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Abstract 
Nowadays, understanding and predicting revenue trends is highly competitive, 
in the food and beverage industry. It can be difficult to determine which aspects 
of everyday operations have the most impact on income, especially for coffee 
shops. Transactional and behavioral data are readily available, but numerous 
small businesses lack the data-driven models necessary to convert these in-
sights into predictions that can be put into action. By using linear regression 
techniques to forecast daily income based on important business parameters, 
this study seeks to close the gaps. In order to investigate feature distributions 
and correlations, exploratory data analysis performed including statistical 
summaries, box plots, and scatter plots with regression lines. A correlation 
study determines the most important parameters and are “Number of Custom-
ers Per Day”, “Average Order Value”, and “Marketing Spend Per Day”. Sec-
ondary elements like location foot traffic, the number of employees and oper-
ating hours come after this. A linear regression model is trained using these 
characteristics, yielding an R2 score of 0.89, a Mean Absolute Error (MAE) of 
244.13. The model’s efficacy is validated by comparing actual and projected 
revenue. This method provides a useful foundation for forecasting revenues 
and making well-informed decisions in small-scale retail businesses, such as 
coffee shops. 
 

Keywords 
Revenue, Data Analysis, Linear Regression, Business, Coffee House 

 

1. Introduction 

In the food and beverage sector, revenue forecasting is an essential aspect of stra-
tegic decision-making, especially for small and medium-sized businesses like cof-
fee shops. Numerous variables, such as the number of customers, average ex-
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penditure, marketing initiatives, and foot traffic surrounding the company’s loca-
tion, the number of employees, and working hours can affect daily income. For 
forecasting and planning, many coffee shop managers depend on their gut feelings 
rather than data-driven insights, even if they have access to key operational infor-
mation (Ahmad et al., 2020a; Fiori & Foroni, 2020). Coffee shop operators may 
increase overall profitability, optimize marketing expenditures, and manage re-
sources more effectively with the aid of accurate revenue forecasting. The use of 
straightforward, interpretable prediction models is lacking in many corporate set-
tings, nevertheless, as resources for intricate systems could be scarce (Munoz & 
Vassilvitskii, 2017). 

To fill this gap, this study models and forecasts daily revenue using linear 
regression based on important business parameters. I determine the association 
between each parameter and daily income via an exploratory data analysis that 
includes statistical summaries, box plots, and scatter plots with regression lines. 
The most important variables, “Number of Customers Per Day”, “Average Or-
der Value”, “Marketing Spend Per Day”, and “Location Foot Traffic”, are chosen 
to train the linear regression model. The main objectives of the study are as fol-
lows: 
 Explore descriptive statistics and visualization techniques to understand the 

impact of each feature. 
 Visualize the feature relationship using box plots and scatter plots with a re-

gression line. 
 Compute the correlation between input features and the target variable. 
 Select the best attributes based on correlated values. 
 Develop a linear regression-based model on the top features. 
 Evaluate the performance of the model using R2 value, RMSE and MAE. 
 To show and contrast actual and projected income in order to evaluate the 

model’s predictive power and practical correctness. 
 To offer data-driven insights that can assist stakeholders and coffee shop man-

agers in making well-informed choices about revenue optimization, customer 
service, and marketing. 

2. Related Works 

As predicting revenue is very crucial for all small and large businesses, many re-
searchers are working in this field. Some of them are as follows: Lin and colleagues 
(Lin et al., 2022) proposed employing Generalized Additive Models (GAMs) and 
machine learning models based on artificial neural networks (ANNs) to estimate 
the revenues of hybrid hydropower and energy storage systems in a quick and pre-
cise manner. With validation errors often less than 5%, the novel method cuts cal-
culation time from around three hours to just one to four minutes per battery con-
figuration when compared to standard MILP models. The accuracy of ML models 
was consistently higher than that of GAMs. This approach promotes the wider use 
of energy storage in renewable systems and provides investors and plant owners 
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with a useful and effective tool for assessing battery size alternatives. 
Researchers (Jian et al., 2020) investigated the prediction of product market 

revenue using neural networks backed by fuzzy logic and artificial intelligence 
algorithms. Future sales are predicted using neural networks, which are well-
known for their resilience and capacity to represent intricate nonlinear interac-
tions. With prediction errors kept to 4%, the study concludes that the neural 
network-based prediction model achieves excellent accuracy. Businesses may 
increase profitability by using this forecasting technique to better understand 
market trends and make well-informed decisions. 

