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Abstract 

The housing market is of great significance to the development and advancement 
of cities, but customary forms of property valuation are frequently biased, time-
consuming, and not always effective. This paper focuses on the city of Irbid in 
Jordan, aiming to collect all the information on apartments and houses, predict 
the prices of properties, and clarify the key factors influencing the prices. 
Following the comprehensive cleaning process of the data and exploratory 
analysis, three ensemble machine learning models were trained and optimized to 
achieve accurate price predictions. The performance of all three models 
demonstrated excellent and consistent predictions, highlighting the efficiency of 
ensemble methods in predicting property prices. SHAP analysis indicated that the 
size of the house, the number of bedrooms, the number of lounges as well as the 
location are the most significant factors influencing the prices in Irbid. This 
reflects the functioning of the local market.  

     Keywords - Irbid city real estate; Random Forest; Extreme Gradient Boosting; 
Categorical Boosting; Machine learning; Ensemble models. 

1      Introduction 

Housing market is a central determinant of economic growth and urban development, thus 

making an accurate valuation of property to be an indispensable quality of just transactions 

and well supported planning [1], [2]. However, the conventional methods of valuation are 

subjective in nature, time-consuming and cannot provide any reliable and uniform 

estimates [3]. Recent advances in machine learning have allowed the analysis of more 

complex real-estate data more effectively and with greater accuracy, in particular, 

ensemble models that can capture nonlinear relationships between covariates (size, age, 

and location) [4].  

Irbid, the second-largest city in Jordan, is undergoing a tremendous population increase 

and is recording the high demand of apartments, and hence a dynamic real-estate scenario 

where price prediction is greatly sought after. This paper utilizes three ensemble algorithms 
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that include RFR, XGBR, and CBR to estimate the prices of apartments in Irbid. RFR goes 

through the reduction of variance using many decision trees [5], XGBR is boosted using 

gradient boosting and regularization [6], and CBR effectively works with categorical 

variables by using ordered boosting [7]. 

2      Related Work 

Past studies have shown that RFR has great performance on several types of housing data 

sets [8]–[12], and XGBR has always shown better predictive capability in establishing 

complex trends [13]. CBR also works with mixed data and categorical data such as research 

on King County housing [14],[15]. Comparative international studies have a consistent 

report of the superiority of CBR and XGBR to RFR, though RFR continues to be rather 

robust in the context of heterogeneous data sets [16]–[18]. 

A recent study [19] applied an automated house price prediction framework integrating 

genetic algorithms (GA) for feature optimization and ANOVA for statistical analysis. Five 

ensemble models XGBR, RFR, CBR, Adaptive Boosting Regression (ADBR), and 

Gradient Boosted Decision Trees Regression (GBDTR) were compared, with Categorical 

Boosting combined with GA (CBRGA) identified as the best-performing model. 

Moreover, the need to have larger and region-specific data as well as a better model 

interpretability is stated in earlier literature especially in the context of the fast urbanization 

[20]. Current studies in Jordan have been based on, either, the old paradigms of hedonic 

regressions, simple data-mining tools or a few machine-learning models that can only work 

with Amman on their own without comparing ensemble models [21], [22]. Furthermore, 

recent research in the Jordanian context has highlighted the effectiveness of the modern 

machine learning methods namely the RFR algorithm and the deep learning models in 

forecasting the price-related dynamics in ancillary economic industries, such as the fuel 

sales [23]. 

Despite global advancements in machine learning, no machine learning-based predictive 

studies have been conducted specifically for Irbid. Previous studies indicate the following: 

the lack of use of regression models (RFR, XGBR, CBR) in Irbid or any other city in 

Jordan; the limited scope and methodology of Jordanian research; the need for larger and 

more specific data for the region; the absence of a dataset specific to Irbid; and the lack of 

comparative evaluation of regression models within the Jordanian context. To address this 

gap, this research aims to: establish a dataset at the apartment and house levels in Irbid; 

and provide area-specific predictive analyses that can benefit real estate professionals. 

3      Materials and Methods 

This research predicts housing prices and explains how the model works. It also shows the 

factors that affect prices. The study covers the dataset, data preparation, feature selection, 

model training, result validation, and interpretation tools. 
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3.1. Dataset Description 

As many apartment and house listings as possible were collected from various regions of 

Jordan. Specific specifications of Irbid were then obtained and applied to predict the prices 

of apartments and houses in Irbid. This city has particular traits that would not be found in 

other Jordanian cities, property patterns and prices can be quite different in those places. 

