Proceedings of the 59th Hawaii International Conference on System Sciences | 2026

Health Comes at a Hidden Cost: Strategic Pricing and Equity in Heart
Supplement Markets

Li Zeng
Tilburg University
L.Zeng @tilburguniversity.edu

Abstract

Strategic pricing can improve profitability but may
exacerbate disparities among vulnerable consumers.
To examine this tension, this work utilizes NielsenlQ
data on heart-health supplement purchases, analyzing
empirical coupon usage and price disparities associated
with household demographics and health status. Based
on these models, a simulation study evaluates the impact
of four pricing strategies: uniform, second-degree,
third-degree, and combined, under varying behavioral
assumptions. Findings highlight how revenue gains
from demographic-based pricing can come at the cost
of increased inequity, but also show that more balanced
outcomes which support both profitability and fairness,
are achievable through combined or behavior-based
strategies.

1. Introduction

The shape and slope of demand—Ilong treated
as abstractions—now emerge with striking clarity.
Personalized pricing is no longer a theory; it is
a day-to-day reality in markets ranging from retail
to healthcare. Nowhere are the stakes higher
than in health-related consumer markets, such as
the heart-health supplement sector, where purchasing
decisions intertwine with medical needs, wellness
awareness, and limited flexibility. As consumers age,
experience health shocks, or become more attuned
to prevention, their responsiveness to price—what
economists term elasticity—can shift in meaningful
ways. With growing access to detailed transaction data
and greater transparency, firms can now track evolving
demand patterns and recalibrate pricing strategies
almost in real time (Seele et al. (2021)). This
enables continuous pricing optimization, but also poses
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a double-edged challenge: surplus-driven strategies may
respond faster than institutional or ethical safeguards,
inadvertently widening disparities for vulnerable groups
(Lambrecht and Tucker (2019); Cowgill et al. (2020)).

Our aim in this paper is to evaluate how alternative
pricing instruments—uniform schedules, group-based
targeting, coupon mechanisms, and hybrids—affect
both firm revenue and consumer equity in the
heart-health supplement market. We ask not whether
firms can personalize prices, but how they should
design pricing systems that remain adaptive, fair, and
economically sound.

Two instruments are especially salient in practice:
group-targeted pricing based on observable traits, and
consumer-activated discounts such as coupons. Both
are widely used to align prices with inferred willingness
to pay, yet they operate through distinct informational
and behavioral channels. Group-based targeting draws
on demographic segmentation, while coupon and price
comparison mechanisms rely on consumers to self-sort
through active search. However, these tools may
inadvertently reinforce disparities when the ability to
search, delay, or shop around is unequally distributed
(DellaVigna and Malmendier (2006); Cheema and
Soman (2008)). Consumers with urgent health needs
may, paradoxically, face higher effective prices despite
having the greatest need.

To probe these issues, we leverage linked
household-level panel data from NielsenlQ’s
Consumer Panel and the Annual Ailments, Health,
and Wellness Survey (NielsenlQ (2025)). We estimate
how demographic and health-related characteristics
shape coupon redemption and observed price variation.
Our empirical analysis highlights systematic differences
in price sensitivity and discount take-up that map onto
observable household traits, raising concerns about
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differential access and effective price burdens.

We then integrate these estimates into a simulation
framework comparing uniform pricing, group-targeted
schedules, coupon-based mechanisms, and hybrid
designs. The framework combines empirically
estimated elasticities with data-driven profiling of
population traits to model firm-level outcomes.
This approach enables us to assess not only the
surplus extracted under each design but also their
implications for consumer equity—particularly when
price responsiveness correlates with medical needs or
socioeconomic status.

2. Related Work

The growing availability of digital trace data and
advances in empirical industrial organization have
enabled firms to personalize prices with increasing
precision. Many rely on hybrid segmentation strategies
that combine behavioral patterns with demographic and
contextual signals to guide promotions, discounts, and
even real-time pricing decisions (Seele et al. (2021);
Ahmadi et al. (2024)). Although such approaches can
improve targeting and increase firm profits by shaping
demand more effectively (Aguirre et al. (2010)), they
also trigger concerns about fairness, particularly when
algorithmic pricing systematically disadvantages certain
groups (Lambrecht and Tucker (2019); Cowgill et al.
(2020)).

