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Abstract

The increasing availability of non-traditional data sources has transformed the landscape of business
economics analysis. Beyond conventional economic indicators, businesses and researchers now have
access to alternative data sources that provide more granular, real-time insights into market trends,
consumer behavior, and economic conditions. This paper explores various types of non-traditional data
sources, the analytical models used to interpret these datasets, and how these models are applied to

specific business problems.

Introduction

Business economics traditionally relies on data from government agencies, official surveys, and financial
reports to assess market conditions and make forecasts. However, advancements in digital technology, big
data, and the Internet of Things (loT) have opened new opportunities for collecting and analyzing real-
time, granular data from diverse sources. These new data streams, including social media, satellite
imagery, transaction records, and sensor data, provide more timely insights into market trends, consumer
behavior, and economic conditions. The increasing availability of non-traditional data sources has

significantly transformed business economics analysis.

This paper explores the role of these non-traditional data sources and shifts focus toward cluster analysis—
a method widely applied in modern business analytics. Cluster analysis is particularly powerful for
identifying patterns and segmenting datasets in ways that allow businesses to target specific
demographics, group consumers based on behavior, or monitor economic activity. The following sections
will highlight the key applications of cluster analysis across various non-traditional datasets, demonstrating

its importance in uncovering actionable insights.



Non-traditional data sources are transforming business economics analysis by providing granular and real-
time insights, which can be applied in various scenarios to solve specific business challenges. Each type of

data source offers unique advantages in different contexts:

Part 1: Non-Traditional Data Sources

(a) Big Data from Online Platforms

Web scraping is particularly useful for industries that require real-time monitoring of prices, job postings,
or product availability. For example, an e-commerce company might use web scraping to track competitor
prices and adjust its own pricing strategy. Analytical models like sentiment analysis and time-series
regression help businesses detect consumer opinions from reviews or identify trends in property prices

from real estate listings.

(b) Social Media Data

Social media platforms provide rich data on public sentiment and consumer preferences, which is valuable
for brand management and marketing strategies. For instance, a company launching a new product might
analyze Twitter mentions and Facebook comments to gauge public reaction. Cluster analysis can group
users based on their opinions, while machine learning algorithms predict shifts in consumer behavior,

helping businesses respond quickly to market trends.

(c) Mobile Phone Data

Call Detail Records (CDRs) offer insights into consumer movement and geographic activity, which is
particularly useful for urban planning or retail site selection. For example, telecom companies can analyze
CDRs to identify high-demand areas for service expansion. Spatial econometric models help link mobile
usage patterns to economic activity, while Markov Chain models can predict how populations migrate

between regions.

(d) Geolocation Data

Geolocation data from GPS-enabled devices helps track consumer movements, which is essential for
sectors like retail and real estate. For instance, shopping malls can use heat maps to visualize foot traffic
and optimize store placement. Trajectory analysis provides insights into consumer travel patterns, while
geospatial models pinpoint areas with high economic activity, such as popular tourist destinations or busy

retail zones.



(e) Satellite Imagery

Satellite imagery, such as nightlight data, is useful for economic analysis in regions where traditional data
is scarce. Governments and researchers can assess economic growth by analyzing changes in light intensity
in developing areas. Remote sensing models translate satellite images into economic indicators, while

regression analysis links nightlight intensity to metrics like GDP growth.

(f) Transaction and Payment Data

Transaction data from credit/debit cards provides real-time insights into consumer spending, allowing
businesses to forecast demand or segment customer groups. Retailers, for example, can track spending
patterns to optimize inventory management. Cluster analysis groups customers by spending behavior,

while time-series analysis helps forecast future sales based on past transaction trends.

(g) Sensor Data from loT Devices

loT sensors, such as smart meters, are vital for monitoring energy consumption and environmental
conditions. Utility companies can use time-series regression to forecast energy demand and improve
efficiency. In urban settings, environmental sensors can track pollution levels, with dynamic factor models

used to analyze how these conditions impact economic activity.

(h) Corporate and Administrative Data

Corporate filings and tax records offer deep insights into company performance and macroeconomic
trends. Financial analysts can apply natural language processing (NLP) to corporate filings to detect early
warnings of financial distress. Tax data is useful for government agencies analyzing income distribution
and economic inequality, with generalized linear models (GLMs) helping to uncover relationships between

tax revenue and employment rates.

