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Abstract. Accurate estimation of store-level market potential is a critical capa-

bility for retail information systems supporting pricing, assortment, and replen-

ishment decisions. Yet existing approaches typically rely on static demographic 

proxies that fail to capture the competitive dynamics and spatial consumer be-

haviour shaping actual store demand. This paper proposes a conceptual frame-

work for estimating store-level market potential in geographically bounded local 

markets under limited availability of competitor sales data. Building on a local-

ized adaptation of the Huff model, the framework integrates store attractiveness, 

consumer travel behaviour, and spatial demand distributions to approximate the 

potential customer volume a store can realistically attract relative to competing 

outlets. Rather than requiring observed revenue data, it infers competitive posi-

tions from observable store attributes and demographic configurations. The 

framework is designed for integration within retail IS, providing a spatially 

grounded foundation for data-driven pricing and assortment decisions at the local 

market level. 

Keywords: Store Potential Estimation, Spatial Interaction Modelling, Local 

Markets, Retail Information Systems. 

1 Introduction 

Retail organizations increasingly rely on information systems (IS) to support marketing 

mix decisions across pricing, assortment management, and procurement and replenish-

ment activities [4, 9, 26, 30]. These systems translate large volumes of market data into 

operational recommendations that support managerial decision-making, enabling man-

agers to respond to shifting demand conditions, competitive pressures, and consumer 

heterogeneity at the local level [22]. The quality of such decisions, however, is funda-

mentally constrained by the quality of market representations that feed into these sys-

tems. In environments characterized by dense competitive landscapes and spatially dif-

ferentiated consumer demand, the ability to reliably estimate local market potential has 

therefore become a critical analytical capability within retail information systems, as 

these systems increasingly serve as the primary interface through which managers in-

terpret and act upon market information [30]. 

Based on the estimation of local market potential, which is characterized by the vol-

ume and spending capacity of prospective customers, retailers are better positioned to 
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forecast sales and demands. Accurate sales and demand forecasting sits at the core of 

several interdependent retail IS functions [19, 20]. These functions span demand-driven 

procurement and replenishment planning as well as promotional and pricing optimiza-

tion. By estimating the potential customer volume for a store, retailers can optimize 

inventory replenishment cycles and negotiate supply contracts with greater leverage, 

directly strengthening supply chain efficiency [20, 28].  

IS incorporating these analyses typically operationalize market potential through 

spatially defined regions (catchment areas) within which a store can reasonably expect 

to attract customers. These catchment areas are evaluated either by the total volume of 

potential customers residing within them or by the aggregate spending capacity they 

represent. Simple catchment approaches, however, treat potential as a static demo-

graphic quantity, distributing it uniformly across all stores within a radius without ac-

counting for competitive dynamics or consumer choice behaviour. Geographic infor-

mation systems (GIS) address this limitation by integrating gravitational and spatial 

interaction models, most notably the Huff model [16], which estimate store-level at-

traction probabilities as a function of store attractiveness and distance. This allows mar-

ket potential to be allocated across competing stores in proportion to their relative draw-

ing power, producing a behaviourally grounded and competitively sensitive estimate of 

how much demand a given store can realistically capture within its local market [11]. 

While spatial interaction models such as the Huff model provide a well-established 

framework for modelling consumer choice across competing stores, their empirical ap-

plication typically relies on observed store-level sales or market share data for calibra-

tion and validation. In many real-world retail environments, however, such data are 

unavailable for competing stores, creating a methodological challenge for estimating 

local competitive positions and store-level market potential. Consequently, while spa-

tial interaction models offer a theoretically sound representation of consumer choice, 

their application in competitive retail environments is often constrained by the lack of 

observable store-level sales data for competing retailers. 

