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Abstract: Apartment purchase suitability checking is important for customers due to apartment price, location, and customer’s income
issues. Existing research works could not incorporate essential features and ML models for apartment purchase suitability checking.
The accuracy of their work is also low. They did not investigate proper feature selection method, data preparation, class imbalance
issue solving, and hyper parameter tuning techniques. This paper introduces a ML based framework for predicting the suitability of
apartment purchases by considering a number of new factors, advanced preprocessing, feature selection, and hyper parameter tuning
methods. This work’s preprocessing procedures included class balancing, addressing missing values, normalization, and ensemble feature
selection technique. This paper examined 6 ML models for best prediction model selection and Grid Search CV is used for hyper
parameter tuning. The random forest appears as most suitable ML model with 89.48% accuracy and 89.50% F1 score. According to
the results, the proposed RF model outperformed previous works by offering more than 2 percent gain in accuracy and F1 score. This
paper also included feature importance analysis based on SHAP.
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1. Introduction

For individuals and families, buying an apartment is one of
the biggest financial decisions they will ever make, especially in
fast-growing cities like Dhaka, where rising real estate costs have
made affordability a major problem [1]. A number of elements,
such as property requirements, market volatility, location desir-
ability, and long-term financial ramifications that may impact
household stability for decades, add to the decision’s complex-
ity [2]. The majority of real estate prediction research to date
has focused on recommendation systems and property valuation
models that prioritize buyer preferences such as neighborhood
features, size, location, and amenities [3, 4]. Although these
methods offer insightful information about market patterns and
property matching, they essentially ignore a crucial factor: the
buyer’s true financial capability and long-term affordability lim-
itations. Furthermore, conventional real estate advising services
frequently ignore the complex interactions between individual
financial profiles, market dynamics, and property attributes in
favor of oversimplified rules-of-thumb like the debt-to-income
ratio.

In emerging economies, where income volatility, a lack of
credit history, and shifting economic conditions add layers of
complexity to the affordability assessment process, this disparity
is more noticeable. Decisions about buying a home are typically
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made using the judgment of real estate brokers or one’s own judg-
ment, both of which are subject to bias and estimation errors.
Buying an apartment has become especially difficult for middle-
class households in rapidly urbanizing nations like Bangladesh
due to rising real estate costs and increased urban density. With
land prices in Dhaka rising by almost 2.740% and apartment
prices rising by 716% during the past 20 years, the gap between
ordinary wages and apartment prices in Bangladesh is growing [2].

The economic importance of the real estate industry is
demonstrated by the fact that it currently accounts for about
8% of the national GDP according to Wikipedia. The decision-
making process for prospective buyers is further complicated by
the fact that, despite this development, almost 80% of city dwellers
are compelled to rent because they cannot obtain mortgages and
have financial limitations. There is currently no objective, data-
driven system to assist purchasers in determining if an apartment
is financially viable based on their income and property qualities,
despite the fact that middle-class buyers are increasingly demand-
ing mid-range residences. Prior research has mostly employed
price-to-income ratio approaches [2] or conventional statistical
methods [5] to analyze housing affordability, but both lack the
predictive power required to assist individual purchasing deci-
sions. This demonstrates the necessity of automated methods that
use cutting-edge machine learning (ML) approaches to accurately
estimate apartment affordability. Through the analysis of gathered
data and attributes, ML-based predictive models can be useful
for predicting the suitability of apartment purchases [6–8]. Both
apartment attributes and buyer income data were not included in
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the previous studies [1, 9–12]. Adequate feature extraction, data
preprocessing, data imbalance handling, and hyperparameter tun-
ing approaches were not included in the previous research [13–16].
The current system’s forecast accuracy is insufficient. The integra-
tion of buyer income data with apartment attributes for suitability
prediction is missing in the previous works. The accuracy of their
work is low. They did not select suitable feature selection and ML
model selection for apartment prediction with tuning. There is a
lack of proper data collection, validation, and usage of proper
features.

In this work, apartment attributes and buyer income data
are combined to apply ML techniques to evaluate the financial
feasibility of apartment acquisitions. This study suggests an ML-
based predictive system that categorizes flats as “suitable to buy”
or “not suitable to buy,” offering buyers in Bangladesh indi-
vidualized, data-driven decision support. In contrast to current
methods that concentrate on credit evaluation or price predic-
tion independently, the suggested methodology combines buyer
financial profiles and property attributes to provide thorough
recommendations for purchase suitability. This work’s primary
contributions are elaborated below:

1) This paper gathers data on the suitability of apartment pur-
chases, including property attributes, buyer personal data,
apartment location, cost, and buyer income. This dataset was
gathered and verified from several Bangladeshi real estate
firms. Techniques for feature extraction and adaptive data
preparation were applied in this work.

