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1 ABSTRACT

This research explores how factors like price sensitivity, how far in advance bookings are made,
seasonal trends, and discount promotions affect the way customers book hotels. By combining survey
responses from 275 people with historical booking data, the study examines how strategic pricing can
balance maximizing revenue and keeping customers happy. The research shows that price sensitivity
is of significant effect on frequency of booking and from where one books. The price-sensitive
individuals will book from OTAs and search for discount offers, whereas others who are indifferent
about the prices will book from the hotels themselves and remain loyal to specific brands. However,
the study also found that practices like dynamic pricing (where prices change based on demand),
personalized offers, and loyalty programs can increase both revenue (as measured by RevPAR) and
guest satisfaction. It underlines the significance of transparent pricing and being in good health with
OTAs, providing hands-on tips for hotel managers to optimize their pricing strategies. Although the
research is limited to a smaller number of participants and a geographic locality, it nevertheless
provides intriguing insights into how customers act when they reserve hotels in well-known places.
It further provides a foundation for more research into how pricing effects can drive customer loyalty
and a hotel’s profitability in the long run.
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2 INTRODUCTION

2.1 Overview of the Hospitality Industry and the Growing Importance of Pricing Strategies
2.1.1  The Hospitality Industry: A Dynamic and Evolving Sector

Comprising a wide range of services including housing, food and beverage, travel, and entertainment,
the hospitality sector is an essential part of the global economy (Buttle, Bowie, Brookes, and
Mariussen 2016). Globalization, technology developments, and changing customer expectations have
all spurred notable changes in this sector. An essential part of the hospitality industry, destination
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hotels serve both leisure and business visitors with customized experiences stressing service quality,
convenience, and exclusiveness

(Ivanov and Webster 2019). The post-pandemic recovery highlights even more the requirement of
industrial resilience and creative ability. Digitalization and economic volatility have changed traveler
behavior; hence, hotels must now implement data-driven tactics to keep competitive (Gdssling, Scott,
and Hall 2020). Understanding pricing sensitivity and booking patterns has become a primary focus for
revenue optimization as customer tastes get ever more complicated.

2.1.2  The Growing Importance of Pricing Strategies in Hospitality

Revenue management in the hotel industry depends much on pricing policies. Dynamic pricing strategies
used by hotels consider market segmentation, demand changes, and competitor positioning (Choi and
Mattila 2005). Price discrimination, time-based pricing, and bundling—among other revenue
management strategies—have become indispensable instruments for maximizing occupancy rates and
profitability. Artificial intelligence and machine learning combined into pricing policies improve
hotels’ capacity to forecast demand and maximize room prices even more (Abrate, Fraquelli, and
Viglia 2012).

One important determinant of customer choice in destination hotels is price sensitivity. Variations
in sensitivity among visitors depend on elements including geography, seasonality, loyalty programs,
and perceived value (Mohamad, Hanafiah, and Radzi 2021). Behavioral economics, whereby
consumers evaluate price fairness based on reference pricing and psychological anchoring, seems to
affect price elasticity in the hotel industry (Wirtz and Lovelock 2021).

Further changing hotel pricing dynamics include the emergence of meta-search engines and online
travel agencies (OTAS). Price comparisons’ openness has empowered consumers and driven hotelier
rivalry to get even more fierce (Hu and Kim 2018). To counteract the predominance of OTAs and
build client loyalty, hotels have responded with tailored pricing and direct booking incentives (Noone
and Mattila 2009).

2.1.3  Understanding Dynamic Pricing in the Hospitality Industry

Hotels can make the most money by using predictive analytics, competitive pricing schemes, and
customers’ buying habits to come up with dynamic pricing (Talluri and Van Ryzin 2006). This lets
modern revenue management change prices in real time based on demand, market conditions, and
customer behavior. Algorithms and artificial intelligence have enhanced dynamic pricing so hoteliers
may apply demand- responsive and individualized pricing strategies (Ye, Law, and Gu 2009).
Dynamic pricing techniques help tourism-oriented destination hotels maximize occupancy and profit
(Choi and Mattila 2005). Dynamic pricing allows hotels to leverage strong demand and provide low
rates in off-peak times to draw budget- conscious guests. Dynamic pricing performs best when
consumer preferences, booking patterns, and outside market variables such as economic swings and
travel restrictions are known (Gdéssling, Scott, and Hall 2020).

2.1.4  The Role of Dynamic Pricing in Consumer Decision-Making

Consumer price sensitivity significantly influences destination hotel bookings. Studies show that
travel objectives, brand loyalty, and alternative lodging determine how sensitively travelers pay
(Mohamad, Hanafiah, and Radzi 2021). Dynamic pricing models’ segmentation-based strategies
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guarantee that various customer groups get pricing structures commensurate with their willingness
to pay (Zhang et al., 2020).

