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Classical regression serves two primary purposes: evaluating the structure and
strength of the relationship between variables. However, while classical
regression provides only a point estimate and confidence interval, Bayesian
regression offers a comprehensive range of inferential solutions. This study
demonstrates the suitability of the Bayesian approach for regression tasks and its
advantage in incorporating additional a priori information, which can strengthen
research. To illustrate, we utilized data from the Indian Housing dataset provided
by the Kaggle Repository. We found that prior distributions produce analytical,
closed-form conclusions, eliminating the need for numerical techniques like

Bayesian inference Markov Chain Monte Carlo (MCMC). Furthermore, this study provides software
Model implementations, along with formulas for the posterior outcomes that are
Housing Price explained and presented clearly. In the third step, Bayesian tools were employed
to evaluate the assumptions that underlie the proposed approach. Specifically, the
essential processes of Bayesian inference - prior elicitation, posterior calculation,
and robustness to prior uncertainty and model sufficiency - were assessed.
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1. Introduction

The goal of science is to comprehend phenomena and systems to predict and control their
advancement. Models, which are advanced mathematical or algorithmically representations in the
language of quantitative sciences, play a vital role in the scientific process of knowledge elaboration
found in a wide range of industrial applications such as energy [1,2,3], finance [4,5,6,7,8].

Renting and purchasing houses are becoming more popular as cities become more crowded. As

a result, predicting and modeling house prices is a crucial subject in a way for determining a more
robust method of calculating house prices [9,10]. Furthermore, this is going to help both sellers and
buyers find the best price for their homes [11], strengthening the economy during a recent global
recession. This result, which accurately reflects market price become a hot topic in the real estate sector.
This study aims to shed some light on Bayesian linear regression used to model house prices. One
advantage of using a Bayesian model for predicting housing prices is that it allows for the incorporation
of prior knowledge or belief about model parameters. This can be especially useful in situations where
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there is limited data available or the data is noisy. Secondly, Bayesian models also allow for the
incorporation of regularization techniques, such as shrinkage priors, which can help to reduce
overfitting and improve the generalization performance of the model. In addition, Bayesian models can
naturally handle missing data, by using appropriate probability models to represent the missing data
process.

The advice is organized around the steps of a Bayesian approach. Section 1 outlines the
background and purpose. Section 2 describes the literature review while section 3 describes the
elicitation of the dataset and method used in this study such as a prior distribution and the estimated
posterior distribution. The distributions of the regression parameters, the regression function, and the
model, as well as their estimates and uncertainties, are given and explained in Section 4. Lastly, section
5 summarizes the findings and discussion in a way to generalize the findings and application.

2. Literature Review

Real estate market data serves as a treasure trove of invaluable insights for both home buyers and sellers,
and contemporary data analytics methodologies, such as machine learning techniques, have emerged
as indispensable tools for extracting practical knowledge from this wealth of information [9,10,11,12].
For instance,[9] conducted an insightful analysis of historical Australian real estate transactions,
uncovering significant price disparities between homes in Melbourne's most expensive and least
expensive suburbs. Their study demonstrated the competitive strength of the Stepwise and Support
Vector Machine combo, which was assessed based on mean squared error. Similarly, in China, Yu et al.
(2018[10]) harnessed the power of deep learning-based prediction models, attaining enhanced accuracy
in predicting current real estate data. This innovative approach enabled them to discern and assess the
intricate effects of diverse factors on housing prices. Meanwhile, [11] delved into the subject of house
price analysis through an array of machine learning algorithms, encompassing simple linear regression
(SLR), multiple linear regression (MLR), and neural networks (NN).

Amidst the array of methodologies available in modern data science, Bayesian regression
methods shine as a beacon of intellectual and methodological prowess, proffering a novel perspective
on uncertainty quantification [13,14,15]. Unlike traditional point estimators, Bayesian approaches
empower analysts by yielding an entire distribution over regression parameters, thereby embracing the
full spectrum of model possibilities [16,17,18,19,20,21]. The crux of Bayesian epistemology lies in its
capacity to accommodate prior knowledge or beliefs about model parameters, enabling a seamless
integration of existing domain expertise into the modeling process. Moreover, the Bayesian paradigm
gracefully handles challenges of regularization and missing data, ensuring that the analytical endeavor
remains robust and resilient, even in the face of incomplete information [16,17,18,12].