2) To choose the best features, this work employed an ensemble
feature selection technique that combined the SHAP, recursive
feature elimination (RFE), and chi-square techniques. Issues
with dataset imbalance are addressed by the SMOTETomek
technique. Grid Search CV was utilized in this work to tune
the hyperparameters.

3) The accuracy score and other performance metrics (precision
score, F1 score) of six ML models are compared in this paper.
The random forest (RF) model is selected for apartment pur-
chase eligibility prediction with the highest accuracy value.
The proposed prediction model’s performance is compared
with previous research. This study presented a SHAP-based
explainable AI (XAI) technique to emphasize the significance
of features in relation to prediction outcomes.

The explanation of related works is provided in the
section that follows. Section 3 provides the ML-based eligi-
bility prediction framework for apartment purchases, together
with step-by-step instructions. Section 3 presents the comparison
results. In section 5, the proposed work is summarized, and future
research is discussed.

2. Literature Review

The literature on predicting eligibility for apartment pur-
chases is illustrated in this second section. By using the XGBoost
and BP neural network algorithms on several housing datasets,
the work in [3] offers an ensemble learning-based approach for
predicting housing prices. Their suggested model is not very accu-
rate. Nevertheless, their work is restricted to estimating home
prices solely, not predicting apartment eligibility. For the forecast
task, they did not use the buyer’s income or financial capacity.
The article in [4] used Convolutional Neural Network (CNN)
and Natural Language Processing (NLP) algorithms to forecast
the increase in real estate property prices. They didn’t offer any
data on prediction accuracy. Gradient boosting was utilized in

the paper in Almaslukh [6] to anticipate home prices using an
advanced feature selection method. They only concentrated on
increasing the accuracy of property price predictions. Using ML
and Deep Learning (DL) approaches, the work in Cheng et al. [7]
predicts credit risk related to apartment purchases. When com-
pared to other methods, XGBoost fared well in its work. In order
to evaluate credit risk in relation to the purchase of real estate,
the article in Biswas et al. [8] employed logistic regression and
neural networks. They didn’t work on predicting the suitability
of apartment purchases. For several apartment price predicting
tasks, the study in Mostofi et al. [9] used a Deep Neural Network
(DNN) with Principal Component Analysis (PCA), achieving a
90% accuracy rate. Multimodal ML approaches in real estate
evaluation have been thoroughly examined in recent surveys [10],
with a focus on model interpretability and accuracy. Although
these surveys offer insightful information on sophisticated ML
methods, their primary focus is on valuation accuracy rather
than buyer-centric affordability analysis for apartment buying
decisions. Traditional boosting and regression approaches were
among the ensemble techniques compared in the work in Pas-
tukh and Khomyshyn [11]. In their work, the gradient boosting
approach produced excellent accuracy results for the valuation of
real estate properties. With an accuracy of more than 90%, the
article in Saini et al. [12] created a loan approval prediction for
real estate purchases using the RF method. Through statistical
analysis of price-income gaps, the study in Giti et al. [5] offered
statistical insights into affordability gaps in the housing market
of Dhaka. Tree-based algorithms were utilized in the work in
Najib et al. [1] to forecast the price of a rental home. The accu-
racy of their suggested approach was 86%. Blockchain technology
was employed for property valuation in the work in Adilieme
et al. [13]. Using social, environmental, and economic factors, the
study in Farzana et al. [14] carried out a comparative evaluation
of sustainable housing affordability in Khulna. Despite having
a broad reach, this study concentrates on policy-level analysis
as opposed to buyer-property matching for individual purchase
choices. The price-to-income ratio technique was used in the study
in Asaduzzaman et al. [2] to evaluate the affordability of housing
for middle-class Rajshahi residents. This study lacks ML integra-
tion and individualized prediction capabilities for the suitability
of individual apartment purchases, although being helpful for
macro-level affordability assessments. Extra Trees Regression was
utilized in a recent work in Reza et al. [15] to forecast Dhaka
rental prices, with an accuracy rate of over 90%. However, this
study just looks at rental price prediction; it doesn’t take the
buyer’s financial capacity or purchase affordability into account.
Through the forecast of energy poverty in Bangladesh, the study in
Karmaker et al. [16] illustrates the potential of ML in household
affordability research. This study does not integrate real estate fea-
tures and does not work inside the housing buying environment,
despite demonstrating ML capabilities in socio-economic predic-
tion. In order to value properties, the work in Deng and Zhang
[17] employed ensemble learning techniques. It does not, how-
ever, address buyer affordability or apartment purchase suitability
assessment, as is the case with previous price-focused research.
A number of housing affordability-related factors were examined
in the paper in Waddel and Besharati [18]. An RF-based residen-
tial property price prediction technique with a low Root Mean
Square Error (RMSE) value was employed in the study in Yee
et al. [19]. The impact of social media marketing on Indian con-
sumers’ decisions to buy apartments was examined in the article
in Ananthan and Vinayagam [20]. The study [21] looked into how
augmented reality-based marketing affected purchasers’ decisions
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to acquire real estate. The study in Wicaksono and Haris [22] pre-
dicted clients’ intentions to buy real estate using a fast text-based
DL model. A secure property registration system for buyers based
on blockchain technology was created in the article in Mehta
et al. [23]. The study in Khmelnitsky and Singer [24] looked into
the best price strategy for US real estate sales. The XGBoost
regressor was utilized in the article in Kumar et al. [25] to estimate
Indian home prices. For the Indian population, the authors in [26]
created a house rent prediction method based on RFs. In order to
anticipate a buyer’s eligibility for an apartment purchase, previ-
ous research did not look into both buyer income and apartment
attributes. Low prediction accuracy, appropriate feature selection,
preprocessing, controlling dataset imbalance, and hyperparameter
tweaking were among the problems that the previous works failed
to address. This work offers an ML-based framework for predict-
ing eligibility for apartment purchases with appropriate feature
selection, hyperparameter tuning, data imbalance handling, and
preprocessing methods to lessen the drawbacks.