(i) Search Engine and Web Traffic Data

Search engine data, like Google Trends, is particularly useful for forecasting consumer interest in specific
products. For example, a company might analyze search trends for winter clothing to predict demand and
adjust inventory. Nowcasting models use this data to forecast near-term economic activity, such as retail

sales or unemployment trends, providing a more immediate view than traditional economic reports.

These examples illustrate how non-traditional data sources enable businesses and policymakers to extract

actionable insights, making it possible to address a wide range of economic challenges in real time.



Part 2: Using Cluster Analysis for Retail Store Site Selection

In the highly competitive retail industry, choosing the right location for a store is one of the most critical
decisions. Site selection directly affects foot traffic, sales, customer satisfaction, and ultimately the success
of the store. By leveraging data-driven techniques, retailers can enhance their site selection strategies,
ensuring that each new store maximizes profitability. Cluster analysis, particularly with the K-means
algorithm, provides an effective way to analyze vast amounts of data to make informed site selection

decisions.

In this section we will explore how the K-means algorithm can be used in cluster analysis for retail store
site selection. We’'ll look at the factors affecting site selection, how the K-means algorithm works, and how

to interpret the results for practical, real-world applications.
Why Cluster Analysis for Retail Site Selection?

Cluster analysis allows for grouping objects, in this case, potential store locations, into clusters that share
similar characteristics. By clustering different locations based on various factors, retailers can identify areas
with similar traits to current high-performing sites or discover untapped regions with similar customer

demographics.
Factors influencing site selection in retail include:

1) Customer Demographics: Age, income, lifestyle, and spending patterns.

2) Competitor Presence: Number and proximity of competitors.

3) Foot Traffic (mobile pings): Average daily foot traffic in an area.

4) Accessibility: Parking availability, road connections, and public transport access.

5) Commercial Viability: Nearby businesses and amenities that complement the retail store.
Overview of the K-Means Algorithm

The K-means algorithm is a simple and efficient clustering technique widely used for clustering analysis.

Here’s a step-by-step breakdown of how it works:

1) Define the Number of Clusters (k): The user sets the number of clusters, “k”, that the algorithm
will aim to identify within the dataset.
2) Initialize Centroids: The algorithm initializes “k” points (centroids) randomly within the dataset.

3) Assign Data Points: Each data point is assigned to the nearest centroid, forming “k” clusters.



4) Update Centroids: For each cluster, the algorithm recalculates the centroid based on the mean
position of all points within that cluster.
5) Repeat: The assignment and update steps repeat until the centroids no longer move significantly,

signaling that the clusters are stable.

The goal of K-means is to minimize the within-cluster variance, ensuring that each cluster contains points

that are as similar as possible to one another and as distinct as possible from points in other clusters.

Trade Areas

A trade area refers to the geographical area from which any business or organization draws its visitors (also
known as a market area or catchment area). It represents the area where the majority of visitors live or
work. Trade area analysis is key to assessing market demand, identifying local competition, and

understanding the potential customer base.

The size and shape of a trade area can vary depending on the nature of the business and the products or
services offered. For example, a local grocery store may have a trade area encompassing a few
neighborhoods or a small town, while a downtown district of a large city may have a trade area covering

an entire city or even multiple cities.

Distance in miles- Presents the trade area based on distance in miles from the location.

Drive time - Displays the trade area based on how long it takes for visitors to drive to the location.
Walk time - displays the trade area based on how long it takes for visitors to walk to the location.

True Trade Area - True Trade Area displays the dispersement of visitors’ home or work locations based on
the actual volume of visitation, and provides a highly accurate visual representation of where visitors are

coming from.

Source: Placer.ai

Applying K-Means in Retail Site Selection

Here’s a step-by-step guide on how to apply the K-means algorithm for site selection in a retail context:
Step 1: Collect and Prepare Data

Gather data relevant to site selection, including:

Demographic Data: Population density, average income, age groups, household size.

Traffic Data: Pedestrian and vehicle traffic counts.



Real Estate Data: Rental costs, square footage, and property availability.

Competition and Proximity: Locations of competitors and complementary businesses.
Accessibility Data: Availability of public transportation, parking facilities, and road connectivity.
Step 2: Determine Key Metrics

Define key metrics or features you want to use in clustering. Examples include:

Income Levels and Population Density: For estimating spending capacity and customer volume.
Competitor Distance: To find areas that are underserved by similar businesses.