Economic theory supplies the canonical lens
for evaluating these practices.  Third-degree price
discrimination may enhance welfare when it expands
total output or reaches underserved consumers (Varian
(1985); Armstrong (2006)), yet the distributional
consequences become ambiguous when segmentation
aligns with vulnerability—for instance, by health
status or geography (Stole (2007)). Second-degree
mechanisms, such as coupons or bulk packages,
likewise hinge on search costs and self-control
constraints that vary systematically across households
(DellaVigna and Malmendier (2006); Cheema and
Soman (2008)).

Complementing these theoretical insights, research
on public health and consumer psychology shows
that health status and health awareness powerfully
shape the shopping effort, price sensitivity, and
promotional engagement (Grunert et al. (2010); Mai
and Hoffmann (2015)). Consumers managing chronic
conditions face tighter substitution constraints, whereas
health-conscious households devote greater cognitive
resources to comparing labels, ingredients, and prices
(Ares et al. (2008); Block et al. (2011); Duani et al.
(2024)). Yet these dimensions are largely absent from

empirical pricing models.

Retail-scanner studies do document price and
promotion disparities by consumer characteristics such
as income or search costs (Matsa (2011); Seiler
(2013)), but rarely integrate health variables. Evidence
from adjacent domains suggests why this matters:
mobility barriers heighten sensitivity to fuel prices
and discounts (Gicheva et al. (2007)), and disparities
in healthy-food prices impose heavier burdens on
households with limited mobility or lower incomes
(Zenk et al. (2009); Headey and Alderman (2019)).
Such findings imply a critical, underexplored link
between health heterogeneity and price exposure,
especially in supplement markets.

Finally, the data science literature warns that opaque
machine learning pipelines can embed latent biases,
spurring calls for transparent, fairness-aware analytics
(Barocas et al. (2023); Ohlwein and Bruno (2025)).
Frameworks that reveal segmentation structure while
minimizing inequity, such as combining dimensionality
reduction with transparent causal models, are now
widely recommended (Kleinberg et al. (2017); Rudin
(2019)).

We extend this interdisciplinary dialogue by
applying interpretable data science tools—principal
component analysis, empirical modeling, and
counterfactual pricing simulations—to link latent
household profiles of demographics, health condition,
and health consciousness to coupon use and unit
prices in the heart-supplement category. The approach
illuminates systematic differences in price sensitivity
and promotional responsiveness and quantifies the
distributional impact of alternative pricing strategies,
thereby advancing both managerial strategy and
equity-aware analytics.

3. Methods

3.1. Data

This study leverages NielsenlQ datasets licensed
through the Kilts Center for Marketing at the University
of Chicago Booth School of Business (NielsenlQ
(2025)). We constructed our analytic dataset by
merging two key datasets: the Consumer Panel and the
Annual Ailments, Health, and Wellness Survey. This
integration enables the examination of both purchasing
behavior and health-related household characteristics
while adhering to strict confidentiality standards -
no personally identifiable information was used or
disclosed in this research.

The Consumer Panel is a longitudinal dataset that
collected detailed information on household shopping
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trips across U.S. retail stores. Each purchase
record includes the date, product characteristics (e.g.,
UPC, category, price, quantity), and coupon use.
Demographic attributes are also available, including
household income bracket, household size, presence of
children, education of heads of household, occupation
type, and geographic region.

Complementing this is the Annual Ailments, Health,
and Wellness Survey, which collected self-reported
household health and lifestyle information.  Key
variables include the presence of a variety of chronic
health conditions (e.g., blood/heart problems, diabetes,
etc.), as well as attitudes and behaviors related to health
and wellness, such as dietary practices, physical activity,
and the perceived importance of supplement intake.

This study focuses specifically on heart-health
supplements, one of the largest and most clearly
coded categories in the product hierarchy.  Their
widespread use in supporting cardiovascular well-being,
particularly among those with chronic conditions,
highlights both their clinical importance and relevance
for understanding equity in health-related markets.

For consistency across measures, we restricted the
analytic sample to households with full participation in
both the Consumer Panel and the Health Survey for
each year from 2021 to 2023. The final dataset consists
of 36,338 heart supplement purchases of 1,155 unique
products (UPCs) made by 6,681 households.

