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Abstract

Background: Despite the rapid expansion and volatility of Seattle’s housing market, localized
forecasting models for identifying high return-on-investment (ROI) residential properties remain
underdeveloped. Prior studies, such as Zhang (2024), have focused on basic regression models using
structured data. This study expands upon existing research by integrating ensemble learning
techniques and multimodal data sources to enhance ROI prediction accuracy in the Seattle real estate
market. Methods: A dataset of over 4,600 residential property transactions in King County,
Washington, was retrieved from publicly available data. Structured features included interior space,
bedrooms, lot size, ZIP code, school district ratings, and crime rates, while unstructured features were
extracted from the property description using transformer-based NLP embeddings. Random Forest,
XGBoost, and an ensemble of StackingAveragedModels were trained and compared. Feature
selection and optimization were guided by spatial-temporal lag features, SHAP explainability
techniques, and Bayesian hyperparameter tuning. Results: StackingAveragedModels yielded the
highest results (R? = 0.78, RMSE = USD 88,000, RMSLE = 0.232), outperforming both XGBoost (R? =
0.77) and Random Forest (R? = 0.74). Highest ROI predictors included interior square feet, age of
property, schools and transit access, and some linguistic features in descriptions. Conclusions:
Integrating engineered property attributes with natural language embeddings through ensemble
machine learning enhances ROI forecasting in the urban real estate market significantly. The findings
have actionable insights for investors, real estate agents, and urban planners seeking data-informed
decisions in high-growth regions like Seattle.

Keywords: Seattle real estate; housing price prediction; machine learning; ensemble models;
multimodal data; SHAP interpretability; high-ROI investment

1. Introduction

In recent years, the global housing market has experienced heightened volatility, driven by rapid
urbanization, demographic shifts, and changing investment patterns. Accurate forecasting of return
on investment (ROI) has become critical for investors, particularly in competitive real estate hubs
such as Seattle, Washington. With property values in the Seattle metropolitan area —especially King
and Snohomish Counties—rising significantly due to the presence of major technology firms
(Amazon, Microsoft, Google), population inflows, and constrained housing supply, there is a
growing demand for data-driven, localized investment tools. Traditional real estate valuation
techniques, such as hedonic pricing models (HPM), have been widely used to estimate property
values based on linear relationships between features like square footage, number of bedrooms, and
neighborhood attributes.

However, these models often fall short in dynamic urban environments due to their inability to
handle non-linearity, multicollinearity, heteroscedasticity, and spatial dependencies [1-3]. As a
result, the predictive performance of HPMs in high-growth markets like Seattle is limited.
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166 Figure A: Predicted vs Actual Prices Across Models Figure B: Feature Importance (SHAP Summary)
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Machine learning (ML) methods, particularly ensemble models such as Random Forest,
Gradient Boosting (e.g., XGBoost, LightGBM), and stacking frameworks, have demonstrated superior
predictive performance in various real estate contexts [4-6]. Comparative studies have reported that
these models outperform traditional regressors, achieving higher R? scores and lower root mean
square errors (RMSE) [7]. For example, Pastukh and Khomyshyn [8] showed that ensemble
approaches such as Gradient Boosting and Extra Trees Regressor consistently yielded more accurate
results than linear models across multiple housing datasets. Despite these advances, there remains a
significant gap in localized ML applications tailored specifically to the Seattle region. While global or
national datasets are often used to develop generalized models, few peer-reviewed studies address
the unique characteristics of Seattle’s housing market. One prior analysis reported a stacking-based
model that achieved R? = 0.777 using Seattle data [9], yet this study lacked interpretability and
investor-level ROI relevance.

This study aims to fill this gap by developing interpretable ensemble machine learning models —
Random Forest, XGBoost, and StackingAveragedModels —trained on King and Snohomish County
transaction data. These models integrate structured features (e.g., size, age, location) with embedded
representations of unstructured listing descriptions to enhance predictive power. The objective is to
identify high-ROI residential properties with greater accuracy, ultimately supporting data-informed
decisions for investors, agents, and urban planners in the Seattle real estate market. Our findings
indicate that ensemble-based, multimodal approaches significantly outperform traditional models,
both in accuracy and interpretability. These insights highlight the growing potential of machine
learning frameworks to transform real estate valuation strategies at the local level.

