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Understanding the Impact of Multimodal Models on
Airbnb Pricing: Evaluating Explainability and
Integration

Aditya Pandey
x23275286

Abstract

The sharing economy relies on dynamic pricing. This approach allows Airbnb
hosts to maximize revenue and occupancy rates with regard to various factors in
the market. This research introduces a multimodal framework for Airbnb price pre-
diction, integrating tabular property data with guest review text. Based on a list-
ings/reviews data set of 6481/293744 rows, the framework consists of an ensemble
of tree-based models (RandomForest, GradientBoosting, and ExtraTrees) as well
as DistilBERT embeddings of the reviews and a RandomForest meta-learner that
combines these results. Extensive feature engineering with derived metrics such
as price-per-person and neighborhood popularity, as well as effective preprocessing
(standard scaling, power transformations, and one-hot encoding), gives a repres-
entation of all data. SHAP-based explainability highlights key pricing factors, such
as location and amenities, offering actionable insights for hosts. The multimodal
model achieves an R? of 0.8641 and MAE of €0.15 (log-price units, €23.42), im-
proving by 0.66% in R? and 6.25% in MAE over the tabular baseline model (R2:
0.8575, MAE: €0.16 log-price units, €25.87), respectively, through 8-fold cross-
validation training. This paper presents a contribution in data analytics because
it shows the effectiveness of multimodal combination and explainable Al in pricing
analysis.

1 Introduction

The sharing economy has been transforming the field of hospitality and the existence
of sharing platforms such as Airbnb allows people to provide short-term rentals to an
international audience. Another crucial issue in this ecosystem is pricing where hosts have
to determine proper rates so as to make the most profit and make their guests happy with
them as well. Recent advances in data analytics use machine learning to predict Airbnb
prices based on structured property and location data. However, these models often
exclude unstructured data, such as guest reviews, which contain valuable sentiment and
experience insights. In addition, most predictive models especially deep learning methods
are not transparent, which leaves the host with little knowledge of the factors that lead
to price estimates. Multimodal machine learning that combines multiple types of data
such as tabular and textual data has become one of the promising methods of improving
predictive precision. Explainable AI methods also handle the demand of interpretable
models, giving information on pricing factors. The paper dwells upon the possibilities



of a multimodal framework to enhance Airbnb pricing analytics by the mixture of the
predictive capabilities with the explainability to guide a host in a rival marketplace.
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Figure 1: High Level Architecture of the ExplainableMultimodalRegressor Framework

1.1 Motivation

The difficulty and dynamism of the market of the platform requires the study of Airbnb
pricing analytics. Competition among hosts is intense, necessitating data-driven strategies
to set prices that balance profitability and occupancy. Conventional pricing formulations,
based on structured data only, do not take into consideration perceptions of guests as
reflected in reviews, thus may lead to faulty prediction. Also, complex models function
as a black box. They are not applicable by hosts who require easy-to-read and inter-
pretable information, which can be operationalized in changing pricing variables such
as facilities or location attributes. A multimodal approach, combining tabular and text
data, enhances predictive accuracy. Moreover, explainable Al techniques will give the
hosts the ability to make informed decisions by showing how significant these factors are
relative to each other. By filling these blind spots, the proposed research stands to create
a powerful, interpretable mechanism of price optimization, which will benefit the hosts
and data analytics in the sharing economy.

1.2 Variables and Factors Affecting Airbnb Pricing

Airbnb prices depend on a variety of quantitative and qualitative aspects. Quantitative
variables would involve the property information like number of bedrooms, number of
bathrooms and number of guests the property will host and property location measures
like distances to the city centre and attributes of the neighborhood. The qualitative
factors are mainly based on reviews by the guests where reviews are either sentiment,
satisfaction, or perceived value. These reviews can give an insight to the aspects that
cannot be touched like the responsiveness of the host or the cleanliness of the property,
which may influence pricing. This study centers on the combination of such variables with
the help of feature engineering, deriving such additional measures as price per person and
review velocity to be used as a combination of their influence on nightly prices.

1.3 Research Question and Objectives

The research question of the proposed study is the following: How can multimodal ma-
chine learning models, combining tabular property data with guest review text, predict



Airbnb prices, and what insights do explainable Al techniques provide about price drivers?
The following specific sets of research objectives were developed:

1. Investigate the state of the art broadly around Airbnb pricing analytics, multimodal
machine learning, and explainable Al to identify gaps in predictive accuracy and
interpretability.

2. Design a multimodal framework, the ExplainableMultimodalRegressor, combin-
ing tree-based ensembles for tabular data with transformer-based text encoding for
guest reviews.

3. Evaluate the framework’s performance using R? and mean absolute error (MAE).
Compare it to a tabular model and analyze pricing drivers using SHAP.