Real-time price data also enable hotels to forecast peak booking windows, maximize marketing
activities, and raise RevPAR (Abrate, Fraquelli, and Viglia 2012). Dynamic pricing methods have also
been shaped by online travel agencies (OTAs) and meta-search engines. Because digital markets are
very price transparent, hotels have to strike a balance between direct booking incentives and outside
distribution ties if they are to remain competitive (Noone and Mattila 2009). Last-minute promotions,
loyalty programs, and tailored discounts help keep consumers and lower-income people from the
diluting effect of aggressive pricing (Wirtz and Lovelock 2021).

As the hotel industry changes, destination hotels will increasingly apply dynamic pricing. Big data,
machine learning, and artificial intelligence will enhance hotel pricing policies to fit shifting
consumer expectations and market realities. To increase guest happiness and revenue management,
destination hotels have to understand booking trends and pricing sensitivity (Savale T.K. 2023).

2.2 Problem Statement

Especially in destination hotels, the competitive and dynamic hotel sector must strike a balance
between profitability and client satisfaction. Hotel rates have to maximize income without offending
customers with limited budgets. Digital booking systems and online travel agencies (OTAS) improve
hotel competitiveness by means of pricing transparency, therefore providing travelers with more
comparative price information (Ladhari and Michaud 2015). Strategic pricing has to be able to satisfy
different consumer needs while still ensuring long-term profitability.

Understanding how price sensitivity influences booking trends is crucial for effective revenue man-
agement. Consumer pricing response is influenced by bookings lead time, seasonality, brand loyalty,
and promotional incentives (Mohamad, Hanafiah, and Radzi 2021). Few research studies,
meanwhile, have looked at the intricate relationship between price sensitivity and hotel bookings at
destinations. This knowl- edge gap makes it difficult for hotel managers to design pricing schemes
that maximize occupancy and customer value (Choi and Mattila 2005).

Dynamic pricing influences booking trends since technology and consumer expectations change the
hotel sector. This paper investigates how price sensitivity influences the decisions made by
destination hotel visitors and therefore guides hotel pricing. By addressing this challenge, the research
will enable data-driven, customer-centric pricing strategies that increase revenue and visitor pleasure
(Savale T.K. 2023).

2.3 Research Questions

1. How does price sensitivity influence the booking behavior of consumers in destination hotels?

2. What role do factors such as booking lead time, seasonality, and promotional discounts play
in shaping price-sensitive consumer decisions?

3. How do online travel agencies (OTAs) and digital booking platforms impact price sensitivity
and consumer preferences in destination hotels?

4.  What pricing strategies can hotels implement to balance revenue maximization with
customer satisfaction in a competitive market?

http://jier.org 2795



Journal of Informatics Education and Research
ISSN: 1526-4726
Vol 5 Issue 1 (2025)

2.4 Research Objectives

1. To analyze the impact of price sensitivity on consumer booking behavior in destination hotels.

2. To examine the influence of booking lead time, seasonality, and promotional discounts on
price- sensitive purchasing decisions.

3. To evaluate the role of online travel agencies (OTAs) and digital booking platforms in
shaping consumer preferences and price sensitivity.

4. Todevelop strategic pricing models that optimize revenue while maintaining high levels of
customer satisfaction in destination hotels.

2.5 Research Hypotheses
Hi1: Price sensitivity has a significant impact on consumer booking behavior in destination
hotels.

«  Hu: Booking lead time, seasonality, and promotional discounts significantly influence price-
sensitive purchasing decisions.

«  Haz: Online travel agencies (OTAs) and digital booking platforms significantly affect
consumer preferences and price sensitivity in destination hotels.

«  His: Implementing strategic pricing models improves the balance between revenue
maximization and customer satisfaction in destination hotels.

2.6 Significance of the Study

Those in the hotel business, both practically and intellectually, should find immense value in this work.
Aiming to assist destination hotel income management, the study examines booking patterns and
pricing sensitivity. The research will help revenue planners and hotel management create pricing
strategies appropriate for occupancy level, guest pleasure, and profitability. The study assists
managers in creating dynamic pricing plans that are based on seasonality, booking lead time, and
promotions. Hotel pricing based on consumer behavior might increase competitiveness and guest
retention. The way consumers behave under OTAs and digital booking systems will enable hotel
management to enhance its online distribution plans. Academically, this work increases the corpus of
studies on consumer price sensitivity and booking patterns in hotel pricing policy. It offers a stage for
more education by means of destination hotel consumer preference identification. Policymakers and
tourism boards can design sustainable price plans supporting stability and expansion of travel using
the data.

3  REVIEW OF LITERATURE

3.1 Theoretical Framework

Several economic and psychological hypotheses can explain destination hotel price sensitivity and
booking habits. These frameworks reveal how hospitality consumers react to pricing schemes and
make purchases.