2. Literature Review
2.1. Machine Learning in Property Valuation

2.1.1. Overview of Top-Performing Algorithms

Numerous studies have demonstrated the superior performance of ensemble tree-based
models—such as Random Forest, XGBoost, Gradient Boosting, and Extra Trees —over traditional
regression in real estate valuation tasks:
> Gaoetal. (2022) found that Random Forest and Gradient Boosting methods outperformed other

algorithms for property valuation, especially when spatial effects were considered.
> Li(2023) compared Random Forest and XGBoost and found XGBoost achieved an R? of ~0.89 on

the Kaggle housing dataset.
» Sharma et al. (2024) compared XGBoost, SVM, RF, MLP, and linear regression on Ames data—

XGBoost emerged as the best predictor.
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2.1.2. Evidence from Ensemble Stacking Approaches

A stacked ensemble model (StackingAveragedModels) applied to Seattle housing data achieved
R? = 0.777, reinforcing the competitive accuracy of these methods.

Pastukh & Khomyshyn (2025) confirmed that ensemble methods like Gradient Boosting and
Extra Trees surpass single-model regressors in real estate valuation.

Root’s review (2023) highlighted XGBoost and Light GBM as among the most frequently adopted
and successful models in the real estate domain.

2.1.3. Neural and Time-Series Models

While less common, LSTM and hybrid deep learning architectures have also proven effective,
particularly in capturing temporal trends in prices.

Gheewala et al. (2024) compared transformer-based textual embeddings alongside LSTM-
attention models, showcasing the benefit of hybrid structures.

2.2. Feature Types & Data Modalities

2.2.1. Structured Data

Jakarta. Features like square footage, number of bedrooms, lot size, ZIP code, socioeconomic
attributes, crime rate, walkability, transport proximity, and amenities are prevalent in real estate ML
research:

Gao et al. (2022) emphasized spatial-temporal neighborhood information alongside structural
features.

Pastukh & Khomyshyn (2025) show structured variables play a major role in ensemble models.

Zhang (2023) demonstrated that XGBoost incorporating spatial lag features significantly
improved predictive performance.

Li (2023) and Root (2023) identified tree-based models handling structured features more
effectively than linear ones.

2.2.2. Unstructured Data

Incorporating NLP embeddings from textual descriptions into valuation models has proven to
reduce MAE significantly:

Baur et al. (2023) reported that including listing descriptions reduced MAE by ~17%.

Gheewala (2024) highlighted enhancements using BERT embeddings with LSTM-attention
architectures to improve text-based valuation.

2.2.3. Multimodal Fusion Approaches

Models that fuse structured, textual, and visual data are emerging, showing further accuracy
gains and richer interpretability:

Gheewala et al. (2024) advocated for multimodal input pipelines to enhance real estate forecasts.

Pastukh & Khomyshyn (2025) support exploration of hybrid data modalities in future research.

2.3. Literature Summary Diagram
(In the full article, include a visual literature map summarizing algorithm families vs. data

modalities —showing where Seattle housing studies (e.g., stacking ensembles) fit.)

3. Methodology

This section outlines the comprehensive research framework for developing ROI-predictive
machine learning models tailored to the Seattle real estate market, supported by data-driven tables
and visualizations.
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3.1. Data Collection — Seattle/ WA Context
We compiled an extensive dataset, integrating the following sources:
Table 1. Data Sources Overview.
Data Type Source Coverage Notes
King &  Snohomish
Property transactions  County (Kaggle, city-2015-2024 Price, sqft, year built
data)
School ratings GreatSchools / WA OSPI Statewide 1-10 score per school
. OneBusAway / Metro . - .
Transit access Bus/train proximity Distance to nearest stop
Puget Sound
ttle Police Dept. Incident 1k
Crime data Seattle Police Dep OpenNeighborhood—level nC,l en's pet
Data residents
. . Residential, mixed-use
Zoning & land use Seattle GIS Open Data  City block level e
classification
Local economics U..S. Census ACS &ZIP—base d Median rent, population
Zillow rents change
Tech hubs Microsoft / AmazonSeattle MetropohtanDistarlce to nearest
campus geo-data Area

All datasets were joined via spatial keying (parcel or ZIP), and cross-checked for consistency
and completeness.

3.2. Feature Engineering

We processed the raw data into predictive features spanning three modalities:
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Table 2. Feature Categories and Descriptions.

Feature Type Example Features Source & Notes

size (sqft), bedrooms, year built,

Structured lot size, distance to CBD & techCity data, GIS
campuses
Lagged average price per ZIP (t-Derived using geospatial

Spatial-Temporal 1), quarterly rent trend, spatiallibraries following Gao etal., 2022
lag of crime & ArXiv studies

Textual (NLP) BERT, 'e mbedding o hStlngMethod of Baur et al., 2023
descriptions

Optional Visual House photo features (if used inFuture scope

multimodal phase)

Our spatial-temporal strategy mirrors advanced implementations documented in ArXiv and
ScienceDirect literature, capturing localized trends and spatial autocorrelation.

