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ABSTRACT
In this paper we propose a novel optimization framework for store
shelf space planning, specifically tailored for physical stores. The
framework leverages machine learning and data-driven techniques
to optimize shelf space allocation, aiming to maximize both short-
term and long-term business metrics such as sales and profit. Our
approach consists of three key components: a geospatial space
elasticity model, a long-term causal lift model, and a space opti-
mization module that incorporates various business constraints. To
provide tailored recommendations for different store locations, we
extend the classical space-dependent demand model by incorpo-
rating geospatial interventions and studying the geospatial hetero-
geneity effect on space elasticity, while considering inter-product
substitutability and complementarity. Furthermore, our framework
estimates the long-term impact of product assortment on store
performance using customer transaction data. In case study experi-
ments, our methodology showcased potential sales increases of 7.5%
for store remodeling and 6.7% for new store openings compared to
baseline approaches.

CCS CONCEPTS
• Applied computing → Business intelligence; Decision anal-
ysis; • Computing methodologies → Machine learning ap-
proaches.
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1 INTRODUCTION
Retail stores use hierarchical planning to optimize customer expe-
rience, with shelf space planning being crucial for store layout and
product placement. This involves two main decisions: (1) how much
space to allocate to each product family (e.g., department, category,
or specific product) and (2) where to position these products within
the store. Considerations include fixture allocation, shelf position-
ing, and strategic product placement, all of which affect customer
demand and store performance.

This paper examines how to optimize shelf space allocation in
retail stores. While traditionally based onmanual decisions, modern
retail now uses data-driven methods. Research introduced “space
elasticity” - measuring how sales change relative to allocated space
[4], which evolved from considering individual products [3] to in-
cluding product relationships and display orientations [2, 6]. How-
ever, current methods overlook how location affects demand and
space elasticity - urban stores show higher demand than suburban
ones, with locations requiring different product focus (e.g., prepared
foods in business districts, organic options in affluent areas).

Beyond location considerations, optimal space allocation must
balance various costs (purchasing, inventory, salvage, shortage)
with practical constraints like store footage limits and product-
specific requirements. For example, Meat departments need careful
space management to minimize waste, while alcohol sections face
varying legal restrictions.

This paper proposes a framework for optimal retail shelf space
allocation with three key contributions: 1) A space-dependent de-
mand model incorporating geospatial variables for more accurate
space elasticity estimates, especially for new stores, using a vari-
ant of Hierarchical Group Lasso [10] called Debiased Hierarchical
Group Lasso; 2) A causal lift model measuring products’ long-term
impact on overall store sales (e.g., coffee’s role in customer attrac-
tion); and 3) An optimization module combining space elasticity,
long-term impact, costs, and business constraints. In simulation case
studies conducted at Whole Foods Markets, the proposed frame-
work demonstrated potential sales improvements of 7.5% for store
remodeling processes and 6.7% for new store design processes com-
pared to baseline methods.

https://creativecommons.org/licenses/by-nc-nd/4.0/legalcode
https://creativecommons.org/licenses/by-nc-nd/4.0/legalcode
https://creativecommons.org/licenses/by-nc-nd/4.0/legalcode
https://doi.org/10.1145/3764919.3770880
https://doi.org/10.1145/3764919.3770880


GeoIndustry ’25, November 3–6, 2025, Minneapolis, MN, USA Li et al.

2 SETUP AND PROBLEM FORMULATION
In the proposed framework, we consider space allocation of "
product families within a store. Let s = (B1, B2, . . . , B" ) denote al-
located space, where B8 represents space for family 8 , 8 = 1, . . . , " .
Weekly unit sales 38 (s, x) depend on both its space B8 and other
families’ space (B 9 , 9 ≠ 8), with x representing geospatial attributes
such as trade area demographics, foot and car traffic, and nearby
grocery landscape. With average unit price ?8 and  cost com-
ponents 28,: (s, x) (such as purchasing, shrinkage, inventory, and
replenishment), store utility ~ is:

For revenue: ~ =
∑"
8=1 38 (s, x) · ?8 . For profit: ~ =

∑"
8=1 [38 (s, x) ·

?8 −
∑ 
:=1 28,: (s, x)].

Our objective is to determine s∗ = argmaxs ~, subject to business
constraints.