Information was gathered on some of the Jordanian real estate sites such as OpenSooq, 

Kharta, and social media advertisements regarding various regions of Irbid starting in the 

year 2024 up to September 2025. In the process of collecting data, emphasis was laid on 

the acquisition of the key attributes affecting the property price, i.e., the property size, the 

number of bedrooms, the number of bathrooms, the number of living rooms, the number 

of sitting areas, the floor, the property age, the condition of property (new or old), the 

existence of the balcony, furnishing, as well as the number of parking spaces, and the 

property price, for a total of 13 attributes. These attributes are summarized in Table 1 to 

present their names, data types, and descriptions clearly and transparently. Such a 

systematic information aids in interpreting the structure of the data set involved and 

guarantees its reproducibility in the course of the research process.  

One should also note that the gathering of the information on the online platforms and 

social media advertisements can also potentially lead to sampling bias since not all the 

property listings are equally represented online. There may be more active advertising of 

certain types of property, price levels, or geographic areas, so the distribution of the data 

in general may be influenced. In order to reduce this impact, data were gathered through a 

variety of independent sources representing different regions, and types of property so as 

to enhance representativeness. Moreover, the relatively high amount of data and 

incorporation of heterogeneous property characteristics assist in decreasing the effects of 

such bias. Future research could include other sources of data such as official real estate 

records, agency database, to further improve the completeness and representativeness of 

the data. 

The dataset supporting the findings of this study is publicly available in the Zenodo 

repository [24]. Providing open access to the dataset ensures full transparency, 

reproducibility, and accessibility for future research, benchmarking, and comparative 

studies in real estate price prediction. In addition, all preprocessing, feature engineering, 

and hyperparameter tuning steps are fully documented to ensure reproducibility.  It is 

necessary to note that the dataset will include the period between 2024 and September 

2025, which reflects the current market trends in Irbid. Although this period is a current 

representation of the housing market, the temporal generalizability of the model to previous 

or future market conditions may be limited especially when there are economic variations, 

policy variations, or a long-term pattern in the market. However, the dataset will include a 

significant number of listings in different areas and property features, which will guarantee 

a representative sample of the modern housing market. The research can be improved in 

future by adding several years of past data to the dataset in order to further develop the 

model generalization and time capabilities. 

Table 1: Description of Attributes  

Feature Data Type Description 

Area Categorical Property district 

Size_m2 Numerical Property area in square meters 
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Bedrooms Numerical Number of bedrooms 

Bathrooms Numerical Number of bathrooms 

Halls Numerical Number of halls 

Lounges Numerical Number of lounges 

Floor Numerical Property floor number 

Age Categorical Property age 

New Categorical Property condition: new or old 

Balcony Categorical Balcony presence 

Furnished Categorical Furnished status 

Parking Categorical Availability of parking 

Price_kJD Numerical Price in thousand JD 
 

It is worth noting that the information captured in apartment sale listings in Irbid lacks 

many details related to neighborhood features and local facilities, such as neighborhood 

quality, educational facilities, socio-economic status, and environmental factors (e.g., noise 

and pollution levels). These listings also do not provide site-specific features, including 

proximity to transport infrastructure, the city center or satellite employment hubs, and 

shopping centers, schools, or other amenities. In addition, such listings rarely contain 

information about investors, management organizations, or developers, and therefore do 

not include assessments of management or developer reputation. The absence of detailed 

neighborhood-level attributes may limit the model’s ability to fully capture location-

specific value drivers, as proximity to schools, commercial centers, transportation 

networks, and infrastructure is known to significantly influence real estate prices. These 

external environmental and accessibility factors often contribute to price variation beyond 

property-specific characteristics. Despite this limitation, the dataset includes key structural 

and location-related features that provide strong predictive capability. Future research may 

integrate geographic information system (GIS) data, distance-based features, and 

neighborhood socio-economic indicators to further improve prediction accuracy and 

enhance model comprehensiveness. 

3.2 Data Cleaning 

A summary of the techniques applied in this stage is presented in Table 2. The data cleaning 

process was carried out by handling missing values by median substitution for numerical 

variables and mode for categorical variables, removing outliers and duplicates while 

retaining the first, deleting invalid values and type errors, standardizing inconsistent text 

formatting, and removing contradictory, illogical, or logically anomalous entries to ensure 

data quality and accuracy. 

