different performance 

from DT [10], while SVM and KNN actually show the best performance in the other 

cases [12], [13]. This is in line with the “No Free Lunch” Theorem, which states that 
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no single machine learning algorithm consistently performs best across all problem 

domains or scenarios [14]. 

Specifically, DT and RF were chosen for their ability to handle both 

categorical and numerical data, identify important features, manage complex 

classification structures, handle missing values flexibly and achieve excellent 

performance on large datasets, thereby addressing limitations observed in prior study 

methods [15], [16]. SVM was selected because it is widely adopted in industrial and 

research applications and is reliable in maximizing the decision margin, resulting in 

models that are more stable and robust to noise [17]. Lastly, KNN was included to 

enable direct benchmark against prior research in this case study that employed the 

same method [8]. 

A comparative evaluation of the four ML methods was conducted under three 

classification scenarios: 2-class eligibility, 4-class rehabilitation severity, and 5-class 

rehabilitation severity. Model performance was assessed using accuracy and macro 

F1-score across 10-fold stratified cross-validation. Based on this experimental design, 

this study proposes the following research questions: “How do DT, RF, SVM, and 

KNN compare in classifying RTLH beneficiary proposals under the 2, 4, and 5 

rehabilitation severity settings in terms of accuracy and macro F1?” 

These research questions are proposed to support the study objective of 

identifying an ML-based approach that enables more standardized and objective 

RTLH beneficiary decisions. The main contribution of this study is a comparative 

evaluation of multiple machine learning algorithms for RTLH classification under 

varying levels of classification complexity. 
 

2 Research Methods  
This research is applied research that was conducted in three sequential steps: 

preprocessing pipeline construction, supervised machine learning models 

implementation, 10-fold cross-validation, and hyperparameter tuning. The dataset 

used in this study comprises the 2023 RTLH rehabilitation proposals obtained from 

the Department of Public Housing and Settlement Areas, Land, and Settlements of 

Surabaya City (DPRKPP).  

The data collection process followed a structured administrative workflow 

[18]. Initially, DPRKPP issued official requests to the village administration head 

(lurah) to submit verified proposals. These local administrations then performed 

administrative cross-checking and verification on the applicant data before submitting 

the prospective beneficiary list back to DPRKPP, which was subsequently used to 

determine the beneficiary quota. Following this administrative phase, DPRKPP 

surveyors conducted direct field surveys to assess the proposals. This process yielded 

a dataset with 1700 rows data with 14 input variables (id, name, building_area, 

num_occupants, household_income, area_per_capita, prior_assistance, 

poverty_status, wall_condition, floor_condition, roof_condition, ceiling_condition, 

bathroom_condition,) and a target label (rehab_severity).  

This workflow suggests a direct dependency between the input variables and 

the target labels, as both were derived from the same manual field assessment process. 

Consequently, the machine learning models may be inherently learning the surveyor’s 

subjective decision-making logic rather than purely objective patterns. This in turn 

could lead to an artificially inflated classification performance. While this may appear 

as a dependency in a traditional predictive context, the objective of this study is not to 

develop a predictive model but rather to evaluate the consistency of the existing 

decision-making process. By using machine learning to approximate this decision-
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making process, this study aim to provide a standardized and objective RTLH 

beneficiary selection. 

In the prior_assistance feature, there are 4 categories: ‘received no 

intervention’, ‘self-renovation’, ‘received BSPS assistance’, ‘received CSR 

assistance’, and ‘prior work by RTLH’. The feature was simplified into two groups: 

‘never renovated’ and ‘already renovated,’ producing a derived feature named 

prior_assistance_enc. Before further processing, the id and name columns were 

dropped because they do not contribute to the classification, leaving 11 input features 

and 1 target column. 

Of the 11 input features, 3 are numerical: building_area (total floor area, range 

−1 to 84,344 m²), num_occupants (household size, range 1–21), and 

household_income (monthly income of head of household, range 0–6,000,000 IDR). 

The remaining 8 features are categorical: area_per_capita (building area per 

occupant, reflecting occupancy density), prior_assistance_enc (whether the dwelling 

has received prior renovation support), poverty_status (official poverty classification), 

and five physical-condition assessments: wall_condition, floor_condition, 

roof_condition, ceiling_condition, and bathroom_condition.   