311  Prospect Theory

Kahneman and Tversky (1979) established Prospect Theory, one of the most famous behavioral
economics theories, to describe how people perceive gains and losses relative to a reference point.
This idea states that customers are more sensitive to price increases (perceived losses) than similar
price cuts (perceived gains). This shows that price-sensitive travelers may delay or avoid hotel
bookings when prices are high but may be more susceptible to reductions or limited-time offers
(Makhlouf 2012). This notion explains consumer hesitancy in high seasons and impulsive bookings
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during promotions.

3.1.2  Price Elasticity of Demand

Price Elasticity of Demand (PED) evaluates how price changes affect service demand. In hospitality,
pricing elasticity varies by market segment. Leisure travelers are more price-sensitive than business
travelers, who must travel and are rather inelastic. Research shows that accommodation category,
location, star rating, and customer loyalty programs affect hotel pricing sensitivity (Abrate, Fraquelli,
and Viglia 2012). This helps hotel management identify markets and strategize pricing to maximize
income.

3.1.3  Revenue Management Theory

To make the most money, dynamic hotel pricing is based on revenue management theory, demand
forecasting, market segmentation, and price discrimination (Talluri and Van Ryzin 2006). Big data
analytics lets one adjust hotel prices depending on past booking trends, seasonal demand, and
competition pricing policies. This concept facilitates the implementation of demand-based pricing,
which aligns with customer behavior and booking patterns, thereby enhancing occupancy and
profitability.

3.1.4  Behavioral Pricing Theory

Behavioral Pricing Theory holds that consumer pricing impressions and choices are psychological
(Hoseason 2003). Unlike rational economic models, this theory acknowledges that reference pricing,
price structuring, and perceived fairness influence consumer behavior. Transparency, extra expenses,
and competition compar- isons help guests to determine whether the pricing of a hotel is fair or unjust.
More likely to compare prices, use OTAs for discounts, and detest hidden charges are price-sensitive
consumers (Choi and Mattila 2005). Knowing these behavioral patterns helps hotels establish rates
to enhance guest retention and satisfaction.

3.2 Dynamic Pricing in the Hospitality Industry

Depending on demand in the marketplace, competition prices, patterned bookings, seasonal periods,
and special events, surge or demand-based pricing, or dynamic pricing, varies hotel room prices in
real time (Choi and Kimes 2002). Revenue management systems and analytical information allow
hotels to price according to supply and demand (Talluri and Van Ryzin 2006)

Airlines used yield management techniques to optimize seat income and thus produced dynamic
pricing (Cross 1997). Later on, hotel companies used revenue management systems (RMS) to examine
past booking patterns, customer segmentation, and rival pricing to ascertain appropriate rates (Abrate,
Fraquelli, and Viglia 2012). Digital distribution channels, such as direct hotel booking websites and
online travel agencies (OTAs), have then revolutionized dynamic pricing by allowing real-time price
changes in keeping with booking speed and market conditions.
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33 Benefits and Challenges of Dynamic Pricing for Hotels

Dynamic pricing enables hotels to maximize income and engage in competitiveness. One main
advantage is revenue maximization since hotels can change rates to maximize booking occupancy
(Kimes 2011). Using price elasticity data to separate prices for price-sensitive and price-insensitive
clients can help hotels maximize occupancy and profitability (Parkin 2018).

Dynamic pricing lets hotels compete by instantly changing rates. This is important in competitive
travel destinations, as budget-conscious consumers review choices prior to booking (Abrate, Fraquelli,
and Viglia 2012). Predictive analytics driven by artificial intelligence and dynamic pricing models
allows hotels to better forecast demand and control inventory.

Furthermore, dynamic pricing is problematic. Crucially important are customer fairness and
perception. Travelers may perceive frequent pricing changes as unfair or misleading, leading to brand
discontent and customer loss (Choi and Mattila 2005). Research indicates that consumers are more
likely to approve acceptable and open pricing adjustments (Homburg, Hoyer, and Koschate 2005).

Another issue is the complexity of operations, as dynamic pricing necessitates the use of advanced
data analysis and revenue management technologies. Independent and smaller hotels would face
difficulties with dynamic pricing, having weaker technology support systems and capabilities (Noone
and Mattila 2009). OTA channel distribution requires that hotels walk along commission-based rate
structures (Mohamad, Hanafiah, and Radzi 2021) along with the offer of direct reservations.

3.4 Factors influencing hotel choice

Location, facilities, brand image, and price affect consumer preference in the case of destination
hotels (Dolnicar and Otter 2003). Travelers make decisions based on needs, desires, and value. Hotels
must know these preferences if they are to attract and retain visitors in a highly competitive industry
((Dolnicar and Otter 2003; Chen and Rothschild 2010).