3.2. Modeling Consumer Pricing and
Discount Patterns

This section outlines the empirical framework
to examine how household-level demographic
characteristics relate to discount use and unit price
in the heart-health supplement market. We developed
two models using the same set of predictors: (1) a
logistic regression model to estimate whether a coupon
was used on a given purchase, and (2) a linear regression
model to estimate product’s pre-discount unit price.

3.2.1. Conceptual Framework and Variable Design
This framework includes two main categories of
explanatory variables: health-related indicators and
demographic characteristics. The outcome variables are
(1) whether a coupon was used for a purchase, and (2)
the pre-discount unit price for a product purchase. A
summary of key variables and their descriptive statistics
is presented in Table 1. In addition, we included a set of
contextual control variables (i.e., time and location fixed
effects) to account for broader structural differences in
purchasing conditions.

Health-related Indicators. The health-related

variables are drawn from the Annual Ailments, Health,
and Wellness Survey and include both original survey
items and binary indicators created through recoding
(e.g., presence of a condition or special diet). They
capture physical conditions, behaviors, and attitudes
that may influence both purchasing behavior and
exposure to pricing differences.

Blood/Heart Problems?: A binary indicator
capturing whether any household member reported
cardiovascular-related conditions. This includes
blood conditions (e.g., anemia, bleeding disorders),
heart disease, heart attack, angina, heart failure, and
hypertension.

Other Diseases?: A binary variable indicating the
presence of other chronic conditions not included in
the blood/heart category. This helps control for general
health burdens beyond cardiovascular-specific issues.

Exercise Frequency: An ordinal variable ranging
from 1 to 8, indicating how often the respondent
exercises in a typical week.

Micronutrient Priority: An ordinal variable from 1
(least important) to 5 (very important), measuring the
importance the household places on consuming vitamins
and minerals.

Special Diet?: A binary variable indicating whether
any household member reported following a specific
diet within the past six months prior to the survey.
Demographic Characteristics. Demographic variables
that were drawn from the Consumer Panel Data reflect
household composition, socioeconomic status, and
racial or ethnic background.

Race and Ethnicity: Households were categorized
into four racial groups: White, Asian, Black, and Other.
Each group was represented using binary indicators.
Hispanic origin was recorded as a binary indicator for
ethnicity, distinct from the four racial categories.

Household Income: Income was originally
recorded as a categorical variable with integer
codes corresponding to income ranges. To simplify
interpretation, each income category was recoded to its
midpoint value and then z-standardized.

Household Size: A continuous variable indicating
the number of individuals in the household.

Has Children?: A binary indicator for whether
children are present in the household.

Household Head Age: Originally recorded as
categorical codes for age ranges; midpoint values were
assigned for numerical interpretation.

Household Head White-Collar?: Binary indicators
for whether the male or female household head held a
white-collar occupation, derived based on a set of 12
occupational categories in the panel data.

Contextual Control Variables. To account for
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Table 1: Summary of Key Variables

Label Type N Mean SD Min Max
Outcomes

Unit Price Numeric 36338 16.12 9.8 0.01 328
Used Coupon? (1 = Yes) Binary 36338 0.2 0.4 0 1
Health-related Variables

Blood/Heart Problems? Binary 36338 0.5 0.5 0 1
Other Diseases? Binary 36338 0.9 0.3 0 1
Exercise Frequency Ordinal (1-8) 36338 4.76 2.45 1 8
Micronutrient Priority Ordinal (1-5) 36338 3.48 1.12 1 5
Special Diet? Binary 36338 0.4 0.49 0 1
Demographic Variables

Race: White Binary 36338 0.87 0.34 0 1
Race: Asian Binary 36338 0.04 0.2 0 1
Race: Black Binary 36338 0.05 0.23 0 1
Race: Other Binary 36338 0.03 0.18 0 1
Hispanic Origin? Binary 36338 0.95 0.21 0 1
Household Income Numeric 36338 66601.48 33300.16 2500 112500
Household Size Numeric 36338 1.97 0.88 1 9
Has Children in Household?  Binary 36338 0.05 0.21 0 1
Male Head Age Numeric 36338 48.69 28.98 0 70
Female Head Age Numeric 36338 57.73 20.67 0 70
Male Head White-Collar? Binary 36338 0.3 0.46 0 1
Female Head White-Collar?  Binary 36338 0.31 0.46 0 1

structural differences across space and time, we
included fixed effects for the state of residence and
the month and year of purchase (from January 2021 to
December 2023).

