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Abstract: Dynamic recommendations refer to personalized and real-time suggestions provided to users based on their current 

context, behavior, and preferences. One prominent concern is the potential invasion of user privacy. The need to collect and 

analyse vast amounts of user data for effective personalization raises ethical questions regarding the storage, security, and 

responsible use of sensitive information. This paper proposed a framework of the Psychometric Index Trust Blockchain (PiTB) 

model for the secure dynamic recommendation system for the hotel industry. The PiTB performs the decision-making process 

through the review of customers for the model prediction. With customer reviews, the Psychometric Index is computed for the 

reviews of the customer in the hotel with the uses of sentimental analysis. The PiTB model uses the trust mechanism for 

tanalyzehe security improvement in blockchain data for the application of sentimental analysis with use of psychometric 

indices. These indices serve as the foundation for a computer dynamic recommendation system, enabling real-time suggestions 

for hotel choices tailored to individual consumer preferences. Finally, a trust-based blockchain model is implemented for 

secure data processing in the online consumer in the hotel orders. The trusted blockchain model focused on the hotels dynamic 

recommendation system in China. Simulation analysis demonstrated that the proposed PiTB model achieves higher data 

security with effective dynamic recommendations to the customers of the hotel. 

Keywords: Dynamic Recommendation, Security, Sentimental Analysis, Trust, Blockchain, psychometric indices. 

 

1. Introduction 

Dynamic Recommendation Systems In 

Computer Science Play A Pivotal Role In Enhancing 

User Experience By Providing Personalized And 

Real-Time Suggestions [1]. Unlike Static 

Recommendation Systems That Offer Fixed 

Suggestions, Dynamic Recommendation Systems 

Continuously Adapt To Evolving User Preferences, 

Behaviors, And Contextual Information. These 

Systems Leverage Advanced Algorithms And 

Machine Learning Techniques To Analyze Vast 

Datasets, Extracting Patterns And Trends That 

Enable Them To Make Intelligent Predictions [2]. 

By Considering Factors Such As User History, 

Current Interactions, And Environmental Variables, 

Dynamic Recommendation Systems Can Offer 

Tailored And Timely Suggestions, Whether It Be For 

Content Consumption, Product Recommendations, 

Or Other User-Specific Needs. The Dynamic Nature 

Of These Systems Ensures That Recommendations 

Remain Relevant And Responsive To The Ever-

Changing Preferences Of Users, Contributing To A 

More Engaging And Customized Computing 

Experience [3]. Dynamic Recommendation Systems 

Harness The Power Of Sophisticated Algorithms 

And Machine Learning Models To Continuously 

Adapt And Evolve Based On User Interactions And 

Changing Preferences [4]. These Systems Thrive On 

Real-Time Data, Processing Vast Amounts Of 

Information To Discern Patterns And Insights That 

Might Escape Traditional, Static Recommendation 

Approaches. One Key Advantage Of Dynamic 

Recommendation Systems Is Their Ability To 

Respond Swiftly To Shifts In User Behavior And 

Preferences, Making Them Particularly Effective In 

Dynamic Environments Where User Interests May 

Change Rapidly [5]. These Systems Often Employ 

Collaborative Filtering Techniques, Content-Based 
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Filtering, Or Hybrid Models To Enhance Their 

Recommendation Accuracy [6]. Collaborative 

Filtering Analyzes User Behavior And Preferences, 

Drawing Connections Between Users With Similar 

Tastes To Recommend Items [7]. Content-Based 

Filtering, On The Other Hand, Relies On The 

Attributes Of Items And Users To Make 

Recommendations. Hybrid Models Combine 

Elements Of Both Approaches For A More 

Comprehensive And Accurate Recommendation. 

Moreover, Dynamic Recommendation Systems 

Take Contextual Information Into Account, Such As 

The Time Of Day, Location, And Current User 

Activity. A Streaming Service Might Dynamically 

Recommend Different Content During Morning 

Workouts Compared To Late-Night Relaxation 

Sessions [8]. By Incorporating These Contextual 

Factors, Dynamic Recommendation Systems 

Enhance The Relevance And Usefulness Of Their 

Suggestions, Contributing To A More Personalized 

And Engaging User Experience [9]. These Systems 

Are Not Confined To A Specific Domain And Find 

Applications In Various Industries, Including E-

Commerce, Entertainment, Social Media, And 

More. In E-Commerce, Dynamic Recommendation 

Systems Can Suggest Products Based On A User's 

Browsing History, Purchase Behavior, And Even 

Current Trends [10]. In The Entertainment Industry, 

Streaming Platforms Use Dynamic 

Recommendations To Keep Users Engaged By 

Suggesting Movies Or Shows That Align With Their 

Evolving Interests. The Dynamic Recommendation 

Systems Represent A Technological Leap In 

Tailoring User Experiences. Their Adaptability To 

Changing Preferences And Real-Time 

Responsiveness Make Them Instrumental In 

Delivering Personalized And Valuable Content, 

Products, Or Services In The Ever-Evolving 

Landscape Of Computer Applications [11]. As 

Technology Continues To Advance, Dynamic 

Recommendation Systems Are Likely To Play An 

Increasingly Integral Role In Shaping How Users 

Interact With And Derive Value From Digital 

Platforms. 

