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Chapter 1

Introduction

1.1 Background

The global real estate market shows positive growth trends despite various challenges. Real
estate market remains a key sector for people like homebuyers and investors, influenced
by complex characteristics with heterogeneous nature and affected by numerous elements
like policies and consumer trends. The market is projected to grow from $4,143.71 billion
in 2024 to $4,466.58 billion in 2025, and global real estate investment volumes continue to
increase in 2024[1].

Thailand’s real estate market faces both challenges and opportunities in the current
economic climate. The real estate market in Thailand, especially in Bangkok in 2024-2025,
faces challenges such as high household debt, strict credit conditions, and rising costs
causing market contraction, decreasing project launches by 43.72% in 2024[2]. However,
it also presents opportunities for recovery through foreign investment driven by tourism
recovery, government incentives, and technological advancements. Condominiums remain
attractive for rental yields and foreign buyers, while the housing market has moderate
growth supported by infrastructure development.

Crucially, these market opportunities can significantly undermined by Thailand’s real
estate information ecosystem, which suffers from several structural limitations, including
outdated listings, lack of official transaction data, and data fragmentation[3]. Addressing
these issues is essential for maximizing Thailand’s market potential and enabling effective
decision-making for both homebuyers and investors seeking to capitalize on the available
opportunities.

1.2 Problem Statement

Even with large amounts of real estate data available through various channels including
property listings, historical transaction records, and news, investors still face challenges
in aggregating, contextualizing, and deriving action from these sources. Additionally, the
Thai real estate market has different characteristics from other countries because of the
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limited availability of official property transaction records, listing duplication across plat-
forms, and less standardized data compared to more mature markets.

Current platforms in Thailand like DDProperty, Hipflat, and Baania lack many impor-
tant contextual factors such as climate risk assessments, neighborhood-specific news, and
local beliefs that influence property valuation and real estate investment in the long term.

While platforms like Zillow and House Canary have advanced and comprehensive real
estate analytics, predictive analytics, and user-friendly interfaces, they do not operate in
Thailand. Even if these advanced platforms were to enter the Thai market, they would face
challenges adapting their algorithms to the local context. Their models are calibrated to
markets with standardized property classifications, valuations that vary by developers, and
consistent transaction data—elements that are limited in Thailand’s real estate ecosystem.

The BorBann platform addresses these challenges and aims to help users by creating
a real estate data platform integrated with artificial intelligence, geospatial analytics, and
data aggregation by focusing on analytics rather than transaction facilitation.

1.3 Solution Overview

BorBann will function as real estate data platform to users, integrating multiple data
sources with advanced analytics. Below are the features and their details.

Customizable Automated Data Integration Pipeline

e Automated schema inference: Analyze website structures to identify and extract
key data elements

e Field mapping: Recognize equivalent fields across different sources (e.g., ”"price”
vs ”cost”)

e Integration framework: Seamless connection with data export systems

e Multi-source support: Process data from websites, APIs, and uploaded files

Retrain Model with Data from Pipeline

e Custom prediction model: Create custom prediction models by combining their
pipeline data with platform data sources

Local Contextual Analytics

e Environmental risk assessment: Evaluate flood risk, natural disaster vulnerabil-
ity, and air quality

e Facility proximity analysis: Calculate accessibility to schools, hospitals, transit,
and commercial centers
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e Neighborhood quality scoring: Generate composite metrics for area evaluation

Explainable Price Prediction Model

e Feature importance analysis: Quantify and rank factors influencing property
prices

e Adjustable characteristics modeling: Adjust property characteristics to visual-
ize price impacts

e Confidence intervals: Provide lower/upper price bounds for realistic expectations

e Factor categorization: Group influences by type (property features, location, mar-
ket trends)

e Natural language explanations: Generate readable summaries of price determi-
nants

e Visual breakdowns: Display contribution percentages and relationship graphs

Geospatial Visualization

e Heatmap generation: Create density visualizations for environmental factors, pric-
ing, and metrics

e Geospatial analytics: Calculate analytics for custom geographic areas
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1.4 Target User

User Type Description Needs
Real Estate Individuals focused on
Investors maximizing long-term :
. . . . e Investment analysis
investment, including foreign
investors e Supporting data for
decision making
Homebuyers First-time purchasers, residents
looking to relocate within
: ) e Property
Thailand, and expats seeking .
comparisons

housing
e Neighborhood
insights

e Pricing guidance

Table 1.1: Target Users and Their Needs

1.5 Benefit

The BorBann platform will provide numerous benefits to the Thai real estate market.
It improves market transparency by enhancing accessibility to market information. It
also helps both homebuyers and investors reduce research time, achieve lower transaction
risks, and discover overlooked investment opportunities. Additionally, the platform will
effectively represent the unique characteristics of the Thai real estate market.



CHAPTER 1. INTRODUCTION

1.6 Terminology

Term

Local Analytics

Price Prediction Model

Proximity Analysis

Geospatial
Visualization

Definition

Analysis focused on extremely specific geographic
areas, such as neighborhoods or even individual
streets, to provide highly relevant insights.

An algorithm or statistical model that forecasts
property values based on historical data, market
trends, and various property characteristics.

The study of spatial relationships between geographic
features, typically to evaluate the distance between
properties and amenities or services.

The graphical representation of data with a
geographic or spatial component, often through maps
and interactive displays.

Table 1.2: Terminology
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Literature Review and Related Work

This chapter presents a review of existing platforms in the domain of real estate analytics
and information systems. This review includes both international and Thai platforms,
their features, strengths, and limitations. The analysis establishes the current state of
real estate information platforms and identifies opportunities for the BorBann platform to
address unmet needs in the Thai market.

2.1 Competitor Analysis

Many real estate platforms primarily function as property listing aggregators rather than
comprehensive information systems. Their features support transaction facilitation through
showcasing available properties, while offering limited analytical tools for market under-
standing. However, platforms like House Canary represent exceptions, operating specifi-
cally as information systems that provide investors with data analytics and market insights
to support evidence-based decision-making in real estate investments.

Feature BorBann  DDProperty Hipflat House Zillow
(Proposed) Canary
Customizable Automated Yes No No No No

Data Integration Pipeline

Retrain Model with Data Yes No No No No
from Pipeline

Local Contextual Analytics Yes No No Yes (Not Yes (Not
optimized for optimized for
Thailand) Thailand)

Explainable Price Yes No No No No
Prediction Model

Geospatial Visualization Yes Yes Yes Yes Yes

Table 2.1: Feature Comparison: BorBann vs Other Platforms

Table demonstrates BorBann’s technical advantages in the real estate analytics
market. While all platforms offer geospatial visualization, BorBann’s implementation in-
cludes advanced analytics like climate assessment, matching international platforms but
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surpassing local Thai competitors. BorBann’s automated data integration pipeline col-
lects analytics-ready data automatically, unlike Thai platforms that rely on user inputs.
Also, user can use that data to create their custom models. For local contextual analytics,
BorBann provides Thailand-optimized insights including weather patterns and population
density, whereas DDProperty/Hipflat only show basic nearby facilities, and international
platforms lack Thailand-specific optimization. Most distinctively, BorBann’s price predic-
tion model prioritizes explainability and interpretability, revealing the reasoning behind
valuations rather than presenting opaque predictions like competing platforms.

Technical Aspect DDProperty Hipflat House Zillow BorBann
Canary (Proposed)
Data Sources User- User- Proprietary Multiple Open Data,
submitted, submitted, Sources, User-
Proprietary Proprietary Proprietary submitted
ML Basic None Black-box Black-box Explainable
Implementation Prediction Models Models Models

Table 2.2: Comprehensive Technical Comparison

Table highlights key technical differences between BorBann and competing plat-
forms. For data sources, while competitors rely heavily on government or user-submitted
data, BorBann uniquely leverages open data combined with APIs to build a more com-
prehensive dataset. Regarding machine learning, BorBann distinguishes itself by imple-
menting explainable models, providing transparency in its predictions. This contrasts with
DDProperty’s basic prediction capabilities, Hipflat’s complete lack of ML features, and the
black-box approaches of House Canary and Zillow where prediction logic remains hidden
from users.
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Requirement Analysis

3.1 Stakeholder Analysis

The stakeholder landscape for BorBann includes primary stakeholders who directly inter-
act with the platform and secondary stakeholders who indirectly influence its adoption
and effectiveness. Recognizing these groups’ specific needs helps develop a platform that

delivers value across the real estate ecosystem.

Stakeholder Stakeholder Key Interests Primary Requirements
Category Group
Primary Real Estate Environment risk Advanced analytics,
Investors assessment predictive modeling, risk
scoring
Primary Homebuyers Affordability, area quality, User-friendly interface,

lifestyle alignment,
environmental factors

Secondary Real Estate Market positioning, client
Agencies advisement, property
valuation

neighborhood insights,
price comparisons, risk
assessments

Property data, reliable
market insights

Table 3.1: BorBann Platform Stakeholder Summary

The primary stakeholders are direct users who rely on BorBann’s capabilities for in-
formed real estate decisions. Their requirements range from investment analytics to intu-
itive neighborhood quality assessments. Secondary stakeholders like real estate agencies
can influence platform adoption and serve as valuable data partners.

Primary Stakeholders

Primary stakeholders are those who directly use or are significantly affected by the Bor-
Bann platform. They rely on its capabilities to make informed decisions about real estate

investments, purchases, and market trends.
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Real Estate Investors

Real estate investors use BorBann to identify profitable investment, assess risks, and make
data-driven decisions.

Interests and Concerns:

e Maximizing return on investment
e Identifying growth areas
e Risk assessment

e Diversification across neighborhoods and property classes
Requirements:

e Advanced analytics tools that is customizable
e Predictive price modeling with easy to understand explaination

e Risk scores in each area based on multiple factors

Homebuyers

Homebuyers rely on BorBann to find properties that align with their budget, lifestyle, and
long-term needs. The platform helps them assess affordability, neighborhood quality, and
potential risks.

Interests and Concerns:

e Property affordability and financing options

Area quality

Location amenities and lifestyle alignment
e Environmental factors including flood and pollution risks
e Commute time to work, schools, and essential services

e School districts and educational quality
Requirements:

e Intuitive, user-friendly interface with minimal learning curve
e Comprehensive neighborhood insights including safety metrics

e Price comparison tools with historical context
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e Property quality and developer reputation metrics
e Detailed flood risk and environmental quality assessment
e Transit accessibility maps with time-based visualizations

e Education quality indicators and school zone mapping

Secondary Stakeholders

Secondary stakeholders are indirectly impacted by the BorBann platform, influencing its
adoption, data availability, and overall market reach.

Real Estate Agencies

Real estate agencies act as intermediaries between property buyers and sellers. They use
BorBann to improve their advisory services, gain a competitive edge, and provide market
insights to clients.

