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Abstract: Real estate market analysis and place-based decision-making can both benefit from un-
derstanding house price development. Although considerable amounts of interest have been de-
voted to housing price modelling, the assessment of house price fluctuation still requires further
comparing studies. Housing price prediction is challenging as contributing factors are quite dy-
namic and subject to a variety of regulating elements. Future insight into housing market trends not
only increases customer investment trust potential but also makes it possible for financial support
to proceed more realistically in the future. In this study, a comprehensive data-informed framework
is developed to investigate and anticipate real estate house prices using historical data by combining
explanatory features. We examined about 500 houses in the Boston area as a case study and dis-
cussed how the increase in housing prices could vary by each of the contributing components. Four-
teen machine learning (ML) regressors imply to the dataset and lead to a comparative study of the
accuracy of all the models. ML-based regressors forecast real estate home prices as a function of
thirteen influencing factors. The most informative features were also selected by conducting the
permutation feature importance technique on all the features The study provides a comprehensive
tool for evaluating the robustness and efficiency of ML models for housing price predictions. The
results highlighted random forest as the best model has an R? equals to 0.88 and voting regressor as
the second highest rated model has R? equals to 0.87. Results of multivariate exploratory data anal-
ysis also implied that the average number of rooms and percentage of the lower status of the popu-
lation have the most significant impact on the price range predictions.

Keywords: Real State, Regressors, Artificial Intelligence, Machine Learning, Data-informed, Boston

1. Introduction

The continued growth in residential houses all over the world as one of the main
human beings required living amenities brought so many researchers’ and merchandise’
attention to this field. The housing market is a major market that strengthens the world
economy, where housing significantly impact every household. The recent global experi-
ence has highlighted that price variations and the housing market's transient nature are
risk factors that can jeopardize the performance of the entire financial sectors. Consump-
tion expenditure is believed to be beneficial for households’” welfare assessment since it is
fundamentally rooted in the concept of money metric utility and compared to household
income, overall household spending often exhibits less variability. Furthermore, the
household average expenditure includes the value of the house as a significant component
[1]. There may not be a linear relationship between all the house's features and its price
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where it is essential to understand the potentially non-linear relationship to prevent po-
tentially incorrect implications for real estate development and urban planning [2]. Price
fluctuations are crucial because they obviously affect people's choices of where to dwell,
work, and invest in real estate. As a result, several expert researchers have given house
price forecasting a lot of attention. Machine learning models and algorithms have recently
proven to be effective and comprehensible solutions to a diverse variety of house prices
forecasting problems, as well as stock prices, and other monetary variables [3,4].

Regression analysis is used to determine how significantly each feature contributes
individually to house pricing. According to an analysis of the housing market and hous-
ing price assessment literature, two major research trends include the application of the
hedonic-based regression approach called as hedonic pricing model (HPM) and artificial
intelligence (AlI) approaches for establishing house price forecasting model [5-7]. Several
hedonic-based approaches were used to investigate the connection between house prices
and their associated effective housing attributes [8-11]. Whereas the comparison results
of previous studies indicated that the Al technique performed better at forecasting prop-
erty values than the HPM approach. Machine learning (ML) as one of the most innova-
tive methods in Al for discovering, evaluating, and analyzing extremely complex struc-
tures of data and connections enables substantial learning, and a systematic entry of more
existing information to improve model predictions [12,13]. ML algorithms are utilized for
house price forecasting across numerous nations and regions considering the wide range
of possible impact of housing locations [14,15]. Among all the various forecasting algo-
rithms in ML, linear regression (LR) model is one of the common ML algorithms which
also includes Ridge regressions (RR) and Lasso regressions (LaR) [16,17]. Other commonly
used ML approaches are decision tree (DT) [18-20], random forest (RF) [21-23], support
vector machine (SVM) [24-28]. Couple of comparative studies investigated the perfor-
mance of these algorithms. SVM founded to have a more satisfying results compared to
LR, DT, RF [29].

