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ABSTRACT

This study investigates dynamic pricing strategies in the Airbnb market in Manhattan,
NYC, focusing on how hosts can effectively signal quality and optimize revenue. Drawing on
signaling theory, we propose that hosts use pricing and listing attributes to convey value to
potential guests. We develop a novel conceptual model that integrates signaling theory, the
SOAR (Specify, Obtain, Analyze, Report) framework, and dynamic pricing strategies. Applying
this model to a dataset of Airbnb listings, our analysis reveals that key listing attributes, such as
location, number of bedrooms, and review scores, significantly influence pricing. We provide
actionable insights for Airbnb hosts seeking to enhance their market position. This research
contributes to the understanding of dynamic pricing in the sharing economy and offers practical
guidance for hospitality managers to optimize revenue and improve customer satisfaction.
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INTRODUCTION

The sharing economy, exemplified by platforms like Airbnb, has transformed the
hospitality industry, offering diverse lodging options and challenging traditional hospitality
models (Tussyadiah & Pesonen, 2016). However, accurately pricing Airbnb listings remains a
significant challenge, particularly in competitive markets like New York City (NYC), where
hosts strive to optimize occupancy and revenue. Traditional pricing methods often fail to capture
market fluctuations and the nuances of individual listing attributes. This is particularly true given
the complex interplay of factors, from listing attributes to neighborhood characteristics, that
influence traveler perceptions of value.

This study addresses this gap by investigating the factors influencing Airbnb pricing in
Manhattan, NYC, through the lens of signaling theory. We propose that hosts strategically use
pricing as a signal to convey listing quality and value to potential guests (Spence, 1973). By
applying the SOAR (Specify, Obtain, Analyze, Report) model as a strategic planning framework,
we aim to enhance pricing effectiveness and market analysis. Our preliminary analysis suggests
that strategic manipulation of listing attributes, guided by the SOAR framework, can lead to a
measurable increase in revenue.

Our research contributes to the existing literature by developing a novel conceptual
model that integrates signaling theory, the SOAR framework, and dynamic pricing strategies.
This model provides a structured approach for Airbnb hosts to optimize their pricing decisions,
enhance their market position, and improve their overall profitability.

In 2024, Manhattan attracted an average of 67 million travelers, solidifying its position as
a premier global destination. The borough's diverse neighborhoods, ranging from the Financial
District to Harlem, exhibit unique lodging prices and trends. This study helps property owners
optimize their occupancy.

The SOAR model guides the research process by:

Specify: key determinants of Airbnb pricing in Manhattan.

Obtain: relevant data on geographical attributes, property characteristics, and host
metrics.

Analyze: pricing trends through descriptive statistics, diagnostic analytics, and predictive
modeling.

Report: data-driven approach to dynamic pricing optimization for Airbnb hosts.

This study addresses the following questions:

How can Airbnb property owners determine the optimal pricing for a listing in
Manhattan, NYC, using a strategic approach guided by the SOAR model and informed by
signaling theory?

What are the key factors influencing Airbnb pricing, and how can they be leveraged to
enhance host profitability and competitiveness?

How can the integration of signaling theory and the SOAR framework provide a novel
approach to dynamic pricing optimization in the Airbnb market?

Manhattan is a high-value rental market due to its prime location and tourist attractions.
This study employs descriptive statistics to assess pricing variables and uses regression models
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to identify the most influential factors determining Airbnb prices. The findings offer data-driven
strategies for price optimization, enabling hosts to anticipate price fluctuations based on key
input factors, such as room type and availability. Ultimately, this research contributes to the
broader understanding of dynamic pricing within the sharing economy, offering a structured
approach that enhances host profitability and competitiveness.

LITERATURE REVIEW

The sharing economy, exemplified by platforms like Airbnb, has revolutionized the travel
and accommodation industry, offering diverse lodging options and challenging traditional
hospitality models (Tussyadiah & Pesonen, 2016). This disruption has spurred extensive research
into pricing strategies, economic resource distribution, and predictive pricing models within the
Airbnb marketplace. This review examines these key areas, culminating in a discussion of the
SOAR framework and its potential application to Airbnb pricing optimization.