A shortcoming of traditional frequent itemset mining that ignores the differing 
importance or monetary worth of transactions among various consumers is ad-
dressed in this work (Weng, 2017). In order to address this, the authors devel-
oped a frequency-monetary (FM) weighting approach that more accurately re-
flects client value by taking into account both transaction frequency and revenue 
contribution. For mining high-revenue frequent itemsets from FM-weighted 
transactions, they put out a unique approach. The efficiency of this strategy in 
revenue-focused customer research was demonstrated by experimental findings 
utilizing survey data, which revealed that the top-k itemsets found using this 
method more correctly forecasted future customer revenues than the usual meth-
odology. 

In contract-based service contexts, where it’s critical to estimate changes in cli-
ent or service-level revenues over time, the revenue change prediction problem 
addressed (Mahajan et al., 2020). Since limited resources, like consultants or sales-
people, must be effectively distributed based on anticipated revenue fluctuations, 
accurate forecasting is essential. By framing revenue change forecast as a classifi-
cation issue, the authors present a unique paradigm. They present a system that op-
timizes prediction precision while reducing the loss of overall accuracy, acknowl-
edging the problem of class imbalance in such datasets. The technique outperforms 
conventional classifiers and provides useful insights for resource prioritization. It is 
proven using real-world data from a top global cloud services provider. 

The use of social media data, particularly YouTube trailer reviews, to forecast 
box office receipts before to a film’s debut is investigated (Ahmad et al., 2020b). 
This method concentrates on early-stage prediction by examining public involve-
ment and sentiment, in contrast to earlier approaches that depend on Twitter or 
IMDb evaluations after publication. The model presents novel indicators such the 
like-to-dislike ratio, the positive-to-negative sentiment ratio, and purchase inten-
tion. According to experimental data, the suggested approach achieves a relative 
absolute error of 29.65%, outperforming three baseline models. This strategy 
demonstrates how pre-release social media interactions may be used to anticipate 
movie income earlier and with more accuracy. 

A WiFi-based sensing method presented to better estimate revenue in retail en-
vironments and comprehend consumer behavior (Golderzahi & Pao, 2024). The 
system finds groups of consumers with similar habits by using WiFi access points 
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placed in cafeterias to track client visiting patterns, including Service Set Identifier 
(SSID) data. Predictive modeling utilizing machine learning methods such as Ran-
dom Forest and Support Vector Regression is based on these groupings. Revenue 
from coffee shops, the quantity of products sold, and the number of consumer 
devices are the three main outcomes that the models seek to forecast. Predictive 
accuracy is greatly increased by adding weather and customer group data, with a 
Mean Absolute Percentage Error (MAPE) improvement of 6% to 10%. This study 
shows how behavioral data and environmental elements may be effectively inte-
grated to improve retail forecasting accuracy. 

Using information from the Ethiopian Commodity Exchange (ECX), it was 
predicted the future prices of two important Ethiopian export commodities: coffee 
and sesame (Fofanah, 2021). By using and contrasting three algorithms—Linear 
Regression (LR), Extreme Gradient Boosting (XGB), and Long Short-Term Memory 
(LSTM)—it fills a research gap. The study assesses the accuracy of each model 
using datasets of 7205 for sesame and 1540 for coffee. Ethiopia Coffee Prices Pre-
dictor (ECPP), an easy-to-use mobile app, was also created to make price forecasts 
available, demonstrating the potential of mobile-based forecasting tools in re-
gional commodity markets. 

The difficulties in predicting income in the food sector, particularly for res-
taurants in urban locations, are focused (Sanjana Rao et al., 2021). Three restau-
rant types—inline, food court, and mobile—are the subject of the study. It sug-
gests a method for forecasting restaurant income that takes into account a num-
ber of factors, ranking the input features according to how they affect the desired 
attribute. To enhance the quality of the dataset, the study uses pre-processing 
methods such Principal Component Analysis (PCA), feature selection, and label 
encoding. Following dataset training, the models are assessed, and it is shown 
that Random Forest (RF) predicts revenue more accurately than Linear Regres-
sion. Additionally, the study demonstrates that pre-processing greatly improves 
model accuracy. 

However, there is a need for straightforward, understandable, and useful mod-
els made for small businesses like coffee shops because the majority of current 
research focuses on complicated models or large-scale firms. The purpose of this 
study is to close the gaps. 