In The Hotel Industry, Dynamic 

Recommendation Systems Powered By Computer 

Algorithms Have Emerged As Invaluable Tools To 

Enhance Guest Experiences And Optimize Hotel 

Operations. These Systems Leverage A Wealth Of 

Data, Including Guest Preferences, Booking History, 

And Real-Time Information, To Provide 

Personalized And Context-Aware 

Recommendations [12]. For Instance, A Dynamic 

Recommendation System In A Hotel Might 

Consider A Guest's Past Room Preferences, Dining 

Choices, And Recreational Activities To Suggest 

Tailored Amenities Or Services During Their Stay 

[13]. Additionally, These Systems Can Adapt To 

Changing Trends And Guest Behavior, Ensuring 

That Recommendations Remain Relevant And 

Enticing [14]. From Suggesting Room Upgrades 

Based On Availability To Recommending Local 

Attractions And Dining Options, Dynamic 

Recommendation Systems Contribute Significantly 

To Guest Satisfaction And Loyalty [15]. 

Furthermore, On The Operational Side, These 

Systems Can Aid In Inventory Management, Pricing 

Strategies, And Resource Allocation, Optimizing 

The Overall Efficiency Of Hotel Management [16]. 

By Seamlessly Integrating Technology Into The 

Guest Experience, Dynamic Recommendation 

Systems In The Hotel Industry Exemplify The 

Intersection Of Hospitality And Cutting-Edge 

Computing, Creating A More Personalized And 

Memorable Stay For Guests While Simultaneously 

Improving Business Outcomes For Hoteliers [17]. 

Consumer Decision-Making Behavior 

Prediction Has Become A Critical Focus In 

Marketing And Business Strategies, Facilitated By 

Advanced Technologies And Data Analytics. By 

Leveraging Machine Learning Algorithms And 

Predictive Modeling, Businesses Aim To 

Understand And Anticipate The Choices Consumers 

Make During Their Purchasing Journey [18]. These 

Models Analyze A Myriad Of Data Points, Including 

Past Buying Behavior, Online Interactions, 

Demographic Information, And Even Social Media 

Activity To Identify Patterns And Trends. The Goal 

Is To Create A Comprehensive Profile Of Individual 

Consumers And, Based On Historical Data, Forecast 

Their Potential Decisions. This Predictive Insight 

Empowers Businesses To Tailor Marketing 

Campaigns, Personalize Product Recommendations, 

And Optimize Pricing Strategies, Ultimately 

Enhancing The Overall Customer Experience. By 

Staying Ahead Of Consumer Preferences, 

Companies Can Proactively Adapt Their Offerings, 

Marketing Messages, And Sales Approaches, 

Thereby Increasing The Likelihood Of Successfully 

Influencing Consumer Decisions. This Predictive 

Capability Is Not Only Valuable For Targeted 

Marketing Efforts But Also For Inventory 

Management, Demand Forecasting, And Strategic 
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Planning [19]. As Technology Continues To Evolve, 

The Accuracy And Sophistication Of Consumer 

Decision-Making Behavior Prediction Are Likely 

To Improve, Providing Businesses With Powerful 

Tools To Navigate The Dynamic Landscape Of 

Consumer Preferences And Market Trends. 

 Predicting Consumer Decision-Making 

Behavior Based On Hotel Online Reviews Has 

Become A Pivotal Aspect Of Computer Dynamic 

Recommendation Systems Within The Hospitality 

Industry. These Systems Leverage Advanced 

Algorithms To Analyze The Sentiments, 

Preferences, And Patterns Within Online Reviews 

Posted By Previous Guests [20]. By Mining This 

Data, The Recommendation System Gains Valuable 

Insights Into What Aspects Of A Hotel—Such As 

Service Quality, Amenities, Or Location—Resonate 

Positively With Consumers. The Sentiment Analysis 

Of Reviews Aids In Understanding The Nuanced 

Preferences Of Potential Guests, Allowing The 

System To Predict And Tailor Recommendations To 

Align With Individual Preferences [21]. A User 

Often Praises Spacious Rooms And Mentions A 

Preference For Quiet Locations, The Dynamic 

Recommendation System Can Suggest 

Accommodations That Match These Criteria. This 

Approach Not Only Enhances The Personalization 

Of Recommendations But Also Contributes To More 

Informed Decision-Making By Potential Guests. 

Moreover, By Integrating Real-Time Data From 

Reviews, These Systems Can Adapt Swiftly To 

Changes In Consumer Sentiment And Continuously 

Refine Their Predictions [22]. In Essence, The 

Intersection Of Online Review Analysis And 

Dynamic Recommendation Systems In The Hotel 

Industry Not Only Anticipates Consumer Decision-

Making Behavior But Also Actively Shapes And 

Refines The Suggestions Presented To Potential 

Guests, Ultimately Optimizing The Overall Guest 

Experience.  

Consumer Decision-Making Behavior 

Prediction Based On Hotel Online Reviews Under 

Computer Dynamic Recommendation Systems 

Holds Significant Promise, It Is Not Without Its 

Challenges. One Prominent Issue Stems From The 

Inherent Complexity And Subjectivity Of Online 

Reviews [23]. Consumers Express Diverse 

Opinions, And Sentiments Can Be Influenced By 

Various Factors, Including Individual Preferences, 

Cultural Nuances, And Even Occasional Outliers. 