1.4 Contribution

This work’s key contribution is a scalable and explainable multimodal approach to Airbnb
price prediction, integrating tabular data on properties and text from guest reviews. The
ExplainableMultimodalRegressor demonstrates an R? of 0.8641 and MAE of €0.15
(log-price units, €23.42). which outperforms tabular-only models. Extensive feature
engineering, including over 30 derived metrics like distance from city center, improves R?
by 0.66% (from 0.8575 to 0.8641) and reduces MAE by 6.25% (from €0.16 to €0.15 log-
price units, €25.87 to €23.42). Such a framework does not only develop data analytics in
Airbnb but also creates a flow that could be applied to other sharing economy platforms,
which fulfil the gap between predictive power and practical utility.

1.5 Structure of Paper

This thesis is organized as follows:

1. Section [2| reviews related work about Airbnb pricing, multimodal machine learning,
and explainable Al

2. Section [3| outlines the methodology. It gives details on data collection, prepro-
cessing, model development.

3. Section[d]presents the design specification of the ExplainableMultimodalRegressor.
4. Section |p| discusses the implementation, including the data analytics pipeline.

5. Section [0] analyzes experimental results. In this section multi-modal and tabular-
only models are compared.

6. Section[7|concludes the thesis by summarizing contributions, addressing limitations,
and proposing future work.

2 Related Work

This literature review summarizes the information on the topics of predictive modeling
regarding Airbnb pricing, multimodal data fusion, explainable AT (XAI) methods, and
related fields based on peer-reviewed research.



Table 1: Summary of Related Work on Airbnb Pricing and Multimodal Approaches

Author(s) & Year

Methodology

Key Findings

Limitations/Gaps

Akalin and Alptekin
(2024)

This paper uses XG-
Boost + Linear Re-
gression models to an
InsideAirbnb dataset
for Istanbul.

Inclusion of location-
based data increased
model accuracy by
R? ~0.22

It does not capture
price changes over
time and specific to
Istanbul

kBaltruéaitis et al.
(2018)

This paper surveys
the field of mul-
timodal machine
learning. It proposes
a novel taxonomy
around five core
technical challenges
around multimodal
ML technique

It introduces a tax-
onomy classifying
multimodal research
in five challenges
Representation,
Translation, Align-
ment, Fusion, and
Co-learning.

The primary draw-
back of the paper

is that it was pub-
lished in 2018, which
is earlier than trans-
former models came.

kBennetot et al.
(2024)

It provides practical
tutorial on com-
mon Explainable Al
(XAI) techniques.

Main contribution
is a practical guide
for applying XAI
methods like SHAP,
DiCE, Grad-CAM,
and LRP.

Tutorials are demon-
strated on simple
datasets that may
not capture the com-
plexity of real-world
applications.

Brunstein et al.
(2025)

It uses two stage ma-
chine learning ap-
proach on Corsica
data. Random forest
+ causal forest

1% increase in
Airbnb listings leads
to an average house
price increase of
0.21%

pre-COVID data and
limit the generaliz-
ability and no use of
explainable Al

lCamatti et al.7(2024)

compares traditional
(Linear Regression,
GLM) and AI mod-
els (Random Forest,
Neural Networks) on
a 2019 dataset of the
Netherland.

Random forest out-
performs other mod-
els with R? ~ 0.76 in-
comparison to linear
model with R? ~ 0.64

Focusing on only the
Netherlands limits
timeliness and gen-
eralizability. Dataset
used is pre-covid, and
It lacks the use of
XAL

Di Persio and Lalmi
(2024)

this paper uses com-
bination of regression
model(XGBoost +
Neural Networks +
SVR). it combines
NLP technique like
TF-IDF

Neural Network gives
best results R? ~
0.81

NLP analysis was
also constrained

by computational
resources, using a
limited subset of re-
views.

|Gibbs et al] (2018)

Hedonic pricing
model using OLS
regression to 15,716
Airbnb listings

Room type (privacy)
and size being the
strongest drivers of
pricing

Simple hedonic
model on outdated
2016 data creates a
significant gap. My
research addresses
this by using an
advanced ensemble
model on 2024 data.




2.1 Predictive Modeling Approaches

Airbnb pricing research is on a hedonic basis and measures the tangible characteristics of
properties to calculate value, the precursor to more sophisticated models that fit research
question because of its tabular information as a bedrock of the predictions. |Gibbs et al.
(2018) was the first paper to apply a hedonic model across multiple cities showing amen-
ities and location are the main drivers with approximately 0.60 R?, but its linear model
failed to capture the nonlinearity of markets. This limitation underscores the need for
nonlinear approaches, such as the ensemble methods in this study, which better handle
market complexities like post-COVID shifts in Dublin. This approach was extended to 33
cities by Wang and Nicolau| (2017) who found similar predictors able to work effectively
anywhere, although showing variability at the urban level, which demonstrates the ne-
cessity of flexible models in different environments, such as Dublin. These are precursors
that form a necessary foundation on the usage of structured data in model. However,
they lack the dynamic aspects of guests sentiment, making it necessary to achieve the
multimodal integration that is the key to handling the changes in the market after 2024.