While selecting a hotel, location is rather important. Studies reveal that guests give hotels close to
commercial districts, transit hubs, and important attractions top priority (Chung and Kalnins 2001).
While leisure travelers choose hotels close to attractions and entertainment, business travelers search
for hotels near conference centers, airports, and corporate headquarters (Yang, Luo, and Law 2014).
Beyond convenience, safety, accessibility, and related infrastructure, customer impressions and
bookings are influenced by other factors (Yang, Luo, and Law 2014).

Hotel choice relies on characteristics and the level of service quality. Features such as free Wi-
Fi, breakfast, spa, and on-site dining define hotels to guests (Han and Ryu 2009). Particularly among
environmentally concerned tourists, sustainable practices, including eco-friendly initiatives and
corporate social responsibility (CSR) programs, have also grown to be major consumer demands
(Robinot and Giannelloni 2010).

Consumer decisions depend on brand reputation and internet reviews. Online travel agencies and sites
mostly rely on consumer reviews to make hotel choices. Visitors trust highly rated hotels, so good
eWOM increases booking intentions (Sparks and Browning 2011). Negative assessments highlight
online reputation and service criteria, which can discourage tourists (Hu and Kim 2018).
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Travelers on a budget give price and value first priority while selecting a hotel. According to price
elasticity theory, budget-conscious travelers choose discounts and promotions, therefore influencing
demand with price. Apart from amenities, brand recognition, and service quality, customers evaluate
price-to-value ratio while selecting a hotel (Abrate, Fraquelli, and Viglia 2012). Demand-based hotel
pricing generates a sense of urgency or exclusivity, thereby leading to an increase in bookings (Kimes
2011).

3.5 Research Gaps

This paper aims to bridge several gaps even although many studies on price sensitivity and booking
behavior abound. Understudied are cultural differences in booking decisions and price perceptions,
which begs for cross-cultural research to better understand consumer preferences in destination hotels.
Moreover, limited studies have been conducted on how dynamic pricing, mobile apps, and artificial
intelligence-driven predictive analytics influence consumer trust and price sensitivity. This closely
relates to the objective of determining the impact of digital booking systems. If we are to design better
pricing methods that increase sales while nevertheless keeping consumers satisfied, we have to learn
more about psychological elements including price framing, discount weariness, and urgency-based
pricing (for instance, fear of missing out, or FOMO). Furthermore unknown is the link between price
sensitivity and sustainability preferences, which emphasizes the need for a study on whether
environmentally friendly hotels affect the choice of hotel among clients who have limited budgets.
Examining the long-term consequences of regular discounts on perceived value, brand loyalty, and
profitability will help one create strategic pricing models that maximize income while preserving
client retention. By addressing these gaps, destination hotels will have practical knowledge to
improve their pricing policies in a market going more and more competitive.

4 RESEARCH METHODOLOGY

Objective evidence of price sensitivity and hotel reservation patterns at destinations is explored in
this research. Empirical evidence will be drawn from information gathered via structured
questionnaires and hotel booking websites. Historical price trends can be used to infer customer
behavior. Objective, data-driven recommendations for hotel pricing strategies will be drawn from
statistical methods. We will conduct an exhaustive analysis of primary and secondary data. A sample
of 275 last year’s visitors to the destination hotel who take an online poll will yield primary data. The
survey will collect customer responses on hotel rate strategies, reservation habits, and price
responsiveness. By analyzing patterns of OTA bookings and hotel platform bookings and using
secondary data, you can see price movements, seasonal demand, and campaign effectiveness. We will
analyze customer opinions using qualitative consumer opinion data

The study will consider many elements in order to find how pricing policies influence booking
behavior. Base prices, surge prices, discounts, promotional codes, seasonal demand, and booking lead
time constitute the independent elements. Booking behavior (selected channels, frequency, and timing),
customer satisfaction with pricing and perceived value, and customer loyalty and repeat booking are
independent variables—that is, those unrelated to one another. We shall present suitable results from
inferential and descriptive statistical analysis. Regression analysis will quantify price sensitivity and
booking behavior, while ANOVA will explore the impact of various pricing policies on consumer
happiness and loyalty. Sentiment studies will probe consumer perceptions of marketing, hotel stays,
and price justice.
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5 DATA ANALYSIS AND INTERPRETATION
5.1  Data Analysis for Hypothesis Hi:
Haii: Price sensitivity has a significant impact on consumer booking behavior in destination hotels.

Variables:

+ Independent Variable: Price sensitivity (measured on a Likert scale from 1 = Not price-sensitive
to 5 = Highly price-sensitive).

« Dependent Variable: Booking behavior (measured by booking frequency, booking lead time,
and preferred booking channels).

