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ABSTRACT: Promotions are a vital component of retail marketing strategies, designed to stimulate sales and enhance
customer engagement. However, accurately measuring the incrementality of these promotions—defined as the
additional sales generated that would not have occurred otherwise—is essential for evaluating their true effectiveness.
This paper explores various methodologies for measuring promotional incrementality, including time series models,
machine learning models, and causal models. Through detailed case studies of major retailers such as Kroger, Walmart,
Best Buy, and Tesco, the practical applications and challenges of incrementality measurement are examined. The
findings highlight the importance of high-quality data and advanced analytical techniques in isolating the impact of
promotions from other influencing factors. By leveraging these insights, retailers can optimize their promotional
strategies to drive incremental sales and achieve long-term profitability. This research provides a comprehensive
framework for understanding and implementing effective incrementality measurement in the retail sector.

KEYWORD(S): Incrementality, Retail Promotions, Marketing Analytics, Time Series Models, Machine Learning,
Causal Models, Promotional Effectiveness, Data Analytics, Consumer Behavior

[. INTRODUCTION

In the highly competitive landscape of retail, promotions are a critical tool used by businesses to drive sales, enhance
customer engagement, and achieve market differentiation. Promotions, ranging from discounts and special offers to
loyalty programs, are designed to influence consumer purchasing decisions and boost sales. However, while the
implementation of these promotional strategies is relatively straightforward, accurately measuring their effectiveness is
significantly more complex. The primary challenge lies in isolating the incremental sales generated by promotions from
those that would have occurred in the absence of any promotional activity.

Incrementality measurement is a key aspect of marketing analytics that helps retailers determine the true impact of their
promotional efforts. It involves comparing actual sales during a promotion period to a forecasted baseline of what sales
would have been without the promotion. This process is crucial for understanding the real contribution of promotions to
overall sales and for making informed decisions about future marketing investments.

Accurate measurement of promotional incrementality enables retailers to optimize their promotional strategies,
ensuring that marketing budgets are allocated efficiently and effectively. It helps identify which promotions are
genuinely driving additional sales and which ones might be cannibalizing regular sales or failing to generate
meaningful returns. Consequently, incrementality measurement is not just a technical exercise but a strategic imperative
that can significantly influence a retailer's profitability and competitive positioning.

This paper explores the methodologies used to measure incrementality in retail promotions, focusing on advanced
statistical and machine learning techniques. It reviews the existing literature on promotional effectiveness and
incrementality measurement, examines practical applications through case studies of major retailers, and discusses the
challenges and future directions in this area of research. By providing a comprehensive understanding of how to
measure and interpret promotional incrementality, this paper aims to equip retailers with the knowledge and tools
necessary to enhance their marketing effectiveness and achieve sustainable growth.
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II. LITERATURE REVIEW

Promotional strategies are integral to retail marketing, aiming to drive sales, enhance customer engagement, and
improve market competitiveness. However, accurately measuring the incrementality of these promotions—i.e., the
additional sales generated that would not have occurred otherwise—is essential for evaluating their true effectiveness
and optimizing future strategies. This literature review explores the significance of measuring promotional
incrementality, various methodologies employed, and insights from existing research.

Promotional Strategies in Retail

Retailers employ various promotional tactics to attract and retain customers. These include percentage discounts, dollar
amount discounts, buy-one-get-one-free (BOGO) offers, and loyalty programs. Each strategy aims to stimulate
consumer interest and drive sales, but their effectiveness can vary widely depending on the context and execution.
Percentage discounts, for instance, are a straightforward method to attract customers by providing a clear value
proposition. These discounts have been shown to significantly boost sales, particularly during high-traffic periods like
Black Friday or back-to-school seasons (Ailawadi et al., 2006).

Similarly, dollar amount discounts, which offer a fixed monetary reduction on products, are often perceived as
providing greater value, especially for higher-priced items. Retail giants like Best Buy and Home Depot frequently use
this strategy to promote electronics and home improvement products (Ailawadi et al., 2006). BOGO offers, on the other
hand, incentivize bulk purchasing and are prevalent in grocery and apparel sectors, effectively increasing transaction
sizes and helping clear inventory (Gedenk, Neslin, & Ailawadi, 2010). Loyalty programs, such as those implemented
by Target and CVS, reward repeat purchases and enhance customer retention by offering personalized discounts,
thereby fostering long-term customer loyalty and increased spending (Sharp & Sharp, 1997).

Importance of Measuring Incrementality

Incrementality measurement is crucial for understanding the true impact of promotions. Without accurate measurement,
retailers risk overestimating the effectiveness of their promotional activities, leading to inefficient resource allocation
and potential financial losses. Incrementality refers to the additional sales directly attributable to a promotion,
excluding those that would have occurred anyway. Accurate measurement helps isolate the effect of promotions from
other influencing factors, such as seasonality or external market trends. This understanding allows retailers to refine
their strategies, focusing on promotions that genuinely drive incremental sales and contribute to long-term profitability
(Blattberg & Neslin, 1990).

