
 
 
 
 
 
 

H&M Demand Case Study  
 

By the Retail Analytics Council 

 

The primary objective of this project is to analyze online sales and in-store sales by 

exploring how different features can impact sales, and finally, build machine learn-

ing models that can predict sales quantity for each variant at the SKU level. 

Data Summary and Preprocessing 

The data obtained from H&M included two categories Women’s Daily Collection 

and Men’s Basic. The dataset included online sales, online inventory, store sales, 

store inventory, as well as the article information. We aggregated the online tables 

and article table into one online table that contains all the information regarding 

online sales, and we did the same for the 

store table. The two aggregated tables 

were represented as a unique date plus 

SKU combo, i.e., the number of sales and 

inventory for a SKU on a given date. This 

formulation helped to perform additional 

exploratory analysis on different features 

as well as building models for online sale 

and store sale prediction. 

Exploratory Data Analysis 

Holiday Sales. We selected national holidays from 2018-2021. Since most holidays 

are connected to weekends, we consider weekend days as part of the holiday. In-

stores, national holidays have boosted a higher volume of sales, while the results 

are very limited in online shopping except for Thanksgiving and cyber-Monday.  

Weekdays. For weekdays, we find that in local stores, weekends have higher sale 

orders, but with online shopping, this impact is less pronounced. 

Analytically, clothing size is problem in apparel categories.  For example, for pants 

sizes are expressed in numbers, but for t-shirts, sizes are letters (e.g., XS). There 

are some erratic patterns, requiring some normalization.  Sizes follow a consistent 

pattern across items, but there are differences as shown in Table 1. See table 1. 

The result shows that order by size follows a roughly normal distribution. However, 

this distribution is very chaotic in the XS and XXL sizes that are beyond 1 standard 

deviation, and show the greatest differences. 

 

 

“For weekdays, we find 

that in local stores, week-

ends have higher sale  

orders, but with online, 

shopping this impact is 

less pronounced.
”
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 Table 1. 

 

 

 

 

   

   

 

 

 

Inventory Over Sales (IOS) Ratio. The IOS ratio was defined as the average inventory divided by the total net 

sales over a certain period. We believe this is an important indicator that can reflect how well a SKU is selling. 

If the IOS ratio decreases in comparison to the previous period, this indicates that it is selling fast; if the IOS 

ratio increases in comparison to the previous period, it is selling slow. We look at the percentage change in 

IOS ratio between periods, as a way to normalize the IOS ratios of different SKUs. 

Prediction Models 

To predict the sales pieces for the SKUs, we implemented a variety of models. Note, that  predictive models 

were trained separately for the online and store data.  

Linear regression is our most basic model; however, it did not perform well for several reasons. The first rea-

son is that the relationship between our target variable (sales piece) and predictor variables are not exactly 

linear. The second is that the predictor variables do exhibit some level of multicollinearity (correlation among 

the predictor variables).  

As a result, several other models were tried including random forest regression, gradient boosting regression, 

XGBoost regression, and CatBoost regression. All the tree-based models have significantly higher model R2 

and lower Mean Absolute Error compared to linear regression. The table below shows the model perfor-

mance metrics.  

 

 

 

 

 

 

 

The XGBoost was the best model for predicting store sales, while CatBoost is the best model for predicting 

online sales. A Graphical User Interface (GUI) was developed for both store and online sales to make it sim-

ple for management to enter the product and/or its characteristics and access the historical data and then 

predict the appropriate demand. 

 

 

 



 
 
 
 
 
 

Happiness, COVID-19, and Retail Shopping Behavior  
 

By Dr. Martin Block, Executive Director, Retail Analytics Council, and Professor, Northwest-

ern University and Dr. Frank Mulhern, Director, Retail Analytics Council, Associate Dean 

and Professor, Northwestern University 

 

T his article explores the relationships between consumer happiness, the COVID

-19  pandemic, and retail shopping behavior. Happiness, often referred to as 

“well being,” is a central concept of interest to marketers. Kotler, Karftajaya and Se-

tiawan (2021) refer to the evolution of marketing to the current level of technology 

for humanity, Marketing 5.0 or human-centric marketing and the importance of con-

sumer mood in purchase and consumption experiences.1 Barbosa (2017), in a re-

view of happiness in marketing, lists four general ways that happiness relates to 

marketing including: how happiness influences consumer behavior (choices), how 

consumption affects happiness (consumer experience), consequences of making 

consumers happier (loyalty), and how to integrate happiness in marketing strategy.2 

Bagozzi, Gopinath and Nyer (1999) point out that positive happiness (and emo-

tions) are related to actions and physical activity.3 Not only can happiness be gen-

erated by marketing activity, but it can also be a driver of activities such as shop-

ping behavior. 