3. Methods and Materials 

Figure 1 illustrates the main architecture of the proposed revenue prediction sys-
tem. It consists of seven modules. Module 1 describes the dataset, and the second 
module shows the statistical summary of the dataset. Feature analysis has been 
explored in the third module. Module 4 demonstrates the relationship of each fea-
ture with the target variable. After that 5th and 6th modules calculated the corre-
lation matrix and assisted in selecting the top input features. Finally, in module 7, 
I have applied the linear regression-based model. 
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Figure 1. Main architecture of the revenue prediction system. 

3.1. Dataset Description 

Table 1 shows the samples of the coffee house revenue dataset. The dataset has 
been collected from a public repository named Kaggle. It replicates a single cof-
fee shop's daily operating data. Although it is appropriate for an exploratory 
study, it might not accurately reflect the wider range of actual coffee shops. It 
has six input features—number of customers per day, operating hours, location 
foot traffic, marketing spend hours, number of employees, average order value, 
etc. The target variable is Daily Revenue. Location foot traffic is the quantity of 
people who walk past the coffee shop every day, as determined by street sensors. 
It doesn’t mean you’re involved or have entered the establishment. The dataset 
has a collection of a total of 2000 entities. To know more about the dataset, see  
https://www.kaggle.com/datasets/himelsarder/coffee-shop-daily-revenue-predic-
tion-dataset. 

3.2. Statistical Summary 

Table 2 demonstrates the basic statistical summary of the dataset which comprises 
information from 2000 observations across seven operational and financial variables. 

With numbers ranging from 50 to 499, the average daily customer count is 
around 274, suggesting considerable variation in consumer turnout. The average 
daily operation hours are around 11.66, with some locations working as little as 4 
hours and others up to 17 hours. The average order value is $6.26. There are typ-
ically eight employees each site. With a mean of $252.61, the daily marketing cost 
varies greatly, ranging from $10.12 to $499.74, indicating different advertising tac-
tics in each region. $5114.60, however, possible losses or abnormalities in the data 
are indicated by a negative minimum value of −$58.95. Significant variation across 
a number of business aspects is highlighted in this report, and these factors probably 
affect daily revenue results. Another important consideration is location foot traffic, 
which varies daily from 110 to 999 people, with an average of around 534.89. Lastly, 
daily revenue fluctuates a lot, ranging from an average of $1917.32 to a maximum 
of $5114.60. However, a negative minimum figure of −$58.95 suggests possible 
losses or irregularities in the data. Significant variation is shown in this overview 
across a number of business aspects, which probably affect daily revenue results. 
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Table 1. Sample of the coffee house revenue dataset. 

Number of  
Customers Per Day 

Average  
Order Value 

Operating  
Hours Per Day 

Number of  
Employees 

Marketing Spend  
Per Day 

Location Foot  
Traffic 

Daily  
Revenue 

152 6.74 14 4 106.62 97 1547.81 

485 4.5 12 8 57.83 744 2084.68 

398 9.09 6 6 91.76 636 3118.39 

320 8.48 17 4 462.63 770 2912.2 

156 7.44 17 2 412.52 232 1663.42 

121 8.88 6 9 183.49 484 1155.18 

 
Table 2. Statistical summary of the coffee revenue dataset. 

 
Number of Customers 

Per Day 
Average Order 

Value 
Operating Hours 

Per Day 
Number of 
Employees 

Marketing Spend Per 
Day 

Location Foot 
Traffic 

Daily  
Revenue 

Count 2000 2000 2000 2000 2000 2000 2000 

Mean 274.29 6.26 11.66 7.94 252.61 534.89 1917.32 

Std 129.44 2.17 3.43 3.74 141.13 271.66 976.20 

Min 50 2.50 6 2 10.12 50 -58.95 

25% 164 4.41 9 5 130.125 302 1140.08 

50% 275 6.30 12 8 250..99 540 1770.77 

75% 386 8.12 15 11 375.35 767 2530.45 

Max 499 10 17 14 499.74 999 5114.60 

 

 
(a)                                                    (b) 

Figure 2. Boxplots of (a) Number of customers per day, (b) Average order value. 