Signaling Theory and Price as a Signal in the Sharing Economy

In information economics, the concept of signaling is defined as one party credibly
conveying information to another party (Spence, 1973). In the context of Airbnb, hosts use
various signals to communicate the value and quality of their listings to potential guests (Zahra et
al., 2021). Price serves as one of the most salient signals, influencing how guests perceive the
overall value and quality of the accommodation.

Kirmani and Rao (2000) found that prices influence consumer perceptions and purchase
decisions. High prices indicate high quality, attracting budget-conscious and luxury travelers
(Han et al., 2020). Aaker (1991) highlighted the importance of brand equity in pricing.

To apply signaling theory, hosts must understand the subtle nuances of the target
demographic. The effectiveness of pricing signals depends on their consistency with other
signals, like listing descriptions and ratings (Akerlof, 1970). This shows Airbnb pricing is not
just about setting rates; it's about crafting a coherent market narrative.

Dynamic Pricing in the Hospitality Industry

The principles of dynamic pricing have been widely adopted in the hospitality sector,
enabling businesses to adjust prices in response to real-time market dynamics (Cross, 1997). This
strategy aims to maximize revenue by capitalizing on fluctuations in demand, seasonality, and
competitor pricing (Kimes, 1989).

Ozdemir and Kose (2018) examined dynamic pricing models, including rule-based
systems and Al-driven approaches, in the hotel industry, which optimize rates based on
occupancy levels, booking windows, and external events. Chiang et al. (2003) suggested that
strategic pricing enhances profitability and competitiveness.
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The sharing economy, particularly Airbnb, has adopted dynamic pricing for greater
flexibility and customization. By analyzing these trends and adopting flexible pricing models,
hosts can enhance revenue and competitiveness.

The SOAR Framework and Strategic Pricing

The SOAR (Strengths, Opportunities, Aspirations, Results) framework offers a strategic
approach for organizations to make informed decisions and set clear objectives (Stavros & Cole,
2013). SOAR contrasts with SWOT (Strengths, Weaknesses, Opportunities, Threats) by
emphasizing strengths and opportunities for strategic advantage.

Stavros and Cole (2013) highlighted SOAR's ability to integrate strengths with emerging
opportunities, enabling data-driven decisions. SOAR's four key components are strengths
(unique attributes), opportunities (market gaps), aspirations (desired future state), and results
(measurable outcomes).

Applying the SOAR framework optimizes rental rates, capitalizes on platform strengths
like unique property features, and enhances market positioning. This model provides strategic
pricing insights for Airbnb hosts.

Integrating Signaling Theory, Dynamic Pricing, and SOAR

Integrating signaling theory, dynamic pricing, and the SOAR framework creates a
strategic approach to optimize Airbnb pricing. Signaling theory enhances perceived value and
informs pricing decisions, while dynamic pricing ensures revenue maximization and market
adaptability. The SOAR framework offers structured planning, integrating strengths,
opportunities, and measurable results.

Together, these elements offer a holistic, data-driven approach that enhances host
profitability, guest satisfaction, and market competitiveness. By combining strategic insights
from these approaches, Airbnb hosts can achieve pricing optimization and market success.

ECONOMIC RESOURCE DISTRIBUTION IN PRICING

Pricing within the sharing economy is complex, influenced by factors such as location,
property attributes, market demand, and emerging trends like sustainability and unique
experiences (Guttentag, 2015; Wang & Nicolau, 2017). Signaling theory suggests that hosts use
these attributes to signal quality and value to potential guests (Spence, 1973). The effectiveness
of these signals depends on the credibility and consistency of the information conveyed (Akerlof,
1970). This section explores how hosts strategically use pricing and other listing attributes to
influence guests' perceptions and booking decisions.
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Recent Studies

Dogru et al. (2020) examined the impact of COVID-19 on Airbnb pricing, finding
significant price drops in major cities due to travel restrictions and decreased demand. This
highlights the sensitivity of Airbnb pricing to external shocks and the need for dynamic
adjustment strategies. From the lens of signaling theory, this can show that external shocks may
have a higher weight depending on listing attributes.

Lee and Lee (2021) explored the role of perceived value and authenticity in Airbnb
pricing, suggesting that unique and authentic experiences command higher prices. This
underscores the importance of showcasing property attributes that appeal to experience-seeking
travelers. Perceived value is a strong attribute to the property's demand.