gradient boosting machine (GBM) [30-33], k-nearest neighbors (KNN) [34-37], and
artificial neural network (ANN) [38-42] were also investigated for further analysis on
house pricing. GBM and extreme gradient boosting (XGB) outperformed compared to the
SVM as the previously better model [43]. Ho et al. compared three ML methods of SVM,
RF, and gradient boosting machine (GBM) on housing prices over a period of 18 years
considering three error metrics of mean squared error (MSE), root mean squared error
(RMSE), and mean absolute percentage error (MAPE) [44-49]. Although successful ML
models using out-of-sample data set over predicted housing pricing, including SVM, RF,
RR, LaR, decision tree, bagging, boosting, and ensemble learning, have been discovered
to be more efficient and realistic, a comprehensive comparative research still needed to
identify the forecasting model with the best performance for only housing prices.[50-52].

Al algorithms can be a superior method for predicting home prices, according to var-
ious studies. Graczyk et al. conducted a study to examine various ensemble models for
estimating the value of the real estate and properties and found that all ensemble classifi-
ers utilizing additive regression significantly reduced error when compared to the initial
models [53]. Liu et al. concluded that back propagation neural network algorithm can
performed well when evaluating home prices [54,55]. SVR and RF are the second and
third noteworthy models that were investigated by researchers, despite the fact that neu-
ral network field of knowledge appears to be more substantially used in the house price
prediction model [56]. Other studies revealed the greater predictive potential of general-
ized housing price pattern by ML approaches than typically applying ordinary least
squares (OLS) on a hedonic pricing [51]. Wang et al. [57] presented two Al methods;
particle swarm optimization (PSO) and SVM as the great real estate price forecasting
models compared to the grid and genetic algorithms. Park and Bae [58,59] develop a hous-
ing price forecasting model based on Al and ML algorithms such as naive Bayesian, and
AdaBoost while comparing them to the classification accuracy performance.
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Steurer et al. performed a comparative study of seven metrics among all 48 possible
various metrics to evaluate the automated valuation models (AVMs) based on ML
algorithms for house pricing prediction [60]. Peng et al. provide a new method as the first
life-long property valuation prediction model which is automated by using a long short-
term memory (LSTM) network to model the temporal relationship for property transac-
tion data across time after first using a graph convolutional network (GCN) to extract the
geographical information [61-63]. Su et al. propose a system that uses a hybrid approach
based on genetic algorithm optimized ML (GA-GBR) [64]. They make use of a compre-
hensive data interpretation, enhance data on property valuation, and automate particular
property valuation processes that can eventually perform a more accurate property valu-
ation estimation. Kang et al. introduce a data-fusion methodology to test the accuracy of
multi-data source projections of probable housing price development by integrating mul-
tiple data sources such as house structural attributes, their actual photos, locational amen-
ities, street view images, transportation accessibility, and socioeconomic attributes of
neighborhoods [65]. Deriving the R? of 0.74 by GBM resulted in discovering the higher
house appreciation potential of low house prices within small house areas. Which is the
same case in Boston house's recent rapidly increased pricing for both single-family homes
and condominiums.

This article proposed an integrated framework for comparing multiple ML regres-
sion models considering different error metrics to conclude the best-fitted model with the
highest accuracy and facilitate the housing price prediction. Even with all the preceding
comparative studies that have been conducted in the domain of property's value, a more
thorough comparative investigation is still required to determine whether additional
housing market prediction analysis should incorporate certain algorithms or not. From
the following perspective, this study contributes to the current literature already dedi-
cated to numerous participations in property valuation. Although the correlation be-
tween algorithms has been thoroughly examined in previous research, integrating four-
teen ML regression models on a well-known dataset enhances each model's accuracy
when compared to each regressor's housing price result. The paper is structured as fol-
lows. Section two introduces the data and feature information utilized in this study and
introduces the background and current status of the Boston property valuation trend. A
comprehensive exploratory data analysis (EDA) is conducted on the multivariate dataset
to investigate the values distribution and bivariate correlation coefficients followed by
methodology and introduction to all the ML regression models and error analysis meth-
ods. Section 3 details the results of regressors performance and comparisons on their ac-
curacy as well as deriving the feature importance ranking. Section 4 concludes the article
and discusses ML regressions algorithms comparisons.