3.2.2. Modeling Coupon Usage Behavior The first
model estimates the likelihood that a household used
a discount coupon when purchasing a heart-health
supplement. Since the data do not include information
on whether a coupon was offered, the model does
not capture coupon availability. Instead, it focuses on
coupon redemption behavior, identifying which types of
households are more likely to use available discounts.
This behavior reflects a form of consumer-driven
price differentiation, where discount use depends on
individual awareness, motivation, or search effort.
The dependent variable is Used Coupon - a binary
indicator coded as 1 if a coupon was used and 0
otherwise. =~ While more complex models such as
tree-based models could capture nonlinearities, we use
logistic regression because it provides a stable and
interpretable way to estimate coupon usage and link
coefficients to household traits, with transparency and
robustness prioritized over predictive accuracy. The
logistic regression model is specified as follows:

logit (P(Used Coupon,, = 1)) = o + Xiy + it + €t

where ¢ indexes households and ¢ indexes purchases. X;
is a vector of household-level predictors, including both
health indicators and demographic characteristics. The
term «;; captures state and month-year fixed effects to
absorb geographic and temporal variation.

3.2.3. Modeling Demographic-based Pricing The
second model examines whether the pre-discount
unit price for a heart-health supplement differs
systematically across household characteristics. This
analysis helps identify patterns in pricing that may
reflect group-based targeting or access disparities in the
marketplace.

The dependent variable is Unit Price, defined as
the pre-discount price paid per unit of product. This
allows us to isolate how households traits are associated
with the base price offered, independent of discounts or
coupon use. Because prices are typically right-skewed,
we log-transformed this variable to improve model fit
and interpretability. As a result, each coefficient can
be interpreted as the approximate percentage change
in unit price associated with a one-unit increase in the
corresponding independent variable. Formally, the OLS
model is specified as follows:

log(Unit Price;) = Bo + X8 + aut + €ir,

where X; includes health and demographic predictors,
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and ;¢ represents state and month-year fixed effects.

3.3. Simulating Pricing Outcomes and Equity
Trade-offs

Next, we conducted a simulation study to evaluate
the effects of different pricing strategies on consumer
behavior, firm revenue, and equity. The simulation
introduces a controlled environment that uses empirical
estimates to guide pricing and coupon redemption,
while allowing flexible assumptions about household
behavior.

3.3.1. Pricing Scenarios The simulation evaluates
four pricing strategies that reflect increasing levels of
price customization:

Uniform pricing. All households face the same fixed
price pg, regardless of demographics or behavior. This
serves as a benchmark. The effective price shown below
is consistent for everyone:

Effective Price; = pg,

where py is the base price.

Second-degree Pricing. A base price pg applies
to all households, but the effective price is reduced
based on each household’s estimated likelihood of
using a coupon. We assume that all households have
access to coupons, reflecting real-world scenarios where
discounts are broadly available (e.g., via apps or store
circulars). The likelihood of using coupon—referred to
as coupon motivation—is estimated from the empirical
coupon usage model (See Section 3.2.2). The effective
price is given by:

Effective Price; = py — po * d * Coupon Motivation,,

where pg is the base price, § is the percentage discount,
and Coupon Motivation, is household ¢’s estimated
probability of coupon use.

Third-degree Pricing. Prices vary across households
based on observable characteristics. It reflects
firm-driven segmentation. These prices p; are estimated
from the empirical OLS model for demographic-based
pricing (See Section 3.2.3). The effective price is:

Effective Price; = p;,

where p; is the personalized price based on
demographic-based segmentation.

Combined Pricing. This strategy integrates both
demographic-based pricing and coupon response. Each
household is assigned a base price p; from the
third-degree model, then a discount is applied based on
its coupon motivation. The effective price is:

Effective Price; = p; — p; * 6 * Coupon Motivation;,

where p; is the estimated price, J is the the percentage
discount, and Coupon Motivation; is household i’s
estimated probability of coupon use.