The practical relevance of store-level potential estimates becomes particularly clear 

in the context of pricing and assortment decisions [7, 13]. In brick-and-mortar retail, 

prices are rarely set in isolation from the competitive environment: the interplay be-

tween retailers in a shared local market can be interpreted as a strategic interaction 

among retailers. This means competitive position, informed by the relative potential of 

each store, determines whether active or passive pricing policies are appropriate [2, 25]. 

Retailers commanding a dominant position within their local catchment area have 

greater latitude to set prices independently, while those operating under competitive 

pressure must respond to market leaders. Similarly, assortment planning depends on an 

understanding of which competitors operate within reach of the same customer base 

and to what extent their assortments overlap. Store potential estimates, by characteriz-

ing the spatial distribution of demand and the competitive intensity of the local market, 

provide the informational foundation for both of these decisions. 

For stationary retail, these competitive dynamics unfold within geographically 

bounded local markets. These are defined here as the spatial area within which a limited 

set of stores realistically compete for the same pool of customers, delimited either by a 

fixed radius or by administrative boundaries such as ZIP codes. Estimating store 
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potential within such markets is not straightforward. While retailers are legally required 

to disclose revenue figures, these are reported at the aggregate organizational level and 

cannot be decomposed to individual stores or local markets without introducing sub-

stantial bias. Direct observation of store-level demand is therefore rarely feasible, and 

store potential must be estimated from observable inputs (e.g., store attributes, geo-

graphic configurations, and demographic data) through spatial modelling. This is pre-

cisely the gap that gravitational models such as the Huff model are designed to address. 

Against this backdrop, this paper proposes a conceptual framework for estimating 

store-level market potential in geographically bounded local markets under limited 

availability of sales data. Building on a localized adaptation of the Huff model, the 

framework integrates store attractiveness, consumer travel behaviour, and spatial de-

mand distributions to approximate the potential customer volume a store may attract 

relative to competing outlets. Rather than relying on directly observable store-level rev-

enue data the approach uses spatial modelling to infer competitive positions from ob-

servable market characteristics such as store attributes, geographic configurations, and 

demographic demand structures. 

The contribution of this study is therefore not the bounding of choice sets by dis-

tance, which is well established in spatial economics, but the design of an IS artifact 

that estimates store-level competitive position under the absence of competitor sales 

data by inferring it from observable store attributes and demographic structure, and that 

exposes this estimate in a form directly consumable by the pricing, replenishment, and 

assortment functions of a retail information system. The framework’s novelty thus lies 

in the conjunction of data-constrained competitive inference and downstream IS inte-

gration, rather than in any single component of the underlying spatial model. As this 

study represents a research-in-progress effort, the proposed model is intended as a con-

ceptual and analytical basis for future empirical evaluation. Subsequent research will 

assess the validity of the spatial approximations using observed customer flow data and 

store-level traffic patterns. 

2 Retail Information Systems as Decision Support 

Infrastructure 

The integration of analytical models into organizational decision-making has been a 

central concern of IS research since the emergence of Decision Support Systems (DSS) 

as a field. Early conceptualizations positioned DSS as computer-based systems de-

signed to support rather than replace managerial judgment in semi-structured decision 

environments, precisely the conditions under which retail pricing and assortment deci-

sions are made [27]. Subsequent work extended this framing to settings where decisions 

are spatially structured and data-intensive, recognizing that the value of a DSS depends 

not only on the underlying model but on its embeddedness within the information in-

frastructure of the organization [5]. 

Retail IS represent a specific instantiation of this broader DSS tradition. Their func-

tion is to translate heterogeneous operational data e.g., sales records, inventory states, 

competitor activity, and demographic demand signals, into structured 
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recommendations that support marketing mix decisions across pricing, assortment, and 

replenishment [4, 9]. As Weber and Schütte [30] document, the adoption of AI-driven 

analytical capabilities within these systems has accelerated markedly, yet remains con-

centrated in functions where training data are abundant and outcomes directly observ-

able. Demand forecasting and price optimization, for instance, have benefited substan-

tially from machine learning approaches precisely because historical transaction data 

provide a dense feedback signal [19, 20]. By contrast, functions that depend on com-

petitor-level market information, and are therefore data-constrained by design, have 

received comparatively less systematic IS support, despite their strategic importance. 