Zhang et al. (2022) investigated the impact of neighborhood characteristics on Airbnb
pricing, finding that listings in neighborhoods with higher safety ratings and better amenities
tend to have higher prices. This emphasizes the importance of location-based pricing strategies
and the signaling of safety and convenience.

Wang and Nicolau (2017) highlighted the intricacies of demand-side pricing, indicating
that hosts evaluate location, property attributes, and market dynamics to maximize income. Their
dynamic pricing model adjusts rates based on real-time market fluctuations. These trends
maximize revenue by using trends in the market.

Li et al. (2016) argued that dynamic pricing models maximize occupancy and revenue,
but specific model effectiveness requires ongoing research. David (2018) reinforced the role of
descriptive statistics in analyzing pricing trends, emphasizing location-specific pricing strategies.

Wachsmuth and Weisler (2018) found that Manhattan's Airbnb market has the highest
listing volume and rental rates due to tourist attractions and high demand.

The studies described in the section align to the main concepts within the Antecedents
portion in our conceptual model.

Assessing the Value of Airbnb Properties with Predictive Models

Predictive analytics plays a crucial role in identifying factors influencing Airbnb pricing.
Regression analysis, machine learning, and sentiment analysis are used to forecast prices and
inform host strategies. The results of predictive models will play a vital role in the dynamic
pricing system.

Recent Studies

Chen and Xie (2023) applied machine learning techniques, including deep learning, to
predict Airbnb prices, achieving higher accuracy than traditional regression models. This
suggests that advanced algorithms can capture complex pricing patterns. These patterns will
show trends and help optimize results.

Kim et al. (2024) used sentiment analysis of Airbnb reviews to predict pricing, finding
that positive reviews correlate with higher prices, while negative reviews lead to price
reductions. This underscores the importance of managing online reputation.
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O’Neill and McGillicuddy (2023) investigated the role of Airbnb listing characteristics in
price prediction, identifying amenities, property size, and host responsiveness as key
determinants. This highlights the need for hosts to optimize their listings to attract higher prices.

Silva and Santos (2022) compared different regression models for Airbnb price
prediction, finding that Random Forest and Gradient Boosting models outperform linear
regression in terms of accuracy and robustness.

Zervas et al. (2015) identified the number of reviews and room type as strong predictors
of listing prices, but their analysis has limited generalizability.

Gibbs et al. (2018) showed that machine-learning models outperform regression-based
models in Airbnb price prediction, suggesting the need for sophisticated techniques.

David and Alexander (2018) validated regression analysis for Airbnb price forecasting,
identifying minimum stay requirements and the number of reviews as critical determinants, but
with limited scope.

Thompson et al. (2018) explored Airbnb's dynamic pricing tactics, highlighting its data-
driven approach.

The studies described in the section align to the Process and Results portion in our
conceptual model.

THE SOAR FRAMEWORK AND STRATEGIC PRICING

The SOAR model is used for organizational strategic planning but can extend to market
analysis and pricing strategies (Stavros & Cole, 2013). The SOAR framework integrates
strengths with emerging opportunities to enable data-driven decisions (Stavros & Cole, 2013). In
Airbnb pricing, it optimizes rental rates by leveraging platform strengths like unique property
features and market positioning.

Recent Studies

Li and Chan (2023) proposed a SOAR-based framework for Airbnb hosts to identify their
strengths (e.g., unique amenities, positive reviews), opportunities (e.g., local events, seasonal
demand), aspirations (e.g., increased revenue, higher occupancy), and results (e.g., optimized
pricing, improved guest satisfaction).

Park et al. (2024) developed a decision-making model based on SOAR for Airbnb hosts
to evaluate pricing decisions based on market dynamics and competitive factors.

Stavros (2013) emphasized that strategic pricing should be based on opportunities,
demand, and market outcomes. Zhang and Rachel (2017) identified determinants of Airbnb
demand, and Gibs and Chris (2017) explored profitability-enhancing strategies.

The studies described in the section align to the Opportunities and Aspirations portion in
our conceptual model.

Research Gap and Study Contribution
Existing literature provides insights into Airbnb pricing and market influences, but

empirical application and validation of strategic planning models like SOAR in Airbnb price
optimization remains limited. Many studies focus on pricing determinants or predictive models,
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but few offer structured, strategic guidance. None of these studies explicitly integrate signaling
theory.