Moving on to ensemble approaches, researchers have addressed the challenge of non-
linearity and complexity to harness more power in their predictions and it presents a
direct equivalent of the tabular ensemble in model but opens the door to text augmenta-
tion to increase the relevance in sentiment-based markets. For example, Milunovich and
Nasrabadi (2025) used stacking regressions on 10,000 Sydney listings, achieving an MAE
of €35.20, with room type and competition as key factors. However, the model’s lack of
transparency limited its utility for hosts’ decision-making. Keeping with the theme, |Ca-
matti et al. (2024)) tested random forests and neural networks against pre-2019 data in the
Netherlands and achieved R? of 0.78, a source that also insists on the nonlinearity/edge
of nonlinearity using the nonlinear model in favor of the linear model. However, their
reliance on pre-2019 data overlooks post-COVID market volatility, a gap this Dublin-
focused study addresses with 2024 data and multimodal integration. The commonality
here is that they have an emphasis on performance metrics and this would precondition
framework with the baseline accuracy but their dated datasets do not pay attention to
the post-COVID swings e.g. - a gap which Dublin focus in 2024 plugs via XAl to provide
clearer insights on the drivers.

Temporal and spatial refinements have been proposed in the form of specialized models
and have enriched the predictive landscape but inevitably at the cost of general data
modalities. Di Persio and Lalmi (2024) incorporated NLP with CatBoostRegressor into
dynamic pricing atop the temporal trends of guest capacity but with little to no visibility
into predictive modeling to be of use in practice. [Tang et al. (2023) This is extension
to |Di Persio and Lalmi| (2024) who also focused on seasonal forecasting of time-series
models but with no textual inputs to reflect upon qualitative changes. Through these
developments, the temporal aspects in this paper are justified, however, their siloed
character underscores the importance of multimodal synthesis, which in turn allows a
more comprehensive look into the pricing of tourism-affected firms in Dublin in 2024.

In addition to direct pricing, survival and mixed-method studies are an indirect source
of relevant information, enlarging the scope of market inertia and qualitative input with
multimodal approach. Hu et al.| (2025) tracked a 50.08% drastic decrease in market
survival post-COVID due to saturation and used Cox models to provide a tangential
glimpse into the effects of market longevity on revenue generation practices. On the
same note, Tafesse and Dayan| (2024) conducted a mixed method study to partition the



guests and highlight remarkable traits, and included a qualitative dimension missing in
purely quantitative literature. By combining them, it will add more value in terms of
encompassing the metrics of survival and incorporating them into the text of reviews, all
explicable through XAI to understand the overall impact of the two on the competition
of Dublin in 2024.

2.2 Multimodal Data Applications

Building on predictive modeling, multimodal approaches integrate diverse data types to
enhance Airbnb pricing accuracy. As Airbnb research has matured, multimodal integra-
tion has gained traction by integrating structured and unstructured data, and research
question is a direct result since it will combine tabular attributes and review text in the
more nuanced targeted area of Dublin to achieve rich predictions. Tan et al.| (2024]) showed
this using BERT and MobileNet on listings in Amsterdam, generated a 5.56% MAPE
through multimodal synergy, outperforming baselines models. In agreement, Peng et al.
(2020) integrated reviews with geographical information through DNNs and XGBoost
with evidence of accuracy improvements due to heterogeneous input. These comparisons
substantiate the multimodal basis, including how guest sentiment brings an upbeat to
tabular baselines. Although their observance of an XAI suggests that model is strong in
presenting interpretable results to the hosts.

further investigations into multimodal frameworks have thus welcomed spatialization
and embedding strategies to enhance predictive depth and reveal the need to localize to
a larger degree - essential to transposing the findings into Dublin 2024 dynamics. |Gao Jr
(2025) went ahead with integrated transformers and CNNs on text, images, and tabular
data in London, achieving 0.82 R? at most with little disclosure. [Pittala et al. (2024)
succeeded with stacking ensembles in the European cities, hitting a still higher 0.85 R?
without The trajectory helps support with the focus on equilibrium in modality, with
the addition of XAl to analyze the interplay between spatial features with reviews in the
context of post-Brexit trends in traveling.

In the emphasis on spatial and sentiment features, multimodal models have advanced
on the issue of dependency treatment, providing a unified direction towards the location-
text combination of this paper on explainable pricing. Islam et al| (2022) addressed their
spatial effects through high precision using LDA and MESF-XGBoost, albeit without
unstructured integration in general. |Akalin and Alptekin (2024)) improved this consider-
ation by including how properties and the proximity factors indicated 20% efficiency gains
in Istanbul, a Collectively, they validate hand-built measures such as distance to center,
which is also augmented using XAl to explain how they interact with other review-sourced
insight in the regulatory situation of Dublin.