Data 

This research uses data from a syndicated research product developed by Prosper 

Technologies in Worthington, Ohio, which has conducted consumer research for 

more than two decades. The data has been granted to Northwestern University for 

academic usage. The analysis is based on monthly Consumer Intentions and Ac-

tions (CIA) studies collected from September 2014 to May 2021. In total, there are 

584,552 completed online surveys, averaging 7,309 per month for 80 months. All 

data is collected online, weighted, and balanced based on U.S. Census methodolo-

gies (age and gender) then put into the proper machine forms to allow analysis and 

extrapolation. Respondents include all adults over the age of 18.  

A time-honored method of assessing consumer emotions has been the University 

of Michigan consumer sentiment index,4  based upon monthly telephone consumer 

surveys conducted by the University of Michigan Survey Research Center since 
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 1948. Each month consists of 500 interviews consisting of approximately 50 core questions. The index is cal-

culated from an aggregation of five questions divided by a constant. The index is included in the U.S. Depart-

ment of Commerce leading indicators.5 Prosper monthly includes a confidence variable resulting from the 

question, “How confident are you in a strong economy in the next six months?” Table 1 shows the relationship 

of the two variables since January 2019. The correlation between the two since September 2014 is .889, vali-

dating both measures. Consumer confidence provides a mechanism to understand the happiness variables. 

Table 1.  

 

 

 

 

        

 

 

 

 

Happiness 

Consumers were asked to rate their happiness across 10 different life areas including health, relationships 

with family, and relationships with friends. Love life, home life, work life,  house/apartment/condo, neighbor-

hood, and government. Respondents rated each item of five-point scale ranging from totally unhappy to total-

ly happy. For this analysis, happiness is a combination of those reporting being happy or totally happy. The 

trends since January 2019 are shown in Table 2. Happiness with family is at the top of the list and happiness 

with government at the bottom. There is considerable correlation among the 10 happiness categories. 

Table 2.  

 

 

 

 

 

 

 

 

 

 

 

5.      https://data.sca.isr.umich.edu/survey-info.php, retrieved August 16, 2021.  
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  Table 2 shows an increase in March 2020 among the top six categories, followed by a steep decline. The de-

cline is easy to explain given the beginning of the COVID-19 pandemic. The monthly data is always collected 

in the first week of the month, so the March 2020 results are slightly before the pandemic. The increase may 

be attributed to an expanding economy. Table 3 shows the reported annual household income. It is steadily 

increasing over the seven years as indicated by the regression equation, with a strong explanation by month 

at 72 percent. The spikes in happiness can be related to the booming economy ahead of the pandemic 

Table 3.  

 

 

 

 

 

 

 

 

 

 

A factor analysis of the happiness categories shows that the advent of COVID-19 led to decline in happiness 

across most categories. Table 4 shows the factor analysis of the happiness categories which yields two fac-

tors explaining 82.8 percent of the original variance. The first rotated factor (varimax) shows friends, family, 

home life, love live, neighborhood, and work life all loading on the first factor. All these categories seem to 

involve interactions with people leading to a factor label of “social.” The second factor includes house, health, 

and government—all categories that are given externalities leading to the factor label “environment.” Arrang-

ing the categories according to their loadings, and comparing the average levels before and after COVID-19 

show a general declining percent change for the social factor and an increase for the environment factor. The 

biggest change in happiness is an increase in the government category.  Also shown are the average factor 

scores. 

Table 4.  
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 Table 5 shows a much more interpretable pattern than table 2. The axis in table 5 is the standard factor score. 

The beginning of the pandemic, coming off the economic boom, has led to a separation in relative happiness 

between the social and environment factors. This is an important occurrence because it indicated a collective 

change in people’s sense of well-being. The largest decrease in happiness is in the social factor, while there 

is an increase in the environment factor. 

Table 5. 

 

 

 

 

 

 

 

 

 

 

We conduct a linear regression to evaluate the impact of the happiness categories and two happiness factors 

on consumer sentiment as represented by the University of Michigan measure. Table 6 shows that the 10 cat-

egories and the occurrence of COVID-19 (dummy coded) yield a multiple correlation of 0.90. The estimate is 

no doubt biased because of autocorrelation and overspecification (11 variables with 80 cases), but it shows 

the multicollinearity problem as the coefficients much below home-life are not significant. This is certainly due 

to the successive semi-partialization forcing an additive model. The regression using the happiness factors 

clearly solves the multicollinearity problem, and lowers the multiple correlation slightly to 0.856. The interpre-

tation is that lowering social factor happiness lowers consumer confidence, whereas rising environmental hap-

piness increases consumer confidence. 

Table 6.  
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  Retail Shopping Behavior 

In addition to confidence and happiness, respondents are asked about their shopping behavior over the prior 

30-days in a variety of product categories. Respondents were asked to identify if they had shopped in a store, 

online website, or mobile website in past three months. Table 7 shows a summary of 12 retail categories. 

Shopped is the percentage of respondents that identifies one or more of the above shopping activities. The 

percentages are averages across the seven years among all adults. The most frequently shopped category is 

grocery, and in general it is more likely a consumer has shopped in that category having visited a physical 

store. Online shopping is highest among apparel. The differences across the categories are clearly seen. 

Table 7.  