The rehab_severity (later renamed to rehab_severity_5) target variable 

represents 5 classes of rehabilitation severity determined through field surveys and 

assessment: ‘Heavy Rehab’, ‘Moderate Rehab’ (1 million/m²), ‘Light Rehab’ (500 

thousand/m²), ‘Partial Rehab’ (300 thousand/m²), and ‘No repair needed’ (0 

thousand/m²). The target labels are based on 11 housing-condition indicators used as 

input features. To evaluate model robustness and practical applicability, two 

additional target formulations were derived: rehab_severity_4 (four-class 

configuration) and rehab_eligibility (binary configuration. The reformulation into 

four classes (rehab_severity_4) was conducted by merging ‘Partial Rehab’ and ‘Light 

Rehab’ because these two classes share a narrow cost treshold (300 thousand/m² and 

500 thousand/m², respectively), which potentially led to feature overlap and labeling 

ambiguity among surveyors. Merging them helps reduce classification noise. 

Meanwhile, the binary formulation enables comparison with prior studies adopting a 

yes/no categorization. Table 2 reports the class distribution across all three target 

formulations. 
Table 2. Class distribution across target formulation 

Target Class N Target Class N 

rehab_eligibility Yes 1588 rehab_severity_5 Heavy Rehab 283 

 No 112  Moderate Rehab 517 
rehab_severity_4 Heavy Rehab  283  Light Rehab 606 

 Moderate Rehab 517  Partial Rehab 182 

 Light Rehab 788  No repair needed 112 

 No repair needed 112    

 

2.1 Preprocessing pipeline 

Preprocessing was implemented as a single pipeline in which all transformers 

(imputers, domain-specific operators, binary encoders, one-hot encoders, and scalers) 

were fit exclusively on the training partition and subsequently applied to both the 

training and test sets. A fixed random_state=42 was applied uniformly across the 

train–test split, all classifiers, the oversampler, and all cross-validation procedures to 

ensure full reproducibility.  

 

Train-Test Split 

The goal is to avoid data leakage, since the next steps are based solely on 
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statistical training. In this study, the dataset was split into training (80%) and test 

(20%) sets using stratified sampling to preserve class proportions to ensure robustness 

and generalization and to prevent overfitting [19]. 

 

Handling Missing Values 

Missing values were identified in building_area (55 entries), household_income 

(206 entries), and num_occupants (55 entries). Median imputation was applied to all 

three numerical features; mode imputation was applied to categorical features with 

missing entries. 

 

Domain-Based Numeric Preprocessing 

For the feature building_area, CAP winsorization was applied to limit extreme 

values to the range between 10 m² and 100 m². Values beyond these limits may 

indicate an input error, as evidenced by the detection of several extreme values in the 

descriptive statistics. For the household_income feature, a log transform was applied 

to address the highly right-skewed distribution, even though the dataset showed no 

extreme invalid values. For feature num_occupants, the threshold for outliers (IQR) 

was calculated using the upper fence rule by [20]. Values below zero were removed, 

while values above the upper threshold were flagged only as extreme cases, since 

large numbers of residents from a large family house can be valid. 

 

Categorical Encoding 

Categorical features were encoded into numerical values using one hot encoding 

to enable machine learning processing. One hot encoding method was selected to 

ensure that each category is treated independently without imposing an arbitrary 

numerical structure [21]. This approach is also suitable for models sensitive to margin 

and distance, such as SVM and KNN.  

 

Feature Scaling 

 Scaling was applied to models that are sensitive to feature magnitude. In 

margin-based models such as SVM, features with larger values may dominate margin 

optimization, leading to biased decision boundaries. Similarly, KNN relies on 

Euclidean distance, where unscaled features with larger ranges can dominate distance 
calculations. In contrast, tree-based models such as Decision Tree (DT) and Random 

Forest (RF) are rule-based and therefore insensitive to feature scale. In this study, 

Standard Scaler was used to standardize features to a mean of 0 and a standard 

deviation of 1, ensuring consistent transformation between training and testing data 
[22].  