2.3 Explainable AI Techniques

Lately, XAI has matured into a necessary tool to open the black box of predictions, as
reviewed in Bennetot et al. (2024) and dedicated applications Panahandeh et al.| (2025)
providing practical applicability. This analysis uses multiple data types (text + tabular)
as the main inputs. Here SHAP layer used to explain how each type contributes to the
predictions. This helps bridge the gap between text and tabular insights. It will give
Dublin hosts a clear view of which factors influenced their 2024 pricing.



2.4 Adjacent Domains

Economic and hospitality peripheries research offers crucial context as their analysis
highlights macro-influencing factors that enriches multimodal pricing model without over-
shadowing it. Brunstein et al.| (2025) documented Airbnb density correlated with a 0.21
percent increase in house prices, explaining the urban effects of Airbnb that indirectly
influence the host strategies. |Lee| (2024)) targeted the vaster role of credit conditions in
the market that still differs with short-term rentals, but Such insights help contextualize
the external pressures. Which can be incorporated through XAI to have a more complete
vision of the Dublin in 2024.

Other works on booking and sentiment activities further introduce qualitative un-
dertones, as per review genome focus, whereas the steps of [Sengupta et al.| (2021) have
modeled booking obstacles and defined trends corresponding to prices resilient. Lawani
et al.| (2019) have examined the relationship between the sentiment of reviews and prices,
although without multimodal fusion inclusion.

2.5 Research Niche and Contribution

Synthesizing this body of work reveals Airbnb pricing’s forward momentum through en-
sembles, multimodality, and XAI, yet uncovers voids in recent data, text depth, and loc-
alization that ExplainableMultimodalRegressor resolves for Dublin’s 2024 market. Pre-
dictive advances like those in |Milunovich and Nasrabadi (2025); Camatti et al. (2024)
deliver solid metrics (MAE €35.20, R? 0.78) but skim over text and transparency; mul-
timodal strides in (Tan et al. (2024); Gao Jr| (2025)) elevate accuracy (MAPE 5.5682%,
R? 0.82) without Dublin tailoring; XAT efforts Panahandeh et al. (2025)); [Bennetot et al.
(2024)) provide clarity yet lag in recency. This framework unites these with 2024 data
(6,481 listings, 293,744 reviews), transformers, ensembles, and SHAP explainable host
guidance.

3 Methodology

Here, the proposed research methodology to build and test a multimodal data analytics
solution to predict prices in Airbnb properties, such that tabular property data and texts
of guest reviews are integrated and explainable results are provided will be outlined. It
involves gathering data, pre-processing, feature engineering, creating models, investig-
ating explainability, and testing, and statistical methods to ensure sound results. The
pipeline of the methodology is represented in Figure [1

3.1 Data Collection

The dataset comprises two publicly available Airbnb data sources from Inside Airbnb:

e Listings Data (listings.csv): This file Contains 6481 listing. The feature of
dataset are price, location, property type, amenities, host details and others. The
target variable is price.

e Reviews Data (reviews.csv): In this file 293,744 rows. These rows contain guest
reviews with text comments. This is linked to listings via listing IDs.
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Figure 2: Class Diagram: Airbnb price prediction system

The cross-validation method applies not only to estimate the performance of the
model, but also to reduce overfitting based on the robust generalization of the model to
a variety of data subsets.

3.2 Data Preprocessing

Preprocessing ensures data quality and compatibility with multimodal modeling. The
steps, inspired by Milunovich and Nasrabadi (2025),include:

1. Missing Value Handling: Removed listings lacking price or key features (e.g.,
bedrooms, accommodates). Substituted simulated missing reviews with zero, as-
suming that there are no reviews. About 5% of the listings were discarded because
it had incomplete data.

2. Data Cleaning: Converted prices to numeric values, removed currency symbols,
and applied logarithmic transformation to reduce skew. All performance metrics
(e.g., MAE) are reported in log-price units unless stated, with approximate euro
equivalents based on back-transformation. Outliers had been eliminated.

3. Text Preprocessing: Reviews are concatenated for each listings. Then special
characters were removed and text is normalized to lowercase.



4. Feature Encoding: Applied ColumnTransformer from scikit-learn:

e Numerical features like accommodates and number of bedrooms were stand-
ardized using StandardScaler. PowerTransformer is used to normalize distri-
butions.

e Categorical features (e.g., neighbourhood cleansed, property_type): One-
hot encoded using OneHotEncoder, generating 50+ binary features.

The preprocessed dataset resulted in a tabular matrix of 6,200 listings with 60+ features
and a text corpus for NLP processing.