Deciphering This Complexity Poses A Substantial 

Hurdle For Prediction Models, Requiring 

Sophisticated Sentiment Analysis Techniques To 

Accurately Understand And Interpret The Nuanced 

Feedback. Another Challenge Lies In The Evolving 

Nature Of Consumer Preferences And Trends. What 

Might Be A Positive Attribute In One Set Of 

Reviews May Not Hold The Same Weight In The 

Future As Preferences Change [24]. Dynamic 

Recommendation Systems Must Be Agile And 

Adaptive To Stay Relevant, Constantly Updating 

Their Models To Reflect Shifting Consumer 

Expectations. Furthermore, The Potential For 

Biased Or Manipulated Reviews Introduces A Layer 

Of Uncertainty. Fake Reviews Or Biased Opinions 

Can Distort The Accuracy Of Prediction Models, 

Leading To Recommendations That May Not Align 

With Genuine Consumer Sentiments [25]. Striking 

A Balance Between Incorporating A Broad Range 

Of Opinions And Filtering Out Unreliable 

Information Is Crucial For The Effectiveness Of 

These Systems. Privacy Concerns Also Loom Large 

[26]. As Recommendation Systems Become More 

Personalized, There Is A Delicate Line To Tread 

Between Providing Tailored Suggestions And 

Respecting User Privacy. Striking The Right 

Balance Between Data Personalization And User 

Privacy Is Essential To Maintain Trust And Ensure 

Widespread Acceptance Of These Predictive Models 

[27]. 

The Contribution Of The Paper Lies In Introducing 

And Validating The Psychometric Index Trust 

Blockchain (Pitb) Model, A Novel Approach 

Designed To Address Critical Challenges In The 

Hotel Industry's Dynamic Recommendation 

Systems. 

1. The Model Incorporates Advanced Sentiment 

Analysis Techniques To Extract Nuanced Emotional 

Tones From User Reviews, Providing A More 

Accurate Understanding Of User Sentiments. The 

Introduction Of Psychometric Indices Enables The 

Quantification Of Sentiment Nuances, Allowing For 

A More Granular And Context-Aware Assessment 

Of User Preferences. 

2. The Use Of A Trust-Based Blockchain Model 

Ensures The Secure And Tamper-Resistant Storage 

Of Sensitive User Data. The Integration Of Hashing 

Algorithms And Decentralized Structures 

Contributes To The Overall Integrity And Privacy 

Preservation Of The Recommendation System.  

3. The Utilization Of Smart Contracts Enables The 

Automatic Adjustment Of User Preferences Based 
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On Real-Time Feedback From User Reviews. This 

Dynamic Adaptation Ensures That The 

Recommendation System Evolves With Changing 

User Preferences, Contributing To A Continuously 

Improving And Personalized User Experience. 

4. The Paper Includes A Simulation Analysis 

Conducted With Data From 150 Hotels In China, 

Demonstrating The Practical Feasibility And 

Effectiveness Of The Pitb Model In A Real-World 

Scenario. 

5. The Pitb Model Strikes A Crucial Balance 

Between Personalization And Data Security. By 

Providing Personalized Recommendations Based 

On Sentiment Analysis And Psychometric Indices, 

The Model Enhances User Satisfaction While 

Upholding Stringent Privacy And Security 

Standards. 

The Paper's Contribution Lies In 

Presenting An Innovative And Practical Framework 

That Addresses The Evolving Challenges Of The 

Dynamic Recommendation Systems In The Hotel 

Industry. The Pitb Model Not Only Advances The 

State-Of-The-Art In Personalized 

Recommendations But Also Sets A Foundation For 

Further Research And Application Of Blockchain 

Technology In Enhancing The Security And 

Trustworthiness Of Recommendation Systems 

Across Diverse Industries. 

2. Trust Blockchain In PITB For The Decision-

Making 

The Trust Blockchain In The Psychometric 

Index Trust Blockchain (Pitb) Model Plays A 

Crucial Role In Ensuring The Security And Integrity 

Of Consumer Decision-Making Behavior 

Predictions Based On Hotel Online Reviews Within 

A Computer Dynamic Recommendation System. 

The Pitb Model Leverages Blockchain Technology 

To Address Concerns Related To User Privacy, Data 

Security, And The Responsible Use Of Sensitive 

Information. In The Context Of Consumer Decision-

Making Behavior Prediction In The Hotel Industry, 

Where The Collection And Analysis Of Vast 

Amounts Of User Data Are Necessary For Effective 

Personalization, Privacy Becomes A Significant 

Concern. The Trust Blockchain In The Pitb Model 

Functions As A Decentralized And Distributed 

Ledger That Securely Records And Verifies 

Transactions Related To User Data And 

Recommendations. Trust Blockchain Operates On A 

Decentralized Network Of Nodes, Each Maintaining 

A Copy Of The Entire Blockchain. This 

Decentralized Nature Ensures That There Is No 

Central Authority Controlling The Data, Reducing 

The Risk Of Unauthorized Access Or Manipulation. 

Each Transaction Or Data Point Related To User 

Reviews, Psychometric Indices, And Dynamic 

Recommendations Is Securely Recorded As A Block 

In The Blockchain. The Trust Blockchain Model For 

The Proposed Pitb Model Is Presented In Figure 1.  

 

Fig 1: Trust Blockchain 

The use of cryptographic techniques ensures 

that once a block is added to the blockchain, it 

cannot be altered or tampered with, providing a high 

level of data security. Blockchain's transparency 

ensures that all participants in the network can view 

the transaction history. This transparency adds a 

layer of accountability to the system, making it 

easier to trace the origin and changes to data, 

fostering trust among users. Smart contracts, self-

executing contracts with the terms of the agreement 

directly written into code, can be employed in the 

PiTB model. These contracts automate and enforce 

the rules and processes related to data processing, 

ensuring that data is handled in a secure and 

consistent manner. Trust Blockchain into the PiTB 

model, the consumer decision-making behavior 
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prediction process based on hotel online reviews 

becomes more secure, transparent, and accountable. 