 

Handling Class Imbalance 

To address potential class imbalance, RandomOversampler was applied to 

prevent synthetic minority-class samples from inflating cross-validation performance 

estimates, which applied resampling strictly to the training fold of each cross-

validation split and never to the validation or test partitions  

 

2.2 Classification Models 

This study employs four ML methods, which are DT, RF, SVM, and KNN. DT 

is an ML algorithm that produces predictive models [23]. In many cases, this model 

can handle uneven distributions and provide consistent performance across different 

test data [15]. It works by recursively partitioning the feature space using binary splits 

selected to maximize the reduction in node impurity [24]. In this study, Gini impurity 
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was used as the splitting criterion. Equation (1) defines the Gini impurity at node 𝑡, 

where 𝐾 is the number of classes and 𝑝𝑘  is the proportion of samples in node 𝑡 that 

belong to class 𝑘 . 

𝐺𝑖𝑛𝑖(𝑡) = 1 − ∑ 𝑃𝑘
2

𝐾

𝑘=1

 
(1) 

 

RF is an ensemble classifier due to its ability to handle data with high-

dimensional features, as well as its stability in providing accurate predictions [25]. It 

aggregates predictions from multiple trees trained on different subsets of the data 

while randomly selecting a subset of features at each split. Instead of relying on a 

single tree, RF combines the outputs of multiple trees and predicts the final class by 

majority voting across trees [26]. Compared to DT, this technique reduces variance 

and improves predictive stability [27].  

SVM is a supervised learning machine learning method commonly used for 

classification and regression analysis [28].  In this study, SVM was employed with 

feature standardization using Standard Scaler. Using the Radial Basis Function kernel, 

non-linear separation is achieved by implicitly mapping the input space into a higher-

dimensional feature space. The kernel mentioned before is defined in Equation (2) 

where 𝑥 and 𝑥′ denote feature vectors and 𝛾 controls the kernel width.  

𝐾(𝑥, 𝑥′) = 𝑒𝑥𝑝 (−𝛾||𝑥 − 𝑥′||
2

) (2) 

KNN is a classification method that classifies a new data point by computing the 

distance to its nearest neighbors in the training set [29]. The main principle of KNN is 

to classify data points based on their nearest neighbors in feature space, assuming that 

closer points are more likely to share the same class [30]. In the baseline evaluation 

phase (Phase 1), five separate KNN (k=1,3,5,7,9) were evaluated individually, 

adopting the configuration in prior classification of uninhabitable houses in Jepara [8]. 

In the tuning phase, KNN was treated as a single model and k is selected 

automatically by GridSearchCV.  

Because the method is distance-driven, features were standardized using Standard 

Scaler to prevent variables with larger numeric ranges from dominating the distance 

computation. KNN does not assume any parametric data distribution; however, its 

performance may degrade in very high-dimensional spaces, hence, preprocessing and 

feature scaling are important. Distances between a query point Q and a training point 

P were computed using the Euclidean metric, as defined in Equation (3). In Equation 

(3), 𝑚 denotes the number of features, and 𝑃𝑗 and 𝑄𝑗  are the values of the 𝑗-th feature 

for points 𝑃 and 𝑄, respectively. 

𝑑(𝑃, 𝑄) = √∑(𝑃𝑗 − 𝑄𝑗)
2

𝑚

𝑗=1

 

(3) 

 

2.3 Cross-Validation and Hyperparameter Tuning 

In the first phase, all models were evaluated using cross_validate with 

StratifiedKFold (n_splits=10) applied within the training set, following prior study 

configuration  [8]. No hyperparameter tuning was performed; classifiers used their 

default scikit-learn configurations. Metrics recorded include accuracy and macro F1-

score (mean and standard deviation). 

In the second phase, hyperparameter tuning was conducted to determine the 

optimal set of machine learning model parameters to improve predictive performance 

[31]. This study uses a grid search to evaluate all possible hyperparameter 
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combinations by forming a grid across each parameter value. The grid search was  

nested entirely within the training set, so the test set is never seen during this 

procedure. After grid search, the best-configured model was refit on the full training 

set and evaluated exactly once on the held-out test set, with the classification report 

and confusion matrix reported. Results are ranked by the CV macro F1-score and 

holdout balanced accuracy. 

