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Abstract—Short-term rental platforms like Airbnb 

and VRBO have revolutionized the hospitality 

industry, creating a pressing need for efficient 

property setup tools tailored to diverse rental 

audiences. This paper introduces Hostly, an 

innovative AI-powered cloud platform that provides 

personalized recommendations for furnishing short-

term rental properties. Built on Amazon Web Services 

(AWS), Hostly incorporates AI recommendation 

systems, real-time vendor integration, cost-ROI 

analytics, and secure payment processing. The 

platform simplifies property setup by curating 

tailored furnishing solutions, maximizing aesthetic 

appeal, functionality, and return on investment (ROI). 

Technical details of the AI architecture, cloud 

infrastructure, and payment processing pipelines are 

discussed. The paper also evaluates business impacts 

and future scalability 
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services, Analytics dashboards, Cloud infrastructure, E-
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I. INTRODUCTION 

A. Background 

The global short-term rental market has witnessed 

exponential growth, driven by platforms such as Airbnb 

and VRBO. These platforms enable property owners to 

rent out spaces for short-term stays, generating significant 

revenue opportunities [1]. However, property owners face 

several challenges, including balancing costs, aesthetics, 

and functionality to attract guests and maintain high 

occupancy rates. Traditional furnishing processes often 

involve extensive research across multiple vendors, 

consuming time and effort. 

B. Objectives 

To address these challenges, this research proposes 

Hostly, an AI-powered cloud platform designed as a 

furnishing concierge for short-term rental hosts. The 

platform automates the furnishing process by providing: 

 

1. Personalized furnishing recommendations 

tailored to property attributes and target markets.   

2. Aggregated product options from e-commerce 

vendors such as Amazon and Etsy. 

3. Cost-ROI analytics to optimize furnishing 

investment decisions.   

 

The objectives of Hostly align with simplifying property 

setup while ensuring hosts achieve maximum ROI and 

guest satisfaction. 

 

II. SYSTEM ARCHITECTURE 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1 This flowchart shows Hostly’s modular system 

architecture includes a user-friendly frontend, a 

Backend API Layer 

Vendor Integration 

Layer 

Analytics Dashboard 

Frontend Interface 

AI Recommendation 

Engine 
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backend API for data flow, an AI engine for 

personalized furnishing recommendations, vendor 

integration, and an analytics dashboard for insights. 

A. High-Level Architecture 

Hostly’s system architecture is modular, comprising five 

key components: 

1. Frontend Interface: A user-friendly web and 

mobile application allowing hosts to input property 

details, preferences, and budget constraints. 

2. Backend API Layer: Handles data management 

and interactions between the frontend, AI engine, and 

vendor APIs. 

3. AI Recommendation Engine: Generates 

personalized furnishing recommendations using hybrid 

algorithms.  

4. Vendor Integration Layer: Aggregates products 

from multiple vendors in real time. 

5. Analytics Dashboard: Provides insights into 

costs, ROI, and guest satisfaction metrics. 

 

Module Function Technology 

Frontend 

Interface 

User input and 

visualization 

React.js, 

Flutter 

Backend API 

Layer 

Data handling 

and process 

coordination 

Node.js, 

Express.js 

AI 

Recommendation 

Engine 

Generates 

furnishing 

suggestions 

Python, 

TensorFlow, 

AWS Sage 

Maker 

Vendor 

Integration Layer 

Fetches and 

standardizes 

product data 

RESTful 

APIs, Apache 

Kafka 

Analytics 

Dashboard 

Displays ROI 

and cost 

analyses 

Tableau, 

AWS 

QuickSight 

 

 

Table 1 Lists the core functionalities of each platform 

module (e.g., Frontend, Backend API, AI Engine) and 

the technologies employed to support them. 

B. Cloud Infrastructure Design 

The Hostly platform is architected on Amazon Web 

Services (AWS), a leading provider of scalable and 

reliable cloud solutions. The infrastructure design 

emphasizes modularity, scalability, and fault tolerance to 

handle the dynamic demands of short-term rental 

furnishing operations. This section explores the compute, 

storage, and networking components in greater detail, 

highlighting their integration within Hostly's architecture. 

1. Compute Resources: The platform uses AWS 

Elastic Compute Cloud (EC2) for scalable compute 

workloads and AWS Lambda for lightweight event-

driven tasks. EC2 auto-scaling dynamically adjusts 

resources based on traffic demand, ensuring high 

availability and fault tolerance [2]. 

a. Amazon EC2 

• EC2 instances are configured to manage 

compute-intensive workloads, such as processing user 

interactions, running analytics, and coordinating API 

calls between various system modules. 

• EC2’s auto-scaling capabilities dynamically 

provision or decommission instances based on traffic 

demand, ensuring optimal performance without over-

provisioning [2]. 

• Instances are distributed across multiple 

availability zones (AZs) to enhance fault tolerance. 

 

b. AWS Lambda 

• Lambda functions power lightweight and event-

driven tasks, such as responding to user API requests and 

executing small-scale processes like real-time data 

ingestion from vendor APIs. 

• By processing requests asynchronously, Lambda 

eliminates the need for maintaining dedicated servers for 

these tasks, reducing operational costs [3]. 

 

2. Data Processing Pipelines: Data pipelines are 

powered by AWS Glue and Apache Kafka for real-time 

synchronization and data preprocessing. These tools 

ensure consistency and reduce latency in processing 

vendor data and user interactions. 
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3. Storage Systems: Hostly employs multiple AWS 

storage solutions tailored to the needs of structured and 

unstructured data management: 

a) Amazon S3 

• S3 provides object-based storage for static 

resources, including user-uploaded images, furnishing 

catalogs, and configuration files. 

• Versioning and lifecycle management in S3 

ensure data integrity and cost optimization, as older data 

can be archived to AWS Glacier for long-term storage [4]. 

 

b) Amazon Relational Database Service (RDS) 

• RDS is utilized for managing structured data, 

such as user preferences, product inventories, and 

purchase records. The service supports MySQL and 

PostgreSQL, ensuring compatibility with Hostly’s 

backend systems. 

• Automated backups, encryption at rest, and 

point-in-time recovery protect against data loss and 

enhance security compliance [5]. 

c) Amazon Relational Database Service (RDS) 

To handle high-velocity transactional data, such as real-

time updates on vendor inventory and pricing, 

DynamoDB serves as a NoSQL database solution. Its 

low-latency performance ensures seamless data 

synchronization with external APIs. 