2. Data and Methods

This project's dataset was taken from the University of California Irvine (UCI) ma-
chine learning repository and the online data science platform Kaggle that both have a
collection of databases, domain theories, and data generators that are used by the machine
learning community [66,67]. Each of the 506 entries in data set used for this study, contains
aggregate information about 14 characteristics of residences in different Boston areas. Bos-
ton home prices increased 9.6% over the previous year in July 2022, with a median sale
price of $800K for all home types. In comparison, the median price for single-family
houses and condominiums is $885K and $730K, respectively. Home prices in Boston are
rapidly increasing because of a serious supply and demand imbalance in the housing mar-
ket. 604 properties were sold in July 2022 compared to 856 in July of the previous year, a
decline of 19, 45, and 30 percent in the number of single-family homes, townhouses, and
condominiums sold, respectively. The housing price growth might be the cause of less
tendency and less capability of buyers in townhouses compared to single-family houses
[68,69].


https://doi.org/10.20944/preprints202209.0341.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 22 September 2022 d0i:10.20944/preprints202209.0341.v1

The summary of the original dataset that includes the initial features is represented
in Table 1. The information is divided into features and the target variable to create a
model that can estimate the worth of homes and keep them in the variables for features
and prices, accordingly. The features mentioned above provided quantifiable data on each
data point. The BLACK variable is a representative of the proportion of blacks by town
(Bk), where the BLACK is the equivalent if 1000(Bk — 0.63)%. LSTAT is the proportion of
the population that a lower status of them is equivalent to half of the proportion of adults
without, some high school education and the proportion of male workers classified as
laborers [70]. The variable we aim to forecast is the target variable, "MEDV" which repre-
sents the median value of owner-occupied homes in $1000s.

Table 1. Full Description of the features and target variable

Features ID Description
CRIM X1 Per capita crime rate by town
ZN x2  Proportion of residential land zoned for lots larger than 25,000 sq.ft.
INDUS X3 Proportion of non-retail business acres per town.
CHAS » Charles River dummy variable geql'la'ls to 1 if tract bounds river, oth-
erwise it is 0)
NOX X5 Nitric oxides concentration parts per 10 million
RM X6 Average number of rooms per dwelling
AGE X7 Proportion of owner-occupied units built prior to 1940
DIS X8 Weighted distances to five Boston employment centers
RAD X9 Index of accessibility to radial highways
TAX X10 Full-value property-tax rate per $10,000
PTRATIO xn Pupil-teacher ratio by town
BLACK X12 Related to the proportion of blacks by town
LSTAT X13 Lower status of the population (percent).
MEDV y1 Median value of owner-occupied homes in $1000s

2.1. Multivariate Exploratory Data Analysis (EDA)

To understand the properties and characteristics of the multivariate dataset, a thor-
ough EDA is carried out in Error! Reference source not found.. The crucial stage in per-
forming EDA on data is to get the ML model to operate successfully. All of the real estate
variables' internal temporal distribution is examined using a variety of visual techniques
and numerical indexes. EDA is the process of conducting an initial inquiry into the real
estate variables to identify any hidden patterns in the variables' distribution and further
broken down into a variety of activities. They are known as the normality check, outli-
ers/extreme values identification, and descriptive statistics. Descriptive statistics provide
a brilliant way to depict the distribution of the variables' values by employing the varia-
bles' range, percentiles, inter-quartile range, number of data points, mean, and standard
deviation. Error! Reference source not found. displays complete multivariate descriptive
statistics. Histograms with density plots are used as a visual representation to show the
normality of the variables, and Pearson's coefficient of skewness (PCS) is used as a nu-
merical measure of skewness. By substituting the nearest neighbors of the data points for
missing values, numerical imputation is used to make the dataset consistent. Error! Ref-
erence source not found. illustrates the basic descriptive statics of the input features as
well as the target variable. It involves the number of data points considered to train/test
the ML models, central tendency (mean), measure of spread (standard deviation), range
of the values (minimum and maximum), and the percentiles to provide insights into the
distribution of the variable with numerical indicators.

