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SUMMARY

In today’s rapidly evolving business landscape,
understanding the market is crucial for maximizing
sales. However, the overwhelming amount of market
factors to consider makes it extremely difficult
for companies to pinpoint the key drivers of sales
performance. Focusing on the most influential
market factors is crucial, as it enables businesses
to concentrate on what truly drives sales. This
precision can make or break a business, and failure
to understand sales trends can leave companies
struggling to compete in a dynamic market. In this
research market study, we used machine learning
regression models of sales data from Corporacion
Favorita, the largest Ecuadorian grocery franchise, to
analyze which factors influence sales in grocery retail.
We hypothesized that macroeconomic factors have a
larger impact on sales compared to geographic and
seasonal features. In this project, we used the sales
data for training lasso and ridge regression models,
which were subsequently examined through Shapley
analysis. We found that macroeconomic features,
particularly the size of Ecuador’s labor force, exert
the strongest effect on sales. However, we also found
that other select features, such as city altitude and
holiday proximity, also have a high impact on sales
performance and should be incorporated along
with macroeconomic conditions when developing
business strategies. This research applies
interpretable machine learning models for market
analysis to improve profits and provide a competitive
advantage to businesses in grocery retail.

INTRODUCTION

Understanding the factors that drive sales is crucial for
businesses to succeed. The ability to comprehensively
understand market dynamics offers significant advantages,
such as optimized marketing strategies and potential to
boost sales. These advantages lead to a competitive edge
in the market, enabling firms to improve profit margins and
outperform competitors. However, as globalization advances,
the business landscape has become more competitive with
foreign competition seen in almost every product market
worldwide (1). It is becoming harder for businesses to stay
ahead of the competition, especially in developing countries
like Ecuador. Achieving business success in such countries
becomes especially challenging due to limited access to
capital and financial resources, restricting the ability of firms
to invest in growth. Even when capital is available, it is often

loaned at a higher cost in developing countries (2). These
constraints mean that efficient management and smarter
business strategies are of greater importance in developing
countries so that firms can optimize their limited resources
(3).

In Ecuador, the grocery retail sector is one of the
strongest-performing sectors and a major component of
the overall retail industry, accounting for nearly 62% of
total retail sales (4). This is significantly higher compared
to developed countries where the ratio is usually below 50
percent (4). Consequently, the performance of businesses
operating in Ecuador’s grocery retail market are crucial for
the country’s citizens and overall economy. In addition to
supporting Ecuador’s population, the grocery retail industry
has the potential to catalyze the country’s development due
to its significant role in Ecuador’s economy. Business growth
in developing countries has been shown to significantly boost
economic development, leading to improvements in living
standards (5). Therefore, the success of Ecuador’s grocery
retail franchises is essential to driving the country’s broader
social and economic development.

Previous research in sales forecasting has prioritized
the application of deep learning techniques such as artificial
neural networks, long short-term memory networks, and
recurrent neural networks (6). Such complex neural network
models inherently possess a “black box” nature, meaning they
cannot be fully interpreted to understand why they produce a
certain output (7). As a result, these models are not as useful
in the context of business management.

Ultimately, the primary goal of a business is to sell at scale
and generate a profit. Therefore, interpretable models that
provide insights about the factors driving sales become more
valuable than predictive models with a black-box nature. Our
research takes a novel approach by applying interpretable
machine learning algorithms, specifically regression models,
to craft customized business strategies based on the trends
found in the data. Regression models provide a unique
advantage for interpreting sales trends through the analysis
of variable coefficient signs (8). The signs of the coefficients in
these models indicate the relationship between each variable
and sales, showing whether an increase in a particular
variable is likely to boost or reduce sales (8). This insight
into the direct relationships between market features and
sales can help businesses understand exactly how external
market conditions impact sales performance. By identifying
these relationships, businesses can pivot to changing market
conditions by adjusting sales strategies, ultimately maximizing
overall profitability.

Here, we investigate which specific market variables
most significantly impact grocery retail sales performance in
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Figure 1: Total sales vs. total predicted sales by day using lasso
regression. The actual daily total sales (blue) compared to the lasso
regression predicted total sales (red) across all Corporacion Favorita
stores from January 1, 2013 (Day 1) to September 28, 2015 (Day
1000). Sales data from all stores were summed and grouped by day
to display the franchise’s actual and predicted sales performance.