Storage 

Component 

Use Case Key 

Features 

Amazon S3 Static files 

(images, 

catalogs) 

Object 

storage, 

lifecycle 

policies 

Amazon 

RDS 

Relational 

data 

(preferences, 

history) 

Automated 

backups, 

multi-AZ 

support 

Amazon 

DynamoDB 

Real-time 

transactional 

data 

Low-latency, 

NoSQL 

schema 

 

Table 2 Outlines the storage systems (S3, RDS, 

DynamoDB), their use cases, and key features like 

backup automation and lifecycle policies. 

4. Networking and Content Delivery 

Efficient networking ensures that the platform remains 

responsive across regions, especially for users interacting 

with real-time systems like the recommendation engine 

and vendor product updates: 

a. Elastic Load Balancer (ELB): The ELB 

distributes incoming traffic across multiple EC2 instances 

based on server load and health checks. This ensures 

seamless service availability even during peak usage 

periods. 

b. Amazon CloudFront: CloudFront, a content 

delivery network (CDN), caches frequently accessed 

resources like product images and furnishing suggestions. 

This reduces latency for users accessing the platform 

globally, particularly in high-demand regions [6]. 

c. Amazon VPC (Virtual Private Cloud): A 

dedicated VPC isolates sensitive systems, such as 

database servers and payment processing modules, 

ensuring secure communication over private subnets. 

VPC flow logs provide granular visibility into network 

traffic for monitoring and troubleshooting purposes [7]. 

 

Networking 

Component 

Role Features 

ELB Traffic 

distribution 

across 

instances 

Health checks, 

auto-scaling 

support 

CloudFront Content 

delivery for 

global users 

Caching, edge 

locations 

VPC Secure 

networking 

Private subnets, 

traffic 

monitoring 

 

Table 3 Key networking components: ELB manages 

traffic with auto-scaling, CloudFront delivers cached 
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content globally, and VPC ensures secure networking 

with private subnets. 

5. Fault Tolerance and Reliability 

a) High Availability (HA): 

• Hostly's architecture uses multiple availability 

zones for key services like EC2 and RDS. This ensures 

the platform remains operational even in the event of 

localized outages. 

• AWS Elastic File System (EFS) provides shared 

file storage with automatic replication across AZs, further 

bolstering HA [8]. 

b) Disaster Recovery (DR): 

• AWS Backup automates the process of creating 

incremental backups for all critical systems, including S3, 

RDS, and DynamoDB. 

• Cross-region replication ensures that backup data 

is accessible from geographically distant locations in case 

of major disasters. 

 

6. Integration with AI Workloads 

Hostly’s infrastructure is optimized for AI workloads: 

• Amazon Sage Maker: Provides managed services 

for training, tuning, and deploying machine learning 

models used in the recommendation engine. 

• EFS and S3 Integration: Facilitates seamless 

storage and retrieval of large datasets required for model 

training and feature engineering [9]. 

 

 

 

 

 

 

Figure 2 This diagram will showcase the interconnected 

modules of the Hostly platform, emphasizing scalability 

and fault tolerance in its AWS-based cloud architecture. 

III. AI RECOMMENDATION ENGINE 

The AI Recommendation Engine serves as the cornerstone 

of Hostly, enabling dynamic and personalized furnishing 

recommendations tailored to user preferences and 

property attributes. It integrates state-of-the-art machine 

learning techniques, including hybrid recommendation 

systems, optimization algorithms, and adaptive learning 

models. This section details the core components, 

algorithms, input parameters, and performance 

optimization strategies used in the recommendation 

engine. 

A. Core Algorithms 

The AI Recommendation Engine integrates innovative 

methodologies to address the limitations of traditional 

collaborative filtering and gradient boosting. The 

improved system utilizes reinforcement learning, deep 

contextual embeddings, and multi-objective optimization. 

1. Reinforcement Learning: Reinforcement learning 

(RL) dynamically refines recommendations by leveraging 

user feedback. The system considers long-term objectives, 

such as optimizing guest satisfaction and maximizing 

ROI. For instance, RL-based policies evaluate user 

interactions, like modifying or rejecting furnishing 

suggestions, to improve future recommendations 

dynamically. This approach adapts to evolving 

preferences better than static collaborative filtering 

methods [10]. 

2. Deep Learning for Contextual Embeddings: Natural 

Language Processing (NLP) techniques, including BERT 

(Bidirectional Encoder Representations from 

Transformers), are employed to generate contextual 

embeddings. These embeddings extract semantic insights 

from vendor product descriptions and user preferences, 

enhancing the precision of content-based filtering. By 

merging these embeddings with collaborative filtering, 

Hotly achieves a hybrid recommendation model that 

tailors suggestions to unique user requirements [11]. 

3. Multi-Objective Optimization: The system integrates 

multi-objective optimization to balance competing goals 

like cost-efficiency, user preferences, and sustainability. 
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For example, the gradient boosting algorithms are fine-

tuned to optimize furnishing selection based on ROI, 

aesthetic value, and guest satisfaction, ensuring the 

recommendations are business-aligned and context-aware 

[12]. 

4. Content-Based Filtering: 

• This approach matches user preferences (e.g., 

furnishing style, budget) with product attributes derived 

from vendor catalogs. 

• Natural Language Processing (NLP) techniques, such 

as Term Frequency-Inverse Document Frequency (TF-

IDF) and word embeddings (e.g., Word2Vec, BERT), are 

used to extract meaningful features from product 

descriptions and user profiles [10]. 

5. Collaborative Filtering: 

• Collaborative filtering analyzes historical user 

interaction data, such as purchase history and clicks, to 

find patterns and recommend items favored by similar 

users. 

• Matrix factorization techniques, such as Singular 

Value Decomposition (SVD) and Alternating Least 

Squares (ALS), reduce the dimensionality of user-item 

interaction matrices, improving computational efficiency 

and accuracy [11]. 

6. Hybrid Models: 

• The hybrid approach combines content-based and 

collaborative filtering methods to overcome their 

individual limitations. 

• Gradient Boosting algorithms (e.g., XGBoost, 

CatBoost) are used as meta-learners to blend the outputs 

of multiple models, enhancing prediction performance 

[12]. 

• This ensemble approach ensures that recommendations 

are robust and context-aware, catering to diverse user 

needs. 