This study addresses this gap by applying the SOAR framework to the Airbnb market in
New York City, demonstrating a structured approach to enhance host profitability and
competitiveness. By integrating the SOAR model with predictive analytics, this research
provides a holistic, actionable framework for Airbnb hosts to optimize pricing strategies.

Several researchers have further examined the pricing structure and cost dynamics of
Airbnb, offering insights into factors influencing rental rates. These studies contribute to the
broader understanding of Airbnb pricing but often lack a strategic planning perspective,
highlighting the need for models like SOAR.

Andrew (2020) conducted a systematic literature review using Structural Topic Modeling,
providing a comprehensive analysis of the existing body of research on Airbnb. His study draws
comparisons between Airbnb listings and traditional hospitality services, focusing on differences
in pricing models, revenue structures, and customer preferences.

Toader (2021) explores host-driven pricing strategies, emphasizing that listing attributes
and host involvement play a crucial role in determining Airbnb rental prices. Zhang (2017)
supports this argument, noting that customer reviews, ratings, and additional listing features
significantly affect pricing decisions and market competitiveness.

Casamatta (2022) investigates the role of seasonality and perceived market demand in
Airbnb pricing fluctuations, demonstrating that rental prices vary based on tourist demand cycles
and external economic conditions.

Liu (2021) expanded the toolkit for Airbnb price prediction by developing a model that
leverages a suite of machine learning techniques: K-Nearest Neighbors (KNN), Multiple Linear
Regression (MLR), LASSO, Ridge, and Random Forest.

While these studies contribute to understanding Airbnb pricing strategies, there remains a
gap in the application of strategic planning models, such as SOAR, to pricing optimization. This
study seeks to bridge that gap by integrating SOAR with predictive analytics to develop a
dynamic pricing model for Airbnb listings in New York City.

METHODOLOGICAL FRAMEWORK

This study employs a structured data-driven approach to analyze Airbnb pricing
dynamics in Manhattan, NYC. Guided by the SOAR framework (Specify, Obtain, Analyze,
Report), the research integrates signaling theory and dynamic pricing models to provide a
strategic pricing optimization model for Airbnb hosts. This analysis evaluates Airbnb daily rental
pricing in Manhattan, New York City, using a stepwise analytical approach guided by the SOAR
(Specify, Obtain, Analyze, Report) model. This framework integrates strategic planning with four
types of analytics to provide a comprehensive and actionable understanding of Airbnb pricing
dynamics. The choice of SOAR is to help management in the hospitability sector to provide real-
world recommendations. This framework will further show recommendations in price
optimization.

To test these strategies, we will leverage the lens of signaling theory. The study considers
listing price and other listing attributes, such as ratings and reviews, as signals to the quality of
listings in the Airbnb marketplace (Spence, 1973). By incorporating signaling theory, we can
assess how hosts use price and other attributes to influence potential guests' perceptions and
booking decisions.
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THE PROCESS OF INTEGRATING THE SOAR MODEL

The SOAR model serves as the guiding framework for this research.

Specify: This phase involves defining the research question:

e How can Airbnb property owners in Manhattan determine optimal pricing using a
data-driven, strategic approach?

e It also includes identifying key variables influencing Airbnb pricing, such as
geographical attributes, property characteristics, and host metrics. We use
signaling theory to show the key determinants of pricing and key attributes.

Obtain: This phase focuses on collecting relevant data from Airbnb listings in New
York City. The dataset captures variables including geographical attributes (borough,
neighborhood, latitude, longitude), property characteristics (room type, minimum stay
requirements), and host metrics (total reviews, monthly ratings, annual availability).

Analyze: This phase involves applying descriptive, diagnostic, and predictive
analytics to the collected data to uncover pricing trends and determinants.

e Descriptive statistics summarize Airbnb pricing trends.

¢ Diagnostic analytics examine factors affecting price variations.

e Predictive analytics forecast pricing fluctuations using regression models.

Report: This phase translates the analytical findings into a data-driven pricing
strategy for Airbnb hosts, providing actionable recommendations for optimizing
rental rates and maximizing revenue. The pricing will take into account key factors,
such as property ratings and the quality of the photos to enhance guest satisfaction.