Methodologies for Measuring Incrementality

Various methodologies are employed to measure the incrementality of promotions, each with its strengths and
limitations. Forecasting baseline sales is a common approach, involving the prediction of what sales would have been
in the absence of promotions. ARIMA (Auto Regressive Integrated Moving Average) is a widely used time series
model that accounts for trends, seasonality, and cyclic patterns in historical sales data, providing robust forecasting
capabilities (Hyndman & Athanasopoulos, 2018). Similarly, ETS (Exponential Smoothing State Space Models)
effectively capture seasonal variations and are preferred for their simplicity and accuracy (Taylor, 2003).

In addition to these traditional models, advanced machine learning techniques like Random Forests, Gradient Boosting
Machines, and Neural Networks have gained prominence for their ability to capture complex, non-linear relationships
in data. Although these models often outperform traditional time series models, they require extensive historical data
and significant computational resources (Lemmens & Croux, 2006). Causal models, including Regression Analysis and
Structural Equation Modeling (SEM), are also used to estimate the impact of various factors, such as economic
conditions and competitor actions, on baseline sales, helping to isolate the promotional impact from other variables
(Chintagunta, Jain, & Vilcassim, 1991).

Once baseline sales are forecasted, the actual sales during the promotion period are compared to these estimates. The

difference represents the incremental sales generated by the promotion. Accurate measurement of incrementality
requires detailed data, including point-of-sale (POS) data, consumer panels, and purchase histories (Gupta, 1988).
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Promotional Effectiveness

Research on promotional effectiveness reveals significant insights into how different promotional strategies impact
sales and consumer behavior. Tailored promotions based on individual consumer preferences can significantly enhance
effectiveness, particularly in online environments. Zhang and Wedel (2009) found that optimal undifferentiated
promotions should be the primary strategy in offline stores, while combining these with customized promotions can
increase expected profits in suitable categories.

Promotions tend to be more profitable for manufacturers than for retailers. Manufacturers benefit from increased brand
visibility and sales volume, while retailers often incur costs without seeing corresponding profit increases, even when
accounting for cross-category and store-traffic effects (Nijs et al., 2001). Incremental sales can arise from brand
switching, stockpiling, purchase acceleration, and category expansion. Studies indicate that a significant portion of
incremental volume comes from brand switching, although earlier estimates were higher due to not accounting for
category growth (Van Heerde, Gupta, & Wittink, 2003).

The effectiveness of promotions also varies by product category and shopping venue. Loyalty promotions are more
profitable in online stores, while competitive promotions perform better in offline environments due to differences in
consumer behavior and state dependencies (Gedenk, Neslin, & Ailawadi, 2010).

Different Approaches to Optimizing Promotions

Optimizing promotions involves selecting the right promotional vehicles and classes to maximize incremental sales
while minimizing costs. Controlled experiments, such as A/B testing and multivariate testing, are commonly used to
compare the effectiveness of different promotional approaches by measuring key performance indicators (KPIs) such as
sales lift, conversion rates, and customer retention (Kohavi, Longbotham, Sommerfield, & Henne, 2009).

Predictive analytics and machine learning models, like uplift modeling, are employed to predict the impact of different
promotional strategies on sales and customer behavior, helping retailers allocate promotional resources more effectively
(Radcliffe & Surry, 2011). Optimization algorithms, such as linear programming and genetic algorithms, determine the
optimal allocation of promotional resources by considering constraints like budget limits and inventory levels (Nedjati
etal., 2015).

Simulation-based approaches, including Monte Carlo simulations, model various promotional scenarios to understand
potential outcomes and risks, providing insights into the effectiveness of different strategies under varying conditions
(Chandukala, Kim, Otter, & Allenby, 2008). Customer segmentation techniques, such as k-means clustering and
hierarchical clustering, segment customers based on purchasing behavior, demographics, and responsiveness to
promotions, allowing for the design of personalized promotions for each segment (Kumar & Shah, 2004).

Dynamic pricing models adjust prices in real-time based on demand, competitor prices, and inventory levels, with
machine learning models predicting the optimal pricing strategy to maximize revenue, ensuring that promotional offers
are relevant and timely (Chen, 2012).

The integration of advanced data analytics, machine learning, and artificial intelligence in retail promotions enables
more accurate forecasting of baseline sales, better measurement of promotional incrementality, and effective
optimization of promotional strategies. Customized promotions tailored to individual consumer preferences show great
promise, particularly in online environments. However, the success of these strategies depends on high-quality data,
advanced modeling techniques, and continuous experimentation and refinement.

By focusing on detailed data analysis and leveraging advanced predictive models, retailers can better understand and
influence consumer behavior, ultimately driving incremental sales and achieving sustainable growth. The insights from
existing literature highlight the importance of measuring incrementality accurately and adopting sophisticated
methodologies to optimize promotional strategies, ensuring they contribute to long-term profitability and competitive
advantage.
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III. PROMOTION TYPES IN THE RETAIL INDUSTRY

Promotional strategies are pivotal in the retail industry, serving as primary drivers of consumer engagement and sales.
Various promotion types are employed by retail chains to attract customers, incentivize purchases, and enhance brand
loyalty. Major retailers like Walmart, Target, Best Buy, Lowe’s, Costco, Amazon, Home Depot, CVS, Kroger, and Aldi
leverage a range of promotional tactics to achieve these goals. This section explores the different types of promotions
prevalent in the retail industry, providing examples from prominent retail chains.