 

 

 

Algorithm Strengths Applications in 

Hostly 

Content-

Based 

Filtering 

Focuses on 

specific user 

preferences 

Recommends 

products 

matching style 

and budget 

Collaborative 

Filtering 

Leverages 

group behavior 

patterns 

Suggests items 

popular among 

similar users 

Hybrid 

Models 

Balances 

precision and 

generalization 

Combines 

individual model 

predictions 

 

Table 4 A comparison of recommendation algorithms: 

Content-Based, Collaborative Filtering, and Hybrid 

Models, highlighting their strengths and applications in 

Hostly. 

B. Input Parameters 

The AI engine processes a variety of inputs to tailor its 

recommendations effectively. These inputs are classified 

into user-specific parameters, property-specific attributes, 

and market trends. 

1. User-Specific Parameters: 

• Style preferences (e.g., modern, minimalist, rustic). 

• Budget constraints (e.g., low-cost, mid-range, 

premium). 

• User behavior (e.g., past purchases, browsing history). 

2. Property-Specific Attributes: 

• Property type: Apartment, house, or studio. 

• Layout and dimensions: Room sizes, furniture 

placement feasibility. 

• Target audience: Families, luxury travelers, or 

budget-conscious renters. 

3. Market Trends: 

• Seasonal demands (e.g., holiday peak trends). 

• Emerging furnishing styles (e.g., sustainable 

furniture). 

• Product availability and pricing fluctuations from 

vendor APIs. 
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C. Recommendation Pipeline 

The recommendation engine operates in a structured 

pipeline, transforming raw data into actionable product 

suggestions. The pipeline involves the following stages: 

1. Data Preprocessing: Vendor product catalogs and 

user data are preprocessed using NLP for textual data and 

feature extraction for numerical attributes. Missing data is 

handled using imputation techniques, while outliers are 

filtered for consistency. 

2. Feature Engineering: 

• Product features, such as material, style, and 

dimensions, are encoded using one-hot encoding for 

categorical variables and Min-Max normalization for 

numerical variables. 

• User preferences are mapped into vector 

representations using embeddings to capture latent 

patterns. 

 

3. Model Training: 

• Training data comprises user-item interactions, 

product attributes, and feedback data. 

• Amazon Sage Maker is used for model training 

and hyperparameter tuning, enabling seamless 

deployment to AWS Lambda for real-time inference [13]. 

 

4. Prediction and Recommendation: 

• The hybrid model evaluates user inputs, combines 

predictions from individual algorithms, and ranks 

products based on relevance and expected ROI. 

• Recommendations are updated dynamically in 

response to user interactions and external changes, such as 

pricing updates from vendors. 

 

Pipeline Stage Purpose Tools/Technologies 

Data 

Preprocessing 

Clean and 

standardize 

input data 

Python, Pandas, 

TensorFlow 

Feature 

Engineering 

Extract and 

encode 

meaningful 

features 

Scikit-learn, NLP 

libraries 

Model Training Train 

algorithms 

for 

predictions 

Amazon Sage 

Maker, TensorFlow, 

PyTorch 

Prediction and 

Recommendation 

Deliver 

optimized 

suggestions 

AWS Lambda, API 

Gateway 

 

Table 5 Explains the purpose of each pipeline stage 

(Data Preprocessing, Feature Engineering, etc.) and the 

technologies used (Python, Scikit-learn, AWS). 

D. Model Optimization and Adaptation 

To ensure scalability and accuracy, the AI engine 

incorporates advanced optimization techniques: 

1. Gradient Boosting: Gradient Boosting 

frameworks like XGBoost are used for boosting weak 

learners (e.g., decision trees) to achieve high accuracy 

[14]. 

2. Auto ML: Automated Machine Learning (Auto 

ML) tools within Amazon Sage Maker automate model 

selection, hyperparameter tuning, and feature engineering. 

3. Transfer Learning: Pre-trained embeddings for 

products and user profiles enable the system to adapt 

quickly to new datasets, reducing training time and 

computational costs. 

4. Active Learning: The system incorporates user 

feedback in real-time to improve future recommendations, 

focusing on areas with high prediction uncertainty. 

 

E. Evaluation Metrics 

To ensure the recommendation engine meets performance 

benchmarks, it is evaluated using industry-standard 

metrics: 

 

1. Precision: Measures the proportion of 

recommended items that are relevant to the user. 

2. Recall: Evaluates the proportion of relevant items 

successfully retrieved. 

3. F1-Score: Combines precision and recall into a 

single metric. 

4. Mean Reciprocal Rank (MRR): Quantifies the 

effectiveness of ranking in recommendations. 
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Figure 3 This chart visualizes the performance metrics 

of the recommendation system, including Precision, 

Recall, F1-Score, and MRR, measured in percentages. 

 

Metric Definition Target 

Value in 

Hostly 

Precision Relevant items 

among 

recommended 

items 

≥ 85% 

Recall Retrieved 

relevant items 

≥ 80% 

F1-Score Harmonic mean 

of precision and 

recall 

≥ 82% 

MRR Effectiveness of 

ranked 

recommendations 

≥ 90% 

 

Table 6 This table outlines key recommendation system 

metrics for Hostly, including Precision (≥85%), Recall 

(≥80%), F1-Score (≥82%), and MRR (≥90%) to measure 

relevance and ranking effectiveness. 

F. Scalability 

To handle large-scale data and high request volumes, the 

recommendation engine utilizes: 

1. Amazon DynamoDB Streams: For processing real-

time updates from vendor APIs. 

2. AWS Elastic Inference: Reduces inference costs by 

attaching GPU-based acceleration only when needed. 

3. Distributed Training: Leverages distributed 

computing in Sage Maker for training on large datasets. 

 

 

 

 

 

 

 

 

 

Figure 4 This visualization will detail the stages of the 

AI recommendation process, demonstrating how inputs 

like user preferences and vendor data lead to 

personalized furnishing recommendations. 

IV. VENDOR INTEGRATION 

The vendor integration layer in Hostly plays a critical role 

in aggregating, normalizing, and synchronizing product 

data from multiple e-commerce platforms such as 

Amazon, Wayfair, and Etsy. This layer ensures that the 

platform provides real-time, accurate, and diverse 

furnishing recommendations tailored to user preferences. 

The integration framework incorporates modern API 

protocols, data standardization techniques, and robust 

synchronization pipelines, enabling a seamless user 

experience. 