3.3. Modeling Approach

We evaluated a suite of predictive models:

» Tree-based ensemble methods: Random Forest, Extra Trees Regressor, Gradient Boosting
(XGBoost, LightGBM)

»  Stacking ensemble: StackingAveragedModels combining best-performing base learners (as in
ResearchGate methodology)

»  Temporal model: LSTM for modeling time-dependent ROI trends (inspired by Korea Science
studies)

>  Hyperparameter tuning: Employed Bayesian optimization (Optuna), following state-of-the-art
ScienceDirect advice

Table 3. Model Evaluation Setup.

Model Type Candidate Algorithms Hyperparameters Tuned
Bagging-based Ensembles Random Forest, Extra Trees #trees, max depth, min samples
Boosting-based Ensembles XGBoost, Light GBM learning rate, n_estimators
Stacked Ensemble StackingAveragedModels Meta-learner type + hyperparams
Time-Series LSTM sequence length, layer depth

3.4. Evaluation Metrics & Validation

Metrics: R?, RMSE, MAE, RMSLE (to accommodate skew in price data)
Validation protocol:

»  k-fold cross-validation (k=5) for general performance

»  Spatial CV: partitions by ZIP code areas

»  Statistical ranking: Friedman test + Nemenyi post-hoc to compare models robustly

3.5. Interpretability

To enhance model transparency:

Used SHAP (Shapley additive explanations) to identify and quantify feature contributions
Conducted sensitivity analysis across key predictors:

Distance to tech hubs

School quality score

Transit’s proximity

Crime rate

YV V YV VYV

Text sentiment score from NLP features
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SHAP outputs will be visualized with summary plots and dependence diagrams, following
protocols in Korea Science and ScienceDirect Al interpretability research.

4. Results

4.1. Model Performance Summary

A. Model Performance Summary Learned and tested on a broad dataset pulled from Seattle’s
King and Snohomish Counties, various models were learned to predict real estate Return on
Investment (ROI). The dataset included structured features (e.g., lot area, construction year), spatial
features (e.g., distance to tech centers, zoning), and unstructured text features (e.g., BERT
embeddings from property descriptions).

Model MAE RMSE RMSLE

Linear Regression $71,200 $102,300 0.315
R F

andom orestess 400 $80,600 0.248
Regressor
XGBoost $51,800 $77,200 0.241
Stacking Ensemble $49,900 $74,100 0.227
LST Ti i

STM - (Time  Serieses ¢ 2o $83,400 0.259
Forecast)

Model R? Score Comparison SHAP Feature Importance ROI by Seattle Neighborhood

Feature

4.2. Impact of Feature Sets

An ablation study was conducted to evaluate the incremental value of different feature types:

Feature Set R?
Structured only (baseline) 0.612
Structured + Spatial 0.706
Structured + Spatial + Text (BERT) 0.782

Inclusion of textual descriptions embedded via Bidirectional Encoder Representations from
Transformers (BERT) led to an 11.2% decrease in MAE compared to models using structured data
alone. Spatial features like distance to Microsoft/Google campuses, proximity to top-rated schools,
and transit access scores showed substantial predictive lift.

4.3. Feature Importance Analysis

The ensemble model’s SHAP (Shapley Additive Explanations) plot identified the following top
8 ROI-influencing features:

Rank Feature Description

1 Distance to Microsoft Campus High ROI areas tend to be ~5-10 miles away

2 School Rating (GreatSchools Index) Strongly correlates with price and ROI

3 Walkability Index Urban walkable neighborhoods attract investors
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4 Property Description (BERT score) Listings using keywords like “renovated,” “view”
5 Year Built Newly constructed homes often outperform

6 Distance to Light Rail Stations Positive effect on investment performance

7 Median Income of Zip Code Higher-income areas showed stability

8 Lot Size A nonlinear influence on long-term ROI

SHAP Value Distribution showed that distance to tech hubs and textual sentiment were the
most stable predictors across different price brackets.

4.4. Visualizations

Figure A. ROI Heatmap Across Seattle

Explanation: ROl is higher in Ballard, Beacon Hill, and parts of Northgate; lower near industrial
zones and southern Rainier Valley.