Interests and Concerns:
e Market positioning relative to competitors
e Client advisement based on reliable data

e Access to comprehensive property information

e Accurate property valuation to support transactions
Influence:

e Potential data partners and platform promoters
e Can significantly influence adoption rates among clients

e May provide valuable transaction data not available elsewhere

3.2 User Stories

User stories capture the essential needs and goals of the BorBann platform’s target users
from their perspective. These stories follow the standard format: ” As a [user type], I want
to [action/feature] so that [benefit/value].”
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Table 3.2: User Stories with Acceptance Criteria

User Story

Acceptance Criteria

Customizable Automated Data Integration Pipeline

As a non-technical user, I want to
input a website URL and have the
system automatically generate a
scraping configuration, so I can
collect data without coding skills

As a user, I want to paste multiple
URLs from the same website
pattern and have the system
recognize the common structure, so
I can efficiently collect data from
similar pages

As a user, I want to upload data
files (CSV, JSON) as alternative
data sources to integrate with my
scraped data

As a user, I want to customize the
output format and template via an
intuitive Ul

As a user, I want to schedule my
data pipeline to run automatically
at specified intervals

System provides visual confirmation of detected
data structure

Non-technical users can successfully create a
working pipeline in under 5 minutes

System identifies common patterns across
multiple URLs from the same website

A single configuration works for all provided
URLs from the same pattern

System accepts uploads of CSV and JSON files
up to 50MB

Automatic schema detection for uploaded files
with 90% accuracy

User can select from at least 4 output formats

(JSON, CSV, SQLite, YAML)

Ul provides visual preview of output format
before confirmation

Interface allows setting schedule frequency
(hourly, daily, weekly, monthly)

Timezone selection is available for scheduling

Continued on next page
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Table 3.2 — Continued from previous page

User Story Acceptance Criteria

As a user, I want a dashboard
showing all my data pipelines with

Dashboard displ 1l pipeli ith stat
their status and last run time ¢ ashiboard splays as pipeines will stabus

indicators

e Last run time and next scheduled run are
clearly shown

Local Contextual Analytics

As a user, I can see all contextual
data for specific areas to make

. .. e System displays at least 5 contextual data
informed decisions

points for any selected area

e Historical trends for environmental factors
available for at least 12 months

As a user, I want to see flood risk
assessments for properties with

historical flooding data e Flood risk presented on a 5-point scale with

historical context

e System shows flood history for the past 10
years when available

As a user, I want to see daily air

ql‘lahty‘ metﬁncs around a property e Air quality index displayed with daily updates

with historical trends
e Historical air quality data presented in trend

graphs

As a user, I want to see all schools
within a custom radius, including

. . e System displays all schools within user-defined
distance, ratings, and types

radius

e Each school listing includes distance, type, and
quality rating

Continued on next page
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Table 3.2 — Continued from previous page

User Story

Acceptance Criteria

As a user, I want to view healthcare
facilities near a property with
distance and service information

Healthcare facilities categorized by type
(hospital, clinic, etc.)

Distance and basic service information provided
for each facility

Explainable Price Prediction Model

As a user, I want to see how
specific contextual factors influence
the property’s predicted price

As a user, I want the model to be
interpretable so I can understand
factors affecting the price

As a user, I want a statement or
reason to back the prediction so I
can trust the system’s valuation

As a user, I want to see a predicted
price range for any property I select

As a user, I want to understand
how the model derives the result so
I can explain the valuation to
others

System displays top 5 factors influencing price
with percentage contribution

Visual indicators show positive/negative impact
of each factor

Plain language explanations accompany each
prediction

Interactive elements allow exploration of factor
relationships

Each prediction includes at least 3 specific
supporting statements

System indicates confidence level for each
prediction

System shows lower and upper bounds for
predicted price

System provides visual breakdown of prediction
process

Geospatial Visualization

Continued on next page
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Table 3.2 — Continued from previous page

User Story

Acceptance Criteria

As a user, I can see property
listings on the map and click them
to view detailed information

As a user, I can see sections of the
same property group to identify
properties from the same
development

As a user, I can see multiple map
visualization types to analyze
different environmental factors

As a user, I want to pan and zoom
on an interactive property map to
explore different areas efficiently

As a user, I want to set a custom
radius around a point on the map
to analyze the surrounding area

Property details popup appears within 1 second
of clicking a marker

Popup contains at least 5 key property
attributes

Properties from same development visually
grouped with distinct boundaries

Group name appears when hovering over
grouped properties

System offers at least 5 different visualization
overlays

Users can toggle between visualizations without
page reload

Map responds to standard pan/zoom gestures
within 100ms

Property markers adjust density based on zoom
level

User can place and adjust analysis radius on
any map location

Contextual analytics update in real-time as
radius is moved

Retrain Model with Data from Pipeline

Continued on next page
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Table 3.2 — Continued from previous page

User Story

Acceptance Criteria

As a non-technical user, I want to
select one of my existing data
pipelines as a source for model
training

As a user, I want to select from
recommended model types
appropriate for my data

As a user, I want to start the model
training process with a single click
after selecting my data sources

As a user, I want to see how

accurate my trained model is
compared to platform default
models

As a user, I want to activate my
newly trained model with a single
click to apply it across the platform

User can select any active pipeline as a data
source through a simple dropdown

System validates data compatibility before
starting training process

System suggests optimal model types based on
data characteristics

Each model type includes a simple explanation
of its strengths and use cases

Training begins with a single action after
configuration

System provides confirmation that training has
started

Performance metrics displayed with
comparative benchmark against standard
models

Visualizations show improvement or differences
in prediction accuracy

Model activation changes system behavior
immediately

Visual indicator shows which model is currently
active

Continued on next page
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Table 3.2 — Continued from previous page

User Story Acceptance Criteria

As a user, I want to see a list of all
models I've trained with
performance metrics and creation
dates

e Management interface displays all user models
with key metadata

e Models can be sorted and filtered by different
attributes

As a user, I want to receive clear
explanations if my pipeline data is

. . e System provides specific feedback about data
unsuitable for training

quality issues

e Suggestions for data improvements are provided
when problems are detected
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3.3 Use Case Diagram

The Use Case Diagram for the BorBann platform, shown in Figure 3.1 illustrates the pri-
mary interactions between the system and its three main user types: Real Estate Investors,
Homebuyers, and Property Developers. The diagram captures the core functionality of the
platform and how different users interact with its features.

BorBann Use Case Diagram

Analyze

View Proximity
R Property Data
Anal
né y5|s \\\

\ <<include>> k <<extend>>\ .
_— <<extend>> <<include>> ~
T  Geospatial Assess Explainable Price

Visualization Neighborhood Prediction

Real Estate Investor

includ Data Analytic Service
<<extend>> <<include>> <cextend>>

| e |

Set Custom View Factor Run What-If
Radius Influence Scenarios
P
//7/7//
P
Process _—

External Data —— External Data Service
Sources

4
<<include>>
|
Configure Data <—<<extend>>— ScheduleData |
Pipeline Updates

System Scheduler

Homebuyer

Figure 3.1: Use Case Diagram

Primary Actors
The use case diagram identifies five key actors interacting with the BorBann system:
e Real Estate Investor Seeks in-depth property analytics, market trends, and in-
vestment decision support.

e Homebuyer Interested in residential properties, lifestyle factors, and long-term
value.

e Data Analytic Service Provides analytic capabilities to support prediction and
data analysis features.

e External Data Service Supplies third-party data inputs via APIs and other inte-
grations.
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e System Scheduler Automates routine system tasks such as scheduled data refresh
operations.

Core Use Cases

The BorBann platform provides the following primary functionalities:

e Analyze Property Data Allows users to examine detailed property information,
metrics, and comparisons.

— Includes: Assess Neighborhood
— FEzxtended by: Explainable Price Prediction

e Geospatial Visualization Interactive map-based visualization of property and neigh-
borhood data.

— Extended by: Set Custom Radius, View Proximity Analysis

e Assess Neighborhood Evaluates contextual factors around properties (e.g., schools,
amenities).

— Includes: View Factor Influence
— FEzrtended by: Check Environmental Risks

¢ Explainable Price Prediction Al-generated pricing insights with interpretable
influencing factors.

— Includes: View Factor Influence

e Configure Data Pipeline Enables setup of automated ingestion of external data
from APIs and sources.

— Includes: Process External Data Sources
— FEaxtended by: Schedule Data Updates

Extended Functionality

The following optional use cases extend the platform’s functionality:

e View Proximity Analysis Triggered when users want detailed proximity-based
data (e.g., nearby schools, transport).

e Set Custom Radius Adds user-defined range settings for map-based filtering and
analysis.

e Schedule Data Updates Automates periodic refreshes of data pipelines using sys-
tem scheduler logic.

e Check Environmental Risks Enables users to access data on environmental threats
(e.g., flood zones, pollution).
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Actor-System Interactions

Each actor interacts with the system in distinct ways, as shown in the diagram:

Real Estate Investor

— Initiates Analyze Property Data, Geospatial Visualization, and Configure Data
Pipeline

— Benefits from extended insights like Set Custom Radius, View Proximity Anal-
ysis, and Fxplainable Price Prediction

Homebuyer

— Accesses Analyze Property Data, Geospatial Visualization, Assess Neighborhood,
and Fxplainable Price Prediction

— Makes use of neighborhood-specific features like View Factor Influence and
Check Environmental Risks

Data Analytic Service
— Collaborates with the system to enable Explainable Price Prediction

External Data Service

— Supports Process FExternal Data Sources as part of the data ingestion workflow

System Scheduler

— Triggers Schedule Data Updates as an automated background process

Use Case Relationships

e <<include>> Represents mandatory sub-functions:

— View Factor Influence is included in both Assess Neighborhood and Fzxplainable
Price Prediction

— Process External Data Sources is included in Configure Data Pipeline
o <<extend>> Represents optional or conditional behavior:

— Set Custom Radius and View Prozimity Analysis extend Geospatial Visualiza-
tion

— Check Environmental Risks extends Assess Neighborhood

— Schedule Data Updates extends Configure Data Pipeline

3.4 Use Case Model

The Use Case Model details the interactions depicted in the Use Case Diagram, describing
each use case within BorBann’s core features.
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Use Case Name

View Property Insights

Actors Real Estate Investor, Homebuyer, Property Developer

Description Provides users with comprehensive analytics and contex-
tual information about specific properties

Preconditions User has selected a property from search results

Basic Flow

1. User selects a property for detailed viewing

2. System retrieves comprehensive property data
3. System presents property details with analytics
4. System displays neighborhood characteristics
5. System shows historical performance metrics

6. User reviews information

Alternative Flows

e User can extend to save the property as a favorite
e User can extend to view explainable price predictions

e User can request additional specific analytics

Postconditions

User gains comprehensive insights about the property

Associated Feature

Local Contextual Analytics - providing trend analysis and
neighborhood-specific insights

Table 3.3: View Property Insights Use Case
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Use Case Name

Explainable Price Prediction

Actors Real Estate Investor, Homebuyer

Description Provides transparent, interpretable price predictions with
detailed explanations of contributing factors

Preconditions User is viewing property insights

Basic Flow

1. User requests price prediction for a property
2. System calculates predicted price using its models

3. System generates explanation of factors influencing
the prediction

4. System presents prediction with confidence interval
5. System displays factor weights and their impact

6. User reviews prediction and explanation

Alternative Flows

e User can adjust factors to see impact on prediction
e User can compare prediction with market averages

e User can save prediction for future reference

Postconditions

User understands the predicted price and the reasoning be-
hind it

Associated Feature

Explainable Price Prediction Model - providing transparent
explanations for price predictions

Table 3.4: Explainable Price Prediction Use Case
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3.5 User Interface Design

Sitemap
Home Page
Main navigation Pipeline Page Maps Page Proper;:;eLlstlng Prgéiigag‘:g:ge
Subpages Pipeline Creation L, Local Context Analytic Detailed Market Comparison
Page Analytic Component Page Component
Pipeline Detailed _ Description Feature Analysis
Page —! Filters Component Component Component
L. Property Features Envionementa Factor
Chatbot Component Component Component
Main Navigaton Page Main navigaton accessible from home page
Subpages Subpages accessible from main page “—=| Analytic Component =/  Final Prediction

In page component Components that are accessible from subpages and not route to new URLs
Figure 3.2: Sitemap - Platform Structure Overview

Figure shows the structure of the BorBann platform. The Home Page acts as the
central access point leading to four main sections: Pipeline, Maps, Properties Listing, and
Explainable Prediction pages.