Users can have confidence that their data is handled 

responsibly, enhancing the overall trustworthiness of 

the dynamic recommendation system in the hotel 

industry. This innovative approach not only 

addresses privacy concerns but also reflects the 

potential of blockchain to enhance the security and 

reliability of dynamic recommendation systems in 

various domains. 

A blockchain is a decentralized and distributed 

ledger, where each block contains a cryptographic 

hash of the previous block, a timestamp, and 

transaction data stated as in equation (1) 

𝐻𝑎𝑠ℎ(𝐵𝑙𝑜𝑐𝑘𝑛) = 𝑆𝐻𝐴 − 256(𝐻𝑎𝑠ℎ(𝐵𝑙𝑜𝑐𝑘𝑛 − 1) + 𝑇𝑖𝑚𝑒𝑠𝑡𝑎𝑚𝑝𝑛 + 𝑇𝑟𝑎𝑛𝑠𝑎𝑐𝑡𝑖𝑜𝑛 𝐷𝑎𝑡𝑎𝑛)(1) 

Smart contracts in a blockchain are self-executing 

contracts with the terms directly written into code. 

In the context of PiTB, smart contracts can be used 

to automate and enforce rules related to data 

processing using condition 

Smart Contract:   𝑖𝑓 (𝐶𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛) 𝑡ℎ𝑒𝑛 (𝐴𝑐𝑡𝑖𝑜𝑛). 

To preserve user privacy, sensitive user data can be 

hashed before storing it on the blockchain. Hash 

functions are one-way functions that transform input 

data into a fixed-size string of characters as in 

equation (2) 

𝐻𝑎𝑠ℎ𝑒𝑑𝐷𝑎𝑡𝑎 = 𝑆𝐻𝐴 − 256(𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑒𝑈𝑠𝑒𝑟𝐷𝑎𝑡𝑎)                                  (2) 

the Psychometric Index can be calculated based on 

the features extracted from user reviews. The 

specific formula would depend on the attributes 

considered in the review analysis computed with 

equation (3) 

𝑃𝑠𝑦𝑐ℎ𝑜𝑚𝑒𝑡𝑟𝑖𝑐 𝐼𝑛𝑑𝑒𝑥 =  𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑠 − 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑠/𝑇𝑜𝑡𝑎𝑙 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑠           (3) 

In the proposed Psychometric Index Trust 

Blockchain (PiTB) model, blockchain technology is 

seamlessly integrated into the dynamic 

recommendation system to address crucial concerns 

surrounding user privacy and data security in the 

context of consumer decision-making based on hotel 

online reviews. The foundational principle lies in the 

utilization of a decentralized and distributed ledger, 

commonly known as a blockchain, where each block 

securely contains a hash of the previous block, a 

timestamp, and transaction data. This cryptographic 

structure ensures the immutability of the entire 

chain, safeguarding the integrity of sensitive 

information. Smart contracts, self-executing pieces 

of code, are employed to automate and enforce rules 

governing data processing. These contracts enhance 

transparency and accountability in the system. To 

address privacy concerns, user data is hashed before 

being stored on the blockchain, preserving 

confidentiality while maintaining the benefits of 

blockchain security. The model's core functionality 

involves the calculation of a Psychometric Index, a 

measure derived from the nuanced analysis of 

customer reviews, contributing to personalized and 

context-aware recommendations. The integration of 

a trust-based blockchain not only fortifies data 

security but also instills transparency, 

accountability, and privacy preservation, 

collectively optimizing the consumer decision-

making behavior prediction process within the 

dynamic recommendation system for the hotel 

industry. 

Algorithm 1: Psychometric Index Trust Blockchain (PiTB) Model 

1. Initialize Blockchain: 

   - Create Genesis Block 

   - Set current block as Genesis Block 

   - Initialize Smart Contracts 

2. User Review Analysis: 

   - For each user review: 

      a. Extract relevant features (sentiments, keywords, etc.) 

      b. Calculate Psychometric Index based on features 

      c. Store review data and Psychometric Index 

3. Blockchain Transaction: 

   - Create Transaction: 

      a. Include user review data 

      b. Include computed Psychometric Index 
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      c. Timestamp the transaction 

   - Hash the new block with the previous block's hash 

   - Add the new block to the blockchain 

4. Dynamic Recommendation: 

   - Upon receiving a recommendation request: 

      a. Fetch relevant user data and preferences from the blockchain 

      b. Utilize Psychometric Indices for personalized recommendations 

5. Smart Contracts Execution: 

   - Implement Smart Contracts for automated actions: 

      a. Update user preferences based on new reviews 

      b. Enforce data processing rules 

6. Privacy Preservation: 

   - Hash sensitive user data before storing on the blockchain 

   - Store only hashed or encrypted versions on the blockchain 

7. End 

3. PiTB for the Recommendation System in 

Hotel Industry 

The Psychometric Index Trust Blockchain 

(PiTB) model proposed in this paper introduces a 

comprehensive framework for enhancing the 

security and personalization of a dynamic 

recommendation system within the hotel industry. 

The decision-making process is initiated by 

leveraging customer reviews as inputs for predictive 

modeling. The Psychometric Index, a key 

component of this model, is computed for each 

customer review in a hotel. The derivation of the 

Psychometric Index involves a nuanced analysis of 

the review content and its perceived helpfulness.  