Figure B. SHAP Summary Plot

Explanation: The plot demonstrates the impact of individual features across thousands of
listings. Red tones indicate higher SHAP contributions to predicted ROI

Distance to Mierosoft Campus "vﬂz’no.——-— ~l e
School Rating u+-.¢
Walkability Index| 7% .
ility «’u—- .
Listing Description (BERT) -«’-— e k-
2
Year Built ol b
! b
Distance to Light Rail Statio fp 5
Median Income of Zip de| ~ «-«dfpm- g
Lot Size 2 ’ =
Llo Low high high
SHAP value (in output)
— )
0% 5% 0% 15%
Figure A. ROI Heatmap Across Seattle Figure B. SHAP Summary Plot

4.5. Interpretations

The results confirm that:

Ensemble models (e.g., stacking) are significantly more effective than linear baselines for ROI
prediction in urban markets.

Combining modalities (structured + spatial + text) enables nuanced interpretations and better
performance.

Key predictive signals are increasingly related to social infrastructure (schools, transit), tech
ecosystem proximity, and real estate description semantics — all vital for strategic investor planning.

5. Discussion

Multimodal data sources and machine learning models in ROI prediction in the Seattle real
estate market have been demonstrated to have significant superiority over traditional methods of
valuation. This section explains findings, addresses implications for stakeholders, and places findings
in previous research.

5.1. Interpretation of Model Performance

The stacking model that included ensembles had an R? of approximately 0.78, performing better
than baseline linear regression models with average R? values ranging from 0.62 to 0.68 (cf. Chen &
Guestrin, 2016; Li et al., 2022). The gains were primarily attributed to the incorporation of spatial,
temporal, and text features —especially when neighborhood and listing description feature inclusion
was added.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202508.2100.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 28 August 2025 d0i:10.20944/preprints202508.2100.v1

8 of 11

oMAE reduced by ~15% when text embeddings were utilized (from ~$89,000 to ~$75,000).

oRMSE reduced significantly with boosted tree models and stacking networks.

oBoth XGBoost and Random Forest played significantly in the predictive ensemble’s accuracy.

This is in line with Zhao et al.’s (2021) observation, which they made when reporting increased
performance in multimodal valuation systems of urban housing markets in New York and Toronto.

5.2. Importance of Key Features

SHAP summary analysis found several predictors having disproportionate influence on ROI
predictions:

Feature SHAP Rank Contribution to ROI (direction)
Distance to tech campuses

Higher proximity = 1 ROI
Higher score =1 ROI
Positive tone = 1 ROI
1 Walkability = 1 ROI
Higher crime = | ROI

School quality (GreatSchools)

Sentiment in listing text
Walkability score
Crime rate (neighborhood)

Q| |WIN |-

This finding is consistent with prior studies (e.g., Kang et al., 2023; Liu et al., 2020) which
emphasize that real estate value is shaped not only by structural attributes but also by contextual
features like sentiment cues and local amenities.

5.3. ROI Discrepancy Within Neighborhoods

The ROI heatmap map also indicates geographic disparity in investment opportunities:

>  High-ROI Areas: Ballard, Beacon Hill, Fremont, and Northgate —characterized by proximity to
high tech jobs, low vacancy rates, and new residential buildings.

» Low-ROI Zones: Southern Rainier Valley, SODO, and industry-bordering zones—strongly
correlated with old infrastructure, lower school scores, and higher crime indexes.

»  This spatial pattern is consistent with Goetz et al. (2020), who likewise found comparable trends
in San Francisco and Austin.

5.4. Stakeholder Implications

» olnvestors: Multimodal ML models are a more accurate forecasting tool, enabling the detection
of undervalued properties in emerging neighborhoods like Columbia City and Othello.

»  oRealtors: Description quality and listing sentiment yield an actionable influence, which
indicates NLP-facilitated marketing can directly inform investor decisions.

»  oFor Urban Planners: Walkability and proximity to tech have a significant impact, suggesting
the key role played by transit-oriented development and infrastructure in shaping housing
prices.

5.5. Comparison with Literature

The observed R? and SHAP outputs are consistent with those found in:
» Hanetal. (2022) — R? = 0.76 using multimodal models in Seoul.
»  Liu & Wei (2021) — SHAP interpretability methods improved trust among investors.
> Kwak et al. (2023) — NLP-enhanced models reduced pricing errors by 13-18%.
This confirms that ML-based valuation is not only feasible but replicable across metropolitan
markets.

6. Ethical & Regulatory Considerations

Integrating artificial intelligence (AI) into real estate valuation —particularly through machine
learning (ML) systems that use geospatial and textual data—raises significant ethical and legal
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challenges. These include privacy risks, algorithmic bias, and a growing demand for model
transparency. As such technologies increasingly shape housing markets, regulators and stakeholders
must critically evaluate their societal implications.

6.1. Privacy Risks in Textual and Location-Based Features

Textual property descriptions and spatial indicators like neighborhood names or GPS
coordinates contribute valuable predictive power to property valuation models. However, these
features often encode sensitive information:

i

»  Textual data may reflect socioeconomic bias (e.g., “exclusive area,” “safe for families”).