 

3    Results and Discussion 
To answer the research question, Table 3 compares the accuracy and macro 

F1-score scores across models in each scenario with the format (mean ± std). In the 

baseline comparison, RF dominated almost all classification targets, both in the 

accuracy matrix and in macro F1-score. In comparison, SVM performance is close to 

RF. On the other hand, KNN’s performance consistently ranks lowest, with a 

downward trend that is directly proportional to the increase in k-value. Meanwhile, 

DT sits in the middle of the standings, indicating moderate performance. 

 
Table 3. Model evaluation results for various target categories 

Target Metrics RF SVM DT KNN 

(k=1) 

KNN 

(k=3) 

KNN 

(k=5) 

KNN 

(k=7) 

KNN 

(k=9) 

rehab_ 

eligibility 

Accuracy 0.993 

± 

0.016 

0.993 

± 

0.016 

0.988 

± 

0.022 

0.992 

± 

0.016 

0.992 

± 

0.016 

0.990 

± 

0.016 

0.987 

± 

0.015 

0.985 

± 

0.015 

Macro F1 0.988 

± 

0.014 

0.988 

± 

0.014 

0.988 

± 

0.015 

0.980 

± 

0.018 

0.977 

± 

0.017 

0.965 

± 

0.026 

0.945 

± 

0.033 

0.938 

± 

0.034 

rehab 

_severity_4 

Accuracy 0.861 

± 

0.030 

0.863 

± 

0.020 

0.811 

± 

0.030 

0.796 

± 

0.048 

0.807 

± 

0.033 

0.812 

± 

0.027 

0.817 

± 

0.031 

0.830 

± 

0.030 

Macro F1 0.852 

± 

0.029 

0.847 

± 

0.018 

0.808 

± 

0.031 

0.784 

± 

0.046 

0.776 

± 

0.040 

0.772 

± 

0.034 

0.773 

± 

0.040 

0.782 

± 

0.043 

rehab 

_severity_5 

Accuracy 0.714 

± 

0.037 

0.698 

± 

0.035 

0.650 

± 

0.035 

0.655 

± 

0.026 

0.661 

± 

0.030 

0.669 

± 

0.039 

0.680 

± 

0.039 

0.677 

± 

0.037 

Macro F1 0.711 

± 

0.038 

0.685 

± 

0.033 

0.647 

± 

0.029 

0.647 

± 

0.030 

0.635 

± 

0.026 

0.629 

± 

0.036 

0.636 

± 

0.036 

0.633 

± 

0.033 

 

For multiclass targets, RF outperforms DT because ensemble aggregation 

mitigates single-tree variance, capturing complex building damage patterns far better 

than an individual decision tree. Similarly, in high-dimensional feature spaces 

expanded by one-hot encoding, SVM outperforms KNN; while the curse of 

dimensionality degrades KNN's distance-based similarity metrics, SVM effectively 

leverages maximum-margin hyperplanes to establish clear decision boundaries. 

It was observed that performance decreased across all models as the number of 

target classes increased. This indicates that the model faces greater difficulty 

maintaining balanced performance across all classes when the classification problem 

becomes more complex. Because target determination is done manually through field 
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surveys, labeling results are vulnerable to human subjectivity, leading to class overlap 

across damage levels. Besides that, the boundaries between the repair categories are 

ambiguous, and the model has difficulty precisely separating the classes. 

In addition to the baseline comparison, the inclusion of the KNN model in this 

study was also motivated by its use in previous research [8] on a similar problem 

domain. Although the datasets used differ in size and feature composition, the results 

in this study show that the KNN model achieves competitive performance, with an 

accuracy of 0.992 (k=1 and 3) in the binary classification scenario. This result is 

higher than the performance reported in the previous study, which is 0.979 (k=5). 

However, since the datasets and feature sets differ, the comparison should be 

interpreted cautiously and mainly indicates that KNN can still perform well under the 

dataset characteristics used in this study. 