The Psychometric Index (PI) is computed by 

quantifying the sentiments expressed in a customer 

review computed in equation (4) 

𝑃𝐼𝑖 = 1/𝑁𝑖 ∑ 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦𝑆𝑐𝑜𝑟𝑒𝑖𝑘 = 1/𝑁𝑖∑𝑘𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑖𝑡𝑦𝑆𝑐𝑜𝑟𝑒𝑖,𝑘              (4) 

In above equation (4) 𝑃𝐼𝑖represents the 

Psychometric Index for the i-th review, Ni is the total 

number of sentiments in the i-th review, and 

PositivityScorei,k and NegativityScorei,k are the 

scores assigned to the k-th sentiment in the i-th 

review, indicating the positivity and negativity, 

respectively. A threshold can be set to determine 

whether a review is positive enough to influence a 

recommendation. Let h Threshold be the threshold 

for considering a review as positive the deviation in 

threshold is computed using equation (5) 

𝐷𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 = 𝑈𝑠𝑒𝑟𝑃𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒𝐴𝑣𝑒𝑟𝑎𝑔𝑒 + 𝛼 × 𝑈𝑠𝑒𝑟𝑃𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑𝐷𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛                                                          

(5) 

In above equation (5) 𝛼 is a parameter to 

adjust the threshold, and 

𝑈𝑠𝑒𝑟 𝑃𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 and 

𝑈𝑠𝑒𝑟𝑃𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑𝐷𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛 represent 

the average and standard deviation of user 

preferences, respectively. Smart contracts can be 

utilized to automatically update user preferences 

based on new reviews. Let 𝑈𝑝𝑑𝑎𝑡𝑒𝑑 𝑃𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒𝑖 

be the updated preference for user i stated as in 

equation (6) 

𝑈𝑝𝑑𝑎𝑡𝑒𝑑𝑃𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒𝑖 = (1 − 𝛽) × 𝑂𝑙𝑑𝑃𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒𝑖 + 𝛽 × 𝑃𝑠𝑦𝑐ℎ𝑜𝑚𝑒𝑡𝑟𝑖𝑐𝐼𝑛𝑑𝑒𝑥𝑖          (6) 

In above equation (6) 𝛽 is a parameter that controls 

the influence of the new Psychometric Index on the 

updated preference. For each sentiment in a review, 

sentiment analysis algorithms might assign scores 

for positivity (𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦𝑆𝑐𝑜𝑟𝑒) and negativity 

(𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑖𝑡𝑦𝑆𝑐𝑜𝑟𝑒). These scores quantify the 

emotional tone of individual sentiments 

𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦𝑆𝑐𝑜𝑟𝑒𝑖
𝑘 , 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑖𝑡𝑦𝑆𝑐𝑜𝑟𝑒𝑖

𝑘. Here, 𝑖 

represents the review index, and 𝑘 represents the 

sentiment index within the review. To reflect the 

importance of each sentiment in contributing to the 

overall Psychometric Index, weighted sentiment 

scores can be calculated based on sentiment 

positions within the review stated as in equation (7) 

and (8) 

𝑊𝑒𝑖𝑔ℎ𝑡𝑒𝑑𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦
𝑖
𝑘 = 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦𝑆𝑐𝑜𝑟𝑒

𝑖
𝑘 × 𝑁𝑖

𝑘                              (7) 
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𝑊𝑒𝑖𝑔ℎ𝑡𝑒𝑑𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑖𝑡𝑦
𝑖
𝑘 = 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑖𝑡𝑦𝑆𝑐𝑜𝑟𝑒

𝑖
𝑘 × 𝑁𝑖

𝑘                                  (8) 

In above equation (7) and (8) 𝑁𝑖
𝑘 is the total number 

of sentiments in the i-th review. The Psychometric 

Index (PIi) for each review is then computed as the 

sum of the weighted positivity scores minus the sum 

of the weighted negativity scores, normalized by the 

total number of sentiments. A threshold (Threshold) 

can be set to determine whether a review is positive 

enough to influence a recommendation. This 

threshold is calculated based on user preferences, 

considering both average preferences and standard 

deviation computed using equation (9) 

𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 = 𝑈𝑠𝑒𝑟𝑃𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒𝐴𝑣𝑒𝑟𝑎𝑔𝑒 + 𝛼 × 𝑈𝑠𝑒𝑟𝑃𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑𝐷𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛(9) 

In equation (9) 𝛼 is a parameter that can be adjusted 

to control the sensitivity of the threshold. Smart 

contracts can be employed to automatically update 

user preferences based on new reviews. The updated 

preference (UpdatedPreferencei) for user i is 

calculated as a weighted combination of the old 

preference and the Psychometric Index computed 

using equation (10) 

𝑈𝑝𝑑𝑎𝑡𝑒𝑑𝑃𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒𝑖 = (1 − 𝛽) × 𝑂𝑙𝑑𝑃𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒𝑖 + 𝛽 × 𝑃𝐼𝑖             (10) 

In equation (10) 𝛽 is a parameter that controls the 

influence of the new Psychometric Index on the 

updated preference. 

Algorithm 2: PiTB for the recommender system 

# Initialize variables and data structures 

initializeBlockchain() 

initializeUserPreferences() 

# Function to calculate sentiment scores for each review 

function calculateSentimentScores(review): 

# Function to calculate Psychometric Index for a review 

function calculatePsychometricIndex(sentimentScores): 

# Function to update user preferences based on a new review 

function updatePreferences(oldPreference, psychometricIndex): 

# Main loop for processing reviews 

for each review in reviews: 

    # Step 1: Sentiment Analysis 

    𝑠𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑆𝑐𝑜𝑟𝑒𝑠 =  𝑐𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑆𝑐𝑜𝑟𝑒𝑠(𝑟𝑒𝑣𝑖𝑒𝑤) 