This gap is particularly pronounced in the estimation of local market potential, which 

requires reasoning about the spatial distribution of demand relative to competing out-

lets. Existing retail IS tend to operationalize market context through static demographic 

proxies (e.g., catchment population counts, area income levels) that are readily availa-

ble but theoretically impoverished: they treat potential as a property of geography rather 

than of competitive interaction [11, 18]. The result is that decisions sensitive to local 

competitive structure, above all, pricing and assortment positioning, are made with rep-

resentations of the market that abstract away the very dynamics they are intended to 

respond to. 

Spatial interaction models address this limitation by grounding market potential es-

timates in a behavioural theory of consumer choice. Within a GIS environment, they 

can be operationalized as components of a spatially aware DSS: the model ingests het-

erogeneous data layers (store attributes, road network geometries, demographic grids), 

produces probabilistic estimates of competitive demand capture, and passes these esti-

mates downstream to pricing and assortment modules. In this configuration, the GIS is 

not merely a visualization platform but an integration and computation layer within the 

IS, hence transforming spatial data into decision-relevant market representations. This 

positions store potential estimation as an IS artifact problem: the design challenge lies 

not in the spatial model itself, which is well-established, but in specifying a formulation 

that is tractable within the data constraints typical of real retail IS environments and 

connectable to the downstream decision functions it is meant to inform. 

The framework proposed in this paper responds to this challenge. By adapting the 

Huff model to a localized, data-constrained setting and embedding it within GIS-

integrated retail IS infrastructure, the paper contributes a conceptual design artifact, in 

the sense of Hevner et al. [12], that extends the analytical reach of retail decision sup-

port into competitive market contexts where existing system capabilities fall short. 

 

3 Store Potential and Catchment Areas 

Estimating the demand a store can realistically attract within its local market requires 

models that account for both the spatial distribution of consumers and the competitive 

dynamics among stores. Spatial interaction models address this by treating consumer 

patronage as a probabilistic function of store attractiveness and distance, allowing po-

tential demand to be distributed across competing stores in a behaviourally grounded 



 Store-Level Market Potential Estimation 5 

 

way [15, 29]. The practical deployment of such models, however, depends on infor-

mation systems infrastructure capable of integrating the heterogeneous spatial datasets 

they require. This includes demographic demand distributions, store attributes, road 

network configurations, and competitor locations. GIS have emerged as the primary 

technological environment for this purpose, enabling the combination of spatial data 

layers within a unified analytical platform and making store potential estimation an 

operational IS capability rather than a purely theoretical exercise [18]. 

The most influential of these models is the probabilistic attraction model proposed 

by Huff [16]. While originally developed to estimate consumer attraction to shopping 

centres, the model generalizes naturally to individual stores and provides a theoretically 

sound basis for estimating store-level potential within a geographically bounded com-

petitive environment. The original model is given by 

 

 𝑃𝑖𝑗 =

𝑆𝑗

𝑇𝑖𝑗
𝜆

∑  
𝑆𝑗

𝑇𝑖𝑗
𝜆

𝑛
𝑗=1

 , (1) 

where Pij determines the probability of a customer traveling from region i to store j, 

Sj denotes the area of the store, Tij represents the travel time from region i to store j, and 

λ represents an empirical parameter for distance decay. Subsequent applications ex-

tended the model by introducing an attractiveness elasticity parameter α, replacing Sj 

with Aj
α to reflect the diminishing marginal attractiveness of larger stores. Thereby a 

double-sized store does not necessarily draw double the customers. Further adaptations 

replaced travel time Tij with straight-line distance Dij, simplifying application in con-

texts where travel time data are unavailable [6, 8, 10]. Within GIS environments, these 

inputs are typically derived from integrated data layers e.g., store footprint data, census 

demographic grids, and road network geometries, allowing the model to be parameter-

ized and executed directly within the spatial analytics infrastructure of the IS. 