By virtue of this remarkable fusion of philosophical depth and analytical rigor, Bayesian linear
regression emerges as a potent forecasting tool, meriting consideration over alternative machine
learning techniques like simple or multiple linear regression, as well as neural networks, in certain
contexts [16,17,18,12]. The ability to quantify uncertainty through Bayesian methods significantly
enhances the model's predictive capacity, as it enables the explicit representation of what the model has
learned from the available data, providing a comprehensive understanding of the inherent variability
in the predictions [19,20,12].

Adopting Bayesian linear regression as a key analytical tool should not be perceived as an
antagonistic stance against frequentist approaches; rather, it should be regarded as a harmonious
synergy, broadening the data scientist's toolkit and fostering a nuanced appreciation for the context-
specific merits of each approach [16,17,18,12]. Embracing both Bayesian and frequentist methodologies
equips data scientists with a comprehensive set of analytical instruments, enabling them to discern the
most suitable tool for a given task, thereby enhancing analytical productivity and fostering a deeper
understanding of the data-driven phenomena they seek to explore. In this spirit of inclusivity, the
overarching goal of data science is to embody methodological versatility and adaptability, transcending
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dogmatic adherence to one paradigm and embracing the art of informed selection to empower robust
and contextually apt analytical modeling [12].

3. Methods

3.1 Data Collection

This study used Indian Housing provided by the Kaggle repository which can be found at
https://www.kaggle.com/datasets/aryanfelix/bangalore-housing-prices. Each of the 1,183 entries
provides aggregate information about 5 numerical characteristics of residences from different Bangalore
areas while the rest are categorical and attributed data, which was uploaded in 2022.

Table 1 Descriptive statistics
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Figure 1. Correlation analysis using R code in the given housing dataset
Source: Author

Table 1 found that the correlation analysis in the property data examined the relationship
between the variables balcony, bath, total square feet, and property price. The analysis utilized a half-
diagonal correlation heatmap to display the strength of the correlations. Based on the heatmap, it can
be observed that the total square feet of property area and its property price have moderate positive
correlations with each other, with a correlation coefficient of 0.56. Similarly, bath and price have a
moderate positive correlation of 0.5, while the correlation between balcony and property price is slightly
weaker at 0.17.

The "total square feet" variable ranges from 11 to 35,000, with a mean value of 1547. The number
of bathrooms ranges from 1 to 9, with a mean value of 2.62. The number of balconies ranges from 0 to
3, with a mean value of 1.59. The price of the properties ranges from 11 lakhs to 2200 lakhs, with a mean
value of 104 lakhs. The first quartile for total square feet is 1097, meaning 25% of the properties have a
total square feet value below this number. The median value is 1278, indicating that 50% of the
properties have a total square feet value below this number. The third quartile is 1634, meaning that
75% of the properties have a total square feet value below this number.

In terms of bathrooms, the first quartile is 2, the median is 2, and the third quartile is 3. This
indicates that 25% of the properties have two or fewer bathrooms, 50% have two or fewer bathrooms,
and 75% have three or fewer bathrooms. The first quartile for balconies is 1, the median is 2, and the
third quartile is 2. This means that 25% of the properties have one or fewer balconies, 50% have two or
fewer balconies, and 75% have two or fewer balconies. Finally, the first quartile for the price is 49.3
lakhs, the median is 70 lakhs, and the third quartile is 110.5 lakhs. This means that 25% of the properties
are priced below 49.3 lakhs, 50% are priced below 70 lakhs, and 75% are priced below 110.5 lakhs.