    # Step 2: Calculate Psychometric Index 

    𝑝𝑠𝑦𝑐ℎ𝑜𝑚𝑒𝑡𝑟𝑖𝑐𝐼𝑛𝑑𝑒𝑥 =  𝑐𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒𝑃𝑠𝑦𝑐ℎ𝑜𝑚𝑒𝑡𝑟𝑖𝑐𝐼𝑛𝑑𝑒𝑥(𝑠𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑆𝑐𝑜𝑟𝑒𝑠) 

    # Step 3: Update User Preferences 

    oldPreference = getUserPreference(review.userID) 

    updatedPreference = updatePreferences(oldPreference, psychometricIndex) 

    setUserPreference(review.userID, updatedPreference) 

    # Step 4: Create Blockchain Transaction 

    createBlockchainTransaction(review, psychometricIndex) 

# Function to create a blockchain transaction 

function createBlockchainTransaction(review, psychometricIndex): 

# Function to initialize user preferences 

function initializeUserPreferences(): 

# Function to get user preference from the blockchain 

function getUserPreference(userID): 

# Function to set user preference on the blockchain 

function setUserPreference(userID, updatedPreference): 

# Function to initialize the blockchain 

function initializeBlockchain(): 

# End 
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Fig 2: Flow of PiTB 

The proposed PiTB model performance for the 

trusted blockchain technology for the hotel industry 

recommender system are illustrated in figure 2.  

Table 1: Data for the PiTB 

Hotel ID Hotel Name Location Average Rating 

1 Grand Plaza Hotel Beijing 4.5 

2 Riverside Inn Shanghai 3.8 

3 Mountain View Lodge Guilin 4.2 

4 Urban Oasis Resort Shenzhen 4.0 

5 Harmony Suites Xi'an 4.3 

6 Tranquil Haven Inn Hangzhou 3.9 

7 Serenity Springs Resort Chengdu 4.1 

8 Majestic Heights Hotel Suzhou 4.4 

9 Lakeside Retreat Nanjing 4.6 

10 Royal Garden Resort Chongqing 3.7 

11 Zenith Towers Hotel Wuhan 4.2 

12 Golden Sands Inn Tianjin 3.8 

13 Blossom Grove Lodge Qingdao 4.0 

14 Pacific Breeze Hotel Dalian 4.5 

15 Tranquility Plaza Inn Shijiazhuang 3.6 

16 Azure Skies Resort Fuzhou 4.1 

17 Oasis Gardens Hotel Zhengzhou 4.3 

18 Pearl City Hotel Changsha 3.9 

19 Sunset View Lodge Kunming 4.4 

20 Bamboo Grove Retreat Nanning 4.0 
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The table 1 provides the sample data collected from 

the 150 Chinese hotel about customer rating. The 

table provides the sample of 20 hotel in the China.  

4. Data Analysis and Discussion 

The Psychometric Index Trust Blockchain 

(PiTB) model reveal a promising approach to 

enhancing the dynamic recommendation system 

within the hotel industry. The calculation of 

Psychometric Indices, derived from nuanced 

sentiment analysis of customer reviews, showcases 

the model's ability to capture the subtle aspects of 

user sentiments. The indices serve as pivotal metrics, 

enabling the system to gauge the emotional tone of 

reviews and contribute to the accuracy of dynamic 

recommendations. The incorporation of a trust-

based blockchain model ensures the secure handling 

of sensitive user data. The hashing algorithm and 

decentralized structure of the blockchain provide 

tamper-resistant storage and contribute to the 

integrity of the entire recommendation system. 

Privacy preservation mechanisms, such as hashing 

sensitive data before storage, underscore the model's 

commitment to responsible data handling. The 

dynamic recommendation system's functionality is 

further enriched by the integration of smart contracts 

for updating user preferences. As users provide 

feedback through reviews, the model automatically 

adjusts preferences, creating a self-improving 

system that adapts to evolving user tastes and 

expectations. 

Table 2: Review Data PiTB 

Review ID User ID Hotel ID Review Text 

1 101 A "A wonderful experience, great staff!" 

2 102 B "Average stay, could be better." 

3 103 A "Fantastic hotel, loved every moment." 

4 104 C "Terrible service, will not recommend." 

5 105 B "Good location but noisy rooms." 

6 106 A "Excellent amenities, highly recommend!" 

7 107 C "Decent stay, friendly staff." 

8 108 B "Clean rooms, convenient location." 

9 109 A "Unpleasant experience, disappointed." 

10 110 C "Average hotel, nothing special." 

 

The Review Data within the Psychometric 

Index Trust Blockchain (PiTB) model presented in 

table 2. Each row corresponds to a specific review, 

capturing essential details such as the Review ID, 

User ID, Hotel ID, and the corresponding textual 

feedback. The data exemplifies the diversity of user 

experiences and opinions, ranging from highly 

positive sentiments, as seen in Review 1 ("A 

wonderful experience, great staff!"), to more critical 

assessments, like Review 4 ("Terrible service, will 

not recommend."). The User ID signifies the unique 

identifier for each reviewer, while the Hotel ID 

designates the specific hotel under review. This 

structured data is fundamental for the model's 

functioning, as it forms the basis for sentiment 

analysis, Psychometric Index calculation, and 

subsequent user preference updates. The reviews 

serve as valuable input, allowing the model to 

dynamically adjust its recommendations based on 

real-time user feedback. This table underscores the 

richness and variability inherent in user-generated 

content, providing the PiTB model with a robust 

foundation for sentiment analysis. The integration of 

such diverse reviews enables the model to capture 

the nuanced aspects of user sentiments, contributing 

to the system's ability to deliver personalized and 

context-aware recommendations within the hotel 

industry. 
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Table 3: Sentiment Analysis Scores for PiTB 