3. Proposed Apartment Purchase Prediction Scheme
Using Machine Learning

This section will cover the proposed system model for
predicting eligibility for apartment purchases.

3.1. System design

Figure 1 shows the suggested ML-based apartment pur-
chasing appropriateness prediction model. Data gathering, data
preprocessing, feature selection, class balance, model performance
checking, training, hyperparameter tweaking, testing, and apart-
ment purchase suitability prediction using the chosen model are
some of the crucial steps in this study’s approach. Encoding cat-
egorical variables and changing inconsistent column names (such
as salary to income) were the first steps in cleaning and trans-
forming the raw dataset. Missing values were dealt with proper

checking by the validators. To find the most pertinent charac-
teristics impacting price appropriateness, feature selection was
carried out utilizing methods such as chi-square scoring, RFE,
and the SHAP approach. SMOTETomek, a hybrid oversampling
and undersampling technique, was used to balance the dataset
due to the class imbalance in the labeled target (appropriate vs.
not suitable), which improved the model’s generalization across
both classes. Several ML and DL models were used, and the best
model was chosen to forecast eligibility for apartment purchases
with the highest accuracy. To improve performance, Grid Search
CV was used for hyperparameter tweaking. A random selection
of attributes (e.g., flat price, income, bedroom, bathroom, floor
size, and distances to amenities, loc1, and loc2) is paired with
each of the varied data subsets produced by bootstrap sampling.
At the leaf level, distinct suitable and not suitable classifications
result from the generic nodes that are used to specify each decision
tree (DT). The best precision in this work is achieved by using a
majority vote to select the final product.

3.2. Dataset preparation

A dataset gathered from several well-known real estate firms
and internet resources in Bangladesh was used in this investiga-
tion. The dataset used in this investigation includes 4141 apartment
purchase records in total. Property attributes like location, cost,
and floor area, and apartment room numbers were systemati-
cally compiled as part of the data collection process. With this
method, the dataset is guaranteed to represent a diverse and
accurate sample of the Bangladeshi real estate market, making it
appropriate for ML-based research of real estate purchasing pat-
terns. The dataset was gathered from a number of Bangladeshi
real estate firms, including Holy Homes, Sheltech Group Limited,
and Navana Real Estate Company. The dataset contains labeled
samples that distinguish between apartments that are acceptable
and those that are not, according to a number of character-
istics like location, cost, and income, as seen in Table 1. The

Figure 1
Methodology diagram for proposed apartment purchase eligibility prediction
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Table 1
Proportion of dataset entries

ID Loc1, Loc2
Bedroom,
bathroom Floor area (sq ft) Flat price (BDT)

Nearest
mosque (meter)