According to the description and correlation, total square feet will be more important in
predicting the price of the property, so this study focuses on the highest connection between house
features and their estimated price following the Bayesian approach.
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Figure 1 found that the data set contains missing values in approximately 1.2% of the
observations. Despite the result found the plausible correlated missing patterns between the balcony
and bath, but the proportion of missing data is relatively small, so dropping these observations is a
viable option. The MCAR (Missing Completely at Random) test can be used to check if the missingness
is random or not. If the test indicates that the missing values are completely random, then dropping
them is reasonable. However, if the missing values are not MCAR, then dropping them can introduce
bias and affect the validity of the analysis.

In addition to the MCAR test, it's important to consider the reason for the missing data. If the
missing data is due to data entry errors or other types of random errors, then the MCAR assumption is
likely to hold. However, if the missing data is due to systematic reasons, such as non-response bias,
dropping the missing values may introduce bias and affect the validity of the analysis.

Therefore, before deciding whether to drop the missing values, it's important to investigate the
reason for the missing data and perform the MCAR test. If the MCAR test supports the assumption of
random missingness and the reason for missing data is not systematic, then dropping the missing values
can be a reasonable option.

3.2 Bayesian Linear Regression

Linear regression, a venerable statistical approach, assumes a pivotal role in modeling the intricate
relationship between a dependent variable and one or more independent variables. At its core lies the
elegant utilization of Bayes' theorem, serving as a fundamental principle that guides the updating of
our beliefs regarding model parameters in light of the data we observe [22]. Endowed with this Bayesian
foundation, linear regression has proliferated across diverse fields, manifesting its prowess in
prediction, estimation, and inference tasks.

Notably, the domain of finance has stood witness to the transformative impact of Bayesian
linear regression, engendering a multitude of innovative applications. Within this realm, financial data
about stock prices, exchange rates, and interest rates have all succumbed to the analytical prowess of
Bayesian linear regression, bestowing upon analysts a formidable toolset for exploring and
understanding the intricate dynamics of the financial landscape (Chen & Dunson, 2013). Through this
approach, financial analysts can obtain not only point estimates but also a full distribution of model
parameters, unraveling invaluable insights into the uncertainty that shrouds financial phenomena, thus
enhancing the depth of analysis and fostering more informed decision-making.

Moreover, the domain of engineering has also embraced the formidable potential of Bayesian

linear regression, unraveling novel avenues for addressing complex problems. In the field of
engineering, this methodology has found application in diverse realms, ranging from predicting surface
roughness with remarkable precision (Chen & Xu, 2012) to forecasting short-term travel speed, a critical
aspect of contemporary transportation planning and management.
This section outlines linear regression using probability distributions rather than point estimates in light
of a Bayesian perspective. The response, y, is assumed to be drawn from a probability distribution rather
than being estimated as a single value. The Bayesian Linear Regression model with a response sampled
from a normal distribution is illustrated by Equation 1:

y ~ N(B'X, o?I) @™

A notable symbol of y is defined as an output of a normal (Gaussian) distribution with a mean and
variance. For linear regression, the mean is calculated by multiplying the weight matrix by the predictor
matrix. The variance is equal to the standard deviation squared (multiplied by the Identity matrix
because this is a multi-dimensional formulation of the model).
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Figure 2. Distribution and Correlation, the prior and posterior probability distribution
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Figure 2 described the outcomes of 1000 MCMC steps, which means that 10,000 steps were taken from
the posterior distribution. Based on the findings, it appears that a Bayesian regression model was
applied to estimate the parameters beta0, betal, and sigma throughout 4 chains. The findings are useful
to check for model convergence. The results of the Bayesian regression model indicate that the

parameters beta0, betal, and sigma were estimated using 10,000 steps from the posterior distribution of
1000 MCMC steps.

Additionally, Figure 2 shows the convergence of the model by displaying the outcomes of the
MCMC steps. The convergence of the model is indicated by the stability of the estimated parameters
throughout the 4 chains. Furthermore, the Bayesian regression model allows for the incorporation of
prior information in the estimation process. This prior information can help improve the accuracy of the
parameter estimates and provide a better understanding of the relationship between the variables in the
property data.