Each main section connects to specific subpages. The Pipeline section includes Cre-
ation and Detailed pages. The Maps section features Local Context Analytics, Filters,
and Chatbot components. The Properties section provides Analytic Detailed pages with
Description, Property Features, and Analytics components. The Explainable Prediction
section offers Market Comparison, Feature Analysis, Environmental Factor analysis, and
Final Prediction components.

This structure organizes the platform’s key functions in a logical flow, making it easy
for users to navigate between data management, visualization, and prediction features.
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Property Analytics Simplified

BorBann helps you make data-driven real estate decisions with Al-powered
analytics, geospatial visualization, and market insights.

B Browse Properties

Powerful Analytics Tools

® il 8

Price Prediction

Al-powered price predictions with explainable feature

Geospatial Visualization

Interactive maps with property data, environmental

Data Pipeline

Automated data collection and processing for real

factors, and local insights.

Visualize property data on interactive maps
with layers for flood risk, air quality, and more.
Filter by radius and property attributes.

analysis.

Understand how different factors impact
property values with our transparent Al model.
See the impact of location, size, age, and

estate insights.

Set up automated data collection from
multiple sources. Our Al assistant helps clean,
normalize, and analyze property data without

environmental factors. technical expertise.

Explore Maps >

View Predictions > Manage Pipelines >

Figure 3.3: BorBann Platform Homepage

Figure shows the BorBann platform homepage, which provides an intuitive entry
point to the system. The page presents the core value proposition with ”Property Analyt-
ics Simplified” and briefly explains how BorBann helps users make data-driven real estate
decisions through analytics, geospatial visualization, and market insights. Two primary
action buttons - ” Explore Map” and ”Browse Properties” - enable quick access to key func-
tionality. The lower section showcases three main analytics tools: Geospatial Visualization
for interactive property mapping, Price Prediction with explainable Al features, and Data
Pipeline for automated data collection and processing.
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o BorBann

0 Maps
[ B Data Pipeline

@ Documentation (ED

GG_WPX

garfield wpx@gmail.com

& Users v

Home > Data Pipeline > Data Pipelines

Data Pipelines

Manage your automated data collection pipelines

Active Pipelines ~ Paused  All Pipelines

Property Listings [ acive ]
Scrapes real estate listings from multiple websites

© Last run: 2 hours ago

& Next run: Tomorrow at 9:00 AM

B Sources:3 + Records: 1240

View Details © 0 o

Rental Market Data

Collects rental prices and availability
© Last run: Yesterday

£ Nextrun:In3 days

© Ssources:2 + Records: 830

View Details

© n o

24

+ Create Pipeline

Price Comparison [ cror J
Tracks property price changes over time

© Last run: 2 days ago

£ Next run: Scheduled retry in 12 hours

B sources: 4 « Records: 1560

£\ Connection timeout on 1 source

Q

View Details © D>

Figure 3.4: Data Pipeline Management Interface

Figure showcases the Data Pipeline management dashboard, providing users with
comprehensive control over their automated data collection processes. The interface fea-
tures intuitive navigation with filtering options for Active, Paused, and All Pipelines,

enabling efficient workflow management.

Each pipeline card presents essential operational metrics including last run timestamp,
next scheduled execution, number of data sources, and total records processed. This at-a-
glance view allows users to quickly assess data freshness and monitor collection performance
across multiple pipelines.

© sorBann

1 Maps
[ B Data Pipeline

B Dpocumentation (D

GG_WPX

garfieldwpx@gmailcom

A Users v

Home > Data Pipeline > Property Listings > Property Listings Pipeline

Property Listings Pipeline

& Backto Pipelines

Pipeline Status

status: [ active
Last Run 2 hours ago
Next Run: Tomorrow at 9:00 AM
Run Frequency: Daily
Total Records: 1,240

Dataschema  Data Preview  Output Configuration

Data Schema & Field Management

Customize fields detected from your data sources

Detected Fields
i Auto-detected

Data Sources

example-realty.com
Last updated: 2 hours ago
540 records

property-listings.com
Last updated: 2 hours ago
420 records

real-estate-api.com
Last updated: 2 hours ago
280 records

RunHistory ~ Settings

Figure 3.5: Data Integration Pipeline

© Clone @ Edit

D> Run Now n

Export Options

& Exportas JSON ~

Pretty print

Download JSON

& Exportas CSV v
& Exportas SQlite v
& Exportas YAML v

Refresh Detection

sting v

Detail - Overview
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Figure |3.5]illustrates the pipeline detail view, highlighting key operational components
including current status indicators, connected data sources, and available export formats.
This overview provides users with immediate visibility into pipeline configuration and
functionality.

Customize fields detected from your data sources

o BorBann
Detected Fields Refresh Detection
0 Maps
© Dbata Pipeline Proper e oo, sting v
roperty tile or name
B pocumentation (ED
price Number v
roperty price
toctn s
roperty location
Number of bedrooms
Auto-detected
Bathrooms (D Number v
Number of bathrooms
[ Add custom field 4
Derived Fields
Create calculated fields
Use formulas to generate new fields from existing data
Price Per Square Foot Derived
Formula: price / squareFeet
+ Add Derived Field
GG_WPX
garfieldwpx@gmailcor
g pr@gmaleom [T TS save Field Configuration
R Users v

Figure 3.6: Data Integration Pipeline Detail - Field Management

Figure displays the field management section of the pipeline detail page. This
interface empowers users to customize their data structure by managing output fields and
creating derived fields through a visual formula builder. Users can transform raw data into
meaningful metrics without writing code.

Data Schema  Data Preview  Output Configuration  RunHistory — Settings

Data Preview

sample of the collected data

D Title Price Bedrooms Bathrooms Location Sq. Ft.
POO1 Modern Apartment $350,000 2 2 Downtown 1,200
POD2 Luxury Villa $1,250,000 5 4 Suburbs 3,600
PO03 Cozy Studio $180,000 1 1 City Center 650

Figure 3.7: Data Integration Pipeline Detail - Output Data Preview

Figure presents the data preview tab, where users can examine sample records
generated by their pipeline. This real-time preview functionality allows users to validate
data quality and structure before export or analysis.
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Data Schema  Data Preview  Output Configuration  Run History  Settings

Output Configuration

Configure how your data will be structured and exported

Qutput Format

JSON ~ csv
Structured data format Spreadsheet compatible
SQlite YAML
Portable database Human-readable format
Format Preview Sample Data

{

“"properties”: [

"location™: "Downtown™

"id": “Pee2",

"title": "Luxury Villa",
"price": 1250000,
"bedrooms™: 5,
"location™: "Suburbs"

Figure 3.8: Data Integration Pipeline Detail - Export Configuration

Figure shows the export configuration interface, where users can precisely define
output schemas for their data exports. This tab enables users to select specific fields,
customize formatting, and choose from multiple export formats to meet their downstream
requirements.

Data Schema  Data Preview — Output Configuration  Run History  Settings

Run History

History of pipeline executions

Run ID Date Status Duration Records Actions

RUN-123 Today, 10:30 AM 2m 15s 1240 View Log
RUN-122 Yesterday, 10:30 AM 2m10s 1235 View Log
RUN-121 2 days ago, 10:30 AM 2m 05s 1228 View Log

Figure 3.9: Data Integration Pipeline Detail - Run History

Figure displays the run history tab, providing a chronological log of pipeline ex-
ecutions. This audit trail includes execution timestamps, duration metrics, and status
indicators, enabling users to monitor performance trends and troubleshoot any execution
issues.
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Data Schema  Data Preview  Output Configuration  RunHistory  Settings

Pipeline Settings

Configure pipeline behavior

Scheduling

Run Frequency Run Time
Daily v 09:00 AM

Data Collection

Maximum Records Retry Attempts
2000 3
Notifications

Notify when pipeline completes
Notify on errors

Save Settings

Figure 3.10: Data Integration Pipeline Detail - Pipeline Settings

Figure [3.10] illustrates the pipeline settings tab, where users can configure automa-
tion parameters including execution schedules, notification preferences, and retry policies.
These controls allow users to establish reliable data collection routines that align with their
operational requirements.

° BorBann Home > Data Pipeline > Create > Create Data Pipeline

Create Data Pipeline

Maps
1 Map Set up a new automated data collection pipeline

[ B Data Pipeline

B pocumentation (ED

& Backto Pipelines

Pipeline Details Data Sources

Basic information about your data pipeline Add one or more data sources to your pipeline

Pipeline Name

@ Website Source #1 ~
eg, Property Listings Pipeline
Website URL
Description https://example.com/listings
Describe what this pipeline collects and how it will be used . !
Additional URLs (optional) Pattern Detection
https://example.com/listings/page2 https:/ /example.com/listings/page3

Tags (optional) i
Add multiple URLs from the same website (one pe L

e.g. real-estate, properties, listings
@ Remove Source

Separate tags with commas

File Upload Source #1 v
@& AlAssistant
Customize how Al processes your data
£ APISource #1 v
Additional Instructions for Al
GG_WPX
garfieldwpx@gma.com £.g. Focus on extracting pricing trends, ignore promotional content,priritize + Add Website Source
property features.
A Users v + Add File Upload Source

Y

Figure 3.11: Data Integration Pipeline - Creation Interface

Figure shows the pipeline creation interface where users input website URLs for
automated data extraction. The form enables non-technical users to configure scraping
operations without coding knowledge.

Figure displays automation settings for pipeline execution with scheduling options
and Al-assisted extraction configuration. Users can set run frequency and notification
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o BorBann

0 Maps
[ B Data Pipeline

@ Documentation (ED

GG_WPX

garfield wpx@gmail.com

& Users v

separate tags with commas

& Al Assistant

Customize how Al processes your data

Additional Instructions for Al

Eg, Focus on extracting pricing trends, ignore promotional content, prioritize

property features

Provide specific instructions to guide the Al

Auto-detect common fields
A tically id

1 processing your data sources

28

@ Remove Source

File Upload Source #1

E APISource #1

+ Add Website Source
+ Add File Upload Source

+ Add API Source

Schedule & Automation

ol No

Run Frequency
Manual (Run on demand)
Timezone
utc
Collection Limits
Limit total records
g, 1000

Stop when no new records found

Configure when and how your pipeline should run

Notifications
Notify when pipeline completes
Notify on errors

Email for notifications
Retry Settings
Retry Attempts 3

Delay Between Retries
(minutes)

save as Draft Create Pipeline

Figure 3.12: Data Integration Pipeline - Advanced Configuration and Scheduling

preferences to maintain automated data collection.