Table 2: Data Cleaning Summary  

Category Examples  How we handle it 

Missing Values 
Size_m2 = NaN, 

Bedrooms = NaN 

Impute numeric with median, 

categorical with mode 

Outliers Floor = 40 Remove 

Duplicates Identical rows  
Remove duplicates, keep first 

occurrence 
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Invalid Values 
Bedrooms = -1, 

Floor = -10 
Remove 

Inconsistent Formatting north vs North Standardize text 

Type Errors Size_m2 = 'large' Remove 

Contradictory  

Furnished=True 

but extremely low 

price 

Remove 

Illogical Combinations 
Bedrooms=5 with 

Bathrooms=1 
Remove 

Logical Outliers 1BR  and 150 m² Remove 

3.3  Exploratory Data Analysis (EDA) 

The dataset now contains 4928  records. A summary of the dataset after cleaning is shown 

in Table 3. The table presents descriptive statistics for the main property dataset 

characteristics. It presents the lowest, highest, average, median and standard deviation of 

each characteristic. There is a variation in the size of property, and the prices of apartments; 

to give an example, property sizes vary between 40 and 370 m 2, with an average of 165.95 

m 2 and a median of 146 m2, whereas the apartment prices vary between 7,000 and 196,700 

Jordanian dinars with an average of 68,510 dinars and a median of 61400 dinars. Bedrooms 

are between 1 and 5 with the mean of about 3, and the number of bathrooms between 1 and 

5 with the mean being 2.62. The rooms will remain the same number of halls per apartment 

(1), the number of Lounges will be between 0 and 2, with the average of 0.65. The range 

of floor height is between -2 and 3 with an average of 0.52 indicating the fact that there are 

a few apartments which are at the lower floor and the distribution of floors. On the whole, 

these statistics give an initial idea of the data distribution and dispersion. 

Table 3: Summary Statistics of Numerical Features 

Feature Min Max Mean Median Std 

Size_m2 40.0 370.0 165.946 146.0 88.322 

Price_kJD 7.0 196.7 68.510 61.4 38.384 

Bedrooms 1.0 5.0 2.917 3.0 1.319 

Bathrooms 1.0 5.0 2.620 3.0 1.230 

Halls 1.0 1.0 1.000 1.0 0.000 

Lounges 0.0 2.0 0.652 1.0 0.651 

Floor -2.0 3.0 0.521 1.0 1.719 

To model the data, we first applied an extensive EDA in order to visualize and comprehend 

the data and then continue with further analysis and model development by revealing 

patterns and distributions thereby enhancing the quality and interpretability of the data. We 

have explored this dataset by using correlation and violin plots in this study. A correlation 

matrix is generated to identify linear relationships among numerical features, as shown in 

Fig. 1.  

The values, known as Pearson’s Correlation Coefficients (r), r varies between -1 to +1. A 

value of 1.00 (dark red) represents a perfect positive correlation (dark red) represents a 

perfect positive correlation as well as values towards 0 (dark blue), there is little or no 

statistical relationship among variables. 
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The statistical analysis of the housing data in Irbid demonstrates that the most significantly 

affecting factors on the price of a house comprise the physical size and capacity of the 

house: Total Size corresponds with price (price = 0.93), and the correlation is very strong. 

Bedrooms are associated with price (r = 0.90). There is also the strong positive correlation 

between Number of Lounges (r = 0.85). This shows that functional space and number of 

rooms are the major motivators of the Irbid housing market and the value of property 

increases in line with these. Also, the data reveals an almost perfect collinearity between 

Total Size and Number of Bedrooms (r = 0.96) that can be interpreted as a consistent trend 

in the standardized architectural strategy in Irbid where larger floor plans are virtually only 

utilized to provide more bedrooms instead of incorporating other luxury features. 

Interestingly, there are features that have very little effect on the valuation: Number of 

Bathrooms is weakly correlated with price (r = 0.24). The impact of the Floor Level on the 

value of the property is virtually insignificant (r = 0.02). To sum up, the real estate pricing 

model of the city of Irbid is family-based. Horizontal space and social spaces (lounges) are 

the main sources of value, whereas vertical location (floor level) and secondary amenities 

(lounges) have an insignificant role in the process of local valuation. 

 

 

Fig. 1. Correlation Matrix for Numerical Features 
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Fig. 2 statistic provides a collection of violin plots, used to represent the distribution of 

values, concentration regions, the median, the interquartile range, and the overall 

distribution of data of each numerical variable in the data set.  