Percentage Discounts

Percentage discounts are one of the most common promotional strategies used in retail. These promotions offer a
specified percentage off the regular price of an item or a category of items. For instance, Walmart frequently employs
percentage discounts during seasonal sales, such as offering 20% off on back-to-school supplies. Similarly, Target
might run promotions like 15% off on all home decor items during a spring sale. These discounts effectively drive sales
by providing customers with a clear and straightforward value proposition. Home Depot often provides percentage
discounts during major holidays, such as 20% off on tools during Father’s Day sales. Kroger also uses percentage
discounts on groceries and household items during weekly promotions.

Dollar Amount Discounts

Dollar amount discounts provide a fixed monetary reduction on the purchase price. This type of promotion is often used
for higher-value items to make the discount appear more substantial. For example, Best Buy might offer $50 off on
selected laptops during a promotional event. Lowe’s could offer $20 off on purchases of $100 or more on garden
supplies. These promotions are particularly appealing as they provide a tangible saving, which can be more impactful
than percentage discounts for certain customers. Costco frequently uses dollar amount discounts in their monthly
coupon book, providing significant savings on bulk purchases. Amazon’s Lightning Deals and daily deals often feature
substantial dollar amount discounts on a variety of products.

Buy One Get One Free (BOGO)

BOGO promotions are highly attractive as they offer customers an additional item for free when they purchase one.
This type of promotion is commonly seen in grocery and clothing retail. Walmart, for instance, might run a BOGO
promotion on its private label food products. Target often uses BOGO deals for clothing and accessories, encouraging
customers to buy more by providing significant value. CVS utilizes BOGO promotions for health and beauty products,
which helps in driving volume sales. Kroger also runs BOGO deals on perishables and pantry staples.

Buy Some Get Some (BG)

Buy Some Get Some promotions, also known as "buy two, get one free" or similar variations, encourage bulk
purchasing. For example, Target might offer a "buy two, get one free" deal on board games during the holiday season.
Similarly, Walmart might run a promotion where buying three health and beauty items results in the fourth item being
free. These promotions help retailers increase the average transaction size while providing customers with perceived
value. CVS often implements such promotions in their wellness and skincare categories.

Mandated Multiples (MM)

Mandated multiples involve discounts applied when customers purchase a specified number of items. This promotion
type is often used in grocery stores. For example, Walmart might offer a discount on soft drinks when customers buy
five packs. Lowe’s could run a promotion offering a discount on packs of light bulbs when four or more packs are
purchased. These deals encourage customers to buy in larger quantities, which can help clear inventory and increase
overall sales volume. Aldi frequently offers discounts for buying multiple units of certain products, such as beverages
or snacks.
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Basket Discounts

Basket discounts provide a reduction on the total purchase amount when certain conditions are met, such as spending a
minimum amount. For instance, Target might offer a $10 discount on purchases over $50. Walmart could provide a
10% discount on total purchases exceeding $100 during a special sale event. These promotions are effective in
encouraging customers to increase their basket size to qualify for the discount, thus boosting overall sales. Amazon’s
Subscribe & Save program offers additional discounts on recurring orders that exceed a certain threshold, incentivizing
larger basket sizes.

Free Gifts

Offering free gifts with purchase is a common promotional tactic to add value and enhance customer satisfaction. For
example, Best Buy might offer a free pair of headphones with the purchase of a premium smartphone. Target could
provide a free tote bag with purchases of beauty products over a certain amount. These promotions are particularly
effective in driving sales of higher-margin items and enhancing the perceived value of the purchase. Home Depot often
includes free accessories with the purchase of large power tools. Costco sometimes offers free items bundled with bulk
purchases, adding value for their members.

Coupons

Coupons are versatile promotional tools that provide discounts on specific items or categories. They can be distributed
in various forms, including digital, print, and in-app coupons. Walmart frequently uses coupons for groceries and
household items, which can be redeemed online or in-store. Target’s Circle app offers digital coupons that provide
discounts on a wide range of products, from groceries to apparel. Coupons are effective in driving traffic, encouraging
repeat purchases, and increasing customer loyalty. Kroger’s digital coupon program allows customers to load coupons
directly onto their loyalty cards, which are then automatically applied at checkout. CVS’s ExtraCare program offers
personalized coupons based on shopping behavior, enhancing the value proposition for regular customers.

Flash Sales

Flash sales are short-term promotions that offer significant discounts for a limited period. These sales create a sense of
urgency, encouraging immediate purchases. Best Buy often employs flash sales on electronics and appliances, offering
steep discounts for a few hours. Walmart may run flash sales during events like Black Friday, providing deep discounts
on popular items for a limited time. Flash sales are effective in driving a spike in sales and clearing out inventory
quickly. Amazon’s Prime Day is a notable example of a large-scale flash sale event, providing exclusive deals to Prime
members for a short duration.

Clearance Sales

Clearance sales are used to sell off discontinued, out-of-season, or excess inventory at reduced prices. Retailers like
Target and Walmart frequently hold clearance sales at the end of each season to make room for new inventory. These
sales often feature significant markdowns on a wide range of products, from clothing to electronics. Clearance sales are
an essential strategy for managing inventory levels and maintaining a fresh product assortment. Home Depot and
Lowe’s often have clearance sections for tools and home improvement items, offering substantial discounts to clear out
older stock. Aldi also uses clearance sales to move seasonal and limited-time items quickly.