 

 

 

 

 

 

 

 

Table 8 shows the characteristics of the 12 categories. Using the time variables, year and month, and the 

COVID-19 dummy variable, we conduct a regression predicting shopping in the category. In the table the year 

is labeled as the overall trend, that is year to year growth, and the month as a seasonal trend. The overall R 

shows how well the time variables and COVID-19 predict the shopping behavior. With grocery, for example, 

the overall trend is down slightly, and the seasonality favors the earlier months. COVID-19 has no effect on 

grocery shopping (Note: The gray numbers in the table indicate insignificant at .05). Over the last seven 

years, home décor, furniture and appliances have been decreasing. Home décor, sporting goods, appliances, 

apparel and electronics are among the most seasonal characteristics increasing in later months following the 

traditional retail pattern. The categories most influenced by COVID-19 include apparel and shoes. Household 

supplies have increased after COVID-19. Comparing the percent shopping before and after COVID-19 show 

drops in reported shopping. Interestingly appliances and home improvement shopping increased after COVID

-19 began. 

Table 8.  
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  Factoring the shopping in the last 30-days yields four factors as shown in table 9. The four rotated factors ex-

plain 92.1 percent of the original variance. The first factor, including appliances, sporting goods, furniture, and 

home décor can be labeled “discretionary.” The second factors including household supplies, groceries, pre-

scription drugs, and health and beauty aids can be labeled ‘consumables.” The third factor includes shoes 

and apparel, with lower loadings from home décor, and HBA, can be labeled “personal.” The fourth factor in-

cludes home improvement and a negatively loading electronics can be labeled “home.” Electronics is a diffi-

cult category because it includes both high-end devices such as TVs as well as low-end items such as video 

games and DVDs.  

Table 9.  

 

 

 

 

 

 

 

 

 

Table 10 shows the prediction of the happiness factors from the shopping factors and the start of COVID-19. 

Consumables and the home shopping categories can’t be predicted from the happiness factors and COVID-

19. The multiple correlations are not significant for consumables and home, which means that happiness and 

the COVID-19 pandemic have little impact of the shopping in these shopping categories. It is the discretionary 

and personal shopping categories that are influenced by happiness and the pandemic. The discretionary cat-

egory is impacted by a drop in social happiness and an increase in environmental happiness. Discretionary is 

also negatively impacted by the pandemic. The personal category is influenced by a drop in social happiness 

and the pandemic. 

Table 10.  

 

 

 

 

 

 

Comparison of the shopping methods is shown in Table 11. Factoring the shopping in a physical store yields 

two factors and explains 89.1 percent of the variance. The first factor, labeled “discretionary” runs from elec-

tronics through shoes. The second factor, labeled “consumables’ runs from home improvement through gro-

ceries. The factors reverse for online sites, which explains 86.6 percent of the variance. The first online factor, 

labeled “consumable” runs from household supplies through HBA (health and beauty aids). The second fac-

tor, labeled “discretionary” runs from electronics to shoes. The mobile categories yield only one factor. A con-

clusion might be that discretionary product categories drive the biggest change in physical store visits, where-
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  as consumable product categories are showing the greater changes in online site visits. Mobile site visitors 

are similar for all the product categories. 

Table 11.  

 

 

 

 

 

 

 

 

 

All five of the product category factors can be explained by the happiness factors and COVID-19, although 

online discretionary appears to the weakest as shown in Table 12. In the case of online discretionary none of 

the predictors themselves are significant (not significant shown in gray). Online consumables show a relation-

ship with environmental happiness and COVID-19, while on the other hand store discretionary category 

shows a negative relationship with social happiness and COVID-19. Store consumables are unaffected by 

COVID-19, but positively related to social happiness and negatively related to environmental happiness. Mo-

bile site visits are also unrelated to COVID-19, but negatively related to social happiness and positively relat-

ed to environmental happiness. 

Table 12.  

 

 

 

 

 

 

Summary 

This study has explored the very clear relationships between consumer shopping, happiness, and the pres-

ence of COVID-19. The impact of COVID-19 on shopping varies by retail shopping methods and product cate-

gories. The presence of COVID-19 had no impact on online discretionary categories, in-store consumables, or 

mobile activity of any type. COVID-19 led to a substantial increase in online consumable shopping, such as 

groceries, while decreasing store discretionary shopping, such as apparel.     

Including the happiness factor adds an emotional dimension to the analysis. Overall online consumables, 

store discretionary and mobile categories are the most influenced by the happiness factors. Store consuma-

bles are the most influenced by an increase in social happiness, such as family and friends, and a decrease 

in environmental happiness, such as government. Interestingly mobile shopping influence is the opposite, 

lower social happiness and higher environment happiness. 
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  Based on these findings, the marketing implications for a store in the consumable category should emphasize 

a social context. For mobile shopping the emphasis should be on practicality rather than a social context. It is 

likely that many COVID-19-related changes in shopping may be permanent. Future research with data from 

2022 and beyond can explore those impacts. 

 