Ecuador. We hypothesized that macroeconomic conditions
influence sales performance to a greater extent than
geographic and seasonality features. If macroeconomic
factors significantly impact sales, businesses could focus on
economic trends to adjust marketing and inventory strategies.
Conversely, if seasonality or geographic features significantly
drive sales, businesses could efficiently boost revenue by
incorporating these consumer preferences in promotional
campaigns. Through machine learning and data analysis,
we concluded that macroeconomic features overall have the
strongest impact on sales in grocery retail. Using the model’s
findings, we formulated marketing and sales strategies
designed to efficiently optimize the profits of Ecuadorian
grocery retail businesses.

RESULTS

In this study, we fit the sales data to a lasso regression
model to test our hypothesis. The lasso regression model
prediction curve indicates that the model accurately predicted
the overall sales trends of Corporacién Favorita (Figure
1). The model achieved a mean absolute percentage error
(MAPE) of 12.60%, which is expected considering the natural
volatility of sales on a day-to-day basis. To assess feature
importance, we used Shapley analysis to assign SHAP values
to each feature in the model. There are three types of market
features being investigated: macroeconomic, geographic,
and seasonality indicators (Table 1). The magnitude of these
SHAP values quantifies the impact of each feature on the
model’s prediction, allowing us to determine their relative
importance. Among the 77 encoded features in the model, we
focused on the top 10 features with the highest SHAP scores
to test our hypothesis. Our analysis revealed that many of the
most important features were indeed macroeconomic data,
accounting for 5 of the top 10 predictors of sales. In addition,
four of the top predictors were related to seasonality, while
only one was a geographic feature (Table 2).

Using the lasso regression model, we used the coefficient
signs for each of the top 10 features to evaluate their
relationships with sales. The size of Ecuador’s labor force
had the greatest impact on sales, as indicated by the highest
SHAP score, and it exhibited an inverse relationship with
sales, as shown by the negative coefficient sign (Table 2). This
suggests that as the size of Ecuador’s labor force increases,
sales tend to decline. City altitude, the only geographic
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Figure 2: Average sales vs. average oil price by month. This
graph shows the average monthly sales (red) for Corporacion
Favorita and the average monthly oil prices (blue) for Ecuador’s oil
exports. Sales data of the franchise and oil prices were averaged by
month to illustrate their inverse relationship.

feature in the top 10 predictors list, had the second highest
impact on sales. Similarly, the negative coefficient indicates
its inverse relationship, meaning that stores located at higher
altitudes tend to have lower sales performance than stores at
lower altitudes (Table 2). Additionally, daily oil price emerged
as the third most impactful feature (Table 2). We found that as
oil prices gradually decrease, sales correspondingly increase
(Figure 2).

The remaining top-performing macroeconomic features
(Gross Domestic Product (GDP) growth, inflation rate, and
unemployment rate) all had positive relationships with sales
(Table 2). Notably, sales and unemployment rates tend
to rise and fall in unison, which aligns with the negative
correlation found between sales and the size of Ecuador’s
labor force (Figure 3). Both variables suggest that as the
number of workers in the labor force decreases, the resulting
unemployment in Ecuador corresponds to an increase in
sales performance. This is an interesting pattern to recognize
and can be strategically advantageous when developing
sales strategies.