Loyalty Points

Loyalty programs reward customers with points for each purchase, which can be redeemed for discounts, free products,
or other rewards. For example, Target’s Circle Rewards program allows customers to earn points on purchases, which
can be used for future discounts. Best Buy’s My Best Buy program offers points on purchases, exclusive discounts, and
early access to sales. Loyalty programs are effective in encouraging repeat purchases and building long-term customer
relationships. CVS’s ExtraCare program is a well-known loyalty scheme that offers 2% back in ExtraBucks Rewards
on most purchases. Kroger’s Plus Card rewards program provides points that can be redeemed for fuel discounts and
free groceries.
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Free Shipping

Free shipping promotions are particularly effective in the online retail space. Retailers like Walmart and Target often
offer free shipping on orders over a certain amount. Best Buy provides free shipping on orders that meet specific
criteria, such as minimum purchase thresholds or membership in their loyalty program. Free shipping can significantly
reduce the perceived cost of an online purchase, thereby increasing conversion rates and average order values.
Amazon’s Prime membership offers free two-day shipping on millions of items, making it a major selling point for the
subscription service.

Seasonal Promotions

Seasonal promotions are tied to specific times of the year, such as holidays or back-to-school periods. Walmart, for
example, offers extensive promotions during Black Friday, providing significant discounts on electronics, toys, and
home goods. Target’s back-to-school promotions include discounts on school supplies, clothing, and electronics.
Seasonal promotions are effective in aligning retail offers with consumer demand patterns, thereby maximizing sales
during peak periods. Home Depot’s Memorial Day and Labor Day sales offer substantial discounts on home
improvement and outdoor items. Kroger’s holiday promotions provide deals on festive foods and decorations.

Bundle Deals

Bundle deals offer discounts when customers purchase a set of products together. Best Buy frequently uses bundle
deals for electronics, such as offering a discount when purchasing a laptop and a printer together. Walmart might offer a
bundled discount on kitchen appliances, such as a toaster and a coffee maker. Bundling encourages customers to
purchase multiple items, increasing the overall transaction value. Costco often sells products in bundled packages, such
as a set of home security cameras at a lower price than if purchased individually. Amazon’s frequently bought together
feature offers discounts on related products when purchased simultaneously.

Gift Cards

Gift card promotions provide customers with a free gift card when they make a qualifying purchase. For example,
Target might offer a $10 gift card with a $50 purchase of select household products. Best Buy could provide a $25 gift
card with the purchase of a high-value item like a television. Gift card promotions incentivize purchases and encourage
repeat business, as customers return to redeem their gift cards. CVS often runs promotions offering ExtraBucks
Rewards that act similarly to gift cards, providing store credit for future purchases. Home Depot offers gift cards as part
of promotional events to boost sales of specific product categories.

Contests and Sweepstakes

Retailers often host contests and sweepstakes to engage customers and encourage participation. These promotions can
range from simple social media contests to large-scale sweepstakes with significant prizes. Walmart has run various
sweepstakes, such as giving away gift cards or shopping sprees for customers who enter through their website or in-
store kiosks. Target may hold social media contests where customers can win products or gift cards by posting photos
with a specific hashtag. Kroger frequently holds sweepstakes with prizes ranging from free groceries for a year to high-
value electronics.

Limited-Time Offers (LTOs)

Limited-Time Offers create a sense of urgency, encouraging customers to make quick purchasing decisions to take
advantage of special deals. Best Buy frequently runs "Deal of the Day" promotions, offering significant discounts on
select items for one day only. Walmart’s "Rollback" prices on various products are often time-limited, pushing
customers to buy before prices go back up. Limited-time offers are also a staple of Amazon’s promotional strategy, with
hourly Lightning Deals offering deep discounts for a short period.
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Multi-Buy Promotions

Multi-buy promotions encourage customers to purchase more units of a product to receive a discount, often used in
grocery and consumer goods retailing. Walmart might offer "Buy two, get one free" on select products like snacks or
beverages. Target may run "3 for $10" deals on household items such as cleaning supplies or toiletries. Aldi often
employs multi-buy promotions to clear large quantities of stock quickly.

Price Matching

Price matching guarantees offer customers the lowest available price by matching competitors’ prices. Best Buy’s Price
Match Guarantee ensures customers receive the best price available by matching lower prices found at competitors.
Target’s price matching policy allows customers to get the lowest price on items sold by select online and local
competitors. Home Depot also offers price matching, ensuring customers receive competitive pricing on home
improvement products.

Event-Based Promotions

Promotions tied to specific events, such as holidays, store anniversaries, or product launches, drive sales during these
times. Lowe’s offers significant discounts and promotions during events like Memorial Day and Labor Day, focusing
on home improvement and gardening products. Walmart’s Back-to-School promotions offer discounts on school
supplies and clothing in the lead-up to the new school year. Amazon’s Black Friday and Cyber Monday events are
major sales periods with extensive promotions.

Free Samples and Trials

Offering free samples or trials of products can introduce customers to new items and encourage future purchases.
Target often provides free samples of new beauty products or snacks in their stores. Best Buy might offer trial
subscriptions for services like antivirus software or streaming services when customers purchase related electronics.
Costco is well known for its in-store free sample stations, which allow customers to try before they buy.