3 METHODOLOGY
Our framework integrates two core models to optimize retail space
allocation. Specifically, we employ a geospatial space elasticity
model to estimate space elasticity and product demand, coupled
with a causal lift model to assess the long-term impact of product
families on overall store performance.

3.1 Geospatial space elasticity
The classical approach to study space elasticity is to model the
demand for a product family based on the space allocated to each
product family. Specifically, the demand for each product family is
modeled as follows [2]:

38 (s) = U8 · BV88 ·
∏
9≠8

B
X8 9
9
, 8 = 1, . . . , ". (1)

Here, V8 denotes the primary space elasticity, measuring the magni-
tude of demand increase with the increase of its allocated space.The
demand is assumed to grow at a diminishing rate, i.e., 0 ≤ V8 ≤ 1,
as illustrated by scientific experiments [5, 8]. X8 9 denotes the sec-
ondary space elasticity, which measures interdependency between
product families 8 and 9 , ranging from -1 to 1, with positive val-
ues indicating complementary relationships and negative values
indicating substitutes. U8 represents the base demand of product
family 8 when all product families are allocated a unit space (i.e.,
B 9 = 1, 9 = 1, . . . , ").

Ourmethodology extends this traditional demandmodel (1) to in-
corporate geospatial variables x , allowing the demand of a product
family to depend not only on allocated space but also on relevant
geospatial factors. Furthermore, we propose that space elasticity
itself can be influenced by geospatial variables such as trade area
population, foot and car traffic, and nearby grocery landscape. To
be specific, our geospatial demand model is formulated as:

38 (s, x) = U8 ·BV88 ·
∏
9≠8

B
X8 9
9

·
!∏
ℓ=1

B
WℓGℓ
8

·
∏
9≠8

!∏
ℓ=1

B
Z8 9ℓGℓ
9

·� (3 , x), 8 = 1, . . . , ".

(2)
In this extended model, Wℓ and Z8 9ℓ measures the geospatial hetero-
genity effect on the space elasticity from the geospatial variable Gℓ ,
ℓ = 1, . . . , !. The primary space elasticity for product family 8 be-
comes V8 +

∑!
ℓ=1 WℓGℓ , which is the exponential term of B8 . Therefore,

if the shelf space of the target product family B8 increases by A%, the

demand 38 (s, x) will increase by
[
(1 + A%)V8+

∑!
ℓ=1 WℓGℓ − 1

]
× 100%.

The secondary space elasticity isX8 9+
∑!
ℓ=1 Z8 9ℓGℓ , 9 ≠ 8 , 9 = 1, . . . , " .

If the shelf space of the other product family 9 increases by A%,
the demand for the target product family 38 (s, x) will increase by[
(1 + A%)

∑!
ℓ=1 X8 9+Z8 9ℓGℓ − 1

]
× 100%. � (3 , x) measures the constant

geospatial effect on demand, where log� (3 , x) = ∑!
ℓ=1 gℓGℓ . If we

take logarithm for both sides of (2), it yields a linear equation

log38 (s, x) = logU8 + V8 log B8 +
∑
9≠8

X8 9 log B 9 +
!∑
ℓ=1

WℓGℓ log B8

+
∑
9≠8

!∑
ℓ=1

Z8 9ℓGℓ log B 9 +
!∑
ℓ=1

gℓGℓ .

(3)

To estimate the model parameters (" , #, %,$ , ' ,3 ), where " =

{U8 }1≤8≤" , # = {V8 }1≤8≤" , % = {X8 9 }1≤8≠9≤" , $ = {Wℓ }1≤ℓ≤! ,
' = {Z8 9ℓ }1≤8≠9≤",1≤ℓ≤! and 3 = {gℓ }1≤ℓ≤! , we propose a two-
step process using a variant of Hierarchical Group Lasso (HGL)
[10] and we name it Debiased Hierarchical Group Lasso (DHGL).
This approach allows for variable selection on the high-dimensional
geospatial variables x and robust parameter estimation for space
elasticity. In the first step, we use HGL to perform variable selection,
mitigating predictor multicollinearity and model overfitting. HGL
ensures strong hierarchy in estimating interaction effects: when
the interaction effect between a geospatial variable Gℓ and allocated
space B8 is non-zero, both the main effect of geospatial variables
(gℓGℓ ) and the interaction effect with allocated space (WℓGℓ log B8 )
are retained after variable selection, which results in interpretable
interaction models. Specifically, if Wℓ ≠ 0, we have gℓ ≠ 0. After
variable selection, we obtain the remaining variable set �8 and
rewrite (3) to

log38 (s, x) = logU8 + V8 log B8 +
∑

log B 9 ∈�8
X8 9 log B 9

+
∑

Gℓ log B8 ∈�8
WℓGℓ log B8 +

∑
Gℓ log B 9 ∈�8 , 9≠8

Z8 9ℓGℓ log B 9 +
∑
Gℓ ∈�8

gℓGℓ .