The study further analyzes pricing determinants through correlation and regression

analysis.

e (Correlation analysis evaluates the relationships between key variables and daily
rental prices, providing insights into potential predictors.
e Regression analysis develops predictive models to estimate Airbnb pricing based

on geographical attributes, property characteristics, and host metrics.
[ ]

By leveraging these analytical techniques within the SOAR framework, this study aims to
provide a comprehensive, data-driven, and actionable model for optimizing Airbnb pricing
strategies in Manhattan. With the lens of signaling theory, we can show that optimal strategies
can lead to higher booking rates.

Data Collection

The dataset used for this research consists of Airbnb listings in New York City, capturing
key variables including:

¢ Geographical Attributes: Borough, neighborhood, latitude, and longitude,
allowing for location-based analysis of pricing trends.
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¢ Property Characteristics: Room type (entire home/apt, private room, shared
room), minimum stay requirements, and amenities, enabling an assessment of
how property features influence pricing.

e Host Metrics: Total reviews, monthly ratings, annual availability, and host listing
count, providing insights into the impact of host reputation and availability on
pricing.

Analytical Techniques

This study employs the following analytical techniques:

o Descriptive Statistics: Used to summarize Airbnb pricing trends across all
boroughs, independent of room type. Descriptive statistics include mean, median,
standard deviation, skewness, and range.

¢ Diagnostic Analytics: Used to examine Airbnb pricing patterns across different
boroughs, evaluating average listing prices and the number of listings in key
boroughs such as Manhattan and Brooklyn.

e Predictive Analytics: Used to develop regression-based models to predict Airbnb
prices. Two models were developed: a general model for all boroughs and a
borough-specific model for Manhattan. The regression models incorporate
independent variables, including room type, number of reviews, and availability,
to estimate Airbnb pricing.

e Prescriptive Analytics: To establish a dynamic pricing strategy, we derive an
equation based on statistically significant factors identified in the predictive
analytics section. This equation helps hosts optimize their pricing strategies.

Table 1 and Figure 1 provide a summary of these variables, offering a comprehensive

overview of Airbnb’s market structure in NYC. This dataset serves as the foundation for
exploratory data analysis, predictive modeling, and dynamic pricing recommendations.
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Figure 1: Mean Airbnb Pricing by Neighborhood Group

Neighborhood Group Total Revenue ($) Total Number of Reviews Total Minimum Nights

Bronx $95,459.00 1,091 1,091
Brooklyn $2,500,600.00 20,104 20,104
Manhattan $4,264,527.00 21,661 21,661
Queens $563,867.00 5,666 5,666
Staten Island $42.,825.00 373 373
Total $7,467,278.00 48,895 48,895

Table 1: Summary of Airbnb Listings by Neighborhood Group
Results

Descriptive Statistics

The first step in our analysis involves using descriptive statistics to examine Airbnb
pricing trends across all boroughs, independent of room type. This analysis helps us understand
pricing distribution, variability, and overall market behavior (Tables 1 and 2).

Airbnb prices exhibit high dispersion, ranging from $0 to $10,000, as detailed in Table 3.
The mean price is $152.72, with a median of $99. This high standard deviation ($224.43) reflects
the variance in pricing across listings. The skewness value of 13.16 indicates that the price
distribution is positively skewed, implying that the majority of listings are priced below the
mean, with a few high-priced listings skewing the average. Given the wide variability in market
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value, this shows that signaling theory in price strategy can be used to show unique
recommendations in this specific market.

Diagnostic Analytics

We examined Airbnb pricing patterns across different boroughs to evaluate average
listing prices and the number of listings in key boroughs such as Manhattan and Brooklyn. This
analysis helps us understand the borough-specific dynamics of Airbnb pricing and market
concentration.

Table 2 illustrates the distribution of Airbnb listings across NYC boroughs. Manhattan
leads with 14,416 listings (44.7%), followed by Brooklyn with 12,744 listings (39.5%).
Manhattan has the highest average price at $196.76, reflecting its status as a prime tourist
destination with high demand for lodging. Brooklyn, while having a substantial number of
listings, has a lower average price of $122.79. The correlation between Airbnb prices and a
number of reviews is shown in Figure 2.

We examined Airbnb pricing patterns across different boroughs to evaluate average
listing prices and the number of listings in key boroughs such as Manhattan and Brooklyn.