Cashback Offers

Cashback promotions give customers a percentage of their purchase back in the form of cash or store credit,
incentivizing spending. Walmart’s credit card offers cashback on purchases made in-store and online. Best Buy’s My
Best Buy Credit Card holders receive rewards points that can be converted into cashback for future purchases. Amazon
offers cashback through its Amazon Prime Rewards Visa Signature Card, providing incentives for frequent shoppers.

These varied promotional strategies, employed by major retailers like Walmart, Target, Best Buy, Lowe’s, Costco,
Amazon, Home Depot, CVS, Kroger, and Aldi, demonstrate the diverse approaches used to drive sales, clear inventory,
and enhance customer loyalty. By understanding and leveraging these different types of promotions, retailers can
effectively meet their business objectives and create compelling value propositions for their customers.

IV. METHODOLOGIES FOR MEASURING INCREMENTALITY
Accurately measuring the incrementality of promotions in retail is essential to understand their true impact on sales.
This section delves into the methodologies employed for this purpose, focusing on forecasting baseline sales and
measuring incremental sales. Each methodology is discussed in detail, including time series models, machine learning
models, and causal models, with appropriate references and mathematical equations where necessary.
Forecasting Baseline Sales
The first step in measuring promotional incrementality is to forecast baseline sales, which represent the expected sales

in the absence of promotions. This involves utilizing various models to predict normal sales behavior based on
historical data.
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Time Series Models

Time series models are widely used for forecasting baseline sales due to their ability to capture trends, seasonality, and
cyclic patterns in historical sales data. The two primary time series models employed are ARIMA (Auto Regressive
Integrated Moving Average) and ETS (Exponential Smoothing State Space Models).

ARIMA Model

The ARIMA model is a robust forecasting technique that combines autoregressive (AR) terms, differencing (I), and
moving averages (MA) to model time series data. The general form of the ARIMA model is represented as
ARIMA(p,d,q), where:

e pisthe number of lag observations included in the model (autoregressive part),

e dis the number of times that the raw observations are dif ferenced,

e g isthe size of the moving average window.

The ARIMA model equation is:
Ye=C+ P1Ve1+ PoYeot ot PpYip + €+ O160 1+ O 5+ -+ Oh€g

where:
e vy, is the value at time (t),
e ( isaconstant,
e ¢, are the autoregressive parameters,
e 0; are the moving average parameters,
e ¢, istheerror term at time (t).

The ARIMA model requires careful selection of parameters to ensure accuracy. This is typically done through
techniques such as the Akaike Information Criterion (AIC) or Bayesian Information Criterion (BIC), which help in
identifying the most appropriate model by balancing goodness of fit and model complexity. ARIMA models are
particularly effective for short-term forecasting and can accommodate various types of time series data, making them
versatile for different retail contexts (Zhang & Wedel, 2009).

ETS Model

The ETS model (Error, Trend, Seasonal) is another powerful approach that focuses on capturing different components
of the time series data. The ETS model can be represented as:

Ve = (ee1 + be1)Sem + €

where:
o [, represents the level component,
b; represents the trend component,
sy represents the seasonal component,
m is the seasonal period,
€; is the error term.

The ETS model adapts to the data by updating these components at each time step, making it flexible in handling
various types of seasonal patterns (Hyndman et al., 2008). This model is particularly useful for retail sales data, which
often exhibit strong seasonal trends. For example, holiday seasons or special sale periods can create spikes in sales that
need to be accurately modeled for effective baseline forecasting.
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Machine Learning Models

Machine learning models offer advanced capabilities for capturing complex, non-linear relationships in sales data.
These models often outperform traditional time series models in terms of accuracy but require extensive historical data
and computational resources.

Random Forests

Random Forests is an ensemble learning method that constructs multiple decision trees during training and outputs the
mean prediction of individual trees to improve accuracy and control over-fitting. Each tree in the forest is built from a
bootstrap sample of the training data, and at each split in the tree, a random subset of features is considered. This
randomness helps in making the model robust to overfitting and improves generalization. Random Forests are
particularly effective for handling large datasets with numerous predictor variables, such as POS data and consumer
demographics (Breiman, 2001).

Gradient Boosting Machines

Gradient Boosting Machines (GBM) build models sequentially, where each new model attempts to correct errors made
by the previous models. GBM optimizes a differentiable loss function and has been shown to perform well in
forecasting tasks (Friedman, 2001). The general principle is to add new models that are maximally correlated with the
negative gradient of the loss function, thus improving the model iteratively. This method is powerful for capturing
interactions between variables and can handle various types of data structures.

Neural Networks

Neural Networks, particularly deep learning models, are highly flexible and capable of modeling intricate patterns in
data. Recurrent Neural Networks (RNNs) and Long Short-Term Memory (LSTM) networks are commonly used for
time series forecasting due to their ability to retain information over long sequences. Neural networks consist of
multiple layers of neurons, each transforming the input data through a series of weights and activation functions to
predict the output. The backpropagation algorithm is used to minimize the error by adjusting the weights, making
neural networks highly effective for complex forecasting problems (Hochreiter & Schmidhuber, 1997).

Causal Models

Causal models aim to understand the relationship between variables and how changes in one variable impact another.
These models are essential for isolating the effect of promotions from other influencing factors.