A. API Standardization and Connectivity 

Hostly integrates product data from multiple e-commerce 

platforms like Amazon, Wayfair, and Etsy using RESTful 

APIs. The vendor integration layer ensures real-time 

synchronization and consistency through schema mapping 

and ETL pipelines. 

1. API Standardization: Vendor APIs often vary in 

structure and metadata formats. The ETL pipeline includes 

75

80

85

90

95
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Performance Metrics of 

Recommendation System

Precision Recall F1-Score MRR
Metrics 
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schema mapping powered by machine learning to align 

diverse data formats with Hostly’s taxonomy, improving 

the categorization of furnishings [19]. 

2. Real-Time Synchronization: Using Apache Kafka, 

Hostly synchronizes data streams from vendors to ensure 

product listings remain up-to-date. A combination of 

polling and webhook-based updates minimizes latency, 

even during high-traffic events or promotions [20]. 

3. Conflict Resolution: To address inconsistencies in 

vendor data, the integration framework employs conflict 

resolution algorithms that prioritize the most reliable 

source based on vendor trust scores and historical 

accuracy [21]. 

 

4. RESTful API Implementation: 

• REST (Representational State Transfer) is used for its 

lightweight and scalable nature, allowing seamless data 

exchange between Hostly and vendor platforms [15]. 

• Each API interaction involves authentication using 

OAuth 2.0 tokens to ensure secure and authorized data 

access [16]. 

 

5. Data Fetching and Aggregation: 

a. Hostly uses batch processing and incremental updates 

to retrieve data, balancing efficiency and latency. 

b. Metadata about vendor products, such as item 

descriptions, dimensions, prices, and availability, is 

fetched at regular intervals. 

 

6. Schema Mapping: 

• Since vendor APIs provide data in diverse formats, 

schema mapping aligns incoming data with Hostly’s 

standardized product schema. 

• This standardization ensures compatibility across all 

vendors and facilitates accurate categorization 

 

B. ETL Pipelines for Data Standardization 

Hostly employs an ETL (Extract, Transform, Load) 

pipeline to preprocess vendor data before making it 

available for recommendations. 

1. Extraction: 

• Data is extracted from vendor APIs in JSON or XML 

format using API requests. 

• The extraction process includes product details, real-

time inventory levels, and price updates. 

2. Transformation: 

a. Transformation involves cleaning, normalizing, and 

augmenting data to align it with Hostly’s data model. 

b. Techniques include: 

• Natural Language Processing (NLP): NLP 

models classify and tag products into predefined 

furnishing categories, such as "luxury furniture" or 

"budget essentials" [17]. 

• Currency Conversion: Prices from global vendors 

are converted to the user’s local currency 

3. Loading: The cleaned and standardized data is loaded 

into Hostly’s database, stored in Amazon DynamoDB for 

real-time querying, and in Amazon RDS for relational 

analysis. 

 

ETL Stage Description Technologies 

Extraction Retrieve raw 

product data 

from vendor 

APIs 

Python 

Requests, 

RESTful APIs 

Transformation Clean and 

standardize 

product 

metadata 

Pandas, 

TensorFlow 

(NLP tagging) 

Loading Store 

normalized 

data in real-

time and 

relational DBs 

Amazon 

DynamoDB, 

Amazon RDS 
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Table 7 ETL process: Extract raw product data via APIs 

(Python Requests), clean/standardize metadata 

(Pandas, TensorFlow), and load into databases 

(Amazon DynamoDB, RDS) for storage and analysis. 

C. Real-Time Data Synchronization 

Real-time updates are crucial for maintaining the accuracy 

and relevance of Hostly’s recommendations. 

1. Apache Kafka for Stream Processing: Kafka handles 

asynchronous data streams from vendor APIs, ensuring 

that product updates such as price changes, stock levels, 

and new arrivals are synchronized in real time [18]. 

2. Polling and Event-Driven Updates: 

• Hostly combines polling (periodic checks) and event-

driven updates to optimize data freshness. 

• For high-frequency changes, such as flash sales or 

promotions, vendor-provided webhooks trigger 

immediate updates to the database. 

3. Conflict Resolution: 

• When conflicting data is received (e.g., price 

mismatches), Hostly prioritizes the most recent and 

reliable source. 

• Conflict resolution algorithms incorporate vendor trust 

scores and historical data accuracy. 

 

D. Product Categorization and Enrichment 

To improve the quality of recommendations, Hostly 

employs machine learning techniques to categorize and 

enrich vendor products: 

1. Natural Language Processing (NLP): 

• NLP models classify vendor products into hierarchical 

categories (e.g., Furniture > Living Room > Sofas) based 

on descriptions and metadata. 

• Embedding models, such as BERT and Word2Vec, are 

used to extract semantic meanings from product titles and 

attributes [19]. 

2. Image Recognition: 

• Computer vision models analyze product images to 

identify visual attributes such as color, style, and material. 

• Pre-trained convolutional neural networks (CNNs), 

such as resent, are fine-tuned for furniture-specific 

classification tasks [20]. 

 

3. Tagging and Attribute Enrichment: 

• Products are tagged with enriched attributes like "eco-

friendly" or "luxury" based on vendor data and user 

reviews. 

• These enriched tags enhance filtering and 

personalization during the recommendation process. 

 

E. Error Handling and API Reliability 

Given the complexity of integrating with multiple vendor 

platforms, Hostly implements robust error handling and 

monitoring mechanisms: 

1. API Failure Management: 

• Retries and fallback mechanisms ensure uninterrupted 

operation when vendor APIs are temporarily unavailable. 

• Hostly caches recent product data using Amazon 

Elastic ache, reducing reliance on real-time API calls 

during failures. 

2. Monitoring and Logging: 

• AWS CloudWatch monitors API performance, 

tracking latency, response times, and error rates. 

• Detailed logs are analyzed to identify recurring issues 

and optimize API interactions. 

3. Data Validation: Schema validation ensures incoming 

data adheres to Hostly’s standards, minimizing 

inconsistencies in the database. 

Error 

Scenario 

Mitigation Strategy 

API Downtime Retry mechanisms, cached 

responses (Elastic ache) 

Data Format 

Inconsistencies 

Schema validation during 

ETL transformation 

Vendor 

Updates 

Missed 

Scheduled polling and 

webhook-based updates 
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Table 8 Documents scenarios (e.g., API Downtime) and 

mitigation strategies (Retries, Caching), ensuring robust 

platform reliability. 