© sorBann

1 Maps
B Data Pipeline
& Models

B Dpocumentation (D

GG_WPX

garfieldwpx@gmailcom

R Users v

Home > Models > Model Management

Model Management

Train, manage, and deploy machine learning models for property analysis

My Models ~ System Models  Train New Model

Standard ML Model v2.4
Regression Model
5 Data source:

SystemBase Model (D

11} Hyperparameters:

tors:

@ Last updated: 3 days ago

View Details

Time Series Forecast v2.0
Time Series Model

£ Data Source:

SystemBase Model ()

111 Hyperparameters:

© Last updated: 1 month ago

View Details

Figure 3.13: Model Management Dashboard

001

100

Enhanced Neural Network v1.8 [ active ]
Neural Network Model
& Data Source:

systomBasoModel

Geospatial Regression v3.1 a
Geospatial Model
5 Data source:

System Base Model (O

111 Hyperparameters: 11 Hyperparameters:
or: 4 eight 07
s 128643216 gaussian
dropout 02 ban adaptive
@© Last updated: 1 week ago © Last updated: 2 weeks ago
View Details e > View Details 8 >

Figure|3.13|presents the model management dashboard where users can view and control
prediction models. The interface displays performance metrics and allows single-click model

activation.

Figure shows the model creation interface for configuring new prediction mod-
els. Users can select data pipelines as training sources and choose from recommended
algorithms with explanations of their strengths.
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o BorBann

0 Maps
B Data Pipeline
& Models

B Documentation (E]

GG_WPX
garieldwpx@gmail.com

& Users v

o BorBann

[ 0 Maps
B Data Pipeline

B Dpocumentation (ED

GG_WPX
garfieldwpx@gmailcom

2, Users

Figure

Home > Models > Model Management

Model Management

Train, manage, and deploy machine learning models for property analysis

My Models ~ System Models  Train New Model

Select Data Source
Choose a data pipeline to train your model

Training Configuration

Configure your new model

Model Name
g Property Listings

.., My Custom Model v1.0 1240 records « Updated 2 hours ago

Description (Optional)
g Rental Market Data

Describe the purpose of this model, 830 records + Updated Yesterday

g Price Comparison
Model Type 1560 records + Updated 2 days ago

Regression (Default)

g Commercial Properties

Advanced Settings 450 records - Updated 1 week ago
Automatic Feature Selection

Let Al select the most relevant features

Hyperparameter Tuning

Optimize mode! parameters autornatically Training Process
Cross-Validation Monitor and control the training process
Use k-fold cross-validation

Ready to Train

29

Configure your settings and start training

£ Please select a data pipeline first

Figure 3.14: Model Creation Interface
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Figure 3.15: Geospatial Visualization -
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- S
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Main Map Interface

displays the interactive property map with color-coded markers and navi-

gation controls. The interface supports pan/zoom gestures and provides filtering options

through the sidebar.
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il Analytics X

Information in radius will be analyzed

|~ Area Price History

10,000,000 Baht

Owverall Price History of this area

l~» Price Prediction

15,000,000 Baht

The estimated price based on various factors.

&Y =>
Flood Factor Air Factor
Local News

New BTS Extension Planned

The BTS Skytrain will be extended to cover more areas
in Sukhurmwit by 2025.

® 2 days ago

Figure 3.16: Map Analytics Overlay
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Property Details X

Modern Condominium

@ Sukhumvit, Bangkok
£ 3Beds f52Baths (@ 150 m?

B15,000,000
Environmental Factors

o 2o
Flood Risk Air Quality MNoise

un

Nearby Facilities

BTS Phrom Phong 300m
EmQuartier Mall 500m
Benchasiri Park 700m

View Details Price Analysis

Figure 3.17: Property Detail Overlay

Figure3.16|shows environmental factor visualization through heat maps and data layers.
This overlay helps users analyze contextual factors like pollution levels directly on the map.

Figure[3.17 displays the popup that appears when users click map markers. This overlay
provides immediate property information without requiring navigation away from the map.
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Y Property Filters X
Basic Advanced
Y Property Filters X / Price Range
/ 15,000,000 £20,000,000

Basic Advanced {

Environmental Factors

Area Radius Low Flood Risk

e

o——) 30 km . .
Good Air Quality
Time Period Low Noise Pollution
All Time ¥ Facilities Nearby
[] BTS/MRT station ["] schools
Property Type — —
|| Hospitals || Shopping Malls

Any Type v

Figure 3.19: Advanced Property Filter
Figure 3.18: Property Filter Panel Options

Figure [3.1§ shows basic property filtering controls for price range, type and size param-
eters. The panel uses sliders and checkboxes for intuitive refinement of map results.

Figure displays extended filtering options for specific amenities and neighborhood
characteristics. These advanced parameters enable precise property matching based on
detailed criteria.

(O Chat Assistant X

Hit How can | help you today?

Tell me something

| can provide information about
properties in this area. Would
you like to know about flood
risks, air quality, or nearby
amenities?

e

Type your message... 5

Figure 3.20: Interactive Chatbot Assistant



CHAPTER 3. REQUIREMENT ANALYSIS

Figure shows the conversational assistant for property search and analysis.

chatbot handles natural language queries about properties and market conditions.

° BorBann

Map > Price Prediction Model

Explainable Price Prediction Model

0 Maps
B Data Pipeline
@ Property Details i Feature Analysis

& Models

@ Dpocumentation (D .
Property Details
123 Sukhumvit Road, Bangkok
Type Condominium
size 150 sqm
Bedrooms 3
Bathrooms 2
Age 5years
Floor 15
Adjust Parameters
See how changes affect the prediction
Property Size 150 sqm
—)
Property Age 5years

GG_WPX
gareldwpx@gmailcom

Adjusted Price B15,000,000

& Users M
+0 THB from original prediction

Understand how our Al model predicts property prices and what factors influence the valuation.

L Market Comparison

Property Overview

Basic information used in our prediction model

I Standard ML Model v2.4 v £ Refresh

 standard ML Model v2.4

= Environmental Fi - gnhanced Neural Network vig  diction
Geospatial Regression v3.1
Time Series Forecast v2.0
Custom Model (User #1242)

Manage Models.

our Al model begins by analyzing the core attributes of your property. These fundamental characteristics

form the baseline for our prediction.

@ Property Type

Condominium properties in this area have

specific market dynamics

[ Property Age
Built 5 years ago, affecting depreciation
calculations

i size &Layout
150 sqm with 3 bedrooms and 2 bathrooms

© Floor & View
Located on floor 15, impacting value and

desirability
Nextstep >

Figure 3.21: Explainable Price Prediction - Property Overview
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The

Figure displays the initial analysis of property attributes in the prediction model.
The interface includes interactive parameter sliders that show how changes to property

characteristics affect the predicted price.

© sorBann

0 Maps

Map > Price Prediction Model

Explainable Price Prediction Model

B Data Pipeline

B Dpocumentation (D

@ Property Details

Property Details
123 Sukhumvit Road, Bangkok
Type Condominium
Size 150 sgm
Bedrooms 3
Bathrooms 2
Age 5years
Floor 15
Adjust Parameters
See how changes affect the prediction
Property Size 150 sgm
——)
Property Age 5years
—)
GG_WPX

Adjusted Price B15,000,000

2 users v

+0 THB from original prediction

i Feature Analysis

Understand how our Al model predicts property prices and what factors influence the valuation.

L= Market Comparison

Feature Analysis

How different features impact the predicted price

2 Environmental Factors > Final Prediction

our model analyzes various features of your property and determines how each one contributes to the
final price prediction. Below is a breakdown of the most important factors.

Location
size

Age
Amenities
Floor

Air Quality

@ Key Insights

+35%

+25%

-15%

+10%

+8%

« Location is the strongest factor, contributing +35% to the price

« The property’s size (150 sqm) positively impacts the valuation
« The age of the property (5 years) has a moderate negative impact (~15%)

« Poor air quality in the area reduces the value by 7%

« High floor (15) adds a premium of 8% to the property value

NextStep -

Figure 3.22: Explainable Price Prediction - Feature Importance Visualization

Figure [3.22] shows the contribution of different property features to the predicted price.
The visualization uses color-coded bars to differentiate positive and negative factors with

percentage impact values.
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o BorBann Map > Price Prediction Model
Explainable Price Prediction Model
0 Maps Understand how our Al model predicts property prices and what factors influence the valuation.
E Dpata Pipeline
@ Property Details Wi Feature Analysis | Market Comparison 2 Environmental Factors 2 Final Prediction
@ Documentation (ED
Property Details Market Comparison
123 Sukhumvit Road, Bangkok How your property compares to similar properties in the area
Type Condominium our model analyzes comparable properties in the same area to provide context for your property's
valuation. This helps ensure the prediction is aligned with current market conditions.
Size 150 sgm
Bedrooms 3 Property size Bedrooms Age Floor Price Price/sqm
Bathrooms 2 Your Property 150 sqm 3 5 years 15 815,000,000 100,000
Age 5 years Comp #1 145 sgm 3 4 years 12 814,500,000 100,000
Comp #2 160 sgm 3 6 years 8 815,800,000 98,750
Floor 15 il 3 ¥
Comp #3 140 sgm 2 3years 0 813,800,000 898,571
Comp #4 155 sgm 3 7 years 14 814,700,000 94,839
Adjust Parameters

See how changes affect the prediiction © Market Analysis

+ Your property's predicted price is in line with comparable properties

Property size 150 sqm N

« The price per square meter (810,000 htly above the area average
—) « Properties on higher floors command a 3-5% premium in this building

« Recent sales in this area show a stable market with slight appreciation
Property Age 5years

—)

GG_WPX NextStep
garieldwpx@gmail.com

Adjusted Price B15,000,000

& Users v
£0 THB from original prediiction

Figure 3.23: Explainable Price Prediction - Comparative Market Analysis

Figure presents a comparison of the subject property against similar properties in
the area. The table highlights key attributes and pricing metrics with supporting analysis
of market positioning.

o BorBann Map > Price Prediction Model
Explainable Price Prediction Model
00 Maps Understand how our Al model predicts property prices and what factors influence the valuation
£ Dpata Pipeline
@ Property Details i Feature Analysis | Market Comparison 2 Environmental Factors > Final Prediction
B Dpocumentation (E
Property Details Environmental Factors
123 Sukhumvit Road, Bangkok How environmental conditions affect the property value
Type Condominium Environmental factors can significantly impact property values. Our model considers various
environmental conditions to provide a more accurate prediction.
size 150 sgqm
Bedrooms 3
(D) =
Bathrooms 2 Flood Risk Air Quality Noise Level
Age 5 years D o
Jistorical data shows moderats flood Air quaiity s orage, affecting e area has relatvely low noise
Floor 15 tiskin this orea property value pollution
Proximity to Amenities
Adjust Parameters
See how changes affect the prediction & Public Transport & Schools
300m 12km
Property Size 150 sqm
@ Shopping [ Hospitals
500m 25km
Property Age 5years
GG_WPX
garfieldwpx@gmail.com @ Environmental Impact Analysis
Adjusted Price B15,000,000 « The moderate flood risk reduces the property value by approximately 3%
2 users v