The features were included in the figure, namely: area in square meters (Size_m2), price 

in thousands Jordanian Dinars (Price_kJD), bedrooms (Bedrooms), bathrooms 

(Bathrooms), halls (Halls), lounges (Lounges), and floor (Floor). The area plot indicates 

that the values are approximately less than 50 to 400 m 2 with the interquartile range lying 

within the range of about 100 to 220 m 2, and a median equal to 150 m 2 thus giving an 

indication that most of the apartments are of mid-size and fewer of large sizes. The price 

is spread out as 0 to 200 thousand JD with some of the values concentrated around the 

middle range (40 to 90 thousand JD) with a median of about 65 thousand JD with a tail to 

the higher end, which shows that there are a few units of high price though not very many. 

In the case of bedrooms, the multimodal distribution is observed where the central tendency 

is very clear with the highest number of bedrooms being 3. The bathrooms are also similar 

with the more common number of 2 to 3 and also with several peaks indicating the discrete 

character of the variable. The concentration is high with a limit of 1 in the halls plot which 

demonstrates low variability in this aspect. There are two distinct heights at 0 and 1 which 

have little extension to 2 and this indicates that most units have no lounge or only one. 

Lastly, floor variable is approximately between -2 and 3 with a larger proportion lying in 

the mid-rise buildings (0 to 1) as most of the apartments are located in low-rise buildings. 

In general, these plots show the distributions, concentration regions and possible data 

deviations, which will give a rich visual insight into the housing characteristics, will assist 

the exploratory data analysis and assist in constructing more accurate predictive models. 

 

Fig. 2. Violin plots of numerical features in the Irbid housing dataset  

3.4   Feature Engineering and Feature Scaling 

In the feature engineering and scaling stage, several transformations were applied to 

prepare the dataset for modeling. First, new features were created to enhance the 
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representation of apartment characteristics.  Total_Rooms was computed as the sum of 

bedrooms, bathrooms, halls, and lounges to represent the total living space. Admittedly, 

Total Rooms feature is directly linked with the sets of variables it comprises, which can 

create multicollinearity in some situations of modeling. Nevertheless, any tree-based 

ensemble approach (Random Forest, XGBoost, CatBoost) is also resistant to 

multicollinearity by default, because it does not estimate coefficients but uses hierarchical 

feature splitting. The presence of Total_Rooms gives a consolidated form of the total 

property capacity which can potentially include valuable structural data that is not reflected 

entirely by the counts of individual rooms. Also, the analysis of feature importance proved 

that the addition of this feature did not impair the stability of the model or its prediction 

accuracy. Thus, Total_Rooms was kept as a non-trivial engineered attribute to increase the 

interpretability and predictive ability of the model. 

Additionally, the categorical Age feature was converted into a numeric value 

(Age_numeric) by mapping each age category to its midpoint, enabling quantitative 

analysis. Such transformation was done to maintain the ordinal character of the Age 

variable because categories of property ages are inherently of a logical temporal sequence. 

Each category can be plotted to a midpoint to offer a sensible numerical estimate of the 

underlying continuous age domain to enable the model to reflect the progressive impact of 

age on property value. By doing so, the learning algorithms will be able to understand 

trends associated with age much better without introducing artificial categorical 

fragmentation. Equivalent midpoint encoding variants have been broadly used in real estate 

and tabular machine learning problems in which categorical ranges reflect continuous 

underlying variables. 

Next, categorical features including Area, Age, New, Balcony, Furnished, and Parking 

were transformed using One-Hot Encoding. This process converts each category into a 

binary column (0/1), with the first category dropped to avoid redundancy. It should be 

noted that One-Hot Encoding was not applied for CBR, as this algorithm can handle 

categorical features natively without requiring explicit encoding. The resulting dataset 

contained all original numeric columns, newly engineered features, and the encoded 

categorical variables. 

After making and encoding the features, feature scaling was done on all the numeric 

columns, which included both the original variables as well as the new ones. Utilizing 

Standard Scaler standardized each numeric feature to have a mean of zero and a unit 

variance. This made sure that variables in larger ranges (like Size_m2) didn't have an unfair 

effect on the model. After the dataset was scaled, it was checked to make sure the change 

worked, and descriptive statistics showed that the numeric features had been successfully 

standardized.  