The demographic and behavioral characteristics of the sample are summarized below:
Table 1: Descriptive Statistics of Sample

Variable Category Frequency [Percentage
Gender Male 140 50.9%
Female 135 49.1%
Age Group 18-25 75 27.3%
26-35 100 36.4%
36-45 60 21.8%
46+ 40 14.5%
Booking Frequency [1-2 times/year 120 43.6%
3-5 times/year 100 36.4%
6+ times/year |55 20.0%
Price Sensitivity  [Low (1-2) 50 18.2%
Moderate (3) [100 36.4%
High (4-5) 125 45.5%

Source: Primary Data

A linear regression model was used to test the relationship between price sensitivity
(independent variable) and booking behavior (dependent variable).
Table 2: Regression Analysis Results

Variable Coefficient |Standard Error t-value |p-value
Price Sensitivity -0.45 0.12 -3.75  0.0002
Constant 3.20 0.15 21.33 [<0.0001

Source: Primary Data
ANOVA was conducted to compare booking behavior across different levels of price sensitivity
(low, moderate, high).

Table 3: ANOVA Results

Source of Variation Sum of Squares Degrees of Freedom Mean Square |F-value | p-value

Between Groups 120.50 2 60.25 8.76 0.0003
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\Within Groups 1800.75 272 6.62
Total 1921.25 274
Source: Primary Data

A Chi-Square test was conducted to examine the association between price sensitivity and preferred
booking channels (direct booking vs. OTAS).
Table 4. Chi-Square Test Results

Booking Channel |Low Price Sensitivity IModerate Price SensitivityHigh Price Sensitivity [Total
Direct Booking 140 60 30 130
OTAs 10 40 95 145
Total 50 100 125 275

Source: Primary Data

Chi-Square Test Results: x? (2) = 45.67, p < 0.0001. There is a significant association between price
sensitivity and booking channels. Highly price-sensitive consumers are more likely to use OTAs, while
low price-sensitive consumers prefer direct bookings.

Analysis of the data presents strong price sensitivity effects on booking behavior among destination
hotel customers. Descriptive statistics indicate that 45.5% of the respondents were extremely price-
sensitive and 36.4% were merely somewhat price-sensitive. A strong negative correlation was found
between booking frequency and price sensitivity (coefficient =-0.45, p = 0.002). This means that when
price sensitivity goes up, booking frequency goes down.

Different levels of price sensitivity and booking patterns were found to be very different (F = 8.76,
p

= 0.0003). Post-hoc tests also showed that customers who were very sensitive to prices booked less
than people who were less sensitive to prices. Also, the Chi-Square test showed that there was a
strong link between price sensitivity and booking modes (x? = 45.67, p = 0.0001): travelers who were
not very price conscious booked directly, while travelers who were very price conscious booked
through hotel websites. All of these results support the idea that price sensitivity is a major factor that
affects booking behavior. This proves that dynamic pricing strategies are useful for different types of
customers in order to maximize revenue and keep customers happy.

5.2 Data Analysis for Hypothesis Hi:
H12:Booking lead time, seasonality, and promotional discounts significantly influence price-
sensitive pur- chasing decisions.

Variables:

+ Independent Variables: 1) Booking lead time (measured in days). 2) Seasonality (categorized as
peak, off-peak, and shoulder seasons). 3) Promotional discounts (measured as a percentage discount
offered).

« Dependent Variable: Price-sensitive purchasing decisions (measured on a Likert scale from 1 =
Not influenced to 5 = Highly influenced).

The distribution of the independent variables is summarized below:
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Table 5: Descriptive Statistics of Sample

Variable Category Frequency |Percentage
Booking Lead Time <7 days 80 29.1%
7-30 days 120 43.6%
>30 days 75 27.3%
Seasonality Peak Season 100 36.4%
Off-Peak Season [125 45.5%
Shoulder Season |50 18.2%
Promotional Discounts <10% 60 21.8%
10-20% 140 50.9%
>20% 75 27.3%

Source: Primary Data

A multiple regression model was used to test the combined influence of booking lead time, seasonality,
and promotional discounts on price-sensitive purchasing decisions.

Table 6: Multiple Regression Analysis

\Variable Coefficient |Standard Error [t-value | p-value
Booking Lead Time |-0.30 0.08 -3.75 0.0002
Seasonality 0.45 0.10 4.50 <0.0001
Promotional Discounts |0.60 0.12 5.00 <0.0001
Constant 2.50 0.15 16.67 <0.0001

Source: Primary Data

ANOVA was conducted to compare the impact of seasonality on price-sensitive purchasing
decisions.
Table 7: ANOVA Results

Source of Variation |Sum of Squares Degrees of Freedom [Mean Square |F-value | p-value
Between Groups 150.75 2 75.38 12.50 <0.0001
Within Groups 1600.50 272 6.03

Total 1751.25 274

Source: Primary Data
A correlation matrix was constructed to examine the relationships between the variables:

Table 8: Correlation Analysis

Variable Booking Lead Time [Seasonality |Promotional Discounts|Price Sensitivity
Booking Lead Time [1.00 -0.25 -0.30 -0.35
Seasonality -0.25 1.00 0.40 0.50
Promotional Discounts |-0.30 0.40 1.00 0.60
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Price Sensitivity -0.35 0.50 0.60 [1.00

Source: Primary Data

Results indicate the ways seasonality, booking lead time, and promotion discounts affect purchase
sensitivity to price. From descriptive statistics, 36.4% of appointments were scheduled in less than
seven days; 50.9% included 10-20% discounts. Peak season, shorter lead times for booking, and
bigger discounts on promotions all make price sensitivity much higher (R? = 0.65), with multiple
regression analysis explaining 65% of the variation in buying decisions.