3.3.2. Simulating Households and Purchases We
generated synthetic households based on empirical
distributions from our analytic dataset, ensuring
internal consistency across variables.  Households
were first assigned a headship type (male, female,
or both), consistent with the way household structure
is defined in the NielsenQ Consumer Panel. Key
interdependent variables, such as household size and
child presence, were simulated sequentially to avoid
illogical combinations. = Household head age and
occupation were assigned conditionally based on
headship status. Health-related and behavioral variables
(e.g., chronic conditions, diet, exercise) were sampled
accordingly. Each household was then assigned a
number of purchase opportunities (1-30), each linked
to a random month. Finally, coupon motivation and unit
price were assigned at the purchase level, based on the
outcomes of the empirical models.

3.3.3. Purchase Decision Model The purchase
model is a logistic regression that estimates whether a
purchase occurs based on effective price and coupon
motivation, capturing household’s price sensitivity and
responsiveness to discounts. Formally, the model is
specified as:

logit (P(Bought, = 1)) = 6, + 61 - Effective Price;
+ 6 - Coupon Motivation,

Here, 0 represents the baseline purchase likelihood. 6,
captures price sensitivity and is conceptually negative,
reflecting that higher prices lower the probability of
purchase. 0o reflects coupon responsiveness and is
conceptually positive, indicating that households who
are more motivated to use a coupon are more likely to
make a purchase. It has to be highlighted that this model
is not empirically estimated; instead, we experimented
with plausible values to test behavioral scenarios and
assess robustness under varying assumptions.

In the simulation, we vary the parameters as follows:
6o € {—0.4,—1.4} (high vs. low intercept), 6; €
{=0.7,—0.1} (high vs. low price sensitivity), and 02 €
{0.7,0.4} (high vs. low coupon responsiveness).

3.3.4. Evaluating Profitability and Fairness
Lastly, we assessed the implications of different pricing
strategies for both the firm (profitability) and consumers
(fairness). On the firm side, we examined total revenue;
on the consumer side, we analyzed access and price
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equity, particularly across health-related subgroups.
We focus on revenue and effective price as measurable
proxies for firm performance and consumer burden.
Key outcome metrics are:

* Revenue = ), Effective Price; - Bought,

>_, Effective Price;-Bought,

» Avg Effective Price = S Bought,

4. Results

4.1. Exploring Purchasing Behavior and
Pricing Equity by Household Profiles

Latent Profiles of Households. To explore
underlying household profiles, we conducted a
Principle Component Analysis (PCA) on the
standardized  variables, including health-related
indicators (blood/heart problems, other diseases,
exercise frequency, micronutrient priority, and special
diet) and demographics (household income, household
size, presence of children, and occupation types).

We retained the top three principal components
(PCs) based on eigenvalues > 1, scree plot inspection,
and interpretability. The fourth component had an
eigenvalue of 1.03 but did not yield a distinct dimension.
Robustness checks with four and five components
showed that household profile groupings remained
stable across specifications (e.g., 70-75% agreement in
PC1-based tertiles).

The three retained components explained 47%
of the total variance (PCl: 21.3%, PC2: 13.4%,
and PC3: 12.3%). As shown in Figure 1, the
Varimax-rotated loading matrix reveals distinct clusters:
PC1 (eigenvalue = 2.127) reflects demographics and
relatively higher socioeconomic status; PC2 (eigenvalue
= 1.343) captures chronic health burdens; and PC3
(eigenvalue = 1.232) represents health consciousness
associated with proactive wellness behaviors.

Blood/Heart Problems? - 0.03 0.59 -0.07 -0.6
Other Diseases? - 0.05 0.61 0.14 | 0.4
Exercise Frequency - -0.10 -0.26 0.55
Micronutrient Priority - -0.05 0.09 0.51 -02 S
Special Diet? - 0.04 0.28 0.55 2
HH Income - 0.32 -0.15 0.22 00 g
HH Size - 0.60 0.10 -0.05 --02 8
Has Children? - 0.53 0.07 -0.12
M. White Collar? - 0.42 -0.15 0.09 [ —0-4
F. White Collar? - 0.23 -0.26 0.17 .06

PC1 (21.3%) PC2 (13.4%) PC3 (12.3%)

Figure 1: Varimax-rotated PCA loadings of household
demographic and health-related characteristics.
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Figure 2: Purchasing behaviors by profile group.