Table 4 provides an overview of the principal features of the post-preprocessing final 

dataset, such as the count of records, composition of features, and statistical aspects of the 

target variable. The data demonstrates the variety of the prices of apartments, as there are 

different types of properties and market segments in Irbid. The lack of any missing values 
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and the well-defined set of features are evidence that the dataset is in its final form ready 

to be used in training and evaluating a machine learning model in the strongest way. 

Table 4 Final dataset summary after preprocessing and feature engineering 

Item Value 

Number of records 4928 

Number of input features (before encoding) 12 

Numerical features 7 

Categorical features 5 

Engineered features 1 (Age_numeric) 

Target variable Price_kJD 

Target min (kJD) 7 

Target max (kJD) 196.7 

Target mean (kJD) 68.51 

Target median (kJD) 61.4 

3.5 Machine Learning Algorithms 

In our present study, we have used three ensemble regression schemes including 

XGBR, RFR and CBR to predict the value of residential houses. These choice of 

methodological options were informed by their reported excellence in more recent 

empirical research on predictive analytics of real-estate data, their ability to approximate 

complex non-linear relationships and their ability to take both numeric and categorical 

covariates. With the help of ensemble methods, we seek to improve the process of 

generalization and reduce predictive error compared to single-model methods. 

RFR is a group learning algorithm that builds a set of decision trees to forecast a 

target variable. The trees are trained on random sub-sample of observations and random 

sub-sample of predictor variables (features). A final prediction is obtained as an average of 

all the trees hence minimizing variance and increasing model stability. RFR was commonly 

used to prevent overfitting and enhance predictive performance, especially on high-

dimensional and heterogeneous data [25]. The average of the results of all trees is taken to 

get the final prediction of a given sample as shown in eq.1: 

𝑦̂𝑖 =
1

𝑀
∑ 𝑓𝑚

𝑀

𝑚=1

(𝑥𝑖)                              (1) 

where:  𝑦̂𝑖= predicted value for sample 𝑥𝑖, 𝑓𝑚(𝑥𝑖)= prediction of the 𝑚-th tree, 𝑀= 

total number of trees in the forest. Each tree is trained independently on a bootstrap sample 

of the data, and at each split, a random subset of features is considered. Unlike gradient 

boosting methods, RFR does not use a sequential additive objective function; instead, it 

relies on averaging to reduce variance, providing robustness against overfitting. 

XGBR is an advanced gradient-boosting model whereby trees are built in a 

sequential manner. A new tree is learnt at every iteration to refine the errors that were not 

removed by the previous predictors. XGBR also includes regularization methods that 

prevent over-fitting and are efficient in allowed to interact with complex features, which 

make it a strong algorithm to predict numerical results with complex dependencies, 
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including housing prices [26]. The objective function of the XGB  at the 𝑡-th training step 

is defined as shown in eq. 2: 

ℒ (𝑡) = ∑ 𝑙(

𝑖

𝑦𝑖
pred

, 𝑦𝑖
truth) + ∑ Ω(

𝑘

𝑓𝑘)                (2) 

Where 𝑙(⋅)denotes the loss function measuring the difference between the predicted 

value and the ground truth. The regularization term Ω(𝑓𝑘)controls the model complexity 

and is defined as eq. 3: 

Ω(𝑓𝑘) = 𝛾𝑇 +
1

2
𝜆 ∥ 𝜔 ∥2                                  (3) 

where 𝑇is the number of leaves in the 𝑘-th tree, 𝜔represents the leaf weights, and 

𝛾and 𝜆are regularization parameters that control the complexity of the model and help 

prevent overfitting. 

CBR is a gradient-boosting model that specifically supports categorical predictors 

and thus does not require a lot of pre-processing to be performed. It uses methods like 

ordered boosting and target encoding in order to convert the categorical variables into 

numerically appropriate representations that reduce over-fitting. CBR has been known to 

be very predictive and stable especially when used on dataset with both numeric and 

categorical variables [27]. CBR follows the standard gradient boosting framework, where 

the prediction for an input sample 𝑥𝑖is expressed as an additive model of decision trees, eq. 

4: 

𝑦̂𝑖 = ∑ 𝑓𝑡

𝑇

𝑡=1

(𝑥𝑖)                                       (4) 

where 𝑓𝑡denotes the decision tree constructed at the 𝑡-th boosting iteration, and 𝑇is the total 

number of trees. The training objective of CBR is to minimize the following regularized 

loss function, eq. 5: 

ℒ = ∑ 𝑙(

𝑛

𝑖=1

𝑦𝑖, 𝑦̂𝑖) + ∑ Ω(

𝑇

𝑡=1

𝑓𝑡)            (5) 

where 𝑙(𝑦𝑖, 𝑦̂𝑖)is the loss function, 𝑦𝑖is the ground truth value, and Ω(𝑓𝑡)is a regularization 

term that penalizes model complexity. 