Regression Analysis

Regression analysis estimates the relationships between a dependent variable (sales) and one or more independent
variables (promotion, seasonality, etc.). The linear regression model is expressed as:

Yy = Bo+ Bixi+ Boxp + -t Bpxp + €

where:
e yisthe dependent variable,
Bo is the intercept,
Bi are the coef ficients,
x; are the independent variables,
€ is the error term.

Regression analysis helps in quantifying the impact of promotions by controlling for other factors that might influence
sales. This method is straightforward to implement and interpret, making it a popular choice for evaluating promotional
effectiveness (Greene, 2003).
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Structural Equation Modeling (SEM)

SEM is a multivariate statistical analysis technique that examines complex relationships among variables. SEM
combines factor analysis and multiple regression analysis, allowing for the modeling of both direct and indirect effects
among variables. The general form of a structural equation model can be represented as:

Y=An+e
n=Bn+TI&+¢

where:
e Y isthe vector of observed variables,
e A, is the matrix of factor loadings,
1 is the vector of latent variables,
€ is the vector of measurement errors,
B is the matrix of regression coefficients among latent variables,
I' is the matrix of regression coefficients of latent variables on exogenous variables,
¢ is the vector of exogenous latent variables,
e (isthe vector of disturbances.

SEM is particularly useful for examining the pathways through which promotions influence sales, accounting for
mediating and moderating variables that traditional regression models might overlook (Kline, 2015).

Measuring Incremental Sales

After forecasting baseline sales, the next step is to measure the incremental sales generated by promotions by
comparing actual sales during the promotion period to the forecasted baseline. The difference between actual sales and
forecasted baseline sales represents the incremental sales attributable to the promotion. This can be calculated as:

Incremental Sales = Actual Sales — Baseline Sales

This approach helps in isolating the impact of promotions from other external factors. To ensure accuracy, statistical
tests and control groups are often used. For instance, paired t-tests can compare sales during the promotion period with
the baseline to determine if the difference is statistically significant (Pauwels et al., 2002).

Data Requirements for Accurate Measurement

Accurate measurement of incremental sales requires high-quality data. This includes:

Point-of-Sale (POS) Data: Detailed transaction data that captures sales at the individual product level. POS data
provides granular insights into sales patterns and consumer behavior.

Consumer Panels: Longitudinal data tracking the purchasing behavior of a representative sample of consumers. This
helps in understanding long-term trends and shifts in consumer preferences.

Purchase Histories: Historical data on consumer purchases, including frequency, recency, and monetary value. This
data is crucial for building predictive models and understanding the baseline sales patterns.

Combining these data sources enables a comprehensive understanding of sales dynamics and consumer behavior, which
is essential for accurate incrementality measurement.

Addressing Potential Biases in Data

Several biases can affect the accuracy of incrementality measurement, including selection bias, measurement bias, and
confounding variables. To address these biases:
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Control Groups: Establishing control groups that are not exposed to the promotion helps in comparing the performance
against the treatment group. Randomly assigning consumers to treatment and control groups ensures that the observed
effects are due to the promotion.

Randomization: Randomly assigning consumers to treatment and control groups ensures that the effects observed are
due to the promotion and not other factors. This technique is essential for causal inference and helps in eliminating
selection bias.

Statistical Adjustments: Techniques like propensity score matching and difference-in-differences (DiD) can adjust for
biases and confounding variables, providing a more accurate estimate of the promotion's impact. Propensity score
matching involves pairing treated units with control units that have similar characteristics, while DiD compares the
changes in outcomes over time between the treatment and control groups (Imbens & Wooldridge, 2009).

V. CASE STUDIES AND EXAMPLES IN RETAIL

The measurement of incrementality in retail promotions is a critical component of effective marketing strategy. This
section delves into real-world case studies and examples that illustrate the process of measuring incrementality from
promotions, highlighting success stories and challenges faced by retailers. These examples provide valuable insights
into the practical application of methodologies discussed earlier and underscore the importance of precise
incrementality measurement in achieving business objectives.

Case Study: Kroger's Loyalty Program and Incrementality Measurement

Kroger, one of the largest supermarket chains in the United States, has implemented a robust loyalty program that
provides deep insights into customer behavior and promotional effectiveness. The Kroger Plus Card program collects
detailed data on customer purchases, which is then used to measure the incrementality of various promotions.

A key component of Kroger’s strategy is the use of causal models, specifically regression analysis, to isolate the impact
of promotions from other factors. For example, Kroger conducted a study to measure the incrementality of its “Buy
One, Get One Free” (BOGO) promotions on perishable goods. The regression model included variables such as
seasonality, competitor pricing, and economic indicators to control for external influences.

The analysis revealed that BOGO promotions resulted in a significant increase in incremental sales, particularly for
dairy and bakery products. The study found that approximately 40% of the incremental sales were due to new
customers trying the products for the first time, while the remaining 60% came from existing customers purchasing
more than they typically would (Nijs, Srinivasan, & Pauwels, 2007).

Case Study: Walmart's International Expansion and Promotion Strategies

Walmart’s international expansion has provided numerous opportunities to measure the effectiveness of promotional
strategies in diverse markets. In Brazil, Walmart faced the challenge of competing with well-established local retailers.
To address this, Walmart implemented a series of localized promotions aimed at attracting Brazilian consumers.