The goal of Bayesian Linear Regression is not to find a single "best" value for the model
parameters but rather to determine the posterior distribution for the model parameters. Not only is the
response generated from a probability distribution, but again the model parameters are also assumed
to be generated from a distribution. The posterior probability of the model parameters is completely
reliant on the training inputs and outputs:

PRIy, X) = P(y|B,X) x P(BIX) @)

P(yIX)

3.3 Posterior Probability Distribution

Given the inputs and outputs, P(ly, X) represents the posterior probability distribution of the model
parameters. This is equal to the prior probability of the parameters multiplied by the likelihood of the
data, P(y!, X), and divided by a normalization constant. This is a straightforward formulation of the
Bayes Theorem, which serves as the cornerstone of Bayesian inference. As opposed to OLS, our model's
parameters have a posterior distribution that is proportional to the likelihood of the data times the prior
probability of the parameters.

Within the purview of priors, Bayesian statistics offers a remarkable avenue to seamlessly
incorporate domain knowledge or informed estimates concerning the model parameters, distinguishing
itself from the traditional frequentist approach that solely relies on information extracted from the
observed data. This pivotal aspect of Bayesian methodology empowers analysts with the flexibility to
enrich their models with relevant prior information, thereby ushering in a profound synthesis of expert
insights and empirical evidence.

In contrast to the frequentist paradigm, which remains agnostic to external knowledge,
Bayesian practitioners can leverage non-informative priors to bolster their analyses in cases where prior
estimates are absent. Notably, the normal distribution often assumes the mantle of choice for such
scenarios, providing a versatile and widely employed non-informative prior that accords the model
with the necessary flexibility to explore a range of potential parameter values.

This capacity to imbue models with informed prior beliefs constitutes a formidable advantage
of Bayesian statistics, lending an interpretive depth and contextual richness that transcends the confines
of raw data. By judiciously integrating domain knowledge and informed estimates, analysts can bestow
upon their models a more nuanced understanding of the underlying phenomena, thus engendering a
profound shift in the modeling paradigm, where the data-driven inferences harmoniously intermingle
with expert judgment. In this manner, Bayesian statistics amplifies the analytical acumen, liberating
analysts from the rigid confines of purely data-centric approaches, and unlocking the true potential of
the interplay between human expertise and empirical observation.
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4. Results

4.1. Testing and Result Validation

These are the outcomes of 1,000 MCMC steps, which means that 1,000 steps were taken from the
posterior distribution by the method. Table 2 and Table 3 show the testing and result validation using
1,000 and 10,000 data points, respectively.

Table 2. Testing and result validation using 1,000 datapoints
MEAN SD NAIVESE TIME SER.SE 250% 25%  50%  75% 97.50%

I?o‘ -1.856 0.8733 0.0138 0.0413 -2974 -2562 -2.084 -1.377 -0.283

Bl‘ 0.061 0.0016 0.00246 0.0437 0.058 0.059 0.061 0.062 0.064

o ‘ 111.292 2.5076 0.00396 0.174 10650 109.50 111.26 113.10 116.02
In Table 2, when using 1,000 data points, the mean value of

Bo is -1.856 with a standard deviation of 0.8733. The naive standard error is 0.0138, and the time series
standard error is 0.0413. The 2.50% quantile is -2.974, the 25% quantile is -2.562, the 50% quantile is -
2.084, the 75% quantile is -1.377, and the 97.50% quantile is -0.283. For 1, the mean value is 0.061 with
a standard deviation of 0.0016. The naive standard error is 0.00246, and the time series standard error is
0.0437. The 2.50% quantile is 0.058, the 25% quantile is 0.059, the 50% quantile is 0.061, the 75% quantile
is 0.062, and the 97.50% quantile is 0.064. Finally, the mean value of o is 111.292 with a standard
deviation of 2.5076. The naive standard error is 0.00396, and the time series standard error is 0.174. The
2.50% quantile is 106.50, the 25% quantile is 109.50, the 50% quantile is 111.26, the 75% quantile is 113.10,
and the 97.50% quantile is 116.02.