3.3 Feature Engineering

Derived features created through feature engineering were a major part in enhancement of
the modelling performance to better reflect market dynamics. The price related features
were price per person (i.e. the price divided by the accommodates) to indicate the cost
per person. The features based on location included the calculation of the latitude and
longitude to find the Euclidean distance of the distance between the city center and the
given home, and are the average price with the neighborhood price. Amenities-based
features included the number of amenities (pool or Wi-Fi), and whether given amenity
exists. Features based on reviews were review speed (reviews per month) as a measure
of the popularity of listings and review sentiment based on a text analysis. All together,
the number of engineered features amounted to more than 30, with the dataset counting
over 90 dimensions.

3.4 Model Development

The multimodal model, ExplainableMultimodalRegressor, integrates tabular and text
data. It consists of:

1. Tabular Model: A VotingRegressor Breiman| (2001) ensemble combining the
following base learners:

e RandomForestRegressor (n_estimators=100),
e GradientBoostingRegressor (n_estimators=100),
e ExtraTreesRegressor (n_estimators=100).

The model was trained on preprocessed tabular features (904 dimensions) to pre-
dict log(price). As shown in Equation , the final ensemble output Yensempie 1S
computed as:

~

1 . . .
Yensemble = g (yRF + YaB + yET) (1)

where yrr, Yo, and yer represent the predictions from the Random Forest, Gradi-
ent Boosting, and Extra Trees models, respectively.

2. Text Model: A DistilBertTextEncoder Wolf et al| (2020) using DistilBERT
to generate 768-dimensional embeddings from combined reviews. Formally, this
process is defined as:



h = DistilBERT(t) (2)
€text = hjcLg) € R (3)

where t is the input token sequence, h is the sequence of hidden states, and hjcg) is
the embedding corresponding to the [CLS] token, used as the sentence-level repres-
entation. These embeddings are then reduced to 50 dimensions via PCA to mitigate
computational complexity.

3. Meta-Learner: A RandomForestRegressor that combines the tabular predictions
and text embeddings for final price prediction. The output of the Random Forest
is computed as:

e = 5 > T(x) ()

b=1

where B is the total number of trees in the forest, T,(x) is the prediction from the
b*® decision tree for input x, and gy is the final aggregated prediction.

The full multimodal prediction pipeline can be formalized as:

gtabular = fensemble (Xtab)
Ciext — DiStﬂBER,T(XteXt)

> 769
Z = [ytabulara etext] eR

(

(

(

Ymultimodal = Jmeta (Z) (
The model was trained on 80% of the dataset (4,960 listings) using scikit-learn and
transformers libraries, with hyperparameters tuned via grid search (e.g., n_estimators €

{50,100, 200}).

3.5 Explainability Analysis

To address the second research question, SHAP was employed to quantify the contribu-
tion of each feature to the model’s predictions. For tabular data, SHAP values were com-
puted using the shap.TreeExplainer, covering variables such as neighbourhood cleansed
and amenities count. For text data, the contribution of review sentiment was isolated by
calculating the difference between the final prediction and the prediction based on tabular
features alone. The SHAP values were then aggregated to determine global feature im-
portance, revealing that features such as neighbourhood and amenities ranked among the
most influential. These results were visualized both at a global level and for individual
predictions, consistent with the approaches of Panahandeh et al.| (2025)); Bennetot et al.
(2024)). This method supports actionable insights for hosts while addressing the need for
transparency in predictive modelling.

10



3.6 Evaluation Methodology

The model was evaluated to address the first and third research questions, comparing
multimodal and tabular-only performance, following Milunovich and Nasrabadi (2025]).
Metrics include:

e R? Score: Measures variance explained, targeting high predictive accuracy.

e Mean Absolute Error (MAE): Quantifies average prediction error in log-price
units, with approximate euro equivalents based on back-transformation.

We used 8-fold cross-validation on the training set (80%, 4,960 listings) to ensure ro-
bustness, with the test set (20%, 1,240 listings) reserved for final evaluation. Statistical
significance of performance differences was assessed using a paired t-test (a = 0.05) to
compare multimodal and tabular-only models. The evaluation pipeline is:

1. Split data: 80% for training & 20% for testing.
2. Train models: Voting Regressor and multi-modal approach.
3. Compute metrics: R? and MAE per fold, averaged across folds.

4. Analyze SHAP: Aggregates feature importance across test set.

3.7 Statistical Techniques

Statistical techniques ensure rigorous analysis:

e Log-Transformation: Applied to price to normalize distribution, reducing skew-
ness (Shapiro-Wilk test).

e Cross-Validation: 8-fold cross-validation to mitigate overfitting and estimate gen-
eralization error.

e Paired t-Test: Multi-modal approach was Compared on R? and MAE .

e SHAP Values: Quantified feature contributions using Shapley values.