By combining all three ensemble methods, we capitalize on the synergistic benefits of 

better handling of feature interaction, reduced over-fitting and greater predictive 

robustness, and in combination are able to improve the overall quality and reliability of our 

residential property-price prediction project. 

3.6 Machine Learning Algorithms Assessment 

To measure the model performance, a long list of metrics was computed such as R2, 

Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), Median Absolute Error 

(MedAE), Mean Absolute Percentage Error (MAPE) and a 95 percent confidence interval 

of the prediction errors.  

These metrics are defined as eq. 6 to eq. 10: 
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MAE =
1

𝑛
∑ ∣

𝑛

𝑖=1

𝑦𝑖 − 𝑦̂𝑖 ∣           (6) 

RMSE = √
1

𝑛
∑(

𝑛

𝑖=1

𝑦𝑖 − 𝑦̂𝑖)2      (7) 

MedAE = median(∣ 𝑦𝑖 − 𝑦̂𝑖 ∣) (8) 

MAPE =
100

𝑛
∑

∣ 𝑦𝑖 − 𝑦̂𝑖 ∣

∣ 𝑦𝑖 ∣

𝑛

𝑖=1

(9) 

𝑅2 = 1 −
∑ (

𝑛

𝑖=1
𝑦𝑖 − 𝑦̂𝑖)

2

∑ (
𝑛

𝑖=1
𝑦𝑖 − 𝑦̄)2

    (10) 

where 𝑦𝑖 is the observed value, 𝑦̂𝑖 is the predicted value, 𝑦̄is the mean of the observed 

values, and 𝑛is the number of samples. Using these metrics ensures a rigorous assessment 

of each model’s accuracy, reliability, and robustness. 

3.7 Models Training and Evaluation 

At this phase, the regression models were trained and tested. The target variable was set to 

Price kJD and two sets of features were prepared, one with One-Hot Encoding with RFR 

and XGBR  and the original data with categorical columns with CBR, it is possible to use 

categorical variables as they are. Each model was divided into a training (80 percent) and 

testing (20 percent) dataset. Cross-validation was used to conduct the hyperparameter 

tuning to make sure that the model evaluation was robust and to minimize the possibility 

of variation in performance because of single data splitting. Particularly, GridSearchCV, 

and RandomizedSearchCV were applied with k-fold cross-validation on the training set, 

which enabled the models to be tested on more than one data partition. This method 

enhances the results in terms of reliability and generalizability of the chosen 

hyperparameters and reduces the chance of overfitting. Performance of the final models 

was then evaluated on the independent test set to have a non-biased estimate of predictive 

accuracy. 

3.8  Hyperparameter Tuning and Model Evaluation 

Experiments were performed on the hyperparameters of each regression algorithm to 

enhance performance of the models, as shown in Table 5.  The test data were then used to 

make predictions using optimized models. During hyperparameter optimization, 5-fold 

cross-validation was employed within GridSearchCV and RandomizedSearchCV to 

systematically evaluate candidate parameter combinations. This ensures that the selected 

hyperparameters generalize well across different data subsets and enhances the robustness 

of the modeling process. 
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The hyperparameter values were chosen using the current best practices in literature and 

previous empirical experiments of ensemble learning on tabular data. The ranges that were 

adopted were adequate to represent the most significant parameters changes and were also 

computational with no redundant model complexity. The preliminary experiments 

suggested that the extension of the ranges did not provide significant performance gains as 

ensemble models like Random Forest, XGBoost, and CatBoost are usually stable in 

moderate parameter ranges. The chosen tuning ranges, thus, gave a good compromise 

between the quality of optimization, cost of computation, and generalization of the models. 