2993 DOHS, Mirpur 3, 3 1200 10000K 310

4124 Road 7, Banani 3, 3 1240 13500K 990

2044 Ashulia, Savar 8, 4 2146 8500K 237

1108 Sector 13, Uttara 2, 1 1000 2050K 107

Nearest hospital (m) Nearest shop (m) Nearest school (m) Income (month) Label Validation

1559 1310 1130 142K 0 (unsuitable) Yes

1970 1256 1385 266K 0 (unsuitable) Yes

758 946 1066 149K 0 (unsuitable) Yes

200 135 528 272K 1 (suitable) Yes

Figure 2
Data collection sources distribution

distribution of data gathering sources is displayed in Figure 2.
Thirteen features, including flat price, buyer income, appropri-
ateness classification, location, floor area, bedroom, bathroom
number, and proximity metrics, are included in the dataset (see
Figure 3). In order to categorize whether a buyer can actually
afford a certain apartment, the target variable (label) was created,
taking into account the buyer’s financial status in addition to the
property’s qualities. When a buyer’s monthly income is not enough
to cover the entire cost of the purchase, they are assigned the
level 0 (unsuitability) of apartment purchase in the dataset. If the
yearly income is greater than the flat cost, the purchase suitability
is true. Moreover, flat price, location, flat room number, shop dis-
tance, and school location distance are also checked for suitability.
Apartments, when the buyer has sufficient financial means, are
given the level 1 appropriateness rating for apartment purchases.
Five real estate industry experts, two clients, and a university

Figure 3
Features list with their explanation

professor validate the dataset. Based on majority voting, the final
label is determined (see Table 2).

3.3. Data preprocessing

The dataset’s missing and null values are examined to
guarantee the dataset’s dependability and relevance. Encoding
categorical variables and changing inconsistent column names
(such as salary to income) were the first steps in cleaning and
transforming the raw dataset. Missing values were dealt with
properly. IQR technique was incorporated to remove outliers for
numerical properties like price, income, and distance features,

Table 2
Class annotation using majority voting

Flat location

Bedroom,
bathroom
requirement

Floor area, near-
est mosque,
hospital, shop,
school distance
requirement

Flat price
greater
than
yearly
income

Expert
1

Expert
2

Expert
3

Expert
4

Expert
5

Majority
voting

Match with
requirements

Match with
requirements

Match with
requirements

Yes Suit-
able

Suit-
able

Suit-
able

Suit-
able

Suit-
able

Suitable

Match with
requirements

Not match
with
requirements

Not match with
requirements

No Unsuit-
able

Unsuit-
able

Unsuit-
able

Unsuit-
able

Unsuit-
able

Unsuitable

Pdf_Fol io:404



FinTech and Sustainable Innovations (FSI) Vol. 00 Iss. 00 2026

Figure 4
Features before and after normalization

while label encoding was used to consistently encode categori-
cal variables like location. One-hot encoding is used to transform
location-based features (loc1, loc2) into a numeric representation
so that ML models can use them. By generating binary indicator
variables for every categorical value, this transformation enables
algorithms to efficiently handle categorical data. Z-score normal-
ization is used to standardize feature scales after a methodical
data cleaning step in the preprocessing stage. Z-score normaliza-
tion is used to standardize numerical features including income,
distances, and flat prices. Figure 4(b) displays the standardized
version following normalization, whereas Figure 4(a) displays the
distribution of all attributes before normalization. The SMOTE
technique with Tomek connections is used for balanced dataset
construction in order to handle possible class imbalance issues.
Tomek linkages are used to find noisy or borderline samples,
which are cases from different classes that are closest to one
another. SMOTE interpolates between real occurrences to create
synthetic examples of the minority class. The training dataset class
count before and after the SMOTETomek was applied is displayed
in Table 3. To avoid data leakage, SMOTETomek is applied
only to the training data. Cohen’s kappa score is also shown in
Table 3 for inter-annotator agreement measurement. Majority
voting is used for the final labeling of the class. In this work, “suit-
able apartment purchase for buyer” refers to the buyer’s salary
being adequate to cover the cost of the flat. The room num-
ber, shop, school location, and apartment location that match
the buyer’s requirements are additional criteria for suitability. The
flat is not suitable for buyers if their income is insufficient to
cover the cost. Additionally, mismatches in the locations of the

apartment, store, school, and room number are other elements
that contribute to unsuitability.