The seasonality indicators day of the week (Sunday and
Saturday) showed positive correlations with sales, indicating
that store performance generally improves on weekends, as
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Figure 3: Total annual sales vs. unemployment rate. The graph
shows the total yearly sales (red) for Corporacion Favorita and the
corresponding unemployment rate (blue) in Ecuador. Sales data
from all stores were summed and grouped by year to show the direct
relationship with the national unemployment rate.
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Month Indicates month of year using numbers 1-12 Integer Seasonality
Year Indicates year Integer Seasonality
Day of Week Indicates the day of the week Object Seasonality
Day of Month Indicates the date number of the month Integer Seasonality
Holiday Indicates whether a day is a holiday Boolean Seasonality
Daily Qil Price  Indicates daily oil price in the global oil market. Float Macroeconomic
City Indicates the city in which the specific store is in Object Geographic
State Indicates the state in which the specific store is in Object Geographic
Days Until Indicates the days until the next holiday Integer Seasonality
Holiday (local/regional/national holidays included)
Sales Indicates the number of products sold by a given store  Integer Target Variable
on a given day
Region Indicates the geographic region Object Geographic
(North/South/East/West/Central) in which a specific
store is in
Coastal Indicates whether the store is in a coastal state Boolean Geographic
Location Indicates whether the store is in an urban or rural area Object Geographic
City Altitude Indicates the elevation of the city the store is in (ft) Float Geographic
Ecuador GDP Indicates the annual percent change in Ecuador’s GDP  Float Macroeconomic
Growth
Ecuador Indicates the annual inflation rate in Ecuador Float Macroeconomic
Inflation Rate
Ecuador Labor  Indicates the annual size of Ecuador’s workforce Integer Macroeconomic
Force
Ecuador Indicates the annual unemployment rate in Ecuador Float Macroeconomic
Unemployment
Rate
Ecuador Indicates the annual dependency ratio between Float Macroeconomic
Dependency workforce and dependents in Ecuador
Ratio
Ecuador CPI Indicates the annual CPI (percent of which prices Float Macroeconomic
fluctuate) in Ecuador
Ecuador Median Indicates the annual median age among people in Float Macroeconomic
Age Ecuador
Season Indicates whether a day is during a dry or rainy season  Object Seasonality
Weekend Indicates whether a day is on a weekend Boolean Seasonality

Table 1: Corporacion Favorita dataset features. This table details the features in the sales dataset, providing information about what each
feature measures, its data type, and its data category.
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Ecuador Labor Force 7.53e+10
City Altitude 2.90e+09
Daily Qil Price 2.39e+07
Day of Month 9.03e+06
Ecuador GDP Growth 2.51e+06
Ecuador Inflation Rate 1.89e+06
Day of Week Sunday 1.02e+06
Ecuador Unemployment  8.87e+05
Rate

Day of Week Saturday 4.14e+05
Days Until Holiday 3.77e+05
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Negative Macroeconomic
Negative Geographic
Negative Macroeconomic
Negative Seasonality
Positive Macroeconomic
Positive Macroeconomic
Positive Seasonality
Positive Macroeconomic
Positive Seasonality
Negative Seasonality

Table 2: Top 10 strongest predictors in the lasso model. This table presents the top 10 features from the lasso model with the highest
SHAP values from Shapley analysis, their correlation with sales based on the regression coefficient sign, and their data category.

expected. In addition, the day of the month and days until the
holiday served as important seasonality predictors (Table 2).
We observed that sales were highest at the beginning of the
month and generally decreased as the month progressed
(Figure 4). In the last couple of days of the month, sales
begin to rise again as they approach the peak in the first few
days of the following month, which contributes to this feature’s
negative correlation with sales (Table 2). Additionally, the
days until holiday seasonality feature’s negative correlation
with sales highlights how sales tend to spike as the holidays
approach, likely due to increased consumer spending in
preparation for holidays (Table 2).
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Figure 4. Average daily sales for Corporacion Favorita by day
of the month. This graph shows the average number of products
sold each day of the month for Corporacién Favorita. Sales data
for the franchise was averaged by day to highlight the typical sales
fluctuation throughout the month.

To validate our results from the lasso model, we fit the
sales data to a ridge regression model, which also achieved
a MAPE of 12.60%. Using Shapley analysis on the ridge
model, we found that among the top ten predictors for sales,
six were macroeconomic features, three were related to
seasonality, and one was geographic (Table 3). These results
are consistent with the findings from the lasso model, further
supporting our hypothesis that macroeconomic conditions
have the greatest impact on sales. The top five performing
features remained the same, with Ecuador’s labor force,
city altitude, and daily oil price continuing to be the top three
predictors in order (Table 3).

Another insight from our analysis using lasso regression
is the removal of geographic features from the model due to
their lack of predictive power. The lasso regression model
automatically performs feature selection by eliminating
insignificant variables, with the purpose of focusing on
more impactful features in its predictions. Of the 17 features
removed from the model, 15 were geographic features
of the stores, while only 2 were related to macroeconomic
or seasonal factors (Table 4). This indicates that these
geographic features of store locations generally have minimal
influence on sales compared to macroeconomic and seasonal
predictors.