Table 2. Descriptive Statistics of the real estate variables

Count Mean Std Minimum 25% 50% 75% Maximum
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CRIM 506 3.61 8.60 0.00 0.08 0.25 3.67 88.97
ZN 506 11.36 23.32 0.00 0.00 0.00 12.50 100.00
INDUS 506 11.13 6.86 0.46 5.19 9.69 18.10 27.74
CHAS 506 0.06 0.25 0.00 0.00 0.00 0.00 1.00
NOX 506 0.55 0.11 0.38 0.44 0.53 0.62 0.87
RM 506 6.28 0.70 3.56 5.88 6.20 6.62 8.78
AGE 506 68.57 28.14 2.90 45.02 77.50 94.07 100.00
DIS 506 3.79 2.10 1.12 2.10 3.20 5.18 12.12
RAD 506 9.54 8.70 1.00 4.00 5.00 24.00 24.00
TAX 506 408.23 168.53 187.00 279.0 330.00 666.00 711.00
PTRATIO 506 18.45 2.16 12.60 17.40 19.05 20.20 22.00
BLACK 506 356.67 91.29 0.32 375.3 391.44 396.22 396.90
LSTAT 506 12.65 7.14 1.73 6.95 11.36 16.95 37.97
MEDV 506 22.53 9.19 5.00 17.02 21.20 25.00 50.00
Error! Reference source not found.Error! Reference source not found. graphic rep-
resents the distribution of the variables and demonstrates the significant level of overall
non-normality for the top five features with the highest values and one feature with the
negative significant level of overall non-normality. When compared all the variables ex-
hibited more non-normality. The values of 5.22 (CRIM), 3.40 (CHAS), 2.22 (ZN), 1.10
(MEDV), 1.01 (DIS), 1.00 (RAD), 0.90 (LSTAT), 0.72 (NOX), 0.66 (TAX), 0.40 (RM), 0.29
(INDUS), -0.59 (AGE), -0.80 (PTRATIO), -2.89 (BLACK) are PCS, a numerical indicator of
non-normalcy/skewness, are likewise greater than the PCS values of other real estate var-
iables, indicating considerably less normality.
Distribution Plot Distribution Plot
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Figure 1. Distribution of the values of housing variables, 5.22 (CRIM), 3.40 (CHAS), 2.22 (ZN), 1.10
(MEDV), 1.01 (DIS), -0.80 (PTRATIO) using histogram

The linear relationship between two of the housing variables is shown in Error! Ref-
erence source not found.Error! Reference source not found.. Low linear coefficient val-
ues indicate a high level of overall nonlinearity among a few variables. It is discovered
that linear relationships might have either a positive or negative direction. Several factors,
including LSTAT, RM, PTRATIO, INDUS, and TAX have moderate to high linear rela-
tionships with the target variable, MEDV.
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Figure 2. Bivariate correlation coefficients among the housing variables represented by the correla-
tion heatmap.

2.2. Feature Engineering (FE)

Following a successful initial EDA analysis of the dataset, FE is performed. The ML
procedure might not provide an accurate performance that is satisfactory in the absence
of a successful FE. Iterative gradient descent cannot provide effective optimization
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without a thorough analysis of the dataset. Therefore, a thorough FE process is used to
change the variables into those that are best suited for the ML algorithms. Imputation,
data transformation, data standardization, and the division of the dataset into training,
testing, and validation sets are all used in this study's FE. Imputation is used to fill in the
null values and make the dataset consistent. Every series contained null values or obser-
vations as a result of sensor errors. The values of the nearest neighbors to the blank cell
are imputed to these dataset cells. Following a successful imputation using the variable
median values, the distribution of the variable series is examined visually and quantita-
tively to verify its normalcy. A measure of the normality of the variables is the PCS. The
neural network regression algorithms do not produce sufficient results with good optimi-
zation because the distribution of the discharge and water level variables is significantly
non-normal and heavily skewed to the left. The values of a variable are rescaled as part of
the data standardization process so that the variable has a mean of 0 and a variance of 1,
which is the same as the bell-shaped normal distribution curve (also known as Z-score
normalization). The ML recurrent neural network model employs the gradient descent
method, where the step size of the method is influenced by the feature value. In gradient
descent, smooth progress towards minima necessitates updating the steps for all feature
values at the same pace. In the gradient descent procedure, reaching the lowest requires
a standardized variable. Equation 1 displays the variable series normalization formula.
X — X
min (1)