3.8 Justification of Methodology
The methodology is grounded in prior work:

e Data Collection: Inside Airbnb data is standard for pricing studies [Akalin and
Alptekin| (2024)); Panahandeh et al.| (2025).

e Preprocessing and Feature Engineering: Builds on Milunovich and Nasrabadi
(2025) for robust data preparation.

Model Design: Combines ensemble methods with NLP.

Explainability: Research question’s emphasis on transparency.

Evaluation: Cross-validation and statistical tests.

11



4 Design Specification

The following section outlines the specification of the designed multimodal data analytics
architecture which has been developed to make price (estimation) predictions of Airbnb
listed properties by integrating tabular property data with text data in guest reviews and
maintaining a response whose underlying reason can be explained. figure [3| represents
framework

Airbnb Listings Data Review Text Data
' !
Data Preprocessing Text Preprocessing
' !
Tabular Model Pipeline Text Model Pipeline
' !
Predictions Embeddings

Meta-Learner

!

Final Price Prediction

|

Explainability

Figure 3: Architecture of the Fzplainable MultimodalRegressor framework.

4.1 Framework Overview

The model combines the two complementary channels of data: tabular data (e.g., loca-
tion, property features) and text (guest reviews), which makes model accurate and inter-
pretable. The architecture is formulated on three main elements namely: Tabular Model, a
model that uses an ensemble of tree-based regressors tapped in processing structured fea-
tures, Text Model, where the sentiment-aware embeddings of guest reviews are recovered
utilizing a DistilBERT within the context of the guest reviews, and then a Meta-Learner,
which integrates the outcomes offered by the two mentioned models via combining them
to arrive at the primary estimate of the price. To have transparency and trust in pre-
dictions, SHAP is utilized to give feature-level explanations at both modalities of the
data.

4.2 Techniques and Components

The framework leverages the following techniques:
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e Ensemble Learning:VotingRegressor Breiman| (2001) uses the models Random
Forest Regressor, Gradient Boosting Regressor, and Extra Trees Regressor (all hav-
ing n estimators=100) together to regress on tabular data. Ensemble techniques
were selected over linear models because they are more resistant to overfitting and
able to model non-linear relationships [Friedman (2001)), notably in comparison to
linear models (Gibbs et al.| (2018).

e Natural Language Processing: DistilBERT Wolf et al| (2020), a lightweight
transformer model, generates 768-dimensional embeddings from review text, re-
duced to 50 dimensions via Principal Component Analysis (PCA) to balance com-
putational efficiency and predictive power.

e Feature Engineering: More than 30 features derivative (e.g. prices per person,
distance from city center, count amenities) add up the representation of data.

e Explainable AI: Explainable AI: SHAP generates feature contributions, opening
up a bird’s eye view (e.g. a neighborhood importance) and a local view (e.g. per
listing explanations).

4.3 Model Functionality Description

The ExplainableMultimodalRegressor operates as follows:

1. Tabular Data Processing: Input tabular data is preprocessed using Column
Transformer. The Voting Regressor combines predictions from three tree-based
models:

e RandomForestRegressor: Aggregates decision trees to model feature interac-
tions.

e GradientBoostingRegressor: It improves predictions by minimizing resid-
uals.

e ExtraTreesRegressor: Enhances diversity with randomized splits.

2. Text Data Processing: Review text (combined reviews) is tokenized and fed
into DistilBERT, producing 768-dimensional embeddings per listing. PCA reduces
these to 50 dimensions, yielding a text feature vector, X, capturing guest senti-
ment.

3. Fusion and Final Prediction: The meta-learner, a RandomForestRegressor,
takes as input Yiapuar and Xiext, producing the final price prediction, ygn.. This
late fusion approach integrates modalities after individual processing, balancing
computational efficiency and predictive accuracy Baltrusaitis et al.| (2018]).

4. Explainability: The explain prediction method uses shap.TreeExplainer to
compute SHAP values for tabular features, quantifying their contribution to Jiaputar-
The text contribution is calculated as ¥gna — Yabular, 1S0lating sentiment impact.
Explanations are returned as a dictionary for global and local analysis.
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4.4 Architecture

The architecture forecasts the prices of Airbnb based on reviews along with property
description. It prepares, cleans and transforms the listing data and after that passes it
through a model to obtain predictions. Concurrently, it also cleans the review text and
generates text features by using another model. It then fuses both the predictions and
text features utilizing a meta-learner. The final price prediction is given by this meta-
learner. Lastly, the model has an explainability phase of demonstrating why it made its
prediction.

5 Implementation

The following presents the last step of applying the ExplainableMultimodalRegressor
architecture to predict the price of Airbnb listings. The implementation represents the
combination of tabular property on the one hand and guest review text on the other hand
in order to provide correct price forecasts and explainable work.