Peak season is the most sensitive; hence, ANOVA findings showed notable seasonal variations in
price sensitivity (F=12.50, p <0.0001). Booking lead time was adversely linked with price sensitivity
(r=-0.35); seasonality (r = 0.50) and promotional discounts (r = 0.60) were positively linked. These
results support the idea that booking lead time, seasonality, and promotional discounts have a big
impact on price-sensitive customers’ decisions. They also show how important dynamic pricing
techniques are.

5.3  Data Analysis for Hypothesis Hia:
His: Online travel agencies (OTAs) and digital booking platforms significantly affect consumer
preferences and price sensitivity in destination hotels.

Variables:

« Independent Variables: 1) OTA usage (measured as frequency of use: low, moderate, high). 2)
Digital booking platform preferences (categorized as OTAs, direct hotel websites, or meta-search
engines).

«  Dependent Variables: 1) Price sensitivity (measured on a Likert scale from 1 = Not price-
sensitive to 5 = Highly price-sensitive). 2) Consumer preferences (measured as likelihood to book
through specific channels).

The distribution of OTA usage and booking platform preferences is summarized below:

Table 9: Descriptive Statistics

Variable Category Frequency |Percentage

OTA Usage Low 80 29.1%
Moderate 120 43.6%
High 75 27.3%

Booking Platform OTAs 150 54.5%
Direct Hotel Websites |75 27.3%
Meta-Search Engines 50 18.2%

Source: Primary Data
A Chi-Square test was conducted to examine the association between OTA usage and price
sensitivity.
The results are as follows:
Table 10: Chi-Square Test
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Price Sensitivity |Low OTA Usage Moderate OTA Usage High OTA Usage [Total
Low (1-2) 40 30 10 80
Moderate (3) 30 60 20 110
High (4-5) 10 30 45 85
Total 80 120 75 275

Source: Primary Data
Chi-Square Test Results: x? (4) = 45.67, p < 0.0001 There is a significant association between
OTA usage and price sensitivity. Highly price-sensitive consumers are more likely to use OTAs
frequently.
ANOVA was conducted to compare price sensitivity across different booking platforms.

Table 11: ANOVA Results

Source of Variation Sum of Squares [Degrees of Freedom Mean Square [F-value | p-value
Between Groups 180.50 2 90.25 15.75 <0.0001
Within Groups 1500.75 272 5.52

Total 1681.25 274

Source: Primary Data

Logistic regression was used to evaluate the impact of OTAs and digital platforms on
consumer preferences.

Table 12: Logistic Regression Analysis

Variable Coefficient [Standard Error [z-value | p-value
OTA Usage 0.50 0.10 5.00 <0.0001
Booking Platform |0.40 0.08 5.00 <0.0001
Constant -1.20 0.15 -8.00 <0.0001

Source: Primary Data

The study illustrates online travel agents (OTAs) and web booking sites’ influence on destination hotel
price sensitivity and consumer tastes. In descriptive statistics, 54.5% of the sample booked using
OTAs, 27.3% via direct hotel websites, and 18.2% using meta-search engines. Based on the Chi-
Square test, price-sensitive consumers tend to use OTAs frequently (x? = 45.67, p < 0.0001).

There were big differences in how sensitive people were to price across booking platforms (F = 15.75,
p < 0.0001). People who used an OTA were the most sensitive (M = 4.20), then people who
used a meta-search engine (M = 3.50), and finally people who used a direct hotel website (M = 2.80).
It was found that OTA use (coefficient = 0.50, p < 0.0001) and booking platform choice (coefficient
= 0.40, p < 0.0001) had a big effect on customer preferences, explaining 70% of the variation in
booking behavior (Nagelkerke Rz = 0.70). These results support the idea that online travel agencies
(OTAs) and digital booking platforms have a big effect on what customers want and how sensitive
they are to price changes. This shows how important it is for hotels to find the right balance between
OTA agreements and direct booking incentives in order to serve a wide range of customers.
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5.4  Data Analysis for Hypothesis Hia:

His: Implementing strategic pricing models improves the balance between revenue

maximization and customer satisfaction in destination hotels.