KXnorm = X X
max min

Where X stands for the relevant variable, while the subscripts norm, max, and min
signify the normalized variable's maximum and minimum values. The range of the series
is divided by the difference between the variable of interest and the minimum of the entire
series to provide normalized data, which is then used in the ML's training and testing
phases. The full set of normalized variables is divided into two parts: a training set for
training the model and a testing set for testing and evaluating the model. Twenty (20%)
of the dataset is used for testing, and the remaining eighty (80%) is used for training. In a
nutshell, FE and EDA are crucial phases for the successful operation of the ML model.

2.3. Machine Learning Regressors

We will develop the methods and tools required for a model to make a forecast in
this project's second portion. The confidence in the forecasts is substantially increased by
being able to evaluate each model's performance accurately using these tools and meth-
odologies. To evaluate the accuracy of a particular model, performance on the training
and testing sets must be quantified. Generally, a performance metric in some form is em-
ployed for this, whether it is through the computation of an error, the goodness of fit, or
another useful measurement. We will divide the Boston housing dataset into training and
testing subsets for this part. To eliminate bias in the ordering of the dataset, the data are
frequently also shuffled into a random order when the training and testing subsets are
created. Once trained, it is useful for evaluating our model. We want to determine whether
it was correctly learned from a training split of the data. There are three possible circum-
stances. Underfitting is the term for when a model has learned poorly from the data and
is unable to predict even the results of the training set. This is brought on by a high bias.
Overfitting is when a model learns the training data so well that it memorizes it and can-
not generalize to new data. High variance is what causes overfitting. The model learned
well, was able to accurately predict results on new data, and had precisely the proper
amount of bias and variation. The model used in this study as a comparison study of the
data is represented in Error! Reference source not found..

Table 3. The machine learning regressors models

Linear Regression (LR) Extreme Gradient Boosting (XGB)
Ridge Regression (RR) Stochastic Gradient Descent (SGD)
Lasso Regression (LaR) Gaussian Process Regression (GPR)
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Support Vector Machine (SVR) AdaBoost Regression (ABR)
K-Nearest Neighbors (KNN) Histogram-based Gradient Boosting (HGBRT)
Decision Tree (DT) Voting Regressor (VR)
Random Forest (RF) Stacking Regressor (SR)

Linear regression as one of the ordinary least squares regressors fits a linear model
to all the features with the coefficient § where the coefficients are not raised to any power
and do not combine in any term to minimize the residual sum of squares between the
observed house price (y) and the predicted ones by the model [17] (Eq. 2). Ridge regres-
sion leverages L2 regularization to penalize the magnitude of the coefficients to resolve
some of the concerns with ordinary least squares [71]. Lasso regression is defined by L1
regularization and panelized terms based on the summation of the coefficient absolute
values [72]. The a controls the penalty strength represented in Equations 3 and 4 for both
regularized methods.

Y =Po+ Bixy + Baxz + 0+ Buxy (2)
Penalty term: Prg = a Y7, B’ 3)
Penalty term: P g = a i, |l 4)

Support vector machine basically considers the data points that are within the deci-
sion boundary line and the hyperplane that is capable of including a maximum number
of data points can be selected as the best-fitted line [73]. For each training point x;(i < n)
(n = total number of data points). the objective is to identify target (¥) variable that devi-
ates from observed values by a value no more than € (Eq. 5) [74,75]. K-nearest neighbors
provide the input in the k closest training sets that the predicted output is the average of
the values of KNN where the weights to the contributions of the nearest neighbors are
greater than the further sets. This approach uses an inverse distance weighted average of
the KNN by the following distance functions; Euclidean, Manhattan, and Minkowski (Eq.
6).

lyi—nl<e ®)
Euclidean distance function: /X7, (x; — y;)? (6)

A decision tree is a non-parametric supervised learning technique with an objective
to derive decision rules from the features to predict the target variable. To build a model
that predicts the value of a target variable, the objective is to comprehend simple decision
rules generated from the data features. DT learns regression by dividing the training ex-
amples in a manner that minimizes the Sum of Squared Residuals (RSS) and generates a
forecast for the output value by averaging all the cases (¥;) (Eq. 7). Random forest is a
stochastic predictor that leverages averaging to increase predicted accuracy and reduce
overfitting after fitting various DT to diverse dataset subsamples. RF takes advantage of
utilizing the bootstrapping method with a statistical resampling technique that involves
random sampling with the replacement of the data set.