3.3. Preprocessing Stage  

Preprocessing revealed that negative revenue figures (such as −$58.95) were data 
errors and were eliminated from the dataset. Since there were no missing values, 
imputation was not necessary. 
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3.4. Feature Analysis 

A thorough feature analysis was performed on the dataset in order to estimate 
restaurant income with accuracy. Every input attribute was evaluated for impact 
and relevancy (Chang & Yang, 2016). 
 Number of Customers Per Day—The dispersion of daily customer counts is 

seen in Figure 2(a). Since the median is about 300 patrons, most restaurants 
probably serve this many every day. Variability in the daily client numbers 
is indicated by the interquartile range (IQR), which ranges from around 175 
to 400. Beyond the whiskers, there are a few data points that might indicate 
outliers or exceptionally high or low consumer days. Daily income may be 
impacted by this fluctuation, underscoring the significance of steady foot 
traffic. 

 Average Order Value—The distribution of the average order value per cus-
tomer is seen in Figure 2(b). The majority of values lie between about $4 and 
$8.5, with the median order value being around $6.5. Order values appear to 
be quite constant across observations, as indicated by the comparatively tiny 
IQR. Discounts or days with low expenditure may be indicated by a few low-
end outliers. Predicting revenue more precisely can be aided by stable average 
order values. 

 

 
(a)                                                    (b) 

Figure 3. Boxplots of (a) Operating hours per day, (b) Number of employees. 
 
 Operating Hours Per Day—The number of hours a restaurant is open each day 

is displayed in Figure 3(a). The majority of establishments operate between 9 
and 15 hours, with a median of around 12 hours. There are a few eateries with 
longer hours, which stand out as minor anomalies. The number of clients ser-
viced and, consequently, income is directly impacted by operating hours. In 
addition to perhaps increasing revenue, longer hours may also result in in-
creased operating expenses. 

 Number of Employees—The median of about ten employees is displayed in 
the employee boxplot Figure 3(b). There are several outliers on both extremes 
of the spectrum, which normally ranges from 6 to 13 personnel. For the esti-
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mate of labor costs and service quality, this measure is essential. Greater staff-
ing levels might be a sign of busier or larger businesses. Managing operational 
efficiency may depend on how well employees are allocated. 

 

 
(a)                                                    (b) 

Figure 4. Boxplots of (a) Marketing spend per day, (b) Location foot traffic. 
 
 Marketing Spend Per Day—The distribution of daily marketing costs is seen 

in Figure 4(a). With a broad IQR ranging from $100 to more than $400, the 
median is about $250. A few extremely low outliers around 0 can indicate com-
panies that invest little to nothing in marketing. Revenue and consumer en-
gagement are frequently correlated with marketing spending. A wide range of 
expenditures points to various restaurant tactics. 

 Location Foot Traffic—The number of people who pass by the restaurant every 
day is shown in Figure 4(b). In the IQR, foot traffic ranges significantly from 
around 300 to 800, with a median of about 550. Outliers are defined as a few 
extreme values. Although conversion rates rely on other criteria, including lo-
cation type and marketing efforts, more foot traffic is typically linked to better 
commercial potential. This factor has a significant impact on revenue forecast-
ing models. 

Since each characteristic exhibits significant fluctuation, they may all help for-
mulate predictions. Larger ranges are displayed by some features (such as location 
foot traffic and marketing budget), suggesting a higher degree of impact or varia-
bility. No significant skewness or severe outliers, suggesting that the data behaved 
well following any necessary cleaning. 

3.5. Visualize the Relationship with the Target Variable 

I employ scatter plots with trendlines to assess the impact of each input charac-
teristic (such as the average order value, number of customers, etc.) on Daily Rev-
enue (Waskom, 2021; Sadiku et al., 2016). These images aid in identifying the 
strength (strong or weak) and direction (positive or negative) of connections. A 
characteristic is deemed potentially important if it has a distinct upward or down-
ward trend with the target variable. 
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(a)                                                    (b) 

Figure 5. Scatter plot of daily revenue vs (a) Number of customers per day and (b) Average order value. 
 

 Daily Revenue Vs Number of Customers Per Day—Figure 5(a) clearly shows 
a positive linear association between daily income and the number of clients. 
Daily income climbs dramatically in tandem with the number of patrons, 
which is consistent with what is expected in a restaurant or retail establish-
ment. According to the well-fitting regression line, daily income is significantly 
predicted by the number of customers. This suggests that initiatives to boost 
foot traffic can improve revenue results directly. 

 Daily Revenue Vs Average Order Value—Additionally, there is a significant 
association between daily income and the average order value in Figure 5(b). 
The regression line’s upward slope suggests that more spending per customer 
makes a significant contribution to overall revenue, even though the link is not 
as strong as it is with customer count. Pricing tactics and upselling may still be 
useful for increasing income, but the data’s dispersion indicates that other fac-
tors could still be at play. 