We computed rotated component scores and grouped

households into tertiles (low, medium and high) for
each dimension based on the distribution of component
scores. This PCA-based household profiling enables
structured comparisons across household types along
the identified latent dimensions.
Purchasing Behavior Across Household Profiles.
Figure 2 shows purchasing patterns across tertiles of the
three PCA-derived dimensions: Demographics, Health
Burden, and Health Consciousness. High scores reflect,
respectively: larger, higher-income households with
children; households with a heavier disease burden; and
greater attention to exercise, diet, and micronutrient
intake.

For Demographics, purchase frequency, total
spending, and coupon usage are highest in the middle
tertile, suggesting that moderately resourced households
are the most engaged and promotion-responsive. For
Health Burden, purchases and spending rise with
increasing disease burden, but coupon use declines,
potentially due to urgency, limited product flexibility,
or barriers to accessing promotions. In contrast, Health
Consciousness shows a clear upward trend across all
three behaviors, with more health-conscious households
buying and spending more, consistent with proactive
health-seeking behavior.

Price Disparities Across Household Profiles. Table 2
shows average unit prices across tertiles of each
PCA-derived dimension. For Demographics, prices
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peak in the middle group (15.92) and are lower in
the low (14.83) and high (15.09) groups, suggesting
that moderately resourced households may face higher
prices or miss savings opportunities. For Health
Burden, price rises from the low to medium group
(14.92 to 15.75) and then slightly declines (15.16),
possibly reflecting greater willingness to pay among
households with some health concerns. For Health
Consciousness, prices increase steadily with score,
indicating that health-seeking households tend to
purchase more premium products. All patterns are
statistically significant (p<.05, Kruskal-Wallis test).

4.2. Household Preferences for Coupon Usage

Next, we estimated a logistic regression model to
examine how household characteristics relate to coupon
use when purchasing heart-health supplements. This
model captures behavioral responses to price incentives
and informs second-degree pricing in the simulation.
Figure 3 summarizes key associations:

Health-related conditions: = Households with
blood/heart problems are less likely to use coupons (7
=-0.079), likely treating supplements as necessities. In
contrast, those with other diseases are more responsive
to discounts (v = 0.238).

Health-conscious behavior: Households on special
diets are less likely to use coupons (v =-0.105), possibly
due to stricter product constraints.

Household characteristics: Coupon use is more
common among higher-income (y = 0.312). In
contrast, larger households (v = -0.057) and households
with children (y = -0.346) are less likely to use
coupons, possibly reflecting differences in flexibility,
time constraints, or health awareness.

Head characteristics: White-collar heads are less
likely to use them (v = -0.121), potentially due to time
constraints or lower incentive to seek discounts.

4.3. Price Differences Across Household
Demographics

We then estimated an OLS model to examine how
demographic and health-related characteristics relate to
the prices households pay for heart supplements. Figure
4 shows the coefficient estimates from the model of
pre-discount unit price. Key findings are summarized
as follows:

Health conditions: both blood/heart problems (/3
= 0.005) and other chronic diseases (5 = 0.047) are
positively associated with unit price, though only the
latter is statistically significant, suggesting limited or
inconsistent pricing differences by health status.

Health-conscious  behavior: Households

Blood/Heart Problems? ——
Other Diseases? —
Exercise Frequency -
Micronutrient Priority L 3
Special Diet? ——
Race: Asian —
Race: Black ——]
Race: Other ——
Hispanic Origin? —_—
HH Income <
HH Size -
Has Children? { ———&——
M. Age >
F. Age D
M. White Collar? ——
F. White Collar? ——

-0.4 -0.2 0.0 0.2 0.4 0.6
Coefficient Estimate

Figure 3: Estimated coefficients from the logistic
regression model estimating the probability of coupon
usage as a function of demographic and health-related
characteristics.

prioritizing micronutrients tend to pay less (8 =
-0.009), possibly due to broader product choices, while
those following a special diet pay more (5 = 0.018),
likely reflecting limited brand or product flexibility;
both associations are statistically significant.