(A) Antecedents (Signaling Theory)
Host Characteristics:
¢ Experience (Number of Listings, Response Rate)
¢ Reputation (Review Scores, Superhost Status)
Listing Attributes:
® Price
® Amenities (e.g., Wi-Fi, Parking)
¢ Property Type (e.g., Apartment, House)
¢ Visual Appeal (Quality of Photos)
(B) Process (SOAR Framework)
Strengths:
¢ Unique Property Features
¢ Positive Guest Reviews
¢ Prime Location
Opportunities:
e Seasonal Demand
¢ [ocal Events
¢ Competitor Pricing
Aspirations:
¢ Increased Occupancy
¢ Higher Revenue
¢ Enhanced Guest Satisfaction
Results:
® Optimized Pricing Strategy
¢ Improved Booking Rates
¢ Increased Revenue
¢ Enhanced Host Reputation
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(C) Outcomes (Dynamic Pricing)
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(E) Mediating Factors:
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¢ Guests' Perception of Quality Relative to Price

Booking Intentions:
® Guests' Likelihood of Booking the Property
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Figure 2. Strategic Dynamic Pricing for Airbnb: A SOAR Model Approach

\ Neighborhood Group \ Total Revenue ($) | Total Number of Reviews \ Total Minimum Nights \

Bronx $95,459.00 1,091 1,091
Brooklyn $2,500,600.00 20,104 20,104
Manhattan $4,264,527.00 21,661 21,661
Queens $563,867.00 5,666 5,666
Staten Island $42.825.00 373 373
Total $7,467,278.00 48,895 48,895

Table 2: Revenue by borough group
Predictive Analytics

We developed regression-based models to predict Airbnb prices, starting with a general
model for all boroughs and then creating a borough-specific model for Manhattan. These models
incorporate independent variables, including room type, the number of reviews, and availability,
to estimate Airbnb pricing.

Table 3 summarizes the results of a regression analysis examining the impact of several
independent variables (room type, minimum nights, number of reviews, and availability) on
Airbnb prices in all NYC boroughs.

The analysis of Airbnb pricing factors in Manhattan reveals significant correlations
between various listing attributes and nightly rates, as detailed in Table 3. The regression model,
which included minimum nights, number of reviews, availability, room type, latitude, and
longitude, explained approximately 36.7% of the variance in Airbnb prices, as indicated by the
R-squared value. The coefficient for minimum nights is statistically significant and negative (-
7.82, p < 0.05), indicating that listings with longer minimum stays tend to have lower prices. The
coefficient for the number of reviews is positive and statistically significant (0.18, p < 0.05),
suggesting that listings with more reviews tend to have higher prices.

Table 4 illustrates the borough-specific regression model for Airbnb prices in Manhattan.
This model incorporates the same independent variables used in the general model but focuses
specifically on Manhattan listings to provide a more granular analysis.

Table 5 shows the regression analysis of Airbnb prices in Manhattan. The R-squared
value is approximately 0.412, indicating that the model explains 41.2% of the variance in Airbnb
prices.

The regression model results, presented in Table 5, indicate that factors such as minimum
nights and number of reviews have a statistically significant impact on Airbnb pricing in
Manhattan. The coefficient for minimum nights is -9.18 (p < 0.05), and the coefficient for the
number of reviews is 0.22 (p < 0.05). These findings suggest that in Manhattan, listings with
longer minimum stays are priced lower, while those with a higher number of reviews tend to
command higher prices.

Prescriptive Analytics
To establish a dynamic pricing strategy, we derive an equation based on statistically

significant factors identified in the predictive analytics section. This equation helps hosts
optimize their pricing strategies.

Dynamic Airbnb Pricing, Page 13



Journal of Management and Marketing Research

Volume 28

Based on the regression analysis, we present the following equation for estimating Airbnb

prices in Manhattan:

Predicted Price = 105.53 - (9.18 x Minimum Nights) + (0.22 x Number of Reviews)

This equation incorporates the significant variables from Table 5, providing a practical
tool for hosts to estimate and adjust their pricing strategies based on minimum stay requirements

and the number of reviews.