 

 
(a)                                                    (b) 

Figure 6. Scatter plot of daily revenue vs (a) Operating hours per day and (b) Number of employees. 
 

 Daily Revenue Vs Operating Hours Per Day—There is little to no relationship 
between operating hours and daily income, according to Figure 6(a). The 
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nearly flat regression line indicates that simply remaining open for a longer 
period of time does not always result in increased profits. This might indicate 
that, regardless of the overall number of daily operation hours, customer traffic 
is concentrated within specific peak periods or that there are diminishing re-
turns to expanding hours. 

 Daily Revenue Vs Number of Employees—There doesn’t seem to be much of 
a correlation between daily income and staff count (Figure 6(b)). There is little 
association, as the regression line is almost flat. This implies that hiring more 
employees does not always translate into more sales and that labor optimiza-
tion should be driven by service requirements rather than the hope of imme-
diately increasing revenue.  

 

 
(a)                                                    (b) 

Figure 7. Scatter plot of daily revenue vs (a) Marketing spend per day and (b) Location foot traffic. 
 

 Daily Revenue Vs Marketing Spend Per Day—In Figure 7(a), the moderately 
upward sloping regression line indicates a minor positive trend between daily 
income and marketing expense. Although not particularly strong, this associ-
ation implies that marketing initiatives might help boost sales. However, the 
broad range of data points also suggests that marketing effectiveness varies, 
maybe based on target audience, time, or technique. 

 Daily Revenue Vs Location Foot Traffic—The almost flat regression line indi-
cates a poor relationship between location foot traffic and daily income in Fig-
ure 7(b). Although it is anticipated that increased foot traffic will increase rev-
enue, this outcome may point to low conversion rates or inefficient customer 
service. It emphasizes how crucial in-store appearance and experience are to 
turning foot traffic into paying clients. 

3.6. Compute the Correlation 

The correlation analysis between input feature and target variable has been shown 
in Figure 8. It shows that Daily Revenue has the strongest positive correlation 
with Number of customers per day (0.74), according to the correlation analysis, 
suggesting that gaining more customers greatly increases revenue. This is followed 
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by a moderate correlation with Average Order Value (0.54), indicating that raising 
per-customer spending also makes a significant contribution. Marketing Spend 
per day has a lesser positive correlation (0.25) than customer volume or order 
value, suggesting that it has some influence but not as much. 
 

 

Figure 8. Correlation matrix of the dataset. 
 

While Operating Hours Per Day exhibits a minimal negative correlation (−0.0053), 
suggesting that merely extending business hours does not consistently increase 
revenue, Location Foot Traffic (0.013) and Number of Employees (0.0033) show 
negligible correlations, meaning they have virtually no effect on revenue. These 
results imply that instead than concentrating on elements like foot traffic, person-
nel numbers, or operation hours, firms should give priority to methods that in-
crease average order values and boost consumer traffic. 

3.7. Select the Top Features 

I have selected the top features based on the correlation analysis between input 
features and the target variable. The top features of the dataset are the number of 
customers per day, average order value, marketing spend, and location foot traffic. 
The number of employees has less impact on the daily revenue, whereas operating 
hours have no positive impact on the daily revenue of the coffee house. 

3.8. Apply Linear Regression Model 

A basic statistical technique for simulating the connection between a depend-
ent variable and one or more independent variables is linear regression. Pre-
dicting and explaining how the dependent variable will behave depending on 
the values of the independent variables is its main goal (James et al., 2023; Hope, 
2020). 

The goal of linear regression is to fit a hyperplane (in multiple linear regression) 
or a straight line (in basic linear regression) that best captures the relationship 
between the independent variable or variables and the dependent variable. The 
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fundamental linear regression equation is: 

 0 1 1 2 2 n ny x x xβ β β β ε= + + + + +  (1) 

The dependent variable, represented by y in a linear regression model, is the 
goal or result I hope to predict. The independent variables or predictors that are 
utilized to estimate the value of y are 1 2, , , nx x x . The value of y when all inde-
pendent variables are zero is shown by the word β0, which is the intercept. The 
regression coefficients for each related independent variable are represented by 
the coefficients 1 2, , , nβ β β , which indicate the strength and direction of the as-
sociation between each predictor and the target variable. Last but not least, ε is the 
error term or residual that explains the variation in y that the linear connection 
with the independent variables is unable to account for. 