F. Scalability and Future Expansion 

Hostly’s vendor integration framework is designed for 

scalability to accommodate additional vendors and 

increasing data volumes. 

1. Horizontal Scaling: 

• The ETL pipeline and data processing modules scale 

horizontally using Amazon Elastic Kubernetes Service 

(EKS). 

• Additional Kafka partitions handle higher throughput 

during data bursts. 

2. Adding New Vendors: 

• New vendor APIs are onboarded via modular 

connectors, ensuring minimal disruption to existing 

integrations. 

• AI-assisted schema mapping accelerates the adaptation 

process. 

3. Expansion to International Markets: 

• Hostly integrates regional vendors, using localized 

tagging and currency conversion models to cater to diverse 

markets. 

 

 

 

 

 

 

 

 

 

 

Figure 5 Highlighting how the ETL process ensures 

real-time synchronization of vendor data with Hostly’s 

system for accurate recommendations. 

V. SECURE PAYMENT PROCESSING 

Payment processing is a critical component of Hostly, 

ensuring secure and seamless financial transactions 

between users and vendors. By integrating Stripe as its 

payment gateway, Hostly adheres to the highest standards 

of security and compliance, such as PCI DSS (Payment 

Card Industry Data Security Standard). This section 

elaborates on the technologies and mechanisms that ensure 

secure, reliable, and user-friendly payment processing. 

A. Payment Gateway Integration 

1. Stripe API: 

• Hostly leverages Stripe’s robust API to handle 

payment authorization, processing, and settlement. 

• The API supports multiple payment methods, 

including credit cards, digital wallets (e.g., Apple Pay, 

Google Pay), and international bank transfers, ensuring 

global compatibility [22]. 

2. Tokenization: 

• Sensitive payment information (e.g., card details) is 

replaced with secure tokens during transactions. 

• These tokens are used for subsequent operations, 

reducing the risk of exposing sensitive data [23]. 

3. Payment Confirmation: 

• After a successful transaction, Hostly communicates 

with Stripe via webhooks to confirm payment status and 

update user accounts. 

• Retry mechanisms are implemented to handle 

webhook delivery failures. 

 

B. Security Mechanisms 

 

1. PCI DSS Compliance: Stripe ensures that all 

transactions comply with PCI DSS standards, which 

mandate robust encryption, access controls, and regular 

security audits. 

2. TLS Encryption: Hostly uses Transport Layer 

Security (TLS 1.2 or higher) to encrypt data exchanged 

between the client, server, and Stripe. This prevents 

interception of sensitive information during transmission 

[24]. 
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3. Fraud Detection: 

• Stripe Radar, an AI-powered fraud detection system, 

identifies and flags suspicious transactions using machine 

learning models trained on global transaction data. 

• Radar uses risk scoring, device fingerprinting, and 

anomaly detection to mitigate potential fraud. 

4. Authentication and Authorization: 

• Multi-factor authentication (MFA) is implemented to 

secure user accounts. 

• Role-based access control (RBAC) restricts payment-

related operations to authorized personnel only. 

 

C. Payment Workflow 

The payment workflow in Hostly consists of the following 

steps: 

• User Initiation: The user selects furnishing items and 

initiates a payment. 

• Payment Processing: Hostly sends the payment 

request to Stripe’s API, including the secure token and 

transaction details. 

• Fraud Check: Stripe Radar evaluates the transaction 

for fraud risk. 

• Settlement: Upon approval, funds are settled to the 

vendor’s account. 

• Confirmation: Hostly updates the transaction status 

and provides a receipt to the user. 

Stage Action Technology 

Used 

User 

Initiation 

Transaction 

request sent to 

Stripe 

Frontend, 

API 

Gateway 

Payment 

Processing 

Tokenized data 

sent for 

authorization 

Stripe API, 

TLS 

Encryption 

Fraud 

Detection 

Transaction 

evaluated for 

anomalies 

Stripe Radar 

Settlement Payment 

transferred to the 

vendor 

Stripe 

Platform 

Confirmation User and vendor 

receive 

transaction 

updates 

Webhooks, 

Hostly 

Backend 

 

 

Table 9 This table outlines the payment process flow: 

user initiates a request, Stripe processes payment, 

detects fraud, settles the transaction, and updates both 

user and vendor via webhooks. 

D. Error Handling and Monitoring 

 

1. Transaction Failures: 

• Hostly retries failed transactions up to three times with 

exponential backoff to minimize disruptions. 

• Failed transactions trigger notifications to the user, 

prompting action. 

2. Monitoring and Auditing: 

• AWS CloudWatch logs all payment-related events for 

real-time monitoring and auditing. 

• Stripe’s reporting tools provide detailed transaction 

histories and insights for compliance reviews. 

 

VI. ANALYTICS DASHBOARD 

The Analytics Dashboard in Hostly provides users with 

actionable insights into their furnishing investments. 

Designed with visualization tools and predictive 

algorithms, it supports decision-making by highlighting 

cost, ROI, and market trends. This section elaborates on 

its features, technologies, and real-world applications. 
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Figure 6 An interactive analytics tool that helps users 

visualize and optimize their furnishing investments 

based on ROI, cost distribution, and seasonal trends. 

A. ROI Prediction and Cost Analysis 

1. ROI Estimation: The dashboard calculates Return on 

Investment (ROI) by analyzing: 

• Setup costs: Furniture, decor, shipping, and 

installation. 

• Expected rental income: Based on property location, 

furnishing quality, and market trends [26]. 

2. Cost Breakdown: 

• Costs are categorized by furnishing type (e.g., 

furniture, decor, essentials) and visualized using pie charts 

and heatmaps for clarity. 

• Seasonal cost fluctuations are highlighted to help users 

plan purchases. 

 

 

 

 

 

 

 

 

Figure 7 This Pie chart illustrates the cost breakdown of 

furnishing components: Furniture, Decor, and 

Essentials, as percentages of the total cost. 

B. Visualizations and Insights 

1. Booking Rate Projections: The dashboard uses 

historical data to correlate furnishing investments with 

booking rates, enabling users to optimize their spending. 

2. Revenue Projections: Predictive models estimate 

monthly and yearly revenues based on property attributes, 

target market, and current booking trends. 

3. Comparative Analysis: Users can compare multiple 

furnishing strategies, evaluating their impacts on revenue 

and guest satisfaction. 