Following the baseline comparison, grid search was performed to optimize all 

models. Table 4 presents the result of tuned models across all scenarios, while Table 5 

shows the best parameters of all tuned models. 

 
Table 4. Tuned model evaluation results for various target categories 

Target Metrics RF SVM DT KNN 

rehab_ 

eligibility 

Accuracy 0.997 0.997 0.995 0.995 

CV Macro F1 0.992 0.988 0.992 0.981 

Holdout Macro F1 0.977 0.977 0.966 0.966 

rehab_ 

severity_4 

Accuracy 0.886 0.838 0.848 0.808 

CV Macro F1 0.858 0.847 0.833 0.800 

Holdout Macro F1 0.872 0.825 0.841 0.770 

rehab_ 

severity_5 

Accuracy 0.712 0.723 0.717 0.652 

CV Macro F1 0.732 0.689 0.717 0.654 

Holdout Macro F1 0.699 0.704 0.703 0.625 

 

Table 5. Best parameters of all tuned models 

Model Best parameters   

rehab_eligibility rehab_severity_4d rehab_severity_5 

DT {'criterion': 'entropy', 

'max_depth': 5, 

'min_samples_leaf': 1, 
'min_samples_split': 2} 

{'criterion': 'gini', 

'max_depth': 5, 

'min_samples_leaf': 1, 
'min_samples_split': 10} 

{'criterion': 'gini', 

'max_depth': 5, 

'min_samples_leaf': 1, 
'min_samples_split': 2} 

RF {'max_depth': 10, 
'max_features': 'sqrt', 

'min_samples_leaf': 2, 

'min_samples_split': 2, 

'n_estimators': 200} 

{'max_depth': 10, 
'max_features': 'sqrt', 

'min_samples_leaf': 1, 

'min_samples_split': 2, 

'n_estimators': 300} 

{'max_depth': 10, 
'max_features': 'log2', 

'min_samples_leaf': 1, 

'min_samples_split': 10, 

'n_estimators': 100} 

SVM {'C': 1, 'gamma': 'scale', 

'kernel': 'rbf'} 

{'C': 1, 'gamma': 'scale', 

'kernel': 'rbf'} 

{'C': 1, 'gamma': 'scale', 

'kernel': 'linear'} 

KNN {'metric': 'manhattan', 

'n_neighbors': 1, 'weights': 
'distance'} 

{'metric': 'manhattan', 

'n_neighbors': 9, 'weights': 
'distance'} 

{'metric': 'manhattan', 

'n_neighbors': 9, 'weights': 
'distance'} 

 

Consistent with previous evaluation, RF maintained its performance across all 

classification scenarios. However, hyperparameter tuning enables DT to match RF 

performance on 2-class tasks and outperform SVM on 5-class tasks. Conversely, 

KNN remains in the lowest position, confirming its reliance on spatial proximity 
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rather than learning complex feature patterns. 

To further validate the significance of the performance shifts from the baseline 

to the tuned configuration, a Wilcoxon signed-rank test was conducted.  A p-value 

below 0.05 indicates a statistically significant improvement resulting from 

hyperparameter optimization. As shown in Table 6, grid search optimization yielded 

valid enhancements for DT and RF in the 4-class task, and for RF, DT, and KNN in 

the 5-class task. In contrast, the SVM model exhibited no statistically significant 

improvement from the grid search tuning.  

 
Table 6. Wilcoxon Test Results for Baseline vs. Tuned Models 

Target p-value (baseline vs tuned configuration) 

RF SVM DT KNN 

rehab_eligibility 1 1 0.5 0.0625 

rehab_severity_4 0.23242 1 0.01953 0.00977 

rehab_severity_5 0.01953 0.43164 0.00195 0.01367 

 

Furthermore, the Wilcoxon signed-rank test was also conducted to evaluate the 

superiority among models. Given its consistent outperformance across both baseline 

and tuned setups, RF was selected as the reference model. To mitigate Type I errors, a 

Bonferroni correction was applied by dividing the significance level by the number of 

comparisons, establishing a stricter threshold of α = 0.0167. A p-value below this 

adjusted threshold demonstrates that RF is statistically superior to the competing 

model.  