5.1 Outputs Produced

The final implementation produced the following outputs:

e Transformed Datasets: The raw Inside Airbnb datasets were processed to a
preprocessed table structure and a text corpus. The tabular dataset consists of
90+ features and 6,200 cleaned listings after cleaning original attributes of price
and accommodates and neighbourhood cleansed and engineered features of price
per person, distance of the center, amenities count, review velocity. Numbers were
standardized and power-transformed and categorical features were encoded as one-
hot encoding which resulted in a machine-learning-ready matrix. The corpus of text,
which is obtained as comments to reviews (combined reviews), was normalized
(lowercase, special characters removed) for NLP processing.

e Trained Multimodal Model: ExplainableMultimodalRegressor model was trained
for 80 percent of the dataset (4,960 listings) to estimate the log-transformed nightly
price, i.e., (price). The model has tabular ensemble (Voting Regressor, Random
Forest Regressor, Gradient Boosting Regressor, and Extra Trees Regressor) and
text encoder (DistilBert TextEncoder) with fusion through a (RandomForest Re-
gressor) meta-learner.

e Explainability Results:Both local and global feature importances were obtained
in terms of the SHAP-based explanations. Overall, neighbourhood cleansed,
amenities count, and accommodates were identified as the best characteristics
to predicting price. Per-listing explanations measured at the local level both the
impact of individual features (e.g. presence of a particular neighborhood raising
the price by 13.16 euros) and the effect of the sentiment in the text.

5.2 Implementation Details

The process involved:
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e Loading and cleaning the Inside Airbnb datasets, removing 5% of listings with
missing critical features and applying log-transformation to price.

e Generating 30+ engineered features to capture pricing dynamics, such as distance
from center and review velocity.

e Many of these hyperparameters were tuned using grid search and are optimized.
Tabular model the text model embedded the review comments into 50-dimensional
representations, whereas 90+ features have been processed.

e Computing the SHAP values on the test set, generating global feature rankings and
per-listing explanations, which were saved in order to analyze.

e Evaluation using 8-fold cross-validation yields an R? of 0.8641 [0.8394, 0.8875] and
MAE of 0.15 log-price units [0.14, 0.16].

6 Evaluation

This section presents a comprehensive analysis of the results.

Table 2: Performance Comparison of Selected Models (8-fold cross-validation)

Model R? Score MAE (log-price units) Features Used
Linear Regression 0.5610 0.32 Numerical Only
Random Forest 0.8255 0.16 Numerical Only
Ensemble (Voting)  0.8575 0.16 All Features

Multimodal 0.8641 0.15 Tabular + Text

6.1 Experiment 1: Multimodal vs. Tabular-Only Model Per-
formance

This experiment tests the empirical performance of the multimodal ExplainableMul-
timodalRegressor (combining tabular and text data) compared to a tabular-only Voting
Regressor, to answer the first research question. The data was divided across training
(80%), and test (20%), 8-fold cross-validation was conducted to create robustness.

Methodology: The multimodal model combined a tabular ensemble (RandomForest
Regressor, Gradient Boosting Regressor, ExtraTrees Regressor) with DistilBERT
text embeddings, fused via a RandomForest Regressor meta-learner. The tabular-only
model used the same ensemble without text inputs. Performance was measured using R?
(variance explained) and MAE (mean absolute error in euro).

Results: The multimodal model achieved an average R? of 0.8641 [0.8394, 0.8875]
and MAE of 0.15 log-price units [0.14, 0.16]. A paired t-test confirmed significant im-
provements (p = 0.000000, Cohen’s d = 0.5650, medium to large effect).This indicates
that text embeddings enhance predictive accuracy. Figure [4] shows the performance com-
parison.
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Figure 4: Performance Comparison: Multimodal vs. Tabular-Only Models
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6.2 Experiment 2: Identifying Key Pricing Drivers with SHAP

This experiment provides the answer to the second research question as it defines major
drivers of prices using SHAP. The test set was used to compute SHAP values to measure
feature contributions.

Methodology: The explain method calculate for tabular feature (e.g neighbourhood
cleansed, amenities count) and text sentiments contribution. Global feature importance
was aggregated across the test set, and local explanations were sampled for 10 listings.
Feature importance was visualized using a SHAP summary plot.

Results: The top five features by mean absolute SHAP value were: neighbourhood
cleansed (0.32 log-price units), amenities_count (0.28), accommodates (0.25), price
per person (0.20), and distance_from center (0.18). For example, in a sample Dublin
listing from Temple Bar (neighbourhood cleansed), SHAP attributed a 0.32 log-price unit
increase ( €50 premium) due to its central location, highlighting actionable insights for
hosts. Sentiment associated with text had an average contribution of 0.05 log-price, and
a positive review enhanced the forecasts of up to 10 Euros. Figure [f} SHAP Summary
Plot Showing Feature Importance for Price Prediction (ranked by mean absolute SHAP
values; e.g., neighbourhood cleansed contributes most at 0.32 log-price units).