Household characteristics: Higher-income
households tend to pay more (5 = 0.107), while larger
households pay less (8 = -0.037), both statistically
significant. ~ This possibly reflects preferences for
premium products versus value-oriented purchasing.

Head characteristics: Households  with
white-collar male or female heads are significantly
associated with lower unit price (8 = -0.034 for male
and -0.049 for female), possibly due to more strategic
shopping behavior.

4.4. Simulating the Effects of Pricing
Strategies

This stylized scenario is designed to illustrate
core  mechanisms—particularly  that  vulnerable
consumers’ demand (e.g., those with heart and/or
other diseases) is generally more price-inelastic when
purchasing essential supplements; parameter choices
are expositional rather than to replicate any specific
market. Uniform pricing serves as the baseline.

Across both panels in Figure 5, third-degree pricing
leads to the largest equity gap, though it is most
likely to maximize revenue, especially when price
sensitivity is low. This outcome arises because firms
can segment prices based on observable characteristics,
including health status. When price sensitivity is low,
vulnerable consumers are less likely to reduce purchases
in response to higher prices, so firms can charge them
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Table 2: Average Unit Price by Household Profile Group

PCA Dimension Low (Mean + SD) Medium (Mean £ SD) High (Mean £ SD) H-statistic p-value
Demographics 14.83 + 8.26 15.92 +8.20 15.09 +7.79 31.15 <0.0001
Health Burden 1492 £7.75 15.75 £ 842 15.16 £ 8.08 9.18 0.0102
Health Consciousness 14.89 £ 8.12 15.44 £8.03 15.51 £8.13 14.51 0.0007
Blood/Heart Problems? —— Tligh G towe: High 6: | High e:
Other Diseases? — 150000 -
. €
Exercise Frequency ¢ a
Micronutrient Priority * % 100000
Special Diet? —— g w Strategy / 8
Race: Asian ———— € 50000 o % x x x Sl'tar:ti;y
Race: Black | —&— ) o e (] ® ® ® uniform
' ) ) T Second-Degree
Race: Other —_— Low 61 | Low 62 Low 61 | High 62 @® Third-Degree
Hispanic Origin? —— ‘x x : 4 xx @® Combined
150000 n x [
HH Income - £ |
. 3 @® Low 6o
H‘H Size - Q 100000 | % High 8o
Has Children? —— E” ’ P £y P
M. Age > & 50000 4 |
F. Age 3
M. White Collar? 0t0 0.‘25 0:5 0.‘75 0:0 0.‘25 0.‘5 0.‘75
F. White Collar? —— Equity Gap Equity Gap
-0.15 -0.10 -0.05 0.00 0.05 0.10 . .
Coefficient Estimate (a) Households with both heart and other diseases vs.
those with no disease.
Figure 4: Estimated coefficients from the OLS High 8x | Low 02 High 8. | High 62
regression model estimating unit price as a function of 0
demographic and health-related characteristics. @; 20000 |
] 3 i
o) g x X e x Sy o
. . . . _('! 0 » e o @® Uniform
more without losing sales, increasing revenue at the , Second-Degree
. Low 6: | Low 62 Low 6: | High 62 @ Third-Degree
expense of equity. 30000 % % ] % x ® Combined
N . o IR 1 6o
In contrast, combined pricing often reduces the E 3 ® Lowe
. . e 200001 | H % High 80
equity gap and, under certain conditions, even surpasses % . ®o 0,
third-degree pricing in revenue. This occurs when £ 10000 | ‘
price sensitivity is high: layering a coupon mechanism

on top of demographic segmentation allows firms to
target two behavioral margins. The segmented price
still extracts surplus from relatively inelastic buyers,
while the coupon channel gives consumers with elastic
demand a voluntary path to a lower effective price.
As redemption is concentrated among those with the
greatest elasticity, the resulting volume expansion can
more than offset the discount, allowing total revenue to
match or even exceed pure third-degree pricing while
materially shrinking the equity gap.

Meanwhile, second-degree often serves to bridge the
equity gap between groups. However, if heart disease
consumers are in more urgent need, they may redeem
fewer coupons (due to urgency, lack of flexibility,
or digital barriers), while non-vulnerable consumers
(who view the supplement as optional) may be more
strategic or motivated to find coupons, which potentially
inverting the intended equity effect under high coupon
responsiveness or price sensitivity.