The spatial foundations underlying the Huff model were established earlier by Ho-

telling [14], whose linear model demonstrated the fundamental importance of a retail-

er's distance to potential customers and competitive distance to rival stores. Hotelling's 

contribution lies in formalizing the spatial dimension of retail competition. His insight 

shows that store location relative to both consumers and competitors shapes demand, 

though his deterministic and highly abstract framework is difficult to operationalize in 

real local markets without strong structural assumptions. 

An extension of Hotelling's spatial logic was introduced by Salop [21], who replaced 

the linear market with a circular one, allowing for a more realistic representation of 

competition among multiple retailers. Salop's model reinforces the empirical relevance 

of local markets as spatially bounded competitive units, showing that a limited set of 

stores compete for the same pool of customers within a defined geographic area. Like 

Hotelling, however, Salop's model is deterministic and assumes an even distribution of 

customers across space, limiting its applicability to the heterogeneous demand distri-

butions encountered in real retail settings. 

A more recent contribution by Saleh (2007) proposes a generic framework for esti-

mating store attraction across segmented markets, combining an information entropy 
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concept with an attraction model that accounts for customer heterogeneity and product 

attributes such as quality. This approach is theoretically richer than the Huff model and 

captures behavioural heterogeneity that simpler models abstract away. However, the 

additional parameters it requires must be estimated or assumed prior to application, 

making it difficult to deploy in data-constrained environments where competitor-level 

information is limited and harder to integrate into GIS-based retail IS where input data 

availability is a binding constraint. 

Contemporary GIS platforms such as ESRI ArcGIS and cloud-based spatial analyt-

ics environments have made Huff-type store potential models increasingly accessible 

as operational IS components [23]. These platforms support the assembly of multi-

source spatial datasets into integrated analytical pipelines. This can be achieved by 

combining point-of-interest databases, administrative demographic layers, and user-

generated data such as store visit frequencies from mapping services. Crucially, GIS 

environments do not merely visualize spatial outputs but serve as data integration and 

decision support infrastructures: potential estimates generated within them can be con-

nected to downstream IS functions such as pricing engines, assortment planning tools, 

and replenishment systems. This integration transforms store potential from a static an-

alytical output into a dynamic input for operational retail decision-making. Despite 

these advances, however, the systematic embedding of spatial interaction models within 

retail IS remains underdeveloped in both academic research and industry practice, with 

potential estimates rarely connected to the marketing mix decisions they are most rele-

vant to. 

Taken together, these models and their GIS implementations establish that store po-

tential is best understood as a spatially structured outcome of competitive interaction 

rather than a static demographic quantity. Among the available approaches, the Huff 

model offers the most tractable foundation for operationalizing this insight under real-

world data constraints: it requires only store size and geographic distance as inputs, 

produces probabilistic estimates that reflect competitive dynamics, and has been exten-

sively validated across retail and geographic contexts. Its compatibility with GIS data 

infrastructures further makes it a natural candidate for integration into retail IS. These 

properties make it a suitable basis for a store potential estimation framework applicable 

to local markets where competitor sales data are unavailable, and for embedding that 

framework within the IS environments through which retail decisions are operationally 

supported. 

4 The market share estimation algorithm 

We propose a localized adaptation of the classical Huff model that explicitly estimates 

the demand a focal store can realistically attract within its competitive local market. 

Rather than treating market potential as a static demographic quantity, the framework 

distributes available demand across competing stores as a function of their relative at-

tractiveness and spatial accessibility. The model consists of three components: a local-

ized choice set definition, a store potential estimator, and a competitive demand ratio 

that contextualizes the estimated potential within the local market structure. 
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We first restrict the set of stores that customers from a given region i consider when 

making patronage decisions. Consistent with the literature on spatial shopping behav-

iour, we assume that customers will not travel beyond a fixed maximum distance R, 

reflecting empirically observed limits on consumer travel willingness in retail contexts. 