6.3 Experiment 3: Impact of Feature Engineering

This experiment assesses the impact of feature engineering on model performance, ad-
dressing the third research question. It compares the multimodal model with and without
engineered features (e.g., price_per_person, distance from center).

Methodology: The ExplainableMultimodalRegressor has been trained in two vari-
ations: first with all features (904 features, as well as 30+ engineered features) and
second a minimal version (with raw features only, e.g. price, bedrooms, neighbourhood
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Figure 5: SHAP Summary Plot for Feature Importance
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cleansed). The test set was subjected to 8-fold cross-validation as the performance meas-
ure.

Results: The model with engineered features achieved an R? of 0.8641 (SD = 0.012)
and MAE of €0.15 (log-price units, €23.42, SD = 0.01). Compared to the ensemble
baseline with R? = 0.8575 (SD = 0.017) and MAE = €0.16 (log-price units, €25.87, SD
= 0.01).

6.4 Discussion

The ExplainableMultimodalRegressor is efficient to enhance Airbnb pricing forecasts.
Multimodal inputs perform better than tabular-based models, and guest reviews improve
the performance. Location and amenities are two of the most important drivers accord-
ing to SHAP analysis. The minimal impact of text sentiment (0.05 log-price units, up
to a €10 increase) may stem from limited review depth in the Dublin dataset or Dis-
tilBERT’s challenges in capturing nuanced sentiment. This suggests hosts could benefit
from encouraging detailed feedback to amplify review influence on pricing.

7 Conclusion and Future Work

This section recaps the analysis of the ExplainableMultimodalRegressor framework to
model Airbnb pricing based on three experiments conducted on the dataset of the Inside
Airbnb project, the major findings of these experiments, and how they can become the
focus of further research.

7.1 Key Findings

Three experiments assessed the framework’s performance, addressing the research object-
ives:

e Multimodal Effectiveness: The multimodal model achieved an R? of 0.8641 and
MAE of €0.15 (log-price units, €23.42). It outperforms the tabular-only model
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Figure 6: Residual Analysis
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(R* = 0.8575, MAE = €0.16 log-price units, €25.87). A paired t-test (p < 0.01)
confirmed that guest reviews enhance pricing accuracy.

e Pricing Drivers: SHAP analysis revealed the neighbourhood cleansed (0.32 log
price units), the amenities count (0.28) and accommodates (0.25) as the key feature.
Text sentiment with a low contribution (0.05 log-price units, maximum of a rise of
€10 due to upbeat remarks). Figure [7| depicts feature importance.

e Feature Engineering: Engineered features improved R? by 0.66% (from 0.8575 to
0.8641) and reduced MAE by 6.25% (from €0.16 to €0.15 log-price units, €25.87 to
€23.42). This illustrates the importance of a determination of spatial and market
dynamics.

7.2 Discussion

The ExplainableMultimodalRegressor is an efficient method of improving Airbnb prices
using tabulation and natural language data and generates interpretable insights. In com-
parison to previous research |Gibbs et al. (2018)); Milunovich and Nasrabadi (2025)), the
model has R? = 0.86 which outperforms ensemble methods, the explainability of which
is higher than that of linear models.

Limitations: This study has a number of limitations that undermine its strength and
broader scope. To begin with, the model is limited by the use of a single dataset (6,481
Dublin listings), which hinders the ability of the model to capture diverse market dynam-
ics, and thus reduces its effectiveness in other cities with different regulatory or economic
landscapes. Second, the concatenation of the 293,744 reviews into a text per listing as well
as the dimensionality reduction of DistilBERT embeddings to 50 dimensions potentially
oversimplifies the sentiment of guests, contributing to its predictive effect is minimal (0.05
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Figure 7: Feature Importance Analysis Using SHAP
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log-price units). Third, The high dimension of the feature set risks overfitting. Fourth,
the static dataset does not capture temporal pricing variations, especially the market
shifts post-COVID market shifts, which is critical to the dynamic Airbnb market. Lastly,
despite the explicability of the feature importance achieved via the SHAP algorithm, the
proposed study does not test it against real host decision-making or outside market data,
thus, restricting the belief in its feasibility.

Future Work: It is possible to integrate city-based dataset into the model that may
lead to generalization to other markets. It can be sped up and made more efficient by using
lighter NLP models such as ALBERT rather than DistilBERT. Experiment with new
advanced NLP models such as BERT or RoBERTa and see if this would improve sentiment
extraction. The spatial features are highly effective when it comes to feature engineering.
Convolution neural networks might be used to add property images providing valuable
nuance to detail the price. At the end, implementing the pipeline to utilize it in real time
would allow establishing the dynamic pricing tools that update as new data comes.
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