(4)
In the second step, to address potential bias in the parameter es-
timates provided by common regularization methods for linear
models [15], we apply multiple linear regression on the selected
variables �8 . This approach, often referred to as de-biased LASSO,
yields debiased estimates for space elasticity. Such de-biased meth-
ods have been shown to possess desirable theoretical properties for
estimator convergence in linear regression models [14, 17]. Note
that the model observations for each product family depend on the
number of stores and the duration of store operations (e.g. seasonal
promotions, assortment changes), capturing both cross-sectional
and longitudinal effects on the space elasticity.

3.2 Causal lift estimates
We develop a causal lift model to measure product families’ long-
term impact on store performance. Let ℎ8,) (x) represent expected
customer spend over ) months following a purchase from family 8 ,
given location factors x . Using the potential outcomes framework,
we estimate Average Treatment Effect (ATE) [13, 7]:
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ℎ8,) (x) = E[.8 (1) − .8 (0) |^ = x] (5)

where .8 (1) and .8 (0) are outcomes with and without purchase
from family 8 , estimated using established methods such as the
inverse probability weighted estimator (IPWE), doubly robust learn-
ing and Propensity Score Matching (PSM) [16, 9, 12, 11].

This analysis identifies product families that drive long-term cus-
tomer value beyond their current sales performance. The resulting
causal lift estimates complement our geospatial elasticity model by
capturing temporal effects that extend beyond immediate space-
sales relationships, directly informing our optimization module’s
balance between short-term and long-term utility maximization.
For conciseness, this short paper omits detailed empirical results
from our causal lift analysis across departments and focuses instead
on the core space optimization framework.

3.3 Optimization and constraints
The optimization module ingests the aforementioned models and
business constraints to generate the optimal space allocation for
each product family, maximizing the store utility and enhancing
customer experience. This utility consists of both short-term and
long-term components. Short-term utility is primarily driven by
store profit, which depends on unit sales 38 (s, x), price ?8 and var-
ious cost components 28,: (s, x). Long-term utility, on the other
hand, is captured by causal lift estimatesℎ8,) (x), which quantify the
downstream impact of customer transactions following a purchase.
To be specific, our objective is to solve the following optimization
problem, subject to specific constraints:

max
s

"∑
8=1

{
38 (s, x) ·

[
l?8 + (1 − l)ℎ8,) (x)

]
−

 ∑
:=1

28,: (s, x)
}
. (6)

In the objective function, ?8 represents the average product price
within a given product family, weighted by product unit sales in
the store. For new stores, it is a common practice to estimate prices
based on existing stores in the same geographical area, as prices
tend to be relatively consistent within a region. The cost estimates
28,: (s, x) can be developed using DHGL, the same approach used
to estimate space elasticity in Section 3.1. l ∈ [0, 1] represents
a weight factor to balance the short- and long-term utility in the
objective function.

The optimization problem is subject to several constraints com-
monly considered in space planning. These include (i) the sum of
all product family spaces does not exceed the total store space
limit, i.e.,

∑"
8=1 B8 ≤ ( ; (ii) setting lower and upper bounds for each

product family’s allocated space based on store layout or expert
knowledge, i.e., ;8 ≤ B8 ≤ D8 , 8 = 1, . . . , " ; (iii) limiting different cost
components to certain thresholds, i.e., 28,: (x, s) ≤ �8,: , 8 = 1, . . . ,<,
: = 1, . . . ,  ; and (iv) incorporating specific merchandising rules
that reflect the company’s strategy and consumer behavior for dif-
ferent product families [1]. This framework allows for a comprehen-
sive approach to space allocation, balancing immediate profitability
with long-term strategic considerations while adhering to practical
operational constraints.

4 EMPIRICAL RESULTS
We evaluate our methodology through a case study of Whole Foods
Market (WFM) stores, analyzing space elasticity’s geospatial ef-
fects, departmental interdependencies, and applications to store
remodeling and design.