RSS= ) (=) g
i=1

Extreme gradient boosting provides how to perform the gradient boosting algorithm
efficiently for regression predictive modeling. The gradient boosting algorithm minimizes
the loss gradient while maximizing the model accuracy [76]. Stochastic gradient descent
selects a few data points randomly from the entire data set for each iteration to drastically
reduce the computational effort. SGD fits a linear model by minimizing a regularized em-
pirical loss [77].

Gaussian process regression as one of the supervised learning methods is nonpara-
metric kernel-based probabilistic model that implements the Gaussian processes [78,79].
AdaBoost regression is a meta-estimator that originates by fitting one regressor on the
original dataset and fitting subsequent versions of the regressor on the same dataset with
having the weights updated in compliance with the error of the recent prediction [80,81].
Histogram-based gradient boosting is one of the ensembles of DT algorithms that resolve
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the problem of training on a large dataset. Histogram-based gradient boosting (HGBRT)
extracts the continuous input variables to a specific segment of a few hundred distinct
values to significantly expedite the training process by this input variable transformation
[82].

Voting regressor is an ensemble meta-estimator that fits several base regressors on
the entire dataset and the ultimate prediction is then created by averaging the individual
predictions from each model [83,84]. This algorithm performs well in balancing individual
regression vulnerabilities. Stacking regressor is an ensemble learning technique to com-
bine multiple regression models via a meta-regressor [85-89]. SR is capable of stacking the
output of each individual estimator and computing the final prediction by using each es-
timator's output as an input for a final estimator. Hence it enables the utilization of each
estimator's major strengths in the resultant prediction.

2.4. Hyperparameters Optimization

Hyper-parameters are not directly learned from the ML models. In scikit-learn, they
are passed as a set of arguments to the constructor of the ML models. It is highly recom-
mended to search the hyper-parameter space for the best model performance. Searching
framework involves an algorithm, a parametric space, a method for searching or sampling
the candidates of hyperparameters, and a scoring function. In this study, two approaches
to parameter search are considered e.g., the grid search cross-validation method (GSCV)
and randomized search CV (RSCV). GSCV exhaustively takes all the hyperparameter
combinations, while the RSCV samples a few hyperparameter candidates from a paramet-
ric space with a given distribution.

The relative feature importance of the predictors is studied by analyzing the permu-
tation feature importance (PFI) technique in the computational domain in Error! Refer-
ence source not found.. In PFI, the impact of shuffling the values of a feature over the
target variable, housing price is quantified to observe the response in output variables due
to the change in input variables. The score of the error matrix (R?) derived from the ob-
served and predicted values of the housing price as a result of the shuffle in the predictors
provides the score of the feature importance. In the PFI technique, ML models are run
with the values of a specific feature permuted/shuffled keeping the other features con-
stantly and the change in the RMSE values are recorded. Only the output from the ML
model i.e., housing price is used as a target variable in estimating the feature importance
of other input variables as the output from ML regressors are already used as an input
variable in the ML model.