3.4. Feature selection

In order to systematically find the most discriminative pre-
dictors for multiclass classification, this work used a wide range
of statistical, model-based, and XAI feature selection strategies,
all of which have their roots in rigorous mathematical concepts.
A number of competitive feature selection techniques were used to
select the most suitable features for prediction. The feature selec-
tion methods used in this work are RFE, chi-square, and SHAP
for training. Borda count aggregation, a rank-based fusion tech-
nique that allocates scores based on each feature’s position across
many selection criteria, was used to combine feature ranks from
all approaches. The important feature rankings and scores for var-
ious feature selection techniques are displayed in Figure 5(a) and
Figure 5(b), respectively.

This work carried out several iterations of the same method-
ology to ascertain the ideal number of traits to eliminate. This
study evaluated model performance at various feature subset sizes
using RF as the base classifier because features cannot be removed
at random.We determined the saturation point, the point at which
additional feature removal no longer significantly improves (or
starts to deteriorate) model performance by tracking the accuracy,
F1 score, precision, recall, and Receiver Operating Characteristic
- Area Under the Curve (ROC-AUC) throughout these rounds.
Train, validation, and test sets are divided into 70%, 10%, and
20%, respectively.

Figure 5
(a, b) Important feature selection and ranking

Table 3
Class balancing using SMOTETomek and Cohen’s kappa score

Class name
Training data before
SMOTETomek

Training data after
SMOTETomek P0 Pe

Cohen’s
kappa score

Unsuitable 999 2000 0.85 0.1 0.83
Suitable 2000 2000 0.91 0.1 0.90
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Figure 6
(a–c) Hyperparameter tuning. (d–f) Hyperparameter tuning

Table 4
Performance comparison machine learning model (chi-square feature selection technique)

Model (using RFE) Accuracy (%) Precision (%) Recall (%) F1 score (%)

Random forest 89.48 89.49 89.51 89.50
Decision tree 82 86 85 85.5
ANN 85 84 85 84.50
Logistic regression 78 81 78 79.50

SVM 66 74 66 70
KNN 61 72 61 66.5

Table 5
Performance comparison machine learning models (RFE) and statistical significance test

Model (using RFE)
Accuracy

(%)
Precision

(%) Recall (%) F1 score (%)
McNemar tests
T-statistic (%)

McNemar
tests p-value

Random forest 89.48 89.49 89.51 89.50 05 0.035
Decision tree 82 86 85 85.5 10 0.430
ANN 85 84 85 84.50 04 0.070
Logistic regression 78 81 78 79.50 10 0.830

SVM 66 74 66 70 13 0.930
KNN 61 72 61 66.5 14 1.000
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Table 6
Performance comparison of machine learning models (SHAP)

Model (using SHAP) Accuracy (%) Precision (%) Recall (%) F1 score (%)

Random forest 88.40 87.80 88.20 88
Decision tree 79 83 81 82
ANN 85 84 85 84.50
Logistic regression 81 80 81 80.50

SVM 79 82 79 80.50
KNN 57 68 57 62.50

3.5. Model selection, tuning, statistical test

Grid Search CV was utilized to maximize the proposed
ML model performance with k-fold cross-validation (k = 10).
The highest F1 score was used to determine the optimal hyper-
parameters. The hyperparameter grid of various ML models
(logistic regression [LR], DT, Support Vector Machine (SVM),
K-Nearest Neighbors (KNN), Artificial Neural Network (ANN),
RF) is displayed in Figure 6. The accuracy value and F1
score value of six comparable ML models are then used to
determine the best model. Tables 4, 5, and 6 highlight the com-
parative performance of conventional ML models (e.g., RF,
DT, SVM, KNN, ANN, LR) utilizing different feature selec-
tion strategies (chi-square, RFE, and SHAP), respectively. Since
the RF model with RFE feature selection has the highest

Figure 7
(a) Confusion matrix for random forest. (b) ROC-AUC curve for

random forest

accuracy value out of all the ML models that were compared,
it is chosen as the best model. Table 5 shows the statistical
significance test using McNemar’s test. The best RF classifiers
(with RFE feature selection) empirical accuracy results (89.48%)
and p-value (p < 0.035) were validated through a statistical
hypothesis test. A statistically significant difference between the
model’s predictions and the ground truth is indicated by a p-
value less than 0.05 when comparing a forecast to the ground
truth using McNemar’s test. Table 5 displays the McNemar’s
test p-value and T-statistic values to assess whether the RF
classifier’s performance differs statistically from those of other
classifiers.