£0 THB from origi « Poor air quality has a negative impact of about 7% on the valuation

« Fxcallant oroximity to public transoort adds a 4% remium

Figure 3.24: Explainable Price Prediction - Environmental Impact Analysis

Figure analyzes environmental conditions and nearby amenities affecting property
value. The interface displays flood risk, air quality, and proximity to key facilities with
quantified impact on valuation.
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o BorBann Map > Price Prediction Model
Explainable Price Prediction Model
0 Maps Understand how our Al model predicts property prices and what factors influence the valuation.
B Data Pipeline
@ Property Details Wi Feature Analysis |~ Market Comparison = Environmental Factors = Final Prediction
@ Dpocumentation CED
Property Details Final Prediction
123 Sukhumvit Road, Bangkok The predicted price and confidence level
Type Condominium
Predicted Price
size 150 sqm
- . B15,000,000
Confidence Level: 92%
Bathrooms 2
Age 5 years
Floor 15 @ PriceRange
Based on our model's confidence level, the price could range between:
Lower Bound Prediction Upper Bound
. 814,250,000 815,000,000 BI5,750,000
Adjust Parameters
See how changes affect the prediction
Property Size 150 sqm Summary of Factors
—) The final prediction is based on a combination of all factors analyzed in previous steps:
[ istics (si )
property Age Syears @ Property characteristics (size, age, layout)
o @ tocation and neighborhood analysis
GG_WPX @ Market trends and comparable properties
garfieldwpx@gmailcom °
Environmental factors and amenities
Adjusted Price B15,000,000

& Users v

Figure 3.25: Explainable Price Prediction - Final Valuation with Confidence Range

Figure [3.25] shows the final price prediction with confidence metrics and range indi-
cators. The summary section explains how the valuation synthesizes insights from all
analytical components.

o b Home > Properties > Property Listings %

Property Listings

I Maps Browse and filter available properties

B Data Pipeline

. Q search properties. Recommended v © Map View
B Documentation CED Filters Reset All

Price Range Showing 186 properties Grid st
85000000 820,000,000
Property Type

Any Type v
Bedrooms

any I 2 3 a4
Bathrooms

e ) 2 3 an Modern Condominium Luxury Villa with Pool City Center Apartment

© Sukhumvit, Bangkok © Phuket Beach, Phuket © silom, Bangkok

Area (sqm) B3 &2 @150m 84 53 @320m B2 51 @8sm

Min Max
Location

Bangkok v

Apply Filters

GG_WPX
garieldwpx@gmail.com

Riverside Townhouse Mountain View Villa Beachfront Condo
A Users v © Chao Phraya, Bangkok @ Doi Suthep, Chiang Mai © Jomtien, Pattaya
M2 e Amne M2 £9 @980 e Ak

Figure 3.26: Property Listings Page

Figure [3.26] display property listings page with all listing that follow the filter tab the
right.
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@ Sukhumvit Soi 24, Bangkok

2 Floor 15 2018
/| 3 2 150 m
Bedrooms Bathrooms % Area of 32 E] Year Built
Description Features Location Analytics
i Price Prediction |~ Market Trends
Bl 5,000,000 Area Price Trend Rising
. . ) Prices in this area have increased by 5.2% in the last
The estimated price based on various factors year
@ View Detailed Analysis Average Price in Area 814,500,000
Price per sgm B100,000
| Price History
2018 2020 2022 2024
B12.0M B13.5M B14.8M BI5.0M
@ Last updated: 2 days ago
E Data Reports
& Property Analysis Report & Market Comparison Data
&, Environmental Assessment &, Historical Price Data

Figure 3.27: Property Listings Page - Analytic Tab

Figure [3.27] shows the analytic tab that show local context analytic of that specific
listing.
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Software Architecture Design

4.1 Sequence Diagram

User ul Scrapy Engine Schema Inference  Data Processing

Input URL(s) & Configuration

Send URL(s) for Scraping

Extract Raw Data & Send for Schema Detection

Show Preview & Field Suggestions

Confirm Schema & Field Mappings

Pass Schema & Mapped Data

User Ul Scrapy Engine Schema Inference  Data Processing

Figure 4.1: Sequence Diagram of Customizable Automated Data Integration Pipeline

The sequence diagram show the flow of interactions between key components of the
customizable automated data integration pipeline. The process begins with the User,
who inputs URLs and configuration details via the UIL. The UI sends the provided URLs
to the Scrapy Engine for scraping.

Once the data is extracted, the Scrapy Engine forwards the raw data to the Schema
Inference module for automatic schema detection. The Schema Inference module an-
alyzes the data and returns a preview, along with field mapping suggestions, to the UI.
The User then reviews the suggested schema and field mappings in the UL

Upon confirmation by the User, the Ul passes the finalized schema and mapped data
to the Data Processing pipeline, where further processing and integration of the collected
data occur.

36
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4.2 Al Component

The BorBann platform has AI components that enhance its analytical capabilities and user
experience. These components work together to provide build a real estate data platform
adapt to the Thai market context. Each component integrate with each other to form a
comprehensive analytics system:

e The Data Integration Pipeline feeds data to the Local Contextual Analytics system

e Local Contextual Analytics provides features to the Explainable Price Prediction

Model
e The Retraining Model uses data from the pipeline to create customized predictions

e All components share a common data model that enables smooth information flow

Explainable Price Prediction Model

The price prediction model delivers property price predictions with clear explanations of
contributing factors.

Model Architecture

Explainable Price Prediction Model

Multimodal Graph

Aggregate based on Attention Network

Tagging System

\ Explainable Through
Local Context Data \ / ' « Attention
@ > Mechanisms
« Counterfactual
« Posthoc Method
Aggregator Price Prediction « Self-intepretable
@ DDproperty Data Model model
A .
Baania Spatial-Temporal
Model (ST-RAP)
@ hipflat

Transaction Data

/

Price Prediction
Model

Figure 4.2: Explainable Price Prediction Data Flow

Figure illustrates the architecture of the Explainable Price Prediction Model. The
diagram shows how data flows from multiple sources (Baania, DDproperty, hipflat) and
local context data into an Aggregator component that organizes information based on
a tagging system. The aggregated data then feeds into two distinct prediction models:
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a Multimodal Graph Attention Network and a Spatial-Temporal Model (ST-RAP). The
explainability features are highlighted on the right, showing how the model provides trans-
parency through attention mechanisms, counterfactual analysis, post-hoc methods, and
self-interpretable modeling approaches.

e Dual Modeling Approach:

— Tree-based Model: With tree-based gradient boosting models (XGBoost[4]).

— Multimodal Graph Attention Network: With Multimodal Graph Attention Network[5]
that is multi-modal model which can handle large graph.

— Spatial-Temporal Model: Using ST-RAP[0] for facilities-property graph input
and time series of real estate pricing data

Explainability Framework

e In-model Attention: With attention mechanism, we can look into weighted con-
tributions of nodes, edges, or modalities

e Post-hoc Explanation Module: Uses KernelSHAP[7] (Algorithm to approximate
SHapley Additive exPlanations) value calculation for feature attribution.

e Self-Interpretable Components: Extracts rules from complex models and imple-
ments decision tree surrogate models that approximate complex model behavior

User Interface Components

e Interactive Visualizations: Feature importance charts, and price trend projections
with confidence intervals

e Explanation Generation: Natural language generation of price explanations and
highlighting of key value drivers

Local Contextual Analytics

This component analyzes environmental conditions and proximity factors to evaluate prop-
erty context and risk:

Model Architecture

Figure depicts the Local Contextual Analytics system. The diagram shows various
data sources including GISTDA, Bangkok Metropolitan Administration, news outlets, and
property listing platforms (Baania, hipflat) feeding into an Aggregator Service. This ser-
vice collects different types of data through web scraping, API fetching, and dataset down-
loads. The collected data undergoes preprocessing with outlier detection, value imputation,
and feature engineering before being stored in specialized databases (Vector, Time-Series,
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Figure 4.3: Local Contextual Analytic Data Flow

Graph). The Model Module and Analytic Module process this information to provide
geospatial analysis and local contextual insights that ultimately feed into the Price Pre-
diction Module.

e Graph Database: Stores heterogeneous data in Neo4J or other knowledge graph
database

e Vector Database: Stores embedding from preprocessing unit within PostGreSQL
with pgvector that will provide vector database capabilities

e Timeseries Database: Stores time-series data withtin Timescale
¢ Relational Database: Stores relational data in PostgreSQL

e NoSQL Database: Stores unstructured data within MongoDB

e Model Module:

— Heterogeneous Graph Construction using k-NN or GCN
— GCN models for spatial relationships

— NLP models for news analysis

e Price Prediction Module: Integrated model consuming all processed features
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Analytics Capabilities

e Climate and Environmental Analysis: Evaluates climate risk, pollution levels,
and disaster assessment

e Proximity Analysis: Evaluates nearby locations and facilities, analyzing relation-
ships between facilities

e News Integration: Incorporates local news into property assessment

Customizable Automated Data Integration Pipeline

This pipeline enables non-technical users to connect any data source into a unified system:

LLM Module

Customizable Automated Data Integration Pipeline
2 Find Appropiate
Schema

1 o
O e Feed Data Schema ] REST )
o — ~ “API
LLM Module /

Feed Data Schema = 1 API Fetcher

[
3 Generate Scrappy Spider

.
with appropiate Aggregate// j
SChema / g / o ‘\ 1 Ne—

/
° S / ° File Schema Parser | Evaluate file Client
e A [ lents
Scrappy Spider Aggreggt\e __ nk }regate schema
T 7 \ - T
| Data >I:!I panda /
Aggregator \7\;
Return Aggregated Data
\. R
6
\\ 4 [ 1
- N\
1 ~ScrapeData— — ——— N
——Send Fetched website HTML .
end Fetched website Websites

Figure 4.4: Customizable Automated Data Pipeline Data Flow

Figure [4.4] presents the Customizable Automated Data Integration Pipeline. The workflow
begins with data sources (API Fetcher, File Schema Parser, Websites) being evaluated. An
LLM Module analyzes these sources to find appropriate schemas (step 2), then generates
Scrappy spiders for web scraping (step 3). The spiders extract data from websites (step
4), while the Data Aggregator combines information from all sources (step 5). Finally, the
aggregated data is returned to clients (step 6). This pipeline enables non-technical users
to integrate diverse data sources through an automated, LLM process.

e Analyzes data sources to find appropriate schemas
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e For websites, generates Scrappy spider configurations automatically

e Bridges the gap between unstructured and structured data

Data Processing

e Scrappy Spider: Dynamically generated web scrapers based on LLM analysis that
extract targeted data from websites according to the determined schema

e Data Aggregator: Central component that combines data from all sources, harmo-
nizes different schemas into a unified structure, and uses appropriate schema mapping
determined by the LLM