Notably, Ecuador Consumer Price Index (CPl) emerged
as a new impactful macroeconomic feature in the ridge
model, showing a negative correlation with sales (Table 3).
Additionally, the day of the week Friday feature appeared
as an important seasonality predictor and interestingly has
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Ecuador Labor Force 3.23e+12
City Altitude 7.96e+08
Daily Qil Price 5.10e+08
Ecuador GDP Growth 2.78e+07
Day of Month 1.95e+07
Month 8.99e+06
Ecuador CPI 3.5%e+06
Ecuador Inflation Rate 3.57e+06
Ecuador Unemployment  1.65e+06
Rate

Day of Week Friday 7.71e+05
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Negative Macroeconomic
Negative Geographic
Negative Macroeconomic
Positive Macroeconomic
Negative Seasonality
Positive Seasonality
Negative Macroeconomic
Positive Macroeconomic
Positive Macroeconomic
Negative Seasonality

Table 3: Top 10 strongest predictors in the ridge model. This table presents the top 10 features from the ridge model with the highest
SHAP values from Shapley analysis, their correlation with sales based on the regression coefficient sign, and their data category.

a negative correlation with sales. This insight, coupled with
the positive relationships from the lasso model for sales
on weekend days, reveals valuable specifics of consumer
spending patterns to help businesses optimize sales
strategies. We also found that the month feature had a positive
correlation with sales, indicating better sales performance
towards the end of the year holiday season (Table 3).

Both models show that macroeconomic features
collectively have the greatest impact on sales, followed by
seasonality and then geographic features. These findings
support our hypothesis that macroeconomic conditions play
the most significant role in determining business performance
in the grocery retail sector and should be primarily utilized
when making business decisions.

DISCUSSION

Upon analyzing the results, we found that macroeconomic
conditions had the strongest effect on sales. In both models,
the size of Ecuador’s labor force emerged as the strongest
predictor of sales and exhibited a negative correlation with
sales (Tables 2-3). This insight, along with the strong
positive correlation between unemployment rates and sales,
highlights exactly how economic conditions impact business
performance (Tables 2-3). When more people are out of
jobs, there appears to be an increased demand for essential
products, resulting in higher sales for grocery retailers. This
is likely due to unemployed individuals prioritizing essentials
offered in grocery retail, such as food supplies, over non-

essential purchases in other markets. Despite financial
uncertainties, consumers appear to purchase larger quantities
of essentials, providing an opportunity for businesses to
boost their profits. Government support mechanisms like the
Bono de Desarrollo Humano (Human Development Voucher)
in Ecuador provide financial assistance to unemployed
individuals (9). This aid helps sustain consumer spending on
essentials, specifically benefiting the grocery retail industry.
Businesses can leverage this economic correlation by
tailoring their marketing campaigns towards individuals who
are not actively employed. By doing so, they can capitalize
on consumer behavior during financial uncertainties and
generate more revenue than competitors by establishing a
strong brand connection with these unemployed individuals.
Additionally, businesses could consider raising retail prices
during periods of high unemployment to take advantage of the
increased demand for essential goods. Businesses can utilize
these unexpected trends, often overlooked by competitors, to
increase sales and expand market presence.

Another macroeconomic feature found to have a strong
impact on sales is the daily oil price. In both models, daily oil
price was the third highest predictor of sales and exhibited
a negative correlation (Tables 2-3). Ecuador’s crude oil
production is the country’s most important export, accounting
for 27% of total export value (10). Consequently, Ecuador’s
economy is highly vulnerable to fluctuations in oil prices,
linking oil commodity exports to grocery retail sales. As oil
prices decrease, less revenue enters the country, leading to

Journal of Emerging Investigators « www.emerginginvestigators.org

31 MAY 2025 | VOL8 | 5



EMERGING INVESTIGATORS

Ecuador Median Age Macroeconomic

Day of Week Wednesday Seasonality

City Bahahoyo Geographic
City Cayambe Geographic
City Esmeraldas Geographic
City Quito Geographic
State Chimborazo Geographic
State Esmeraldas Geographic
State Guayas Geographic
State Manabi Geographic
State Pichincha Geographic
State Tungurahua Geographic
Region Central Geographic
Region East Geographic
Region North Geographic
Region South Geographic
Region West Geographic