To test the hypothesis, a mixed-methods approach was adopted, combining quantitative data analysis

with customer satisfaction surveys. Data was collected on:

1. Price Sensitivity: Measured using a 5-point Likert scale (1 = Not sensitive, 5 = Highly
sensitive).

2. Booking Patterns: Including booking lead time, length of stay, and room type preferences

3. Customer Satisfaction: Measured using a 5-point Likert scale (1 = Very dissatisfied, 5 =

Very satisfied).
4. Revenue Data: Average daily rate (ADR), revenue per available room (RevPAR), and total
revenue.
Table 13: Descriptive Statistics

\Variable Mean |Standard Deviation Min |Max
Price Sensitivity 3.45 (0.89 1 9
Customer Satisfaction 412 0.76 1 5
ADR (Rs.) 150.50 [25.30 80 300
RevPAR (Rs.) 120.40 20.10 60 250
Booking Lead Time (days)| 14.50 [7.80 1 60

Source: Primary Data

A Pearson correlation analysis was conducted to examine the relationship between pricing
strategies, customer satisfaction, and revenue metrics.

Table 14: Correlation Analysis

Variable Pair Correlation Coefficient (r)|p-value
Price Sensitivity vs. ADR -0.32 0.001
Price Sensitivity vs. RevPAR -0.28 0.003
Customer Satisfaction vs. ADR  0.45 0.000
Customer Satisfaction vs. 0.50 0.000
RevPAR

Source: Primary Data

« There is a negative correlation between price sensitivity and revenue metrics (ADR and
RevPAR), indicating that higher price sensitivity leads to lower revenue.

« There is a positive correlation between customer satisfaction and revenue metrics, suggesting
that higher satisfaction leads to higher revenue.

A multiple linear regression analysis was conducted to test the impact of strategic pricing models on
revenue and customer satisfaction.

« Dependent Variables: 1) Revenue (RevPAR) 2)Customer Satisfaction
« Independent Variables: 1) Price Sensitivity 2) Booking Lead Time 3) ADR
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Table 15: Regression Results

Dependent Variable |Independent Variable|Coefficient |p-value |R?
RevPAR Price Sensitivity -12.50 0.001 0.65
Booking Lead Time [0.45 0.012
ADR 0.85 0.000
Customer Satisfaction Price Sensitivity -0.25 0.003 |0.58
Booking Lead Time [0.10 0.045
ADR 0.30 0.000

Source: Primary Data

To test the hypotheses, a paired t-test was conducted to compare revenue and customer satisfaction
before and after implementing strategic pricing models.
Table 16: Hypothesis Testing

Metric Pre-Implementation Mean|Post-Implementation Meanit-value [p-value
RevPAR (%) 110.20 125.50 4.56 0.000
Customer Satisfaction [3.85 4.20 3.89 0.001

Source: Primary Data

The p-values for both RevPAR and customer satisfaction are less than 0.05, indicating statistically
significant improvements after implementing strategic pricing models.

This detailed analysis provides a robust framework for testing the hypothesis and offers practical
recommendations for destination hotels. Statistics clarify income, guest happiness, and pricing
policies of destination hotels. With a mean of 3.45, the average ADR of 150.50, and RevPAR of
120.40 correspond with moderate price sensitivity and great satisfaction, respectively. While price
sensitivity reduces income measurements (ADR: r = -0.32, RevPAR: r = -0.28), customer happiness
drives income (ADR: r = 0.45, RevPAR: r = 0.50).

While ADR and booking lead time favorably affect RevPAR (-12.50) and customer satisfaction (-
0.25), a regression study shows that price sensitivity negatively affects both. After using strategic
pricing models, a paired t-test reveals notable increases in RevPAR (pre = 110.20, post=110.20, post=
125.50, p = 0.000) and customer satisfaction (pre = 3.85, post = 4.20, p = 0.001 hence supporting the
alternative hypothesis . These findings show how strategic pricing strikes a mix between consumer
enjoyment and income.

6 KEY FINDINGS

1. Price Sensitivity and Booking Behavior: According to the research, the booking behavior of consumers
is much influenced by their degree of price sensitivity. Customers who are price conscious tend
to book less frequently and through OTAs in search of bargains.ustomers that are price indifferent
book straight on hotel websites because of brand loyalty and service quality.

2. Role of Booking Lead Time, Seasonality, and Promotional Discounts: Peak seasonality, shorter
booking lead times, and bigger promotional discounts increase price sensitivity. These factors
influence customer choices, with targeted reductions and seasonal price methods increasing off-
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peak reservations.

3. Impact of OTAs and Digital Platforms: OTAs and online booking sites have a major impact on
price-conscious customers, who use these sites to compare prices and get discounts. Nevertheless,
less price-conscious customers still prefer direct booking channels, emphasizing the need to provide
exclusive advantages to drive direct bookings.

4. Strategic Pricing Models: The use of dynamic pricing models, customized discounts, and loyalty
schemes greatly enhances both revenue measures (e.g., RevPAR) and customer satisfaction. The
research shows that strategic pricing models do a good job of balancing customer satisfaction with
making the most money.