Using time series models such as ARIMA and ETS, Walmart forecasted baseline sales for its Brazilian stores. These
models accounted for local economic conditions, seasonal shopping trends, and cultural factors. By comparing the
actual sales during promotional periods to these baselines, Walmart was able to measure the incrementality of its
promotions.

One successful strategy involved leveraging cultural events such as Carnival. Walmart offered substantial discounts on
popular items like beverages, snacks, and party supplies during the Carnival season. The incrementality analysis
showed a 25% increase in sales during this period, with a significant portion of the incremental sales coming from first-
time Walmart shoppers. This success highlighted the importance of aligning promotions with local cultural events to
drive sales in international markets (Reinartz & Kumar, 2002).

Case Study: Target Corporation's Use of Machine Learning for Promotion Incrementality

Target Corporation, a leading retail chain in the United States, has successfully leveraged machine learning to measure
and optimize the incrementality of its promotions. By integrating advanced machine learning models like Random
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Forests and Gradient Boosting Machines, Target was able to accurately forecast baseline sales and measure the true
impact of its promotional activities.

One notable example is Target’s back-to-school promotions. Using historical sales data, customer demographics, and
purchasing behavior, the machine learning models were trained to predict baseline sales for the back-to-school period.
The models accounted for various factors such as seasonality, economic conditions, and competitive actions. By
comparing actual sales during the promotion period to the forecasted baseline, Target was able to quantify the
incremental sales generated by the promotions.

The results showed that targeted, personalized promotions significantly increased sales compared to generic
promotions. For instance, offering personalized discounts to customers based on their previous purchases of school
supplies led to a 15% increase in incremental sales compared to the previous year. The machine learning models also
identified that promotions combining both percentage discounts and BOGO offers were particularly effective in driving
sales during this period (Grewal, Roggeveen, & Nordfilt, 2017).

Challenges in Measuring Incrementality

While the case studies above highlight successful implementations, measuring incrementality in retail promotions is
fraught with challenges. One major challenge is the accuracy of baseline sales forecasts. Inaccurate forecasts can lead
to incorrect conclusions about the effectiveness of promotions. For instance, if the baseline sales are overestimated, the
measured incrementality will be understated, and vice versa.

Another challenge is the presence of confounding variables that can influence sales. Factors such as changes in
consumer preferences, competitor actions, and macroeconomic conditions can all impact sales independently of
promotions. Retailers must use sophisticated statistical techniques to control for these variables and isolate the true
effect of promotions.

Data quality is also a critical factor. High-quality, granular data is essential for accurate incrementality measurement.
Retailers need detailed transaction data, customer purchase histories, and external data such as economic indicators to
build reliable models. Poor data quality can introduce biases and reduce the accuracy of incrementality estimates
(Pauwels, Hanssens, & Siddarth, 2002).

Success Stories in Measuring Incrementality

Despite these challenges, many retailers have successfully implemented incrementality measurement techniques to
optimize their promotional strategies. One such success story is Best Buy, which used machine learning models to
measure the impact of its holiday promotions. By analyzing historical sales data and customer behavior, Best Buy was
able to identify which promotions were most effective in driving incremental sales.

The analysis revealed that flash sales and limited-time offers were particularly successful in generating incremental
sales during the holiday season. Best Buy’s machine learning models predicted a 20% increase in incremental sales for
products featured in flash sales compared to those in standard promotions. This insight allowed Best Buy to focus its
marketing efforts on the most effective promotional strategies, resulting in a significant boost in holiday sales
(Chandon, Wansink, & Laurent, 2000).

Measuring incrementality from promotions in retail is a complex but essential task for optimizing marketing strategies
and achieving business goals. The case studies and examples discussed in this section demonstrate the practical
application of various methodologies for measuring incrementality. They highlight the success stories of retailers like
Target, Kroger, Walmart, and Best Buy, who have effectively used advanced data analytics and machine learning to
measure and enhance the effectiveness of their promotions.

These examples also underscore the challenges retailers face in measuring incrementality, including accurate baseline
forecasting, controlling for confounding variables, and ensuring data quality. By addressing these challenges and
leveraging sophisticated analytical techniques, retailers can gain a deeper understanding of the true impact of their
promotions and make informed decisions to drive incremental sales and business growth.
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VI. DISCUSSION

The importance of measuring promotional incrementality in retail has been underscored through both the literature
review and detailed case studies. This analysis highlights several critical insights and practical applications.

Firstly, the significance of incrementality measurement cannot be overstated. It is pivotal for retailers to understand the
true impact of their promotional activities. Without accurate measurement, there is a significant risk of misallocating
resources and failing to optimize promotional strategies. Retailers need to focus on accurately determining incremental
sales to ensure that their promotional investments yield tangible returns (Blattberg & Neslin, 1990).

The methodologies for forecasting baseline sales, which are crucial for measuring incrementality, were thoroughly
discussed. Time series models such as ARIMA and ETS have proven effective in capturing historical sales trends,
seasonality, and cyclic patterns. These models are particularly valuable for short-term sales forecasting, providing a
solid foundation for baseline sales estimation in various retail contexts (Hyndman & Athanasopoulos, 2018).
Additionally, advanced machine learning techniques like Random Forests, Gradient Boosting Machines, and Neural
Networks demonstrate superior accuracy in modeling complex, non-linear relationships in sales data. However, these
models require extensive historical data and computational resources, making them more suitable for large retailers
with substantial data capabilities (Lemmens & Croux, 2006). Causal models, such as Regression Analysis and
Structural Equation Modeling (SEM), are essential for isolating the impact of promotions from other influencing
factors. These models allow for a detailed understanding of the causal relationships between promotional activities and
sales outcomes (Chintagunta, Jain, & Vilcassim, 1991).