Table 4. Features removed from the lasso model via L1
regularization. This table displays the features that were eliminated
from the lasso model. Through L1 regularization, the lasso model
performed feature selection by shrinking these features’ coefficients
to zero, effectively removing them from the model.

financial losses for the government and private businesses
in the oil industry. To mitigate these losses, companies
often reduce costs and make layoffs, which contribute to a
decrease in workers in the labor force and an increase in
unemployment. The strong inverse relationship between daily
oil price and sales further emphasizes the correlation between
grocery retail sales and unemployment, as also observed
from the Ecuador labor force and unemployment features.
This recurring trend across multiple high-performing features
highlights the value brought by unemployed consumers and
suggests targeting this market segment can boost sales
performance.

Ecuador GDP growth emerged as another strong
macroeconomic predictor of sales. In both models, GDP
growth demonstrated a positive correlation with sales,
indicating that higher economic activity leads to increased
consumer spending in grocery retail (Tables 2-3). This
relationship is expected, as GDP growth generally signifies
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improved economic conditions and greater overall consumer
spending, resulting in higher sales volumes. Businesses
can take advantage of periods of GDP growth by expanding
product offerings and investing in promotional activities to
capture increased consumer spending.

The final macroeconomic predictors with a strong impact
on sales are the inflation rate and CPI. The lasso and ridge
models both revealed that the inflation rate has a strong
positive correlation with sales, while the ridge model showed
that CPI has a strong negative correlation with sales (Tables
2-3). Initially, the different relationships seem counterintuitive
since both measures are related to price changes. However,
understanding their differences allowed us to interpret these
results in a business context. CPI measures the average
change in prices relative to a base year, reflecting long-term
price trends and indicating how price levels affect consumer
purchasing power over time. The negative correlation between
CPI and sales shows that as prices increase over time, sales
gradually decrease, which is an expected relationship as the
purchasing power of consumers diminishes. In contrast, the
positive correlation between the inflation rate and sales is
intriguing. The inflation rate represents the annual percentage
change in CPI, indicating short-term price changes. This
positive correlation suggests that rapid, short-term price
increases drive consumers to make more purchases as they
anticipate further price increases. This pattern is particularly
beneficial for the grocery retail industry, as higher inflation
seems to push consumers to prioritize buying essential
goods in the short term. Businesses can leverage this insight
by anticipating budget-conscious consumer behavior during
periods of high inflation. By offering discounts and highlighting
affordability during these times, businesses can strengthen
their brand connection with consumers concerned about
rising prices. This strategy not only helps boost sales volume
in the short term but also establishes long-term customer
loyalty, positioning the brand favorably in the market if prices
surge again in the future.

Among the seasonality predictors, the day of the month
feature exhibited a strong negative correlation with sales
in both models (Tables 2-3). This inverse relationship
explains why sales are highest at the beginning of the month
and generally decrease as the month progresses. In the
last couple of days of the month, sales begin to rise again,
peaking in the first few days of the following month (Figure 4).
Interestingly, there is also a notable spike in sales following
the 15th day of the month, lasting for about ten days, where
sales performance is relatively higher. These sales trends
correspond with wage payment schedules in Ecuador, where
payroll cycles are typically monthly or bimonthly. Monthly
payments are made at the end of the month, while bi-
monthly payments occur on the 15th and the last day of the
month. In the bimonthly payroll cycle, it is common practice
to pay 40% of the salary by the middle of the month and
the remaining 60% by the end of the month (11). Ecuador’s
payroll cycle closely matches the observed sales pattern,
with sales spiking after the 15th day and again at the end of
the month. This insight into consumer behavior reveals that
people tend to spend more right after receiving their wages,
creating a valuable window of opportunity for businesses. By
strategically stocking up on inventory and offering promotions
during this period of increased spending, businesses can fully
capitalize on this behavior and maximize sales volume.
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In both models, the days until holiday feature showed a
strong negative correlation with sales, indicating that sales
tend to increase as the holidays approach (Tables 2-3).
Additionally, in the ridge model, the month feature emerged as
a strong predictor with a positive correlation with sales (Table
3). Together, these results reveal that holidays, particularly
those at the end of the year, have a relatively large impact
on sales and business performance. This period includes
major holidays in Ecuador, such as Navidad (Christmas) and
Ao Viejo (New Year’s Eve), which drive increased demand
for goods. These holidays include preparing traditional foods
like tamales and empanadas, which require various grocery
products such as meat, chilies, cheese, wheat flour, and
vegetables (12). The need to prepare for these large family
meals and festive gatherings during the end-of-year holiday
season leads to a surge in grocery retail sales. Businesses
can capitalize on this period by stocking up on ingredients
commonly used for traditional dishes. Additionally, offering
discounts on these specific ingredients allows stores to
undercut competitors and drive higher sales volumes.
This strategy can help businesses build a stronger brand
connection with consumers, potentially boosting their year-
round sales performance.