The attraction probability for a customer from region i toward store j is therefore given 

by 

 𝐻𝑖𝑗 =

𝑆𝑗

𝐷𝑖𝑗
𝜆

∑  
𝑆𝑗

𝐷𝑖𝑗
𝜆

𝑛
𝑘𝜖𝛤𝑖

 , (2) 

 

where the choice set is defined as 

 𝛤𝑖 = {𝑗 ∶  𝐷𝑖𝑗 ≤ 𝑅𝑖}. (3) 

 

Here, Sj denotes the attractiveness of store j, operationalized as store size or selling 

space. Dij represents the straight-line distance from region i to store j, and λ is an em-

pirical distance decay parameter. Γi denotes the set of stores reachable from region i 

within the region dependent radius Ri. Depending on a rural or urban setting, the radius 

is set to be larger or smaller. Stores beyond this radius contribute an attraction proba-

bility of zero, yielding a spatially bounded model that reflects geographically realistic 

patronage patterns. Within a GIS environment, both the distance matrix Dij and the 

reachable store set Γi can be derived directly from integrated spatial data layers, making 

the choice set operationally tractable without requiring observed competitor sales data. 

Given the attraction probabilities derived in component one, we estimate the total 

potential customer volume a store j can expect to attract across all regions i within its 

catchment area. This quantity, namely the store's market potential, represents the ex-

pected demand units drawn to the store given its competitive environment and is given 

by 

 𝑃𝑗 = ∑ 𝐶𝑖𝑗𝑖 , (4) 

 

where the contribution of region i to store j is 

 

 𝐶𝑖𝑗 = 𝜔𝑖 × 𝐻𝑖𝑗. (5) 

 

Here ωi denotes the total number of demand units in region i, such as population 

counts, household numbers, or estimated shopping trip frequencies, which are typically 

sourced from census demographic layers integrated within the GIS environment. To 

contextualize this estimate, we additionally compute the total available demand within 

the store's effective catchment area, independent of competition: 
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 𝑊𝑗 = ∑ 𝜔𝑖

𝑖: 𝐷𝑖𝑗≤𝑅

 (6) 

 

This quantity captures how many potential customers reside within reach of the 

store, providing a demand ceiling against which the competitively allocated potential 

can be assessed. Finally, to situate the store's estimated potential within its local com-

petitive environment, we define a competitive demand ratio as the proportion of avail-

able catchment demand that the store can expect to attract given the presence of com-

peting outlets: 

 

 𝑆𝑗 =
𝑃𝑗

𝑊𝑗
=

∑ 𝜔𝑖𝐻𝑖𝑗𝑖

∑ 𝜔𝑖𝑖: 𝐷𝑖𝑗≤𝑅𝑖

 (7) 

 

This ratio reflects the store's competitive position within its local market, accounting 

simultaneously for consumer travel behaviour, store attractiveness, and the spatial dis-

tribution of demand. A ratio approaching one indicates a dominant store with limited 

effective competition within its catchment, while lower values signal competitive pres-

sure from nearby alternatives. This measure provides the direct informational input for 

pricing and assortment positioning decisions: a store with a high competitive demand 

ratio operates in conditions more conducive to active pricing, while stores with lower 

ratios are more likely to operate as price followers within their local market. 