Metric Purpose Visualization 

Type 

ROI 

Prediction 

Evaluate 

furnishing 

profitability 

Line Charts, 

Bar Graphs 

Cost 

Breakdown 

Identify expense 

allocation 

Pie Charts, 

Heatmaps 

Revenue 

Projections 

Estimate future 

income 

Predictive 

Line Graphs 

Booking 

Rate 

Projections 

Optimize 

furnishing to 

attract bookings 

Scatter Plots 

 

Table 10 This table outlines key metrics for evaluating 

furnishing profitability, expense allocation, income 

projections, and booking optimization using various 

visualizations like line charts, pie charts, and scatter 

plots. 

C. Reporting Features 

1. Custom Reports: Users can generate and export 

reports in formats such as PDF, Excel, and CSV for offline 

analysis. 

2. Dynamic Filters: Filters enable users to refine data by 

date range, property type, or target market. 

3. Integration with Third-Party Tools: The dashboard 

integrates with property management software (PMS) and 

accounting tools to consolidate analytics. 

D. Backend and Technologies 

1. Data Collection: Data is collected from multiple 

sources, including: 

50

30

20

Cost Distribution of Furnishing Components

Furniture Decor Essentials
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• User inputs. 

• Vendor APIs. 

• Booking platforms (e.g., Airbnb, VRBO). 

2. Processing and Storage: Analytical data is processed 

using Amazon Redshift for complex queries and stored in 

Amazon RDS for structured reporting. 

3. Visualization Tools: AWS Quick Sight and Tableau 

power the dashboard’s visualizations, offering interactive 

and customizable charts [28]. 

 

Component Role Technology 

Used 

Data 

Collection 

Gather data 

from vendors 

and bookings 

API Gateway, 

AWS 

Lambda 

Processing 

and Storage 

Analyze and 

store structured 

analytics 

Amazon 

Redshift, 

Amazon RDS 

Visualization Generate user-

facing insights 

AWS Quick 

Sight, 

Tableau 

 

Table 11 This table outlines key components in a data 

processing pipeline: Data Collection using API Gateway 

and AWS Lambda, Processing with Amazon Redshift 

and RDS, and Visualization with AWS Quick Sight and 

Tableau. 

E. Predictive Algorithms 

The dashboard integrates machine learning models to 

enhance its predictive capabilities: 

1. Time Series Forecasting: ARIMA and Prophet 

models predict future booking rates and revenues based on 

historical data. 

2. Clustering: K-Means clustering groups similar 

properties to identify optimal furnishing strategies for 

specific demographics. 

3. Regression Models: Linear regression models 

estimate the financial impact of furnishing decisions on 

booking rates and overall revenue. 

VII. CHALLENGES AND SOLUTIONS 

Building a robust platform like Hostly involves 

overcoming several technical and operational challenges 

to ensure scalability, reliability, and optimal user 

experience. This section outlines the key challenges faced 

during development and implementation, along with the 

solutions employed to address them effectively. 

 

 

 

 

 

 

 

 

 

 

Figure 8 This diagram will outline the networking 

backbone of Hostly, ensuring high availability and 

secure operations. 

 

A. Scalability 

Challenge: 

• The platform needs to handle traffic surges during peak 

onboarding seasons or promotional periods. 

• Sudden spikes in API calls to vendor platforms and 

recommendation system queries could lead to degraded 

performance or downtime. 

Solution: 

• AWS Auto Scaling: Hostly uses Auto Scaling Groups 

(ASG) to dynamically allocate EC2 instances based on 

real-time traffic demand, ensuring consistent performance 

[29]. 

• Amazon CloudFront: A Content Delivery Network 

(CDN) caches static resources, reducing the load on 

backend servers and minimizing latency for global users 

[30]. 
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• Database Partitioning: Horizontal partitioning of 

Amazon RDS and DynamoDB ensures faster query 

execution during high-traffic scenarios. 

 

B. Vendor API Inconsistencies 

Challenge: Vendor APIs have diverse data formats and 

varying levels of reliability, leading to inconsistencies in 

product data aggregation. 

Solution: 

• Schema Validation: The ETL pipeline includes 

schema validation layers to standardize data before 

ingestion into Hostly’s database. 

• Retry Mechanisms and Caching: Failed API calls are 

retried with exponential backoff. Recent product data is 

cached using Amazon Elastic Cache, reducing reliance on 

real-time updates during vendor API outages [31]. 

• Monitoring with AWS CloudWatch: CloudWatch 

logs and metrics identify API bottlenecks, enabling 

proactive adjustments. 

 

C. AI Model Maintenance 

Challenge: 

• As Hostly scales and user preferences evolve, the AI 

recommendation engine must adapt while maintaining 

high prediction accuracy. 

Solution: 

• Transfer Learning: Pre-trained models are fine-tuned 

with new data, reducing the computational overhead of 

retraining from scratch [32]. 

• Active Learning: The engine prioritizes user feedback 

on incorrect or suboptimal recommendations to refine its 

predictions dynamically. 

• Distributed Training: Sage Maker's distributed 

training capabilities enable efficient handling of large 

datasets. 

 

 

 

D. Secure Payment Processing 

Challenge: 

• Ensuring PCI DSS compliance and safeguarding 

sensitive user data against cyber threats is critical for trust 

and operational stability. 

Solution: 

• TLS Encryption: All payment transactions are 

encrypted using TLS 1.2 or higher, ensuring secure 

communication. 

• Fraud Detection with Stripe Radar: AI-driven fraud 

detection flags anomalous transactions in real-time, 

mitigating financial risks [33]. 

• Tokenization: Sensitive data, such as card details, is 

tokenized before storage or transmission. 

 

Challenge Solution Key 

Technologies 

Traffic Surges Auto Scaling, 

CDN, 

Partitioning 

AWS Auto 

Scaling, 

CloudFront 

API 

Inconsistencies 

Schema 

validation, 

caching, 

monitoring 

AWS 

CloudWatch, 

ElastiCache 

AI Model 

Adaptability 

Transfer 

learning, active 

learning, 

distributed 

training 

Sage Maker, 

TensorFlow 

Payment 

Security 

TLS, Fraud 

Detection, 

Tokenization 

Stripe API, 

Stripe Radar 

 

Table 12 This table outlines solutions to challenges in 

traffic surges, API inconsistencies, AI model 

adaptability, and payment security, using key AWS 

services, Stripe, and AI tools for enhanced performance 

and security. 
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VIII. BUSINESS IMPACT AND MONETIZATION 

Hostly’s innovative approach to short-term rental 

furnishing has a profound impact on both hosts and the 

broader rental market. Its business model leverages 

multiple revenue streams, addressing critical market gaps 

while delivering value to property owners and e-

commerce vendors. 