Figure 7(a) shows the confusion matrix result, and Figure
7(b) displays the ROC-AUC curve of the selected RF scheme
for prediction. With an outstanding AUC score of 0.846, RF
is the best classifier for predicting the suitability of apart-
ment purchases. For every prediction class, the confusion matrix
curve demonstrates that the proposed RF approach has the
highest true purchase suitability prediction rates. The false pos-
itive prediction rates are also small in the proposed method.
The SHAP-based feature significance analysis is displayed in
Figure 8. With a SHAP score of 0.891, the figure demonstrates
that the flat price is the most significant predictor of apartment
purchasing appropriateness. The second most important element
is income (SHAP score: 0.756). Area comes in third (SHAP score:
0.623), suggesting that apartment size has a significant impact
on purchasing appropriateness. Bedroom count has a consid-
erable impact on apartment purchasing appropriateness, albeit
being less significant (SHAP score: 0.234). With SHAP scores of
0.189 and 0.145, location factors like loc1 and loc2 have a moder-
ate contribution. The remaining characteristics, such as the floor
number, the closest hospital, school, mosque, and superstore,
contribute less, suggesting that while they are important, they are
not the primary factors in evaluating whether an apartment is a
good buy.

4. Comparison with Existing Works

Table 7 outlines the results of the comparison between the
proposed ML-based apartment purchase suitability work and
the existing schemes. The table demonstrates that, in compari-
son to other literary approaches (e.g., [1, 7, 11]), the suggested
RF-based apartment purchase eligibility scheme delivers the
greatest accuracy (89.48%) and F1 score value (89.50%). Com-
pared to current efforts, the suggested strategy provides at least
2% higher accuracy value and 4% more F1 score value. Data col-
lection with multiple apartment and buyer income information
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Figure 8
SHAP-based feature importance analysis

Table 7
Comparison results

Work name Accuracy (%) Precision (%) Recall (%) F1 score (%) Used method

[11] 72.40 73.20 72.50 73.50 Gradient boosting

[7] 87.10 85.22 88.35 83.34 XGBoost

[1] 86.00 85.20 84.60 85.50 Ensemble ML algorithm

Proposed work 89.48 89.49 89.51 89.50 Random forest classifier with
RFE

features, advanced data preprocessing, RFE-based feature selec-
tion, SMOTETomek-based class imbalance problem solving,
and Grid Search CV-based hyperparameter tuning technique
are the primary factors contributing to the suggested schemes’
suitability.

5. Conclusion

This paper presented a technique for predicting if an apart-
ment purchase would be suitable for prospective buyers based on
ML. This paper gathered data on apartment purchase suitabil-
ity prediction from several real estate firms, including location,
buyer income, and apartment details. Data pretreatment was
carried out in this work, including resolving missing and null
values, encoding, normalization, and class imbalance issues uti-
lizing the SMOTETomek method. Using the SHAP, chi-square,
and RFE techniques, an ensemble feature selection method is
used to choose appropriate characteristics for predicting eligi-
bility for apartment purchases. In this work, hyperparameter
tweaking is done using Grid Search CV. Six ML models were
tested in order to choose the best one for predicting eligibility for
apartment purchases. For predicting apartment buying eligibil-
ity, RF with the RFE feature selection approach is chosen since
it provides greater accuracy than the compared ML models. The
evaluation results confirmed that the proposed RF model out-
performs the existing comparative works by more than 2% gain
in accuracy and F1 score. The proposed ML-based apartment
purchase suitability prediction is essential for buyers, develop-
ers, and policy-makers to identify ideal properties based on

personal data, promoting sustainable urban development, project
planning, addressing the housing shortage problem, equitable
housing facility access decision-making process, risk mitigation,
and optimizing resource allocation in the real estate market. This
paper explains feature importance analysis based on SHAP. The
limitations of this work are the lack of addition of different socio-
economic factors and geographical location data for a sustainable
apartment purchase suitability prediction system. Future research
challenges include, but are not limited to, Internet of Things
(IoT) and DL-based real-time eligibility evaluation for apart-
ment purchases, apartment categorization based on a person’s
income and location, Reinforcement Learning (RL) and Large
Language Model (LLM)-based buyer feedback analysis, transfer
learning-based appropriate real estate company selection, LLM-
based appropriate apartment selection for purchase, and IoT and
blockchain-based owner verification and secure apartment sales
process.

Recommendation

This work suggested that the RF algorithm is most efficient
for apartment purchase eligibility prediction with proper feature
selection and hyperparameter tuning techniques.

Ethical Statement

This study does not contain any studies with human or
animal subjects performed by any of the authors.
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