Table 5: Final Chosen Hyperparameters 

Model: Tuning Method Parameter Ranges Tested 
Final Chosen 

Hyperparameters 

RFR: 

GridSearchCV 

n_estimators:  [100, 200, 300] 

max_depth:  

[None, 10, 20]  min_samples_split: [2, 

5] 

min_samples_leaf: [1, 2] 

max_features: ['sqrt', 'log2'] 

n_estimators: 100 

max_depth: 10, 

min_samples_split:2, 

min_samples_leaf: 1,  

max_features: sqrt, 

XGBR: 

GridSearchCV 

n_estimators: [100,200,300] 

learning_rate: [0.01,0.05,0.1] 

max_depth: [3,5,7] 

subsample: [0.7,0.8,1] 

colsample_bytree: [0.7,0.8,1] 

n_estimators: 200 

learning_rate: 0.05, 

max_depth: 3,  

subsample: 0.8 

colsample_bytree: 1, 

CBR: 

RandomizedSearchCV 

iterations: [200,500,700] 

learning_rate: [0.01,0.05,0.1] 

depth: [4,6,8] 

l2_leaf_reg: [1, 3, 5] 

iterations: 500 

learning_rate: 0.05 

depth: 4 l2_ 

leaf_reg: 1,   

4. Results and discussion  

Table 6 summarizes the performance metrics of the three ensemble models (RFR, XGBR, 

and CBR). The models were evaluated using multiple metrics, including R², MAE, RMSE, 

MedianAE, MAPE, and the 95% confidence interval of prediction errors. 

R2 is the percentage that explains the target variable as explained in the model. CBR model 

got the maximum R2 value (0.9031) followed by XGBR and RFR with values 0.9013 and 

0.8940 respectively, which means that CBR explains the underlying variability in the data 

slightly better than the rest. 

MAE is used to measure the mean values of the prediction errors with low values indicating 

high predictive ability. CBR had the minimum MAE (10.3803), that is why its predictions 

are much closer to the actual ones, whereas XGBR and RFR had a slightly higher MAE of 

10.4641 and 10.7181 respectively. 

RMSE with its weighting of big errors showed the least value of CBR (12.2184), and thus 

its effectiveness in reducing large prediction errors. 
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MAPE also confirms this tendency: CBR has a MAPE of 24.3846%, slightly better than 

XGBR (24.7106%), RFR (25.5099%), and, thus, proves a more accurate relative 

prediction.  Even though the MAPE values of about 24-25 percent are far from zero, 

meaning that the error of prediction does exist, the given value is still comparable with the 

real-life tasks of predicting real estate, as the fluctuation of the prices depends on a great 

number of unmeasured variables, including accurate micro-location features, quality of 

neighborhood, market fluctuations, as well as specific features of the buyer. The pricing of 

real estate is a complex phenomenon that includes both quantifiable and unquantifiable 

variables that may not necessarily be reflected in listing information. Moreover, the data 

set was obtained based on actual listing as opposed to controlled experimental data which 

brings in natural variation. Nonetheless, the models attained a high R 2 value of more than 

0.89 and this implies that most price variation has been effectively explained. Thus, the 

achieved MAPE values have a realistic and acceptable predictive performance in the 

application to investment analysis, price estimation, and urban planning support, and also 

reveal the possibility of further enhancement due to the addition of more location-specific 

and time-related features. 

The 95% confidence interval (CI) offers valuable information on how most prediction 

errors can occur, with an estimate of the range on which most errors will fall that can be 

useful information on the reliability of models and realistic uncertainty. In the case of the 

CatBoost, the CI lies between some -20.35 to +21.75 kJD meaning that in most instances, 

the error in prediction should be within this range. This implies that the actual price of a 

property will be within a range of say about -21 kJD to +21 kJD of the price that the model 

is predicting. 

Table 6: Model Performance Metrics After Hyperparameter Tuning 

Metric RFR XGBR CBR 

R2 0.8940 0.9013 0.9031 

MAE 10.7181 10.4641 10.3803 

RMSE 12.7774 12.3288 12.2184 

MedianAE 9.9902 10.0839 9.9017 

MAPE 25.5099 24.7106 24.3846 

CI_Lower -21.9712 -20.8199 -20.3490 

CI_Upper 24.3649 22.2082 21.7531 

In order to further evaluate the predictive quality of CatBoost model, a scatter plot 

involving the predicted and actual apartment prices is provided in Fig. 3. It is shown that 

there is a good fit between the values that are predicted and those that are observed in the 

plot and a majority of the points are clustered around the diagonal line of reference that 

indicates perfect prediction. This means that the model is able to give precise and consistent 

predictions with varying price ranges. 