Retraining Model with Pipeline Data

This component allows users to create custom prediction models by combining their pipeline
data with platform data:

Technical Implementation

Retrain Model with Data from Pipeline

L Generate
Select Pipelines . .
to be used Pickle/Cloudpickle
{ c Generate m
il .
- Pickle .p Store pickle e
JSON > E eRe, —
Data Pipeline Traning Module Cloudpickle Database
@ Traning Module
[) Q | Based on what user pick
2
=HE] { : } /V Dump model to —
Platform Data JSON °: @ @
Default data Datas Embed-Based Feature-Based Pickle File

Figure 4.5: Retrain Model with Data from Pipeline Data Flow

Figure shows the Model Retraining Pipeline. The diagram illustrates how users can
select pipelines and combine them with platform data to train custom models. The Training
Module processes this data and allows users to choose between embed-based or feature-
based modeling approaches. The system generates pickle/cloudpickle files of the trained
models, which are then stored in a database for future use. This component empowers users
to create specialized prediction models tailored to their specific data and requirements.
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e Training Engine: Implements automated training engine that rely on embedding-
based models to avoid problem with unmatch input feature and tree-based models
(for structured data), and builds parameter tuning system using random search if
user doesn’t specify ones.

e Model Serialization: Creates versioned model files for persistence and stores seri-
alized models in pickle format in database with metadata

e Deployment Framework: Provides APIs for model inference, enables batch pre-
diction, and implements monitoring for model drift detection



Chapter 5

AI Component Design

This chapter describes how Artificial Intelligence (AI) components are designed and in-
tegrated into the overall system. Each section starts with a clear objective and provides
guidance on analysis, design, implementation, and evaluation of AI modules.

5.1 Business Context and AI Integration

Figure shows the overview of the system workflow and how each component works
together. It illustrates that Al will be used in four components: Data Integration Pipeline,
Explainable Price Prediction, Property and Neighborhood Insight, and Pricing Explana-
tion.

For each component, I will explain why using Al is both feasible and necessary.

1. Data Integration Pipeline

Using Al is suitable in this case because content on websites varies by type of information
and other elements, so Al needs to be implemented to help parse and understand the
context and extract information.

When aggregating multiple data sources, differences in data schemas present a signif-
icant challenge. We need to establish a centralized data schema, and Al can help users
accomplish this more easily by suggesting related fields.

For web scraping, the problem is complex and constantly changing because website
structures vary across multiple sites and are difficult to parse with fixed rules. For file and
API sources, the challenge is less complex since we can extract data from files and fetch
data from API endpoints directly. However, complexity increases when combining these
sources into one unified pipeline.

We can accept some incompleteness in this module. Missing fields in the aggregated
data will not significantly affect the analysis when working with large volumes of data.

43
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Overview of System Workflow
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Figure 5.1: Overview system workflow
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2. Explainable Price Prediction

Al is appropriate for price prediction because housing prices are influenced by numerous
factors that interact in complex, non-linear ways. Traditional rule-based systems cannot
effectively capture these intricate relationships.

The housing market constantly evolves with changing economic conditions, buyer pref-
erences, and seasonal variations. Al models can adapt to these shifts by identifying new
patterns in the data that might not be obvious to human analysts.

We can accept predictions that are not 100% accurate since real estate valuation in-
herently involves some uncertainty. However, by using explainable AI approaches, we can
provide confidence intervals and explain the key factors influencing each prediction, making
the system valuable even with some margin of error.

3. Property and Neighborhood Insight

Al is well-suited for generating property and neighborhood insights because this requires
analyzing diverse data types including text descriptions, images, geographic information,
and numerical data. The relationships between these varied data sources are complex and
difficult to codify with traditional rules.

The characteristics that make a neighborhood desirable change over time and vary
across different buyer segments. Al can identify emerging trends and personalized insights
that static analysis would miss.

Perfect completeness is not essential, as providing valuable insights on the most signif-
icant factors affecting property desirability is more important than capturing every minor
detail. Users benefit from focused, relevant information rather than exhaustive analysis.

4. Pricing Explanation

Using Al for pricing explanation is appropriate because explaining property valuations
involves communicating complex relationships between numerous factors in an accessible
way. These explanations need to adapt to each property’s unique characteristics and the
specific market context.

The relative importance of different pricing factors changes across markets and over
time. Al can generate contextual explanations that reflect these dynamics rather than
relying on fixed templates.

While we can accept explanations that might not cover every possible factor influencing
price, the system provides significant value by highlighting the most important considera-
tions and presenting them in a clear, understandable format for users.
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5.2 Goal Hierarchy

This section outlines the hierarchical structure of goals for our real estate valuation system,
beginning with organizational objectives and flowing down to specific AI model goals. For
each level, We provide clear metrics to measure success.

Organizational Goals

The primary organizational goals for this Al system are:

e To establish a trusted platform for accurate and transparent real estate valuations

e To build a reputation for innovation in applying Al to real estate challenges
Success at the organizational level will be measured through:

e Recognition through awards

System Goals

At the system level, our goals are:

e To integrate diverse real estate data sources into a unified, high-quality dataset

e To generate accurate property valuations with clear explanations for price factors

e To provide insightful property and neighborhood analysis to inform decision-making
e To deliver a reliable, responsive user experience across different devices and user

types

System success metrics include:

System uptime and response time statistics

Data completeness and quality indicators across different property types and regions

System error rates and exception handling effectiveness

System scalability under increasing data volumes and user numbers
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User Goals

For our users, the goals are:

e To receive insightful property valuations they can trust for decision-making
e To understand the key factors influencing property prices in specific markets
e To gain insights about properties and neighborhoods beyond basic statistics

e To save time in researching and analyzing real estate opportunities
User success metrics will be assessed through:

e User satisfaction surveys and net promoter scores

AT Model Goals

At the most specific level, our AI model goals are:

e To accurately predict property prices with clearly quantified confidence levels

e To identify and weigh the most influential factors affecting property values

e To provide explanations for predictions that are both technically sound and accessible
to non-technical users

AT model performance will be measured through:

e Statistical accuracy metrics including mean absolute error, root mean squared error,
and R-squared value compared to actual transaction prices

e Explanation quality assessed through user comprehension testing

e Comparative performance against benchmark models and traditional valuation meth-
ods

e Drift detection metrics to identify when model retraining is necessary

e Computational efficiency metrics including inference time and resource utilization

5.3 Task Requirements Analysis Using AI Canvas

This section presents a detailed analysis of our Al system’s task requirements using the Al
Canvas methodology. This approach helps us clearly articulate what each Al component
should accomplish, how it will operate technically, and the conditions under which it will
function.
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AT Task Requirements

For each Al component in our system, we analyze three key dimensions:

¢ Requirements (REQ): The specific objectives and functions each Al component
must fulfill

e Specifications (SPEC): The technical approach and methods the AI will employ

e Environment (ENV): The operational conditions, constraints, and context in
which the Al will function

1. Data Integration Pipeline

Requirements (REQ): The AI component must extract structured data from diverse
sources including property listing websites, government databases, and unstructured doc-
uments. It needs to identify property characteristics, pricing information, location data,
and temporal attributes across varying formats. The system must normalize extracted
data into a unified schema.

Specifications (SPEC): This component will implement a hybrid approach combining
rule-based extraction for standardized sources and deep learning models for unstructured
content. Named entity recognition models will identify property attributes within text,
while transformer-based architectures will handle context-dependent extraction tasks.

Environment (ENV): The component will operate in a data environment charac-
terized by high heterogeneity across sources, frequent changes in website structures, and
varying data quality. It must process large volumes of daily updates while maintaining
extraction accuracy. The system requires periodic retraining as new data sources are inte-
grated and reasonable human oversight for exception handling of complex cases that fall
outside standard patterns.

2. Explainable Price Prediction

Requirements (REQ): This Al component must generate accurate property valuation
estimates with quantified confidence intervals. It needs to identify key value drivers specific
to each property, adapt to regional market dynamics, and provide predictions that remain
reliable even with incomplete input data. The system must detect when it lacks sufficient
information for reliable prediction and communicate these limitations transparently.

Specifications (SPEC): The prediction engine will utilize an ensemble approach com-
bining gradient-boosted decision trees for tabular data with graph neural networks to cap-
ture neighborhood relationships and spatial dependencies. SHAP values and counterfactual
explanations will provide feature importance analysis.

Environment (ENV): This component operates within a complex market environ-
ment.
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3. Property and Neighborhood Insight

Requirements (REQ): The Al must analyze multilayered neighborhood data to identify
significant patterns and trends relevant to property valuation. It needs to generate insights
about local amenities, infrastructure developments, community characteristics, and future
growth potential.

Specifications (SPEC): This component will utilize multimodal analysis techniques
combining geospatial machine learning for location-based features with natural language
processing for textual descriptions and sentiment analysis. The system will implement
clustering algorithms to identify comparable neighborhoods and temporal modeling to
detect emerging trends.

Environment (ENV): The insight generation occurs in an information-rich but frag-
mented environment with data spanning multiple domains including transportation, edu-
cation, commerce, and safety. The component must operate with varying data availability
across neighborhoods and maintain cultural sensitivity when analyzing community charac-
teristics. It needs to distinguish between transient and persistent neighborhood attributes
while balancing detail with relevance in its output.

4. Pricing Explanation

Requirements (REQ): This component must translate complex valuation models into
clear, intuitive explanations. It needs to communicate uncertainty appropriately, highlight
the most influential factors affecting a specific property’s value, and provide comparative
analysis with similar properties. The system should generate explanations that help users
understand market dynamics without overwhelming them with technical details.

Specifications (SPEC): The explanation system will implement a natural language
generation pipeline built on a large language model fine-tuned for real estate domain knowl-
edge. It will incorporate techniques from the field of explainable Al including feature at-
tribution visualization, importance ranking. The system will use templates for consistent
structure while leveraging dynamic content generation for property-specific insights.

Environment (ENV): This component operates at the interface between technical
prediction systems and non-technical users.
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AT Canvas Development

1. Data schema mapping

Al to help with data scheme mapping
Module that provides help map a vary data scheme into one unified canonical data scheme specific to real estate domain

Prediction Judgement
What needs to be predicted? What trade-offs does the system need to evaluate?
« Estimate and capture context from each data sources and map into each » Assess the corectness of output unifed data schema and amount of
field in canonical data schema knowledge it lose throughout the mapping
Action Outcome
What action is taken based on the judgment? What result do we care about?
» Output the result in JSON format with correct fields get mapped « System get the unified dataset
« A single JSON object representing the mapped output according to the
CanonicalRecord schema, including transformed fields such as price,
areq, and address.

What data is available for training the model? What labeled examples do we have? How will the system learn over time?

e User prompt: A message instructing the model « JSONL Dataset: Both the prompt and the « Metrics like JSON Syntactic Validity - Pydantic
to map a given raw property data snippet to a response are wrapped under the contents array Schema Conformance
specified schema (CanonicalRecord) using a with clearly labeled role: "user” and role:
set of transformation rules. It includes both the "model”, each containing a parts array with text.

schema and the raw data.