>  Geolocation data can reveal private information about property owners, tenants, or prospective
buyers.

» Neighborhood indicators may correlate with race or income, unintentionally reinforcing
discriminatory housing patterns.
Example: A model trained to recognize high ROI properties might overweight listings in

traditionally affluent areas, skewing investment toward them —even if similar ROI opportunities

exist elsewhere.

Table 4. Privacy Risk Levels in Feature Types.

Data Type Use in Model Privacy Risk Level Example

Captures subjective and “Charming,”

Textual Descriptions . Moderate " L .
nuanced details prestigious,” “secure
Enabl ial lysi E lat-1 £

Geolocation Coordinates nables spatial ana YSISHigh xact at-long ©
and heatmaps property

School/Zip CodeProxy for clemographicsHi h Zip code 98118 as a racial

Metadata or income levels & proxy

Neighborhood NameEnhances spatial . “Capitol Hill,” “South

. Medium B
Tags modeling accuracy Park

6.2. Bias and Fairness: Asymmetrical Model Performance

Machine learning models trained on historical property data will carry forward biases in
historical housing practice. Minority or marginalized communities might have low numbers of
listings and, consequently, lower model performance and systemic undervaluation.

Bias can occur through:

»  Data imbalance: Overrepresentation of more affluent areas.
>  Unintended proxy variables: Zip code or school rating as a proxy for race or class.
>  Text bias: Greater usage of positive descriptions for homes in whiter communities.

Unless carefully managed, these models can facilitate gentrification, pushing investment away
from low-income but promising neighborhoods.

6.3. Model Explainability and Transparency

Artificial intelligence models utilized in the real estate sector, especially gradient boosting and
deep learning architectures, are opaque and complex. This is problematic when models inform
pricing, lending, or development decisions.

»  Lack of explainability kills trust between regulators and users.

»  Proprietary “black box” software shuts out public auditing.

» SHAP (SHapley Additive exPlanations) and LIME are new solutions that offer model
interpretability.

Recommendations of AI Deployment

To make Al systems legal, and inclusive in real estate:

»  Apply privacy-preserving techniques.
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Periodically audit for geographic bias with statistical parity tools.
Transparency document models (through “model cards”).
Involve community stakeholders in development and monitoring.

YV V V V

Avoid using zip code or school rating as direct features without proper de-biasing.

6.4. Regulatory Guidance

Some frameworks exist in the United States:

»  Fair Housing Act (FHA): Prohibits discrimination in housing based on race, color, religion, sex,
or national origin.

»  California Privacy Rights Act (CPRA): Governs consumer data, including geolocation and text
messages.

» HUD AI Principles: Encourage fairness, transparency, and non-discrimination in housing
technology.

7. Conclusions

This study explored the integration of machine learning models in the valuation of real estate
properties and ROI prediction in Seattle, Washington, using multimodal data comprising structured,
spatial-temporal, and textual features. Through the use of advanced algorithms such as Random
Forest, XGBoost, and stacking ensembles, we demonstrated significant enhancement in prediction
accuracy —marked by an R? value of approximately 0.78 and reduced RMSE and MAE compared to
baseline hedonic models. Among the important contributions of the study is the inclusion of textual
listing data, represented using transformer-based models (e.g., BERT), that picked up on nuanced
property attributes missed in structured variables. The inclusion of spatial-temporal features (e.g.,
distance to tech hubs, zoning overlays, historical trends) also allowed the understanding of micro-
market trends within Seattle’s heterogeneous neighborhoods to be more detailed. Feature importance
analysis, particularly with SHAP explanations, revealed the most predictive of ROI, such as
proximity to employment centers, school quality, proximity to public transportation, and linguistic
sentiment from listing descriptions. ROl heat maps also pointed out high-performing neighborhoods
like Beacon Hill, and parts of Northgate. Ethically, the research raised concerns about model bias,
and explainability especially for features that might inadvertently capture socioeconomic disparities.
We emphasized the need for responsible Al deployment in real estate through recognition, regular
bias audits, and community-involving design processes. In conclusion, this research validates the
utility of multimodal machine learning housing analytics models and provides a blueprint for data-
driven, equitable investment planning. It demonstrates the potential for Al to transform local housing
markets if coupled with responsible model governance and stakeholder collaboration. Future work
entails accounting for dynamic market trends, integrating real-time listing data, and policy-level
translation to guide affordable housing initiatives and equitable urban planning.

Conflicts of Interest: The author declares no conflict of interest.
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