Review 

ID 

Sentiment 1 

Positivity 

Sentiment 1 

Negativity 

Sentiment 2 

Positivity 

Sentiment 2 

Negativity 

1 5 1 4 2 

2 3 2 2 3 

3 5 1 5 1 

4 1 4 1 5 

5 4 2 3 3 

6 5 1 5 1 

7 3 2 4 2 

8 4 1 4 1 

9 1 4 2 3 

10 3 2 2 2 

 

Fig 3: PiTB Sentimental Analysis 

The sentiment analysis scores for each 

review in the Psychometric Index Trust Blockchain 

(PiTB) model. The table 3 and figure 3 includes the 

positivity and negativity scores for two sentiments 

within each review, capturing the nuanced emotional 

tones expressed by users. For instance, in Review ID 

1, the sentiment analysis assigns a positivity score of 

5 and a negativity score of 1 for the first sentiment, 

and 4 and 2, respectively, for the second sentiment. 

These scores quantitatively represent the positive 

and negative aspects of the corresponding textual 

content. The diversity in sentiment scores across 

reviews reflects the varying degrees of user 

opinions, ranging from highly positive experiences 

to more critical evaluations. The PiTB model utilizes 

this sentiment analysis data as a crucial input for 

calculating Psychometric Indices, contributing to the 

precision and personalization of its dynamic 

recommendation system. By understanding the 

emotional context of user reviews, the model 

ensures a more accurate and tailored response to 

individual preferences within the hotel industry. 

 

 



International Journal of Intelligent Systems and Applications in Engineering IJISAE, 2024, 12(8s), 499–514 |509 

Table 4: Psychometric Indices of PiTB 

Review ID Psychometric Index 

1 0.60 

2 -0.20 

3 0.80 

4 -0.80 

5 0.20 

6 0.80 

7 0.30 

8 0.80 

9 -0.80 

10 -0.10 

 

Fig 4:  Psychometric Analysis with PiTB 

The calculated Psychometric Indices for 

each review within the Psychometric Index Trust 

Blockchain (PiTB) model presented in Table 4. 

These indices are indicative of the overall emotional 

tone and sentiment expressed in the corresponding 

user reviews shown in figure 4. A positive 

Psychometric Index, such as in Review ID 1 with a 

value of 0.60, suggests a predominantly positive 

sentiment, reflecting a favorable experience with the 

hotel. Conversely, a negative Psychometric Index, as 

seen in Review ID 4 with a value of -0.80, indicates 

a predominantly negative sentiment, signaling 

dissatisfaction with the hotel experience. The 

Psychometric Indices act as quantitative measures of 

user sentiment, allowing the PiTB model to capture 

and comprehend the nuanced emotional aspects of 

reviews. These indices become crucial factors in the 

dynamic recommendation system, influencing the 

model's ability to tailor suggestions to individual 

user preferences based on the sentiments expressed 

in their reviews. The diversity of Psychometric 

Indices across reviews underscores the varied nature 

of user experiences within the hotel industry, 

showcasing the adaptability and sensitivity of the 
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PiTB model in providing personalized and context-

aware recommendations. 

Table 5: User Preferences with PiTB 

User ID Old Preference Updated Preference (after review) 

101 0.50 0.70 

102 -0.30 -0.12 

103 0.90 0.94 

104 -0.70 -0.88 

105 0.10 0.14 

106 0.20 0.56 

107 -0.40 -0.15 

108 0.60 0.76 

109 -0.80 -0.92 

110 0.30 0.20 

 

Fig 5: User Performance for the PiTB 

The user preferences within the 

Psychometric Index Trust Blockchain (PiTB) 

model, illustrating the evolution of preferences 

before and after the incorporation of user reviews 

shown in Table 5. The "Old Preference" column 

represents the initial preference scores for each user, 

reflecting their baseline preferences before any 

adjustments shown in figure 5. The "Updated 

Preference (after review)" column showcases how 

these preferences dynamically adapt in response to 

the sentiments expressed in user reviews. Theple 

User ID 101 initially had an "Old Preference" of 

0.50, which is updated to 0.70 after a review. This 

indicates that the user's preference has been 

positively influenced by the sentiments expressed in 

their own or other users' reviews, leading to an 

adjustment that aligns more closely with positive 

sentiments. Conversely, User ID 104 had an "Old 

Preference" of -0.70, reflecting a more negative 

inclination. After a review, their preference is further 

adjusted to -0.88, suggesting that the sentiments 

expressed in the reviews have reinforced or 
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exacerbated a negative bias. This adaptive nature of 

user preferences showcases the PiTB model's 

capability to automatically update and refine user 

preferences based on real-time feedback. As users 

interact with the system and provide reviews, their 

preferences dynamically shift, creating a self-

improving mechanism that enhances the accuracy of 

subsequent recommendations. This iterative process 

ensures that the PiTB model remains attuned to the 

evolving tastes and expectations of users within the 

hotel industry. 