¥, € Observed ¥ € Predicted

) Al roughness roughness
i=1 1=2 =3 Hi=m & coefficient coefficient
i=1 i=1 i=1 i=1 i=1 ~Al=1
X1 X2 X3 Xm Y1 V1
i=2 i=2 i=2 i=2 i=2 ~i=2
X X X X.
4 Z & m Random Shuffle Y1 Y1

y . :

i=n i=n i=n i=n ~i=n
% 2% Xm Y1 Y1

R2 = A score of the model response to the change in the
feature values which is defined as the feature importance

Figure 3. Permutation feature importance

2.5. Error Analysis


https://doi.org/10.20944/preprints202209.0341.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 22 September 2022 d0i:10.20944/preprints202209.0341.v1

Several evaluation measures are outlined in the ML literature for various approaches
to compare the accuracy of predictions made using regressors. The estimates' error is a
measure of the discrepancy between the measured values and predicted values for the
data points, as measured by various methods. In this research, various settings for model
accuracy and reliability were employed. One error metric cannot accurately capture the
value of the housing price predictions among various regressions. Essence, correlation
coefficient (r), RMSE, and mean absolute error (MAE) were the top three approaches used
to examine the derive regressors’ prediction conclusions and evaluate the model accura-
cies. "Norms" refer to the numerous multi-dimensional error measure designs. The norm
normalizations create a relative metric with no dimensions and reduce the error measure-
ments’ dependency on the data frame's dimensions.

A common error metric for the model's accuracy and its competency to the values of
the data points is the coefficient of determination (R?) which is derived from the correla-
tion coefficient. A model is a better fit for the data by having a greater R? value. The cor-
relation coefficient is the square root of the coefficient of determination calculated by
Equation 8.

_ Zﬁvzl(Qi(com) - Q(com))(Qi(obs) - Q(obs)) (8)
\/[Z?]:1(Qi(com) - Q(com))z] [Z?]:1(Qi(obs) - Q(obs))z]

r

Where Q;(om) is the median value of owner-occupied home computed, and Q;(ops)is
the MEDYV observed, for the it data point. Q(Com) and Q(Obs) are the average calculated and
observed values of MEDV, respectively. Furthermore, the total number of observations
represented by N, is equal to 506 for this study. Between observed and computed values,
the R? scale ranges from 0 to 1, with 0 indicating a lack of association and 1 denoting per-
fect correlation.

The RMSE is one of the most used evaluation statistics, which is more vulnerable to
significant abnormalities due to the exponential multiplication of major errors by the
squared term. RMSE is the average of the errors' absolute values, normalized by the total
number of data points, and typically the lowest RMSE score correlates with the highest
predicted accuracy (Eq. 9).

- )
1 2
RMSE = NZ'Qi(obs) - Qi(com)l

i=1

MAE is the average absolute error between actual and expected values that assists
the understanding of model performance over the entire dataset by discarding the nega-
tive differences as all the differences have equal weight. This made the MAE a better in-
terpretable error metric as it utilizes the same predicting variable scale (Eq. 10).
|(Qi(obs) - Qi(com))| (10)

MAE =
N

3. Results

3.1. Predicted and Observed Data

The ML models are deployed to forecast the median house price for testing after a
successful training using the obtained median house price data. The best ML-based re-
gression performance is visually represented in Error! Reference source not found. by a
scatterplot that compares predicted median house price values to observed median house
price values. The chosen hyperparameters are used to run the best ML model, RF regres-
sor (number of trees = 100, minimum number of samples needed to divide an internal
node = 10, minimum number of samples needed to be at a leaf node = 1). The maximum
tree depth is 50, the number of features to be considered while determining the appropri-
ate split is "sqrt,” Whether bootstrap samples are used while creating trees is set to True,
and the randomness of bootstrapping samples after optimization is set to 0. The chosen
hyperparameters for MLP are the size of the hidden layers (100, 50), the activation
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function (ReLU, Sigmoid), the solver (Adam), the alpha (0.0001), and the learning rate
(constant). The R? values for the top models are 0.88, 0.87, 0.86 and 0.84 respectively (Error!
Reference source not found.). In Error! Reference source not found., the fitted regression
line's (black dotted lines) statistical distance from the expected median house price values
is measured statistically by R2 where the values of observed and expected median house
prices are the same.
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Figure 4. Scatterplots of the observed and predicted median house price from the ML models.
4. Discussion