The low variance of the points around the reference line attests the strength and the ability 

to generalize the CatBoost model. These small deviations in the higher price ranges are 

anticipated because of higher variability and the effect of some external variables that are 

not entirely represented in the data set like the exact location features and market 
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fluctuations. On the whole, the given visualization averts the quantitative performance 

measures presented in Table 6 and indicates the validity of the model to use in real-estate 

price forecasting. 

 

Fig. 3. Scatter plot of predicted versus actual apartment prices using the CBR regression 

model. 

To practitioners like real estate investors, property developers, and urban planners, this 

period gives them a reasonable forecast of the uncertainty in predictions and can help them 

make sound decisions. A smaller confidence interval means that the model is more stable 

and reliable. The tightest interval of CatBoost is provided compared to the other models, 

which proves it to be more consistent and robust. These findings show that the model can 

be applied in real life situations where estimation of prices is needed to make planning, 

investment analysis and market analysis. 

On the whole, all three models are effective, but CBR is more effective than the two in all 

measures of evaluation, which makes it acceptable to both investors who have access to 

the correct price estimates, and policymakers in their planning and regulatory decision-

making. 

To analyze the role of features in predicting the models, SHAP ( SHapley Additive 

exPlanations ) analysis was conducted on the most effective model, which was CBR. Fig. 

4 shows the SHAP summary plot of the CBR model that shows the contribution of each 
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feature towards the predicted prices of apartments in Irbid. This visual representation gives 

a very clear depiction of feature significance and their impact to the model output that is 

easy to interpret. 

The features are ranked by demerit in terms of their overall significance with the top 

features being the most influential features. The feature values are represented as color 

scale such that the larger values are represented by red color and smaller values are 

represented by blue color. The horizontal position indicates how great and which way the 

effect of the feature on the price being predicted is with a positive value pointing to an 

increased predicted price and a negative value pointing to a reduced predicted price. This 

discussion is very informative about the decision-making process of the model and 

enhances transparency and interpretability. 

 

Fig. 4. SHAP Values Analysis 

Through the analysis, property size (Size m 2) is the most significant attribute with the 

large property highly correlated with the property predicted price. The effect of Bedrooms 

and Lounges is also substantial which is to show that the more the functional and living 

space that a property has, the more market value it will have. The results illustrate the 

family specificities of the housing preferences and the space functional needs, which are 

inherent to the Irbid real estate market. 

The geographical location is also a significant factor, where some places are beneficial in 

price forecasting as some are characterized by variations in demand, reachability and 

neighborhood appeal. Other characteristics like Furnished status, Age, Parking availability 
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and the presence of Balcony depict moderation in this relation and the attributes indicate 

that the structural and amenity attributes play a role in valuing properties. On the contrary, 

Halls and some age categories have comparatively smaller effects, which show that they 

have little impact on price change. 

In general, the SHAP analysis proves that the apartment prices in Irbid are mostly 

determined by the size of structures, functional capacity, and location-related factors. 

These results are consistent with the actual market dynamics as well as offer valuable 

insights that can be used in making real estate investment decisions, urban planning, policy 

development, etc. 

5. Conclusion and Future Work  

The purpose of this paper was to gather and process real estate data in the city of Irbid in 

order to make a prediction of the price of apartments and houses and also narrate the 

situation under which price is determined. Through the assistance of extracted information 

on the different local real estate’s websites, comprehensive  data cleaning, exploratory 

analysis and interrelationship examination of the variables, we were in a position to come 

up with robust machine learning frameworks, i.e. RFR model, XGBR model and CBR 

model that can be employed to forecast the prices of the properties with a reasonable degree 

of precision. The results indicated that the CBR model would give the most decent results 

that could work with mixed types of data (numerical and categorical). Based on the SHAP 

analysis, property size, number of bedrooms, number of lounges and geographic location 

had the strongest effects on the price in Irbid, thereby demonstrating the dynamics of the 

local market and the logic of functionality that formed the prices. 

The analysis might be refined in the future as additional neighborhood and environment 

factors, such as distances to schools, amenities, socio-economic environment and 

infrastructure, and time data may be included in the analysis to assess the price changes 

over time. Moreover, there is a possibility that the hybrid models or a combination of deep 

learning techniques and ensemble models, should be taken into account to make predictions 

more accurate and able to more thoroughly reflect the complex relationships among the 

properties features in a more appropriate manner. Overall, the research provides a 

systematic and quantitative context to the perception of the Irbid property market and offers 

decision-supportive tools to the investors, planners, and other stakeholders of the area. 
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