4.1 Geospatial space elasticity and
interdependency between product families

In Section 3.1, we introduce a location-dependent demand model
(2) that accounts for the geospatial heterogeneity effect on space
elasticity and the interdependency between product families. As
an illustrative case study, we analyzed how the geospatial factors
influence space elasticity for various departments in WFM stores
(e.g., Produce, Meat, Prepared Foods). To achieve this, we leveraged
DHGL to identify key variables with significant interaction effects
on departmental space and demand, including trade area size, store
tenure, consumables sales percentage, and the average home value
in the trade area. Figure 1 shows the projected departmental weekly
average sales (WAS) under actual and counterfactual primary elas-
ticities when we increase the geospatial and store attribute variables
by 10% for the Dairy and Prepared Foods departments in a repre-
sentative urban store. The actual elasticity estimate is based on
observed geospatial variables rather than counterfactual ones. If
the counterfactual elasticity for a variable is higher than the actual
elasticity estimate, it indicates the variable has a positive effect on
the space elasticity. The results reveal that geospatial variables can
have varying levels of effect on space elasticity across different
departments. For instance, both trade area size and consumables
spending in the trade area have a positive effect on space elastic-
ity for the Dairy department, but the latter has a larger influence.
Additionally, for Prepared Foods department, trade area size, home
value, and tenure all show positive effects, with similar magnitudes
of impact. These observations suggest the need for tailored rec-
ommendations for optimal shelf space allocations across different
store locations. For a department with high space elasticity given a
store location, the approach recommends allocating relatively large
space to this department to improve store performance.

Furthermore, we studied the demand-space interdependency
between departments in WFM stores. Figure 2 shows the mean es-
timates of primary and secondary elasticity for WFM departments,
where the horizontal axis represents the allocated space and the
vertical axis represents the department sales. The values reflect the
magnitude of how the allocated space influences the demand for
each department. We found that the space allocated to a depart-
ment always has the highest effect on its own demand compared
to the space allocated to other departments. The majority of de-
partments do not significantly impact each other through allocated
space. For the remaining department pairs, they exhibit comple-
mentary relationships with positive elasticity estimates to varying
degrees. For example, the space allocated to the Meat department
has a positive effect on the demand for several other departments,
including Dairy, Produce, and Seafood, but the space allocated to
the Bakery department does not influence the demand of any other
departments.
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Figure 1: The projected weekly average sales (WAS) under
actual and counterfactual primary elasticity estimates for
department Dairy and Prepared Foods in a representative
urban store. The elasticity value here is normalized to be the
relative change of WAS when the department size increases
by 10%. The WAS value in y-axis has been removed due to
confidential purpose.

Figure 2: Mean estimates for primary and secondary space
elasticity for WFM departments. X-axis represents the al-
located space to departments and Y-axis represents the de-
partment sales. The values reflect the magnitude of how the
allocated space influences demand for each department. All
values have been normalized to a scale of 0 to 1 while pre-
serving relative relationships.

4.2 Real-world Case Studies
Our framework was tested through case studies of optimizing space
allocation for both existing store remodeling and new store designs
at WFM, incorporating domain expertise as constraints.

The experiments incorporated realistic constraints derived from
historical data. For remodeling scenarios, we applied reasonable
bounds on department size variations. For new store scenarios, we

implemented flexible constraints based on historical size distribu-
tions and cost parameters. Using these constraints, our experiments
demonstrated potential sales improvements of 7.5% when tested
across existing store remodeling scenarios and 6.7% when evaluated
across new store design scenarios, compared to baseline approaches.

5 DISCUSSION AND CONCLUSION
This paper presents an optimization framework for retail shelf space
allocation that maximizes store performance through a geospatial
space elasticity model for location-specific recommendations, and
a causal lift model that balances immediate profits with long-term
impact. In our case studies, the proposed framework demonstrated
the potential to achieve 7.5% and 6.7% higher sales for store remod-
eling and new store openings, respectively, compared to baseline
methods.

Future research directions include: (1) optimizing product family
locations within stores based on shopping behavior and complemen-
tarity (e.g., placing visually appealing items like Floral at entrances);
(2) integrating omnichannel considerations, where online channels
serve as virtual shelves and stores as fulfillment centers; and (3)
coordinating shelf space with replenishment planning to balance
space reduction with stock maintenance needs.
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