4.1. Model Evaluation and Improvement

Results of a comparative analysis of the model's efficiency employing all the fourteen
regressors are tabulated in Error! Reference source not found.. R? values range from
%0.66 to %0.88 whereas the RMSE ranges from 2.93 to 4.92, for the highest and lowest R?,
respectively. Furthermore, the resultant ranges for MAE consist of the range 2.06 to 2.45.
With an R? of 0.88, the RD method surpasses all the other thirteen models in forecasting
the Boston housing prices depending on the dataset used for this study. VR ranked as the
second fitted model based on accuracy scores of 0.87, while the RMSE increases by %3.07
and MAE remains the same compared to RF. On the other hand, HGBRT obtained the
third-ranked score of 0.86 with %2.27 decrease in R2 and %8.53, %4.37 increase in the
RMSE and MAE compared to the RF, respectively. RF regressor is run with the selected
hyperparameters (number of trees equals to 100, the minimum number of samples re-
quired to split an internal node equals to 10, the minimum number of samples required
to be at a leaf node equals to 1, number of features to consider when looking for the best
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split equals to 'sqrt’, maximum depth of the tree equals to 50, Whether bootstrap samples
are used when building trees equals to “True”, the randomness of the bootstrapping of
the samples equals to 0) after optimization. With an R? score of 0.698, the tuned RF method
surpasses VR, HGBRT, and DT in forecasting median house price, while their respective
scores are 0.87, 0.86, and 0.84. The models' RMSE and MAE scores also demonstrated sat-
isfactory performance.

Table 4. Performance comparison of ML regressors

Model R? RMSE MAE
Random Forest (RF) 0.88 2.93 2.06
Voting Regressor (VR) 0.87 3.02 2.06
Histogram-based Gradient Boostin
& (HGBRT) & 086 3.18 2.15
Decision Tree (DT) 0.84 3.37 2.53
Ada-Boost Regression (ABR) 0.82 3.6 2.45
XGBoost (XGB) 0.79 3.83 2.52
Linear Regression (LR) 0.66 4.92 3.18
Ridge Regression (RR) 0.66 4.93 3.14
Gaussian Process Regression (GPR) 0.66 4.93 3.13
Lasso Regression (LaR) 0.65 5.01 3.14
K-Nearest Neighbors (KNN) 0.64 5.08 3.66
Stochastic Gradient Descent (SGD) 0.64 5.08 3.66
Support Vector Machine (SVR) 0.59 5.42 3.14
Stacking Regressor (SR) 0.59 5.44 3.9

4.2. Feature Importance

Based on the change in the R? value as a numerical indicator, the PFI technique is
used to assess the influence of the features on the ML-based regression. According to PFI
analysis, compared to the other characteristics, LSTAT (lower status of the population)
has the most significant in predicting median house prices. To demonstrate the strong
reaction of median house price predicted from the ML-based regression model due to the
change in the predictors, the significance scores are displayed in Error! Reference source
not found.. RM (Average number of rooms per dwelling), NOX (Nitric oxides concentra-
tion), INDUS (Proportion of non-retail business acres per town), PTRATIO (Pupil-teacher
ratio by town) and DIS (Weighted distances to five Boston employment centers are the
top five most significant features.
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Figure 5. Rank of influencing factors according to their Feature Importance.

5. Conclusions

Data-informed ML approaches provide a path to circumvent the complexities of real
estate influencing factors and the computational burden of traditional predictive models.
In addition, estimating housing price with model calibration is highly expensive and in-
efficient computationally at a large scale. A novel ML-based predictive framework is de-
veloped to predict housing price in the Boston area in this study. Several features are re-
trieved and combined from an open-source database. A set of supervised regressors e.g.,
RF, HGBRT, VR, etc. showed satisfactory performance. Additionally, the feature im-
portance task employed in this study indicates the influencing factors for housing price in
chronological order However, data scarcity may result in poor model performance in sev-
eral regions. By introducing more parameters with greater resolutions, the models' per-
formance can be improved.. Model validation with previously calibrated predictive mod-
els at the study locations may enhance the model's applicability and robustness. Further,
other ML/DL regressors such as Bayesian regression Multi-layer Perceptron can be ex-
plored for higher model performance. The proposed framework illustrates a promising
ground and potential to deploy the predicted house price to aid the decision-makers in
financial sectors.
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