A. Market Scope and Value Proposition 

1. Market Growth: The global short-term rental market 

is projected to grow at a CAGR of 11.1%, reaching $170 

billion by 2030 [34]. Hostly positions itself as a 

transformative solution for hosts, simplifying property 

setup and maximizing ROI. 

2. Value Proposition: 

• Efficiency: Hosts save time by accessing curated 

recommendations and streamlined purchasing workflows. 

• Optimization: Cost-ROI analytics ensure hosts make 

data-driven investment decisions. 

• Personalization: AI-driven suggestions cater to 

diverse property types and target markets. 

 

Market Metric Value 

CAGR (2021-

2030) 

11.1% 

Projected 

Market Size 

(2030) 

$170 billion 

Hostly’s 

Addressable 

Market 

Property 

furnishing for 

short-term 

rentals 

 

Table 13 The table highlights key market metrics, 

including a projected 11.1% CAGR from 2021-2030, a 

$170 billion market size by 2030, and Hostly's 

addressable market in property furnishing for short-

term rentals. 

B. Revenue Streams 

Hostly’s monetization strategy is built on diversified 

revenue streams, ensuring financial sustainability and 

growth: 

1. Subscription Fees: 

• Hosts pay a tiered subscription fee based on access to 

advanced features such as premium analytics, AR-based 

staging tools, and customized vendor integration. 

• Basic, Standard, and Premium plans cater to different 

user needs. 

2. Affiliate Commissions: Hostly earns a percentage of 

sales made through vendor referrals. This aligns Hostly’s 

success with that of its partner vendors. 

3. Data Analytics Services: Property management firms 

can subscribe to detailed analytics reports for market 

insights, competitor benchmarking, and pricing strategies. 

4. Vendor Partnerships: Vendors pay Hostly for 

enhanced product placement, including featured 

recommendations and prioritized listings. 

C. Business Impact 

1. Enhanced Vendor Visibility: Hostly’s platform 

promotes vendor products to a targeted audience, driving 

higher conversion rates. 

2. Improved Host ROI: Data-driven recommendations 

lead to better furnishing decisions, maximizing revenue 

potential for hosts. 

3. Ecosystem Development: By integrating e-commerce 

platforms and short-term rental hosts, Hostly creates a 

synergistic ecosystem benefiting all stakeholders. 

D. Scalability and Expansion 

1. Geographical Expansion: Hostly plans to enter 

emerging rental markets in Asia and South America, 

integrating regional vendors and localizing 

recommendations. 

2. Product Innovation: Future features include AR/VR-

based staging tools and blockchain for secure vendor-host 

transactions. 

3. Sustainability Focus: Partnering with eco-friendly 

vendors to promote sustainable furnishing options aligns 

Hostly with growing consumer preferences. 
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Revenue 

Stream 

Description Projected 

Contribution 

(%) 

Subscription 

Fees 

Monthly/annual 

plans for hosts 

40% 

Affiliate 

Commissions 

Vendor sales 

through Hostly 

35% 

Data 

Analytics 

Services 

Premium 

analytics for 

property 

management 

firms 

15% 

Vendor 

Partnerships 

Sponsored 

listings and 

product 

placements 

10% 

 

Table 14 Revenue streams from subscription fees (40%), 

affiliate commissions (35%), data analytics services 

(15%), and vendor partnerships (10%) provide financial 

support for Hostly's business model. 

IX. CONCLUSION AND FUTURE WORK 

 

A. Conclusion 

Hostly represents a transformative innovation in the short-

term rental industry, addressing the complexities of 

property furnishing through advanced AI, cloud 

computing, and vendor integration. By automating 

furnishing recommendations, aggregating vendor options, 

and providing cost-ROI analytics, Hostly significantly 

enhances efficiency and profitability for rental property 

owners. 

The platform’s core features AI-driven personalization, 

secure payment processing, and real-time data 

synchronization—position it as a critical tool for both 

novice and seasoned hosts. Utilizing scalable AWS 

infrastructure ensures high availability and performance, 

while AI techniques such as hybrid recommendation 

systems and machine learning optimization deliver 

tailored, accurate recommendations. 

Key Contributions of Hostly: 

1. Simplification of Furnishing Decisions: Hosts 

receive curated furnishing solutions, saving time and 

effort compared to traditional methods. 

2. Data-Driven Insights: Cost breakdowns and ROI 

predictions empower users to make informed investment 

decisions. 

3. Market Integration: By connecting hosts with 

vendors through a standardized platform, Hostly creates a 

cohesive ecosystem. 

The platform’s ability to enhance guest satisfaction and 

host revenue demonstrates its immediate value 

proposition. Moreover, Hostly’s adaptability to evolving 

market trends positions it as a sustainable solution for 

future demands. 

 

B. Future Work 

To maintain its competitive edge and further enhance its 

impact, Hostly aims to pursue the following 

developments: 

 

 

1. Advanced Features: Integration of AR/VR for 

Immersive Furnishing Planning 

a. Objective: Enable hosts to visualize furnishing options 

using Augmented Reality (AR) and Virtual Reality (VR) 

tools, creating a more interactive decision-making 

experience. 

b. Implementation: 

• AR mobile applications will overlay furniture models 

in real-world spaces using ARKit (iOS) and ARC ore 

(Android). 

• VR staging simulations will allow users to "walk 

through" their furnished properties virtually before 

committing to purchases [35]. 

c. Expected Impact: Enhanced user engagement and 

confidence in furnishing decisions. 
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2. Blockchain for Vendor-Host Transactions 

a. Objective: Improve the transparency and security of 

transactions through blockchain technology. 

b. Implementation: 

• Smart contracts will automate payment settlements and 

ensure compliance with vendor agreements. 

• Distributed ledger technology will provide immutable 

transaction records for auditing and dispute resolution 

[36]. 

c. Expected Impact: Increased trust between hosts and 

vendors, minimizing fraud risks. 

3. Expansion to Emerging Markets 

a. Objective: Extend Hostly’s reach to growing short-

term rental markets in Asia, South America, and Africa. 

b. Implementation: 

• Partner with regional vendors to ensure a culturally 

relevant furnishing catalog. 