Another intriguing insight from this research is the strong
positive correlation between grocery retail sales and weekend
days, contrasted with the strong negative correlation for sales
on Fridays (Tables 2-3). While higher sales on weekends
are expected, as consumers have more free time to shop,
the decrease in sales on Fridays reveals an interesting and
unexpected trend. One might anticipate that sales would be
higher on Fridays since it marks the start of the weekend
when workers finish their week and are likely to have more
time to shop. However, the results suggest otherwise. This
unexpected trend indicates that after a long work week,
consumers prefer to avoid “chore-like” activities such as
grocery shopping. Instead, they opt to relax, unwind, or
engage in more exciting social activities. In Ecuador, Friday
nights are particularly popular for socializing and parties,
reflecting a cultural behavior where consumers prioritize fun
and leisure over routine tasks on Fridays (13). Therefore,
taking advantage of this sales trend is crucial. By recognizing
that consumers are less inclined to shop for groceries on
Fridays, businesses can optimize their strategies by reducing
marketing expenditures on this day. Instead, they can focus
their efforts on weekends when consumer ftraffic is higher.
This insight not only helps in cost-saving but also aligns
marketing campaigns with consumer behavior, ultimately
optimizing business efficiency.

The sole geographic predictor that emerged as a high-
impact feature in both models was city altitude, which had
a negative correlation with sales (Tables 2-3). This result
indicates that sales performance is better in lower-elevation
cities and highlights how store location impacts sales. Lower
elevation areas in Ecuador have a more temperate climate,
making them favorable for agriculture and capable of
supporting a wide variety of agricultural products. Additionally,
these areas have less challenging terrain compared to high-
altitude regions in the Andes, which supports large-scale
commercial agriculture. In Ecuador, the agriculture sector
employs about 32% of the total workforce, making it the
second highest employing sector behind the services sector
(14). Importantly, the agriculture sector provides the highest
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number of unskilled jobs, offering a lower barrier of entry
compared to the technical service sector. This attracts a
significant portion of the labor force to lower-elevation areas
where agricultural opportunities are abundant. Consequently,
the majority of Ecuador’s population resides in these lower-
elevation regions. This higher population creates a larger
market for grocery retail businesses, offering businesses
greater potential for sales growth. The model’s results suggest
that business franchises should focus expansion efforts into
lower-elevation areas with a larger market.

While our results provide valuable insights into Ecuador’s
grocery retail market, they also open avenues for further
research and expanded applications of these models.
Future studies could incorporate company data on customer
demographics to analyze purchasing trends across different
age groups, offering deeper insights for targeted marketing
strategies. Additionally, integrating more granular data on
store locations—such as proximity to highways, residential
neighborhoods, or commercial districts—could enhance the
analysis of sales performance within cities. Beyond Ecuador,
these modeling techniques could be applied to other markets
by incorporating region-specific factors and training models
on local business datasets. This would allow businesses
globally to apply the analytical frameworks from this research
to grow sales and refine marketing strategies.

We propose expanding research on the application of
machine learning in business to shift from sales forecasting to
sales analysis, as businesses benefitmore fromunderstanding
and growing their sales rather than merely predicting them.
We also propose conducting this research in various global
markets to identify universal market trends and collectively
deepen our understanding of sales patterns. By utilizing
machine learning to analyze sales trends, businesses can
gain a deeper understanding of the key features influencing
sales, allowing them to make more informed decisions driven
by data. This approach enables companies to optimize sales
strategies, expand their market dominance, and stay ahead of
competitors in an increasingly dynamic business landscape.