Taken together, the results suggest that segmented

075 0.0 025 05 0.75
Equity Gap

0.0 0.25 0.5
Equity Gap

(b) Households with only heart diseases vs. those with
no disease.

Figure 5: Equity gap vs. total revenue across pricing
strategies. 6y is the intercept, representing the base
purchase probability, whereas 6 is price sensitivity and
6 is coupon responsiveness.

pricing pushes the equity—efficiency frontier farthest
outward: it extracts the greatest surplus, but at
the cost of the widest distributive gap.  Hybrid
schemes are conditionally Pareto-improving: they
outperform pure third-degree only when consumers
possess sufficient search and redemption elasticity. Pure
coupon instruments are not automatically progressive:
heterogeneity in redemption costs, especially among
needs-based demanders, can overturn their intended
equity gains.

Page 1336



5. Discussion

This study contributes to an emerging literature at
the intersection of empirical industrial organization,
public health, and algorithmic fairness by showing
how household health and demographic characteristics
shape exposure to different pricing outcomes in
heart supplement markets.  Our empirical models
reveal systematic variation in both coupon usage and
unit prices, with notable patterns of vulnerability
and responsiveness. Households managing chronic
heart-related conditions tend to face higher effective
prices while being less likely to redeem coupons, which
highlights a structural concern when necessity meets
lower promotional engagement. In contrast, more
health-conscious or higher-income households are both
more responsive to price incentives and more likely to
benefit from available discounts.

The simulation further illustrates how these
patterns translate into broader equity—efficiency
trade-offs under different pricing regimes. Segmented
pricing, while maximizing revenue, widens the equity
gap. In contrast, combined strategies that integrate
demographic targeting with behavioral self-selection
via coupons can improve distributional outcomes
without necessarily reducing revenue. However, the
effectiveness of these hybrid mechanisms hinges
on high coupon responsiveness and low redemption
barriers—conditions that may not hold for those with
the most urgent health-related needs. Importantly,
because coupon availability is not observed directly in
the data, our coupon usage model captures redemption
behavior rather than actual access. This distinction
matters: lower redemption among vulnerable groups
may reflect structural exclusion from opportunities as
much as lower willingness or ability to use coupons.

The simulation 1is necessarily stylized and
parameterized for exposition. While grounded
in empirical estimates of coupon use and unit
price disparities, key behavioral parameters—such
as purchase sensitivity to price or coupon
responsiveness—were varied across plausible ranges
rather than directly estimated. At the same time, our
focus is on fairness across observed consumer groups
rather than full welfare measurement. Without cost data
on the seller side, consumer surplus or deadweight loss
cannot be precisely calculated; nonetheless, fairness can
still be meaningfully assessed by comparing effective
prices and access across health and demographic
subgroups.

Finally, the analysis is guided by fairness principles
in model and scenario design. By comparing uniform,
group-targeted, coupon-based, and hybrid mechanisms,

we explicitly embed distributional concerns into the
evaluation of pricing systems. This connection between
empirics and theory highlights that pricing design is
not only about surplus extraction but also about who
bears the burden of higher prices and who benefits from
discounts.

Future research could build on this work by
incorporating retailer-side decision-making or supply
chain constraints, which may influence observed pricing
patterns. Furthermore, studies could explore how digital
literacy, access to online coupons, and platform design
shape redemption behavior, especially for older or
health-burdened populations. Finally, linking loyalty
data or in-app browsing histories could improve our
understanding of consumer-level exposure to price
variation and better identify the mechanisms behind
perceived pricing fairness.

6. Conclusion

Balancing profitability with fairness requires more
than ever a clear lens on how pricing rules play out
across heterogeneous consumer needs. By integrating
empirical insights and stylized simulations, this work
highlights how different pricing strategies affect not
only firm revenue but also consumer access and
equity. These results reveal that socially aware pricing,
particularly in health-related markets, can achieve a
meaningful balance: maintaining business performance
while reducing disparities. In such contexts, fairness is
not just a moral imperative but also a strategic necessity.
Designing dual-purpose strategies that align profitability
with equity is both economically viable and ethically
urgent.
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