• Localize recommendations by incorporating regional 

trends and price points into AI models. 

c. Expected Impact: Broader market penetration and 

support for underserved rental communities [37]. 

4. Sustainability Initiatives 

a. Objective: Address increasing consumer demand for 

eco-friendly furnishing options. 

b. Implementation: 

• Collaborate with sustainable vendors to feature 

furniture made from recycled or renewable materials. 

• Add sustainability scores to furnishing 

recommendations, enabling users to prioritize eco-

conscious choices. 

c. Expected Impact: Alignment with global 

sustainability trends and enhanced brand reputation. 

5. AI Model Enhancements 

a. Objective: Continuously refine the AI 

recommendation engine to adapt to evolving user 

preferences and market dynamics. 

b. Implementation: 

• Deploy reinforcement learning algorithms to improve 

personalization based on real-time user feedback. 

• Incorporate multi-objective optimization to balance 

user preferences, vendor availability, and ROI [38]. 

c. Expected Impact: Higher recommendation accuracy 

and user satisfaction. 

6. Premium Analytics and Insights for Enterprises 

a. Objective: Offer advanced analytics services to 

property management firms and large-scale hosts. 

b. Implementation: 

• Develop enterprise-grade dashboards with features like 

competitor benchmarking, occupancy rate projections, 

and dynamic pricing strategies. 

• Integrate analytics with third-party tools like Tableau 

and Power BI for seamless workflows [39]. 

c. Expected Impact: Expanded revenue streams and 

appeal to corporate clients. 

7. Integration with Smart Home Technology 

a. Objective: Support hosts in offering tech-enhanced 

rental experiences by incorporating smart home devices 

into furnishing recommendations. 

b. Implementation: 

• Recommend smart devices (e.g., smart locks, 

thermostats, lighting) compatible with rental properties. 

• Enable seamless integration with platforms like 

Amazon Alexa and Google Home. 

c. Expected Impact: Differentiation in competitive 

rental markets, increasing guest satisfaction. 
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Figures: 

Figure 1 This flowchart shows Hostly’s modular system 

architecture includes a user-friendly frontend, a backend 

API for data flow, an AI engine for personalized 

furnishing recommendations, vendor integration, and an 

analytics dashboard for insights. 1 

Figure 2 This diagram will showcase the interconnected 

modules of the Hostly platform, emphasizing scalability 

and fault tolerance in its AWS-based cloud architecture. 

4 

Figure 3 This chart visualizes the performance metrics of 

the recommendation system, including Precision, Recall, 

F1-Score, and MRR, measured in percentages. 7 

Figure 4 This visualization will detail the stages of the AI 

recommendation process, demonstrating how inputs like 

user preferences and vendor data lead to personalized 

furnishing recommendations. 7 

Figure 5 Highlighting how the ETL process ensures real-

time synchronization of vendor data with Hostly’s system 

for accurate recommendations. 10 

Figure 6 An interactive analytics tool that helps users 

visualize and optimize their furnishing investments based 

on ROI, cost distribution, and seasonal trends. 12 

Figure 7 This Pie chart illustrates the cost breakdown of 

furnishing components: Furniture, Decor, and Essentials, 

as percentages of the total cost. 12 

Figure 8 This diagram will outline the networking 

backbone of Hostly, ensuring high availability and secure 

operations. 13 

 

 

Tables: 

Table 1 Lists the core functionalities of each platform 

module (e.g., Frontend, Backend API, AI Engine) and the 

technologies employed to support them. 2 

Table 2 Outlines the storage systems (S3, RDS, 

DynamoDB), their use cases, and key features like backup 

automation and lifecycle policies. 3 

Table 3 Key networking components: ELB manages 

traffic with auto-scaling, CloudFront delivers cached 

content globally, and VPC ensures secure networking 

with private subnets. 3 

http://www.ijsrem.com/


          INTERNATIONAL JOURNAL OF SCIENTIFIC RESEARCH IN ENGINEERING AND MANAGEMENT (IJSREM) 

             VOLUME: 08 ISSUE: 03 | MARCH - 2024                                        SJIF RATING: 8.448                                    ISSN: 2582-3930                                                                                                                                               

 

© 2024, IJSREM      | www.ijsrem.com                                 DOI: 10.55041/IJSREM29601                                            |        Page 20 

Table 4 A comparison of recommendation algorithms: 

Content-Based, Collaborative Filtering, and Hybrid 

Models, highlighting their strengths and applications in 

Hostly. 5 

Table 5 Explains the purpose of each pipeline stage (Data 

Preprocessing, Feature Engineering, etc.) and the 

technologies used (Python, Scikit-learn, AWS). 6 

Table 6 This table outlines key recommendation system 

metrics for Hostly, including Precision (≥85%), Recall 

(≥80%), F1-Score (≥82%), and MRR (≥90%) to measure 

relevance and ranking effectiveness. 7 

Table 7 ETL process: Extract raw product data via APIs 

(Python Requests), clean/standardize metadata (Pandas, 

TensorFlow), and load into databases (Amazon 

DynamoDB, RDS) for storage and analysis. 9 

Table 8 Documents scenarios (e.g., API Downtime) and 

mitigation strategies (Retries, Caching), ensuring robust 

platform reliability. 10 

Table 9 This table outlines the payment process flow: user 

initiates a request, Stripe processes payment, detects 

fraud, settles the transaction, and updates both user and 

vendor via webhooks. 11 

Table 10 This table outlines key metrics for evaluating 

furnishing profitability, expense allocation, income 

projections, and booking optimization using various 

visualizations like line charts, pie charts, and scatter plots. 

12 

Table 11 This table outlines key components in a data 

processing pipeline: Data Collection using API Gateway 

and AWS Lambda, Processing with Amazon Redshift and 

RDS, and Visualization with AWS Quick Sight and 

Tableau. 13 

Table 12 This table outlines solutions to challenges in 

traffic surges, API inconsistencies, AI model adaptability, 

and payment security, using key AWS services, Stripe, 

and AI tools for enhanced performance and security. 14 

Table 13 The table highlights key market metrics, 

including a projected 11.1% CAGR from 2021-2030, a 

$170 billion market size by 2030, and Hostly's 

addressable market in property furnishing for short-term 

rentals. 15 

Table 14 Revenue streams from subscription fees (40%), 

affiliate commissions (35%), data analytics services 

(15%), and vendor partnerships (10%) provide financial 

support for Hostly's business model. 16 
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