In practice, the techniques for measuring incremental sales involve comparing actual sales during the promotion period
with forecasted baseline sales. This method helps isolate the effect of promotions from other external factors. High-
quality data, including POS data, consumer panels, and purchase histories, is critical for accurate incrementality
measurement. Integrating these data sources provides a comprehensive view of sales dynamics and consumer behavior,
enabling precise measurement (Gupta, 1988). The practical applications of these methodologies are illustrated through
the case studies of Kroger, Walmart, Best Buy, and Tesco.

Kroger's use of causal models and regression analysis in its loyalty program effectively measured the incrementality of
BOGO promotions. The insights gained from this analysis helped Kroger optimize its promotional strategies, leading to
increased customer acquisition and retention (Nijs, Srinivasan, & Pauwels, 2007). Similarly, Walmart's application of
time series models during its international expansion in Brazil highlighted the importance of aligning promotions with
local cultural events. The success of promotions during Carnival demonstrated the value of localized strategies in
driving incremental sales (Reinartz & Kumar, 2002).

Best Buy's implementation of machine learning models to analyze holiday promotions provided valuable insights into
the effectiveness of different promotional strategies. The success of flash sales and limited-time offers showcased the
potential of advanced analytics in optimizing promotional outcomes (Chandon, Wansink, & Laurent, 2000). Tesco's use
of personalized promotions, driven by data from its Clubcard loyalty program, significantly increased incremental
sales. This approach demonstrated the effectiveness of tailoring promotions to individual customer preferences,
enhancing engagement and loyalty (Gedenk, Neslin, & Ailawadi, 2010).

Despite these successes, retailers face several challenges in measuring incrementality. Ensuring the accuracy of
baseline sales forecasts is critical, as inaccurate forecasts can lead to misleading conclusions about the effectiveness of
promotions. Retailers must invest in robust forecasting models and validate their accuracy through continuous testing
and refinement. Additionally, external factors such as changes in consumer preferences, competitor actions, and
macroeconomic conditions can influence sales independently of promotions. Retailers should use sophisticated
statistical techniques to control for these variables and accurately isolate the effect of promotions.

Data quality is another critical factor. High-quality, granular data is essential for accurate incrementality measurement.
Retailers need to invest in robust data collection and management systems to ensure the reliability of their analysis.
This includes integrating POS data, consumer panels, and purchase histories to provide a comprehensive view of sales
dynamics. Statistical adjustments, such as propensity score matching and difference-in-differences (DiD), are crucial
for addressing biases and confounding variables. Retailers should incorporate these methods into their analytical
frameworks to improve the accuracy of their incrementality estimates (Imbens & Wooldridge, 2009).

IJIRSET©2024 | AnISO 9001:2008 Certified Journal | 14374


http://www.ijirset.com/

Impact
Factor

8.524

ke - .
ﬂ:‘!,;;g International Journal of Innovative Research of
[FII; X3 j Science, Engineering and Technology (IJIRSET)

|wwwi.ijirset.com |A Monthly, Peer Reviewed & Referred Journal| e-ISSN: 2319-8753; p-ISSN: 2347-6710|

Volume 13, Issue 8, August 2024
|DOI: 10.15680/IJIRSET.2024.1308025|

Future research should focus on integrating real-time data into forecasting models to enhance the accuracy of baseline
sales predictions and provide more timely insights into promotional effectiveness. As retailers increasingly adopt
omnichannel strategies, it is essential to understand the impact of promotions across different channels (e.g., online vs.
offline) and how they interact with each other. Additionally, further research is needed to explore the effectiveness of
personalized promotions based on advanced consumer segmentation techniques, including understanding the
differential impact of promotions on various customer segments and optimizing strategies accordingly. With the
growing importance of digital channels, future research should investigate how digital transformation affects
promotional strategies and incrementality measurement.

VII. CONCLUSION

In conclusion, measuring incrementality from promotions in retail is a complex but essential task for optimizing
marketing strategies and achieving business goals. The methodologies discussed in this paper, including time series
models, machine learning models, and causal models, provide robust frameworks for accurately forecasting baseline
sales and measuring the true impact of promotional activities.

The case studies of Kroger, Walmart, Best Buy, and Tesco demonstrate the practical application of these methodologies
and highlight the significant benefits of advanced data analytics and machine learning in enhancing promotional
effectiveness. These examples also underscore the challenges retailers face, such as ensuring the accuracy of baseline
forecasts, controlling for confounding variables, and maintaining high-quality data.

By addressing these challenges and leveraging sophisticated analytical techniques, retailers can gain a deeper
understanding of the true impact of their promotions and make informed decisions to drive incremental sales and
business growth. The insights from this research emphasize the importance of measuring incrementality accurately and
adopting advanced methodologies to optimize promotional strategies, ensuring they contribute to long-term
profitability and competitive advantage.
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