Table 3. Testing and result validation using 10,000 datapoints
MEAN SD NAIVESE TIME SER.SE 2.50% 25% 50% 75% 97.50%

Bo ‘ 22.0485 4.0398 0.00202 0.6508 1394 1924 2211 25.09 29.32
B1 ‘ 0.0526 0.0021 0.00105 0.00138 0.049 0.051 0.052  0.054 0.057
o ‘ 110.0925 2.2725 0.00114 0.01305 105.75 108.54 110.05 111.60 114.65

In Table 3, when using 10,000 data points, the mean value of o is 22.0485 with a standard deviation of
4.0398. The naive standard error is 0.00202, and the time series standard error is 0.6508. The 2.50%
quantile is 13.94, the 25% quantile is 19.24, the 50% quantile is 22.11, the 75% quantile is 25.09, and the
97.50% quantile is 29.32. For 81, the mean value is 0.0526 with a standard deviation of 0.0021. The naive
standard error is 0.00105, and the time series standard error is 0.00138. The 2.50% quantile is 0.049, the
25% quantile is 0.051, the 50% quantile is 0.052, the 75% quantile is 0.054, and the 97.50% quantile is
0.057. Finally, the mean value of o is 110.0925 with a standard deviation of 2.2725. The naive standard
error is 0.00114, and the time series standard error is 0.01305. The 2.50% quantile is 105.75, the 25%
quantile is 108.54, the 50% quantile is 110.05, the 75% quantile is 111.60, and the 97.50% quantile is
114.65.

To inspect the effect of the number of data points in the Bayesian model, the author used two attempts
using a different number of data points. In the first attempt with 1,000 data points, the resulting fit is
shown in Figure 3. The posterior distributions of the model parameters are approximated, and a range
of lines representing different estimates of the model parameters are displayed. These lines overlap to
a larger extent, indicating higher uncertainty in the model parameters due to the lower number of data
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points. In the second attempt with 10,000 data points, the resulting fit is shown in Figure 4. The posterior
distributions of the model parameters are again approximated, but this time the lines representing
different estimates of the model parameters have less overlap. This suggests that with a larger number
of data points, the model parameters become less uncertain and the resulting fit becomes more accurate.
The effect of the number of data points on the model is evident in the overlapping lines. The use of
Bayesian regression modeling is particularly advantageous when dealing with small samples,
unbalanced group sizes, and a decreasing number of data points over time.
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Figure 4. Bayesian Regression of property price and total square feet on the second attempt (10,000
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Based on the findings presented in Figure 3 and Figure 4, it can be inferred that when the number of
data points is smaller, it leads to more significant adjustments and greater uncertainty in the model.
This implies that the Bayesian Linear Model produces a distribution of potential model parameters for
a single data point rather than a single result. The Bayesian Linear Regression approach produces a
posterior distribution of possible model parameters based on the data and prior information. With fewer

data points, the posterior distribution will be more dispersed, allowing us to quantify our level of
uncertainty about the model.
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5. Conclusions

It is more beneficial to learn both approaches than to take a stance in the ongoing debate between Bayes
and Frequentist, rather than taking sides in the escalating debate between the two. The debate between
the frequentist and Bayesian schools of inference can be found in various articles and studies on
probability theory, hypothesis testing, and statistical inference. Both paradigms have their strengths and
weaknesses, which have led to ongoing discussions and debates within the scientific community. The
Bayesian approach is characterized by incorporating prior knowledge and incorporating uncertainty in
the model. This allows for a more flexible and nuanced analysis, particularly in situations where limited
data or prior information is available.

On the other hand, frequentists argue that inference should be based solely on observed data
and aim to make objective conclusions based on the data at hand. They emphasize the importance of
avoiding subjectivity and bias in statistical analysis. The frequentist approach is often associated with
hypothesis testing and p-values, while the Bayesian approach is known for its use of Bayes' theorem
and the incorporation of prior knowledge through prior distributions.

This debate between the two schools of inference has been ongoing for over a century and
continues to generate discussions among statisticians and researchers in various scientific fields. One
prominent viewpoint is that the Bayesian and frequentist approaches offer complementary views and
can be cooperative on a practical level. Rather than taking sides in the ongoing debate between Bayes
and Frequentist, it is more beneficial to understand and utilize both approaches in the appropriate
context, taking into account their validity, context, and transferability.
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