Traffic Flow Data: To capture areas with higher potential customer volume.

Step 3: Normalize Data

Since K-means uses distance-based calculations, it’s essential to normalize the data. Normalization scales
different features so they have comparable ranges, preventing any single feature from dominating the

clustering process.
Step 4: Define the Number of Clusters (k)
Choosing the right “k” value is critical. This is usually done by:

a) Elbow Method: Plotting the sum of squared distances from each point to its assigned centroid.
When the plot shows an “elbow” or sharp bend, this point often represents the optimal “k” value.
b) Silhouette Score: Measures how similar a data point is to its own cluster compared to other

clusters.
Step 5: Run K-Means Algorithm

Once the number of clusters is defined, run the K-means algorithm on the dataset. This process will group

potential sites into clusters that share similar characteristics.

Step 6: Analyze Cluster Characteristics

After clustering, analyze each cluster's characteristics. For example:

Desired-Income Clusters: Areas with high disposable income, potentially ideal for premium retail stores.

High-Footfall Clusters: Areas with high pedestrian traffic, suitable for convenience-oriented stores.



Underserved Clusters: Areas with few competitors, presenting an opportunity for new stores.
Step 7: Select Optimal Sites

Once clusters are identified, choose locations within clusters that meet additional practical criteria, such

as accessibility, cost, and zoning regulations.
Example Use Case: Discount Retailer

Imagine a discount retailer aiming to expand into a new county. They can use the K-means algorithm to
group neighborhoods based on criteria like demographic data, income levels, foot traffic, and competitor

presence.

1) Data Collection: Data is gathered from national and local government sources, real estate listings,
and transportation data. There are several geospatial data vendors who can provide location
specific custom datasets. These datasets can be used to create maps for visualization and also for
analysis.

2) K-means Clustering: The algorithm in Python, Power Bl identifies clusters, for instance:
Cluster A: High foot traffic, moderate income, high competitor density (ideal for urban stores).
Cluster B: Moderate foot traffic, high income, low competitor density (ideal for suburban stores).

3) Site Selection: The retailer chooses specific locations in each cluster based on long term revenue
projections, target demographics, traffic counts, visibility, real estate availability and any other
relevant factors in the decision-making process. This process helps the retailer make an informed

decision, reducing the risk of a poor investment.
Advantages of Using K-Means for Site Selection

1) Cost-Effective: K-means is a relatively simple and fast algorithm, making it cost-effective for
handling large datasets.

2) Scalable: K-means can be applied to both small and large datasets, making it suitable for
companies of all sizes.

3) Customizable: Users can define the number of clusters to align with business goals, such as

identifying high-income or high-traffic clusters.

Limitations of Using K-Means for Site Selection:



1) Sensitivity to Initial Cluster Centers: K-means can converge to local minima, which means results
can vary based on initial centroid placement.

2) Fixed Number of Clusters: The “k” parameter must be predefined, which can limit flexibility if the
ideal number of clusters is not clear.

3) Assumes Spherical Clusters: K-means assumes that clusters are roughly spherical and equally

sized, which may not always be the case in real-world data.

Nevertheless, using the K-means algorithm in cluster analysis for retail site selection can provide a strategic
advantage, allowing retailers to identify optimal locations that align with business goals and customer
demographics. By clustering potential sites based on relevant features, retailers can ensure that each new
store is positioned for success. While K-means has limitations, its simplicity and efficiency make it a

valuable tool for data-driven site selection in the retail industry.
Conclusion

The use of non-traditional data sources in business economics analysis is rapidly evolving, offering new
ways to understand market conditions, consumer behavior, and economic trends. By combining these data
sources with appropriate analytical models, businesses can derive more accurate, real-time insights that
traditional data sources alone cannot provide. Models such as regression analysis, machine learning
algorithms, cluster analysis, and time-series forecasting allow businesses to extract actionable insights

from diverse datasets like web scraping, satellite imagery, mobile phone data, and 10T sensors.

As businesses continue to explore the potential of these new data sources, it is essential to address
challenges related to data privacy, security, and the ethical use of information. Nevertheless, the
integration of non-traditional data and advanced analytical models marks a significant leap forward in

business economics analysis, allowing for more timely, accurate, and data-driven decision-making.
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