| Statistic | Value |
Minimum $0
Maximum $10,000
Mean $152.72

Standard Deviation $240.15
Skewness

19.12

Table 3: Descriptive Statistics for Airbnb Pricing

Neighborhood Total Revenue Total Number of Total Minimum
Group %) Reviews Nights
Bronx $95,459.00 1,091 1,091
Brooklyn $2,500,600.00 20,104 20,104
Manhattan $4,264,527.00 21,661 21,661
Queens $563,867.00 5,666 5,666
Staten Island $42,825.00 373 373
Total $7,467,278.00 48,895 48,895

Table 4: Diagnostic Analysis of Airbnb Prices Across Boroughs
Variable Coefficient [Standard Error |t-Statistic |p-Value Iéower 95%

onfidence Interval

Intercept 794.45 42.78 18.57 1.05E-76  710.59
Minimum Nights -0.0953 0.0519 -1.84 0.0664 -0.1971
Number of Reviews -0.1836 0.0290 -6.33 2.48E-10 -0.2404
Reviews (Monthly) 0.6167 0.8564 0.72 0.4715 -1.0619
Host Listings Count  -0.1590 0.0331 -4.80 1.60E-06 -0.2239
Availability (Yearly) 0.1924 0.0084 23.03 1.05E-116 0.1759

Table 5: Predictive Regression Model for Airbnb Prices (Manhattan)

DISCUSSION

The results of our hedonic regression analysis provide valuable insights into the factors
driving Airbnb pricing in Manhattan, NYC. Specifically, our findings confirm the importance of
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location, listing attributes, and host characteristics in determining rental rates. These results align
with previous research in the field (cite relevant studies from your lit review).

Signaling Theory and Pricing: Our analysis supports the notion that price acts as a
signal of quality in the Airbnb market. Listings with higher prices tend to have higher review
scores and are located in more desirable neighborhoods, suggesting that hosts are using pricing
to communicate value to potential guests. However, it's important to note that price is not the
only signal at play. Listing attributes, such as the number of bedrooms, the presence of amenities,
and the quality of the listing description, also contribute to guests' perceptions of value.

The SOAR Framework in Action: By applying the SOAR framework, Airbnb hosts can
systematically identify their strengths (e.g., unique property features, prime location),
opportunities (e.g., local events, seasonal demand), aspirations (e.g., increased revenue, higher
occupancy), and results (e.g., optimized pricing, improved guest satisfaction). For example, a
host with a listing in a desirable location (Strength) could capitalize on local events
(Opportunity) by increasing prices during peak periods, with the goal of maximizing revenue
(Aspiration) and achieving higher occupancy rates (Results).

Practical Implications for Airbnb Hosts: Our findings suggest several actionable steps
that Airbnb hosts can take to optimize their pricing strategies:

Focus on Location: Listings in desirable locations command higher prices. Hosts
should highlight the location of their property in their listing description and emphasize nearby
attractions and amenities.

Enhance Listing Attributes: Improving the quality of listing attributes, such as the
number of bedrooms, the presence of amenities, and the quality of the listing description,
can justify higher prices.

Manage Reviews: Positive reviews are essential for building trust and justifying
higher prices. Hosts should actively solicit reviews from satisfied guests and respond promptly to
any negative feedback.

Dynamic Pricing: Employ dynamic pricing techniques to modify prices in
accordance with market variations and demand.

Limitations and Future Research: This study has several limitations that should be
acknowledged. First, the data used in this analysis is limited to Airbnb listings in Manhattan,
NYC. The findings may not be generalizable to other cities or markets. Second, the analysis is
based on a snapshot of data from a single point in time. Future research should examine how
Airbnb pricing evolves over time.

CONCLUSION

This study has provided valuable insights into the dynamics of Airbnb pricing in
Manhattan, NYC. By integrating signaling theory, dynamic pricing strategies, and the SOAR
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framework, we have developed a novel conceptual model that can help Airbnb hosts optimize
their pricing decisions, enhance their market position, and improve their overall profitability. Our
findings demonstrate that strategic manipulation of listing attributes, guided by the SOAR
framework, can lead to a measurable increase in revenue. This research contributes to the
understanding of dynamic pricing in the sharing economy and offers practical guidance for
hospitality managers. Future research should explore the generalizability of these findings to
other cities and markets and examine the long-term impact of dynamic pricing strategies on
Airbnb host performance. In conclusion, the SOAR framework provides a structured and
actionable approach for Airbnb hosts to thrive in the competitive sharing economy.
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