5 Discussion 

The proposed model inherits several assumptions from the classical Huff model that 

warrant critical discussion. As with most economic models that depict customer behav-

iour, the Huff model assumes rational and profit-maximising behaviour of the custom-

ers, which is very simplified. However, this abstracted model is well established in 

empirical research and is consistent with spatial interaction theory, since it applies prob-

abilistic spatial interaction based on gravitation and utility [1]. While the distance and 

attractiveness decay parameter α and β transparently model the effect of attractivity and 

distance, in our model these parameters are static. They do not capture reality beyond 

homogeneous customer behaviour and miss different product-group-specific or region-

specific sensitivity and elasticity. The distance in our model is further modelled as 

straight-line distance, which abstracts from reality, where customers need to drive or 

walk towards regions of interest like stores or shopping centres. Still, the Huff model 

is one of the most established ones in spatial competition [3], location and expansion 

research [17] and geography and transportation studies [24]. 

The choice of radius is a significant restriction compared to the original model. 

While it is a realistic operationalisation, reflecting a customer catchment area, it must 

be carefully chosen. Dependent on the chosen radius, there can be border-effects, which 

cut off large markets just outside the radius, who would have had a significant influence 

on the model. This limitation of the radius aligns with empirical research on customers 
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driving distance and time [8, 10, 28]. However, the radius should be dependent on the 

type of the location of the retail store, since the travel distance customers are likely to 

travel does vary depending on urban or rural settings.  

Further, the attractivity of a store that attracts customers is represented by a proxy in 

the Huff model in form of the sales area of a store. This generally functions well, since 

sales area correlates with store-level demand potential. But, attraction to a store does 

not solely rely on the sales area, since customers are always interested in the retailers 

image, services, and quality [29]. While traditional retailer may have a large sales area, 

the quotient of sales per sales area highly varies for discounter, thus including some 

bias into the proxy. Store size can nonetheless be supplemented or replaced by customer 

visit frequencies and dwell time data retrievable through mapping service APIs. These 

data sources are increasingly accessible within GIS-integrated retail IS environments 

and provide a behaviourally grounded proxy for store attractiveness. 

The model itself is a purely mathematical representation of an estimation engine 

layer that can be integrated into pricing IS. It serves as an intermediator between the 

GIS-integrated layer and the core retail IS functions covering pricing engine, replen-

ishment and demand forecasting or assortment planning. With the resulting potential 

estimation directly integrated into an automatic pipeline, retailers can more accurately 

determine prices based on the aforementioned factors. 

6 Conclusion and further Evaluation 

The aim of this research-in-progress paper was to propose and discuss a conceptual 

framework for estimating store-level market potential within geographically bounded 

local markets under limited availability of competitor sales data. We chose the well-

established Huff model as our basis, since it allows the observation of multiple stores 

and can be applied to multiple markets and includes probabilistic customer attraction. 

Our presented extension of the Huff model included a limiting radius to make the 

model robust and efficient for real world application, while addressing customers 

travel distance. Based on this extension, we showed how to estimate the store poten-

tials for each competitor within the local market.  

For our future research especially the evaluation of the proposed model, we plan the 

following: First, we analyse customer data and scanner data from a large German re-

tailer, to prove our assumption of limiting the radius in our proposed model. Then im-

plement and integrate our model into the retailer’s IS and analyse a region the retailer 

operates stores within. Thereby we can calculate each stores potential relative to the 

retailers’ competitors. Since having access to customer data, we then plan to evaluate 

our model with real attraction data, analysing customer flows.  

As a second part, we plan to integrate a temporal dimension into our model to cor-

rectly capture time dynamics in local markets. Currently our model assumes every po-

tential customer from a region to visit one store at a time. While this applies to all time 

frames, this abstracts from reality, where customers switch brands and loyalty. Thus, 

we plan on adding a changing probability and likelihood for visiting a retailer’s store, 

capturing time dynamics. Further, we plan to extend our model to allow customers to 

visit multiple stores in a time horizon, capturing reality’s customer behaviour, where 
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customers may visit a bakery in the morning and go grocery shopping in the evening. 

By extending our model, retailers cannot only estimate their market potential but also 

apply a forecast on how their sales and revenue will be. This enables retailers to perform 

strategic price management and ultimately strengthening the retailer’s competitive po-

sition in local and global markets. 
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