Intervention Explanation
When should humans intervene? How will the Al explain its decisions?
« When input data sources is out of real estate scope « Traceable Prompting / Chain-of-Thought (CoT) Prompting

Figure 5.2: Data schema mapping AI Canvas

Figure 5.2 presents an Al Canvas diagram for a Real Estate Data Schema Mapping system.
This strategic planning tool articulates how artificial intelligence creates value through
structured components that guide the implementation of a unified canonical data schema
for real estate information.

The AI Canvas comprises eight interconnected sections that collectively define the sys-
tem’s purpose and operation. The Prediction section establishes the core functionality:
estimating and capturing context from each data source and mapping it into each field in
the canonical data schema. This works in concert with the Judgment section, which articu-
lates the critical trade-offs the system must evaluate, focusing on assessing the correctness
of the output unified data schema and measuring the amount of knowledge potentially lost
throughout the mapping process.

The Action section defines how the system’s outputs are translated into tangible steps,
outputting the results in JSON format with correctly mapped fields. These actions lead to
the Outcome section, which clarifies the ultimate value proposition: generating a unified
dataset represented as a single JSON object conforming to the CanonicalRecord schema,
including transformed fields such as price, area, and address.
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The Input Data section catalogues the available information sources: user prompts
containing instructions for mapping raw property data snippets to a specified schema
(CanonicalRecord) using transformation rules, including both the schema specifications
and the raw data itself. Complementing this, the Training Data section defines the labeled
examples powering the model: JSONL datasets where both prompts and responses are
wrapped in contents arrays with clearly labeled roles ("user” and "model” ), each containing
parts arrays with text.

The Feedback section outlines how the model will learn over time by tracking met-
rics like JSON Syntactic Validity and Pydantic Schema Conformance. The Intervention
section establishes boundaries for human oversight, calling for expert involvement when
input data sources fall outside the real estate scope. The Explanation section details the
technical approaches for transparency: Traceable Prompting and Chain-of-Thought (CoT)
Prompting methodologies to provide insight into the system’s decision-making processes.

2. Explainable Price Predition

Explainable Price Prediction & Context-Aware Analytics
Module that provides real estate price predictions. It leverages multimodal data sources, graph-based models, and explainability frameworks to help
users understand the drivers of property values in the Thai market.

Prediction
What needs to be predicted?

Judgement

What trade-offs does the system need to evaluate?
« Estimate the market value of a property based on input features
« Provide confidence intervals or prediction uncertainty

e Provide easy to understand explanation

» Assess the reliability of the prediction using model confidence, data
completeness, and deviation from similar cases

Action

What action is taken based on the judgment?

« Display valuation results and confidence level to the user
« Highlight top contributing features to the predicted value
« Explain the result with easy to understand description

Outcome
What result do we care about?

« User makes informed decisions (e.g., pricing, investing, negotiations)
« Model usage statistics collected for monitoring and future tuning

What data is available for training the model?
« Property features: location, size, type, age,
amenities
e Environmental data: nearby infrastructure,
flood zones, news
« Market data: recent sales (1year timespan),
listing prices

What labeled examples do we have?

« Historical property sales and rental prices
e Cleaned, normalized, and imputed to handle
missing or noisy entries

How will the system learn over time?

« Usage metrics like average deviation between
prediction and actual selling price

Intervention
When should humans intervene?

« Human override when flagged as low confidence or high deviation
« Model fallback or rule-based estimation when prediction confidence is
too low

Explanation
How will the Al explain its decisions?

« SHAP or LIME-based visual feature attribution
e Use LLM to help with explanation

Figure 5.3: Explainable Price Predition Al Canvas

Figure [5.3| presents an Al Canvas diagram for an Explainable Price Prediction & Context-
Aware Analytics system tailored to the Thai real estate market. This strategic planning
tool articulates how artificial intelligence creates value through structured components that
guide implementation.
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The AI Canvas comprises eight interconnected sections that collectively define the sys-
tem’s purpose and operation. The Prediction section establishes the core functionality:
estimating property market values based on input features, providing confidence intervals
to quantify uncertainty, and delivering accessible explanations to users. This works in con-
cert with the Judgment section, which articulates the critical trade-offs the system must
evaluate, focusing on assessing prediction reliability through model confidence metrics,
data completeness evaluation, and deviation analysis from comparable properties.

The Action section defines how the system’s outputs are translated into tangible steps,
displaying valuation results with confidence levels, highlighting the top contributing fea-
tures to predicted values, and explaining results through user-friendly descriptions. These
actions lead to the Outcome section, which clarifies the ultimate value proposition: en-
abling users to make informed real estate decisions across pricing, investing, and negotia-
tions, while simultaneously collecting usage statistics for ongoing system optimization.

The Input Data section catalogues the available information sources: property features
including location, size, type, age, and amenities; environmental data encompassing infras-
tructure, flood zones, and news; and market data covering recent sales and current listings.
Complementing this, the Training Data section defines the labeled examples powering the
model: historical sales and rental prices that have undergone cleaning, normalization, and
imputation processes to handle data quality issues.

The Feedback section outlines how the model will learn over time by tracking met-
rics like average deviation between predictions and actual selling prices. The Intervention
section establishes boundaries for human oversight, calling for expert involvement when
predictions show low confidence or high deviation, while implementing fallback mecha-
nisms when prediction certainty falls below acceptable thresholds. The Explanation sec-
tion details the technical approaches for transparency: SHAP or LIME-based visual feature
attribution combined with Large Language Models to generate intuitive explanations.
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5.4 User Experience Design with Al

This section explains how Al is used to improve the user experience in our real estate
system. Al is not just a background tool—it helps users by doing tasks, adding helpful
info, giving smart suggestions, and adjusting to user needs. These features are built into
key parts of the system, like data handling, neighborhood analysis, and price prediction.
The design focuses on being clear, easy to use, and useful for different types of users.

Automated Pipelines

The pipeline system in BorBann is not just a backend tool. It’s a dynamic, Al interface
that enables even non-technical users to build, manage, and leverage data workflows for
training personalized real estate models.

The system is designed using an Automate style that automatically handles repetitive
technical tasks—like schema inference and spider generation—but still gives users the power
to manually adjust the process.

1. Pipeline Creation and Management

Users start by selecting data sources—Ilike websites, files, or APIs—and use a no-code
interface to configure their pipeline. The system generates scraping rules using an LLM
and recommends schema alignments automatically.

o BorBann

0 Maps

& Backto Pipelines

l B Data Pipeline
& Models Pipeline Details
Basic information about your data pipeline

@ Documentation

Pipeline Name

oG ©GG_WPX
garfieldwpx@gmail.com

Figure 5.4: Pipeline Creation Interface

Figures [5.4] and [5.5 show how users input data source URLs and set extraction options
with help from the Al
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o BorBann

00 Maps
[ B Data Pipeline
& Models

@ Documentation

oG ©GG_WPX

garfieldwpx@gmail.com

°Users v

»

Back to Pipelines

Al Assistant

Customize how Al processes your data

Additional Instructions for Al

Eg. Focus on extracting pricing trends, ignore promotional content, prioritize property features.

o4

Figure 5.5: Pipeline Creation Interface — Additional Prompt

2. Field Customization and Schema Annotation

After setting up the source, users can view, modify, or remove fields detected by the
system. The interface visually maps fields across sources, includes data type validation,

and supports

o BorBann

custom field creation via formulas.

Home > Data Pipeline > Property Listings > Property Listings Pipeline

Property Listings Pipeline

00 Maps
[ g < Backto Pipelines © Clone @ Edit > Run Now a
Data Pipeline
& Models
Pipeline Status Data Sources Export Options

@ Documentation

420 records

real-estate-api.com
Last updated: 2 hours ago
280 records

DataSchema  Data Preview  Output Gonfiguration  Run History ~ Settings

Data Preview

sample of the collected data

& Export as SQlite

& Export as YAML

D Title price Bedrooms Location Sq.Ft.
POOI Modern Apartment $350,000 2 Downtown 1200
o GO_WPX
garfieldwpx@gmail.com P02 Luxury Villa $1,250,000 5 Suburbs 3,500
PO03 Cozy studio $180,000 1 City Center 650

°Users v

Figure 5.6: Field Management Interface

Figure [5.6| shows the functionalities to customize the schema and data
tion.

source

status D example-realty.com & Export as JSON ~
Last Run: 2 hours ago Last updated: 2 hours ago Pretty print

540 records
Tomortow ot 890 A
Run Frequency. Daily property-listings.com & Export as CSV .
Total Records: 1240 Last updated: 2 hours ago

integra-
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3. Pipeline Monitoring and Status Overview

Users can view a dashboard that summarizes the status of each pipeline—categorized as
Active, Paused, Failed, or Completed. Each pipeline card is annotated with insights.

° BorBann Home > Data Pipeline > Data Pipelines

" Data Pij
W Maps Manage your automated data collection pipelines
[ B Data Pipeline
Active Pipelines  Paused Al Pipelines
& Models
Ep—
Property Listings [ active J Rental Market Data [ active ] Price Comparison [ o ]

© Last run: 2 hours ago © Last run: Yesterday @ Last run: 2 days ago
SN n: Scheduled retry in 12 hours

5 Next run: Tomorrow at 9:00 AM

£ Nextrun:In3 days
E Ssources: 3 « Records: 1240 B sources: 2 « Records: 830

View Details D nw o View Details D 0 o

oG ©GG_WPX
garfieldwpx@gmailcom

Figure 5.7: Pipeline Dashboard Interface

Figure shows how the interface represents pipeline statuses; successful pipelines are
highlighted with green-bordered cards.

Neighborhood Insight

The Neighborhood Insight feature uses various APIs and tools to analyze environmental
conditions, nearby facilities, local amenities, and even news sentiment. The goal is to
support smarter decisions by making the neighborhood story as transparent and rich as
the property details.

This feature uses Annotate, which overlays real-time and historical context—like flood
risk, school quality, and air pollution levels—into property views; and Automate, where
the agent automatically pulls data from multiple sources and updates insights with minimal
input.

1. Local Context Analytics Interface
When users view a property, the system automatically presents key neighborhood metrics,

including;:

e Flood risk history and air quality trends

e Distance and quality scores for nearby schools, hospitals, and transit points
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e Local news sentiment

o BorBann @ BorBann Wi Standard ML Model v2.4 v (@ Properties Wi Price Prediction

[ @ Maps search locations. Hybrid
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Flood Risk Air Quality . i

Nearby Facilities
i B7S Phrom Phong
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Property status
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Figure 5.8: Environmental Impact Analysis

Figure [5.8) shows the analytics interface consisting of environmental data, pricing, and
property-specific details along with nearby facilities.

Explainable Price Prediction

This feature blends predictive modeling with real-time visualizations and natural language
explanations. Unlike typical black-box systems, BorBann’s model lets users interact with
the logic behind the number. Users can explore, adjust, and challenge the AIl’s assumptions.