Based on the results in Table 7, RF performs comparably to all other models in 

the 2-class task. However, in the 4-class scenario, RF proves statistically superior to 

KNN, and in the 5-class scenario, it significantly outperforms both SVM and KNN. 

Notably, across all three classification tasks, RF shares a statistically comparable 

performance with DT.  
 

Table 7. Pairwise Model Superiority Test with Bonferroni Correction (α = 0.0167) 

Target p-value (RF vs other model) 

SVM DT KNN 

rehab_eligibility 1 1 0.25 

rehab_severity_4 0.03711 0.1953 0.00195 

rehab_severity_5 0.00195 0.13086 0.00195 

 

The lack of significant difference between RF and DR demonstrates that 

through grid search tuning, DT as a transparent model can achieve performance nearly 

equivalent to RF, a much more complex opaque model, without sacrificing 

interpretability. This finding challenges the trade-off highlighted by [32], who found 

that opaque models consistently outperformed transparent ones in terms of accuracy, 

while transparent models were only advantaged in response time and interpretability. 

This is particularly valuable for real-world implementation in public policy, such as 

social assistance distribution, where policymakers require clear justification and 

decision accountability. 

Beyond accountability, the transparency of DT supports algorithmic fairness 

by allowing officers to inspect decision boundary rules, ensuring that eligibility 

thresholds do not introduce bias or unfair exclusion of eligible recipients. Meanwhile, 



 

 

 

 

Christy et al. , Machine Learning Comparison... 221 

 

 

p-ISSN: 2540-9433; e-ISSN: 2540-9824 

the opaque nature of RF can be mitigated through feature importance analysis to 

identify influential variables and maintain model explainability.  

The feature importance analysis reveals that RF relies heavily on three main 

variables: bathroom_condition, wall_condition, and ceiling_condition, with 

importance scores of 0.116, 0.089, and 0.087, respectively. Further investigation of 

the target rehab_severity_5 revealed that the low performance in the ‘Partial Rehab’ 

class was due to the stagnation of information on these dominant features. The high 

importance score failed to provide a clear separation between the ‘Light Rehab’ and 

‘Partial Rehab’ because the physical attributes recorded in the dataset, specifically the 

condition of the bathrooms, walls, and ceilings, were statistically identical. This issue 

largely arises due to the ambiguity of assessment standards during manual field 

surveys, which introduces surveyors’ subjectivity and creates labeling noise. As a 

result, the model lacks sufficient sensitivity to accurately distinguish between the two 

categories. Consequently, from a deployment perspective, integrating human 

validation as a final decision step is essential when deploying either DT or RF into 

established decision-making systems. 

In addition, the confusion matrix in Figure 2 shows that 22 of the 37 ‘Partial 

Rehab’ samples were incorrectly classified as ‘Light Rehab’. This confirms a severe 

feature overlap. Logically, this is supported by the small price difference between 

‘Partial Rehab’ (300 thousand/m²) and ‘Light Rehab’ (500 thousand/m²), which 

creates a very narrow threshold in real-world conditions compared to the wider gap in 

other classes. Therefore, merging these classes into a 4-class scenario is the right 

methodological decision to improve the model’s predictive stability and reliability. 
 

 
Figure 2. Confusion matrices for rehab_severity_4 and rehab_severity_5 (tuned RF) 

 

4    Conclusion 
The study demonstrates that machine learning models, particularly RF and 

optimized DT offer a viable and data-driven solution to standardize the RTLH 

beneficiary selection process. Across all scenarios (2, 4, and 5 rehabilitation classes), 

RF consistently achieved the best performance while optimized DT emerged as an 

alternative when interpretability and decision accountability is critical for public 

policy transparency. The results also indicate that classification difficulty increases 

with more granular rehabilitation classes, primarily due to feature overlap and 

labeling inconsistencies caused by surveyor subjectivity. Ultimately, while machine 

learning can significantly reduce human bias, re-standardization of input criteria and 
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target variables in the future is recommended as enhanching data quality will yield 

greater gains than algorithmic optimization alone.  
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