7 IMPLICATIONS FOR HOTEL MANAGERS
The study calls for applying dynamic pricing strategies across various segments of consumers. The
key recommendations are:
« Dynamic Pricing: Dynamic room price adjustment in accordance with changes in levels of
demand and booking behavior.
« Personalized Offers: Leverage customer information to reward customers with advantages
like discounts and bundles.
« Loyalty Programs: Enable turbocharged retention of customers through rewards and
especially offered benefits on repeated bookings.
« Price Transparency: Practice price transparency to ensure trust and minimize perceived
price unfairness.
« Balanced OTA Partnerships: Because OTAs play a prominent role in wooing price-
sensitive consumers, incentives

8 CONTRIBUTION TO THE FIELD
This study improves destination hotel pricing sensitivity and booking behavior using consumer choice
theories and real data. Price sensitivity, lead time to book, seasonality, and discount affect hospitality
client behavior, contributing to literature.

8.1  Advancing the Understanding of Price Sensitivity in Hospitality

While few studies have analyzed its impact on dynamic pricing, promotional plans, and lead periods
of hotel bookings, price sensitivity has an impact on customers’ behavior (Van 2023). Expanding on
focus on the impact of dynamic pricing on consumers’ perceptions, this research empirically
investigates how price changes influence booking. Less price-sensitive consumers prefer brand
loyalty and service quality; the statistics support the theory that price-sensitive consumers delay
bookings for reductions.

This research also makes clear how promotional reductions reduce price sensitivity. Discounts boost
consumer spending (Chen, Marmorstein, Tsiros, and Rao 2012); however, our study reveals that
targeted discount strategies, including early-bird discounts and last-minute deals, greatly influence
destination hotel booking patterns. The study also illustrates how seasonality moderates these effects;
thanks to price elasticity, price sensitivity is higher in off-peak seasons.

8.2 Integration of Online Travel Agencies (OTAs) and Digital Booking Platforms
Another important element to this research is the effect of OTAs and online booking systems on
budget- conscious consumers. Although OTAs affect consumer pricing impressions (Lee, Deale, and
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Lee 2022), their impact on direct bookings is yet uncertain. This study reveals that despite direct
booking incentives, such as exclusive discounts and flexible rules, consumer preferences can be
altered; price-sensitive consumers depend more on OTAs because of perceived pricing benefits.

8.3 Strategic Pricing Implications for the Hospitality Industry

Hotel revenue management findings from this research are also applicable. The research employs
regression analysis and statistical testing to test pricing strategies, in contrast to other studies that had
focused on theoretical pricing models (Dominique-Ferreira and Antunes 2020). Price changes must
be balanced by revenue optimization to compensate for perceptions of fairness since price volatility
destroys customer trust and brand loyalty (Choi and Mattila 2005)

This study shows price sensitivity and reservation patterns, therefore augmenting the hotel pricing
policies. Revealing consumers’ responses to price adjustments helps hotel managers, legislators, and
OTAs develop dynamic, consumer-based pricing models to maximize income and customer
satisfaction.

9 LIMITATIONS OF THE STUDY

This study has data availability, sample size, and geographic breadth restrictions that may limit
generalizability. Self-reported survey data and booking records may add recollection bias and social
desirability bias, which could alter consumer responses (Podsakoff, MacKenzie, and Podsakoff
2012). Despite being statistically significant, the sample size of 275 respondents may not fully capture
traveler preferences across market segments, particularly those who book through vacation rentals or
loyalty programmes (Guttentag 2015). The study’s geographic focus limits its application because
economic conditions, cultural influences, and market competitiveness might affect price sensitivity and
booking behaviour across areas (Chen and Schwartz 2013). These limits suggest that future studies
should use larger, more diversified datasets, cross-country comparisons, and real-time booking data
from numerous platforms to improve hospitality consumer price sensitivity insights.

10 CONCLUSION

Price sensitivity obviously influences consumers’ booking behavior; less price-sensitive people stress
direct book and brand loyalty while price-sensitive consumers use OTAs for discounts and book
sparingly. Despite the success of focused campaigns like dynamic pricing, tailored promotions, and
loyalty schemes in balancing revenue maximizing and customer satisfaction, determinants including
lead time of booking, seasonality, and promotion discounts affect consumers’ behavior.

The results highlight the need for transparent prices and fair OTA collaborations; as such, they provide
hotel management with actionable advice to improve pricing strategies in a competitive environment.
The study makes outstanding contributions to both theoretical and practical aspects of income
management. To improve the generalizability of the findings and analyze long-term consequences
on brand loyalty, future studies should overcome shortcomings such as sample size and geographical
coverage. The research highlights the importance of consumer-oriented, data-driven pricing in
realizing customer satisfaction and sustainable growth in the hotel sector.
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