The user experience combines:

e Annotate — each prediction includes visual and textual breakdowns of contributing
factors.

e Prompt — the system suggests related factors for simulating “what-if” scenarios.

e Automate — the system recalibrates predictions as more data is integrated.

1. Prediction Overview

When a user selects a property, the system immediately displays:

e Predicted price range (upper and lower bounds)

e Confidence interval
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Map > PriCe Prediction Model

o BorBann

Explainable Price Prediction Model

Understand how our Al model predicts property prices and what factors influence the valuation

i Standard ML Model v2.4 v & Refresh

00 Maps
B Data Pipeline
& Models

@ Documentation

@ Property Details

Property Details

123 Sukhumvit Road, Bangkok

Type Condominium
size 170 sgm
Bedrooms 3
Bathrooms 2
Age 5years
Floor 15
Adjust Parameters

See how changes affect the prediction

Property Size 170 sqm

Feature Analysis

lv Market Comparison = Environmental Factors > Final Prediction

Final Prediction

The predicted price and confidence level

Predicted Price

B15,000,000

Confidence Level: 92%

@ Price Range
Based on our model’s confidence level, the price could range between:

Lower Bound Prediction Upper Bound
814,250,000 B15,000,000 B15,750,000

Summary of Factors
The final prediction is based on a combination of all factors analyzed in previous steps

@ Property characteristics (size, age, layout)

Property Age 5 years
@ Location and neighborhood analysis
—
Market trends and comparable properties
Environmental factors and amenities
Adjusted Price B16,000,000 L

GG_WPX
GG - 000,000 TH8 from original pred

garfieldwpx@gmailcom + iginal prediction

N @9 Previous B Generate PDF Report  [ESSERV )
ﬁuws v -
T

Figure 5.9: Prediction Overview Interface

e Base prediction with timestamp of latest data sync

Figure [5.9| shows the price range, confidence bands, and a clean summary layout.

2. Feature Contribution Analysis

The system explains which factors influenced the prediction most — such as location,
property size, developer reputation, and local context.

Figure[5.10[shows an interface that visualizes the impact of each factor using bar graphs
and percentage values.

5.5 Deployment Strategy

Objective

To detail the plan for integrating and running the Al-powered Real Estate Data Mapping
model within a production environment, ensuring it effectively connects with the existing
data ingestion pipeline and provides reliable, scalable, and maintainable operation. The
AT model is central to transforming heterogeneous source data (from APIs, files, and web
scraping) into a unified canonical format for real estate listings.
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Figure 5.10: Feature Contribution Analysis Interface

Deployment Plan

Chosen Environment: Cloud-Based Deployment
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The AI model, along with the entire data integration pipeline system, will be deployed
on a Cloud Platform which is Google Cloud Platform (GCP). Vary between each Al
component, for example, data schema mapping will use Vertex Al while other may use

cloud computing.

Justification:

e Scalability: Cloud platforms offer elastic scaling of compute resources (CPUs, GPUs
for LLM inference) and managed services, crucial for handling variable data loads

and complex model computations.

e Managed Services: Leveraging services like Kubernetes (GKE, EKS, AKS) for
container orchestration, managed databases for storing pipeline configurations and
results, object storage (GCS, S3) for raw data and model artifacts, and potentially
managed Al platforms (Vertex Al, SageMaker) simplifies infrastructure management.

e Reliability & Availability: Cloud providers offer high availability zones and built-

in redundancy features.

e Integration: Easier integration with other cloud services (e.g., data warehouses,

monitoring tools).

While on-device or embedded systems are not suitable for this large-scale data processing
and LLM inference task, an Edge deployment could be considered in the future for specific
data pre-processing or localized data collection components if required, but the core Al

mapping will reside in the cloud.
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AT Communication with the System: Internal Service Integration

The AI mapping model will not be exposed as a standalone, public-facing API initially.
Instead, it will be integrated as an internal component within the existing data integration
pipeline’s backend service (built with FastAPT).

Communication Flow:

1. The PipelineService in the FastAPI application receives a request to run a specific
pipeline (e.g., via its existing API endpoint /pipelines/{pipeline_id}/run).

2. If the pipeline configuration specifies the ML_MAPPING strategy, the PipelineService
invokes the IngestionStrategyFactory.

3. The factory instantiates the MLIngestionStrategy (or a specialized version like
VertexAIMappingStrategy).

4. The MLIngestionStrategy internally:
e Loads or accesses the pre-trained/fine-tuned classification model (to identify

real estate listings).

e Loads or accesses the pre-trained/fine-tuned LLM mapping model (e.g., from
an MLflow registry, a local path within the container, or by calling a managed
AT service like Vertex AI).

e Processes the input AdapterRecord data.
e Returns the mapped CanonicalRecord objects (as OutputData) back to the

PipelineService.

5. The PipelineService then stores these results.

This internal integration ensures that the AI model is a processing step within a larger
workflow, rather than a standalone service that other parts of the system call directly via
network requests for each mapping task. If a dedicated, reusable mapping service is needed
later, a gRPC or REST API wrapper around the core mapping logic could be developed.

Tools and Frameworks Used

e Fast API: For the main backend service orchestrating pipelines and exposing man-
agement APIs.

e Python: Primary programming language for the backend and AI model implemen-
tation.

e Google Cloud Vertex AI For using pre-trained foundation models (e.g., Gem-
ini), fine-tuning models via Generative Al Studio, and deploying them as managed
endpoints. Communication would be via the Google Cloud Python client libraries.

e Pydantic: For data validation of input, intermediate, and canonical schemas.
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e Loguru: For structured logging throughout the application and Al components.

e Cloud Storage (GCS, S3): For storing raw input data, training datasets, and
large model artifacts.

e SQLite For storing pipeline configurations, run metadata, and potentially links to
canonical data results.

System Characteristics

Reliability:

e Error Handling & Retries:

— The PipelineService will implement robust error handling for ingestion strat-
egy failures (including AI model errors).

— For transient issues (e.g., temporary unavailability of a cloud Al service), retry
mechanisms (e.g., using libraries like ‘tenacity‘) will be implemented for external
API calls made by the MLIngestionStrategy.

— The scheduler (APScheduler) has misfire grace time configurations.

e Input Validation: Pydantic validation at multiple stages (API input, canonical
output) ensures data integrity.

Security:

e Cloud TAM: Utilize cloud provider Identity and Access Management (IAM) for
granular control over access to resources (databases, storage, Al services, Kubernetes
cluster). Principle of least privilege will be applied.

e Secrets Management: API keys for external LLMs (if used), database credentials,
and other secrets will be managed using a secure secrets manager (e.g., HashiCorp
Vault, Google Secret Manager, AWS Secrets Manager) and injected into containers
as environment variables or mounted volumes, not hardcoded.

e Data Encryption: Data at rest (Cloud Storage, Databases) and in transit (HTTPS
for external APIs, internal VPC traffic) will be encrypted.

Maintainability & Scalability:

e Modular Design: The separation of concerns (PipelineService, IngestionStrategyFactory,
specific Strategy classes) allows for independent updates and maintenance of com-
ponents.

e Comprehensive Logging (Loguru): Structured logs are centralized (e.g., Google
Cloud Logging, ELK stack) for easier debugging and monitoring. The SSE log
streaming endpoint aids real-time monitoring of specific pipeline runs.
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e Scalability (Application): Kubernetes Horizontal Pod Autoscaler (HPA) will au-
tomatically scale the number of FastAPI application pods based on CPU/memory
utilization or custom metrics.

e Scalability (AI Model Inference):

— Managed AI Service (e.g., Vertex AI): These services typically handle au-
toscaling of the model endpoint based on traffic. Configure appropriate instance
types and min/max replica counts.

Proof of Concept

AI Model Build and Test Process

The AT model for mapping real estate data to the CanonicalRecord schema was developed
iteratively, focusing initially on an LLM-based approach.

Development Stages

1. Data Collection & Annotation

A diverse dataset of approximately 500 property records was collected from various
sources, including:

e Simulated API outputs (e.g., mock property APIs)
e Example CSV/JSON datasets

e Real estate websites such as Baania and Zillow (conceptual scraping)

These records were manually mapped to a unified schema called CanonicalRecord.
A foundation model (e.g., GPT-4) was used to generate initial prompt-completion
pairs via meta-prompting. All completions were manually reviewed and corrected to
produce high-quality training data.

2. LLM Mapper Fine-Tuning (Primary Task)

e Model Selection: Experiments were conducted on gemini-2.0-flash-lite-001.

e Fine-Tuning Strategy: Fine-Tuning with supervised method on Vertex Al
platform.

e Training Data: About 30 prompt-completion pairs were used with 10 data
point for evaluation set. Each prompt contained instructions, the full schema,
and raw data. KEach completion was a valid JSON object adhering to the
CanonicalRecord structure.

e Platform: All tuning jobs were executed on Vertex Al.

— Hyperparameters: base model, learning rate, batch size, LoRA rank, LoRA
alpha, and epoch count.

— Outputs: Adapter weights, tokenizer config, and example outputs on the
eval set.
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3. Evaluation Methodology

e During Fine-Tuning: Vertex Al provides training and validation losses auto-
matically when an eval set is supplied.

e Post Fine-Tuning:

— JSON Syntactic Validity: Parse output strings using json.loads().

— Pydantic Schema Conformance: Instantiate CanonicalRecord (**parsed_json)
to verify structural correctness.

e Manual Review: A qualitative check was performed to ensure logical accuracy
and edge case handling in LLM outputs.

Model Performance Results

Performance metrics are based on 2 metrics:

e JSON Syntactic Validity: Parse the output string and check for validity.

e Pydantic Schema Conformance: Check with pre-defined pydantic schema to
ensure that it output the desire data scheme.

Table 5.1: Pipeline Validation Metrics

Model Version Metric Value (%)
BORBANN_PIPELINE 2 JSON Syntactic Validity 91.67%
Pydantic Schema Conformance 63.64%
BORBANN _PIPELINE_3 JSON Syntactic Validity 100.00%
Pydantic Schema Conformance 0.00%
BORBANN _PIPELINE 4 JSON Syntactic Validity 100.00%

Pydantic Schema Conformance 0.00%

Table presents the validation performance of three pipeline variants. Among them,
borbann-pipeline-2 achieves the highest score in JSON syntactic validity (91.67%), indi-
cating that it produces well-formed JSON outputs most consistently. However, it performs

best in this metric while showing only moderate conformance to the Pydantic schema
(63.64%).

In contrast, both borbann-pipeline-3 and borbann-pipeline-4 attain perfect JSON
syntactic validity (100%) but fail completely in Pydantic schema conformance (0.00%).
This suggests that although their outputs are syntactically correct, they do not adhere to
the expected canonical data structure.

Based on this evaluation, we select borbann-pipeline-2 as the final model for deploy-
ment. The superior schema adherence—despite not being perfect—makes it more suitable
for downstream structured processing tasks.
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A possible reason for the low schema conformance in pipelines 3 and 4 may be sub-
optimal prompt design during fine-tuning. The model may have overfit to an incorrect
or inconsistent output structure due to insufficient coverage of schema variations in the
training data. This highlights the importance of prompt engineering and data diversity
when fine-tuning large language models for structured output tasks.
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