MATERIALS AND METHODS
Loading data

The Corporacion Favorita sales data used in this research
is obtained from Kaggle (15). The data is indexed by store
and date, providing daily sales for 54 stores from January 1,
2013, to August 15, 2017. The original dataset included the
features month, year, day of the week, day of the month,
holiday, daily oil price, city, state, and weekend. A ‘days until
holiday’ feature was created by utilizing 103 local, national,
and regional holidays in Ecuador from the existing holiday
feature. The feature ‘days until holiday’ measures the number
of days from any given day to the next upcoming holiday to
indicate holiday proximity. Ecuador’'s annual GDP growth,
inflation rate, unemployment rate, size of labor force, median
age, dependency ratio, and consumer price index data were
imported from the World Bank to incorporate macroeconomic
features into the dataset. The regional, coastal, location, and
city altitude features were created using the existing city and
state features to provide additional geographic data to the
model. The season feature was generated using the existing
month feature. The final dataset consisted of 23 unique
features (Table 1).
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Modeling

For modeling, one-hot encoding was applied to categorical
variables, resulting in 77 encoded features. To improve
computational speed, the dataset was trimmed to cover the
period from January 1, 2013, to September 28, 2015 (1000
days). This period was chosen as it spans over two and a
half years and reduces the computational challenges posed
by the large number of encoded features. Additionally, a
considerable increase of null values in sales and other
features were observed beyond the 1000-day mark, which
would complicate the sales analysis.

Real-world business environments are influenced by a
wide range of external factors, but only a subset of these
factors substantially impacts sales. The 77 encoded features
included in our model present a challenge for standard linear
regression models due to their inability to perform feature
selection. Linear regression treats all features equally and
lacks the ability to filter through the data to identify the
most impactful predictors. This can lead to overfitting and
significant computational inefficiencies when dealing with
many features. This limitation hinders the model’s usefulness
for sales analysis in the context of this research. To address
this issue, lasso regression was used as our primary method.

Lasso regression begins by fitting initial coefficient values
to variables, determining the relationship between each
predictorandthetargetfeature.ltthenapplies L1 regularization,
adding a penalty proportional to the absolute value of the
coefficients. This penalty forces less significant coefficients
to zero, effectively removing variables that are not important
from the model (16). As a result, lasso regression filters
through the provided market data and focuses its predictions
on the key factors that significantly impact sales. Lasso’s
feature selection not only highlights important predictors but
also identifies the features that do not substantially impact
sales, guiding businesses on where to focus their efforts. To
provide a comparison with lasso, ridge regression was also
used. Ridge regression uses L2 regularization, which reduces
the magnitude of less significant coefficients without forcing
them to zero, allowing all features to contribute to the model’s
predictions to some extent (17). The results of both models
were used to evaluate the hypothesis and offer strategic sales
insights to businesses.

Data analysis

To analyze our fitted models, the coefficient signs were
examined, which indicate the relationship between each
variable and sales. A positive or negative coefficient sign
shows whether a variable increases or decreases sales.
However, regression models assume that predictor variables
are independentand not correlated (18). This assumption does
not hold true in the context of market data, where our features
exhibit multicollinearity. For example, economic features such
as the CPI and the inflation rate are inherently correlated,
as the CPI is used to calculate the inflation rate. Due to this
multicollinearity, the data does not meet the independence
assumption required by regression models, and thus, the
coefficient values themselves may not accurately represent
the individual relationship of each predictor to sales. To
address these limitations, Shapley analysis was utilized, a
method that provides a more reliable interpretation of feature
importance. In Shapley analysis, the model’s predictions were
simulated both with and without each feature to establish
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a baseline (average) prediction. From these simulations,
SHAP values were assigned, which quantify how much the
model’s predictions change from this baseline when including
each feature. SHAP values also have signs (+/-) to indicate
whether a feature increases or decreases the prediction. The
model’s predictions are expressed as the sum of the baseline
prediction and the SHAP values of every feature, indicating
the feature’s contribution to the model’s prediction (19). For
our study, the absolute value (magnitude) of the SHAP values
was calculated, and the features were ranked accordingly to
determine their importance. Out of the 77 encoded features,
the top 10 highest-impact features in each model were
focused on to assess our hypothesis. This method allowed
for the evaluation the relative impact of each market feature
on sales and the interpretation of the results in a business
context. The full code for this analysis is provided in the
references (20).
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