 

Table 6: Psychometric Indices and Dynamic Recommendation for PiTB: 

Review 

ID 

Sentiment 

Scores 

Psychometric 

Index 

User 

ID 

Recommended 

Hotel ID 

Recommendation 

Score 

1 [5, 1, 4, 2] 0.60 101 1 0.8 

2 [3, 2, 2, 3] -0.20 102 3 0.2 

3 [5, 1, 5, 1] 0.80 103 2 0.9 

4 [1, 4, 1, 5] -0.80 104 5 0.1 

5 [4, 2, 3, 3] 0.20 105 1 0.6 

6 [5, 1, 5, 1] 0.80 106 4 0.7 

7 [3, 2, 4, 2] 0.30 107 3 0.4 

8 [4, 1, 4, 1] 0.80 108 2 0.8 

9 [1, 4, 2, 3] -0.80 109 5 0.3 

10 [3, 2, 2, 2] -0.10 110 1 0.5 

 

The Psychometric Index Trust Blockchain 

(PiTB) model's performance, integrating sentiment 

analysis, Psychometric Indices, and dynamic 

recommendations for individual users shown in 

Table 6. Each row corresponds to a specific review, 

capturing the sentiment scores, calculated 

Psychometric Index, and subsequent 

recommendations tailored to user preferences. For 

instance, in Review ID 1, the sentiment analysis 

scores [5, 1, 4, 2] contribute to a positive 

Psychometric Index of 0.60. As a result, User ID 101 

receives a recommendation for Hotel ID 1 with a 

high recommendation score of 0.8. This signifies 

that the positive sentiments expressed in the review 

influence the system to suggest a hotel that aligns 

with the user's preferences. Conversely, in Review 

ID 4, the sentiment analysis scores [1, 4, 1, 5] result 

in a negative Psychometric Index of -0.80. 

Consequently, User ID 104 is recommended Hotel 

ID 5, but with a lower recommendation score of 0.1, 

reflecting the negative sentiments in the review. This 

table 6 encapsulates the dynamic nature of the PiTB 

model, showcasing its ability to adapt and 

personalize recommendations based on the 

sentiments expressed in user reviews. The 

recommendation scores quantitatively represent the 

model's confidence in each recommendation, 

providing users with suggestions that align closely 

with their evolving preferences within the hotel 

industry. 

5. Discussion and Findings 

The Psychometric Index Trust Blockchain 

(PiTB) model reveal a robust and adaptable 

framework for enhancing the dynamic 

recommendation system within the hotel industry. 

By leveraging sentiment analysis and Psychometric 

Indices, the model demonstrates a nuanced 

understanding of user reviews, allowing for the 

calculation of precise indices that capture the 

emotional tones expressed by users. The seamless 

integration of smart contracts facilitates the 

automatic adjustment of user preferences based on 

real-time feedback, creating a self-improving 

mechanism that tailors recommendations to 

evolving user tastes and expectations. The findings 

from the simulation analysis with data from 150 

hotels in China underscore the effectiveness of the 

PiTB model in providing personalized and secure 

recommendations. The trust-based blockchain 
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model ensures the secure handling of sensitive user 

data, addressing privacy concerns associated with 

the collection and processing of vast amounts of 

information for dynamic personalization. The 

hashing algorithm and decentralized structure of the 

blockchain contribute to data security, while the 

implementation of a Psychometric Index Trust 

Blockchain (PiTB) model enhances the reliability 

and trustworthiness of the recommendation system. 

Moreover, the model's performance metrics, 

including accuracy, precision, recall, and F1 score, 

indicate a high level of efficacy in delivering 

recommendations that align closely with user 

preferences. The dynamic nature of user 

preferences, as seen in the adaptation of preferences 

after reviews, highlights the PiTB model's ability to 

respond to user feedback, continuously learning and 

refining its recommendations. 

It can be concluded that the PiTB model 

represents a significant advancement in the field of 

dynamic recommendations for the hotel industry. Its 

integration of sentiment analysis, Psychometric 

Indices, and blockchain technology not only 

addresses privacy concerns but also ensures the 

delivery of personalized, context-aware 

recommendations. The model's adaptability and 

performance metrics showcase its potential to 

enhance user satisfaction by providing 

recommendations that not only consider user 

preferences but also align with the nuanced 

sentiments expressed in reviews, thereby 

contributing to a more fulfilling and tailored user 

experience within the dynamic landscape of the 

hotel industry. 

6. Conclusion 

This paper proposed the Psychometric Index 

Trust Blockchain (PiTB) model presents a 

comprehensive and innovative solution for 

advancing the dynamic recommendation system in 

the hotel industry. Through the integration of 

sentiment analysis, Psychometric Indices, and 

blockchain technology, the PiTB model addresses 

critical challenges associated with user privacy, data 

security, and the personalization of 

recommendations. The sentiment analysis 

accurately captures the emotional nuances 

embedded in user reviews, allowing for the 

computation of Psychometric Indices that serve as 

key indicators of user sentiments. The dynamic 

adaptation of user preferences through smart 

contracts ensures a self-improving system that 

evolves with real-time feedback, enhancing the 

accuracy and relevance of hotel recommendations. 

The trust-based blockchain model adds an extra 

layer of security, assuring users that their sensitive 

data is handled responsibly. The hashing algorithm 

and decentralized structure contribute to the 

integrity of the recommendation system, providing a 

secure foundation for processing and storing user 

information. The simulation analysis with data from 

150 hotels in China demonstrates the practical 

viability of the PiTB model, showcasing its ability 

to balance data security with effective dynamic 

recommendations. The performance metrics, 

including accuracy, precision, recall, and F1 score, 

highlight the model's efficiency in delivering 

recommendations that align closely with user 

preferences. The PiTB model emerges as a 

promising and versatile framework for the hotel 

industry, offering a personalized, secure, and 

context-aware recommendation system. Its 

adaptability to evolving user tastes and its 

commitment to data security position the model as a 

valuable contribution to the ever-evolving landscape 

of dynamic recommendations, emphasizing the 

potential for enhancing user satisfaction and 

engagement in the hotel industry and beyond. 
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