Reducing the variation between the expected and actual values is the aim of linear 
regression. Ordinary Least Squares (OLS) is a technique used to minimize the sum 
of squared residuals (Maulud & Abdulazeez, 2020; Kumari & Yadav, 2018). 

Many different areas use linear regression extensively to evaluate correlations 
and make predictions. It is employed in economics to predict demand patterns 
and pricing. It aids in sales forecasting in marketing by taking into account varia-
bles like advertising budget. In the medical field, linear regression calculates how 
various risk variables affect a person’s chance of contracting an illness. 

4. Result 
4.1. Evaluation of the Performance Metrics 

Table 3, Performance Metrics of the Model, which is shown in this table, gives a 
numerical overview of a predictive model’s performance (Liu et al., 2014). Regres-
sion models that might forecast daily income are frequently assessed using these 
measures. 
 
Table 3. Performance metric model. 

R2 Score: 0.895398 

MAE: 244.126 

Top Features: Number of Customer, Average Order, Marketing Spend Per Day, Location 
Foot Traffic 

 
The percentage of the variation in the dependent variable that can be predicted 

from the independent variables is shown by the R2 score. It has a range of 0 to 1. 
With a R2 score of 0.895398, the model can account for around 89.54% of the vol-
atility in the result (Padilla et al., 2020). In general, a larger R2 means that the 
model fits the data better. Given that 89.54% is a rather large number in this in-
stance, the model appears to have significant explanatory power. 

The mean absolute difference (MAE) between the actual observed values and 
the expected values is computed. It provides a sense of the average deviation of 
the forecasts (Chicco et al., 2021). MAE makes it clear how inaccurate forecasts 
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are. An MAE of 244 indicates, for instance, that estimates are, on average, 244 
units off from the actual values. There is no direction bias in it. MAE evaluates 
over- and under-predictions equally since it considers the absolute difference. 

In summary, this table shows that the model fits the data well generally (R2 of 
89.54%), with average prediction errors ranging from $244 to $313 (in revenue 
currency units). The number of customers, average order value, daily marketing 
expenditure, and foot traffic at the location are the most important aspects affect-
ing the model’s projections. These measurements offer a thorough grasp of the 
model’s performance when paired with visual aids such as the scatter plot you 
previously showed. 

4.2. Contrast between Actual and Predicted Revenue  

Figure 9 explores the contrast between actual and predicted revenue. A high pro-
portion of points above the red line indicates that the model frequently overesti-
mates daily income. In the event that most of the points are below the red line, the 
model is likely to underestimate the daily revenue (Wang et al., 2017; Shao et al., 
2017). The points appear to be spread rather equally around the “Perfect Predic-
tion” line in this specific figure, indicating neither a significant systematic overes-
timation nor an underestimation. 
 

 

Figure 9. Contrast between actual and predicted revenue. 
 

The accuracy variance of the model is shown by the degree of dispersion of the 
dots around the red line. Prediction mistakes may be higher when the spread is 
broader. In summary, a regression model—a model that forecasts continuous 
quantities like revenue—is frequently evaluated using this figure. It offers a rapid 
visual evaluation of how well the model’s predictions match reality. 
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Figure 10. Contrast between actual and predicted revenue. 

5. Discussion 

The objective of this study was to develop a prediction model that could anticipate 
desired outcomes like demand or revenue using structured data and machine 
learning techniques, especially linear regression. It gave interpretability, practical 
application, and model correctness top priority throughout the process. Box plots 
were utilized to examine feature distributions and find outliers, skewed variables, 
and underlying trends throughout the data exploration stage. Important details 
on the behavior of particular traits and their possible impact on income were un-
covered by this visual analysis. By ranking the most important predictors using 
feature relevance analysis, we were able to simplify the model and enhance per-
formance. It is clear from Figure 10 that the most important indicators for pre-
dicting revenue are the number of customers per day, average order value, and 
daily marketing spend. Secondary elements like location foot traffic, the number 
of employees and operating hours come after this. 

With a high R2 value of 0.895, the chosen linear regression model explained 
over 89.5% of the variation in daily income. A strong linear association between 
the chosen characteristics and the target variable is shown by this high explanatory 
power. The accuracy of the model’s predictions is further supported by the Mean 
Absolute Error (MAE) of 244.12. From a commercial perspective, these results 
provide small coffee shop owners with useful, data-driven insights that they can 
implement. Marketing efforts should prioritize customer acquisition strategies, 
such as local advertising, social media campaigns, or partnerships with foot-traf-
fic-heavy locations, over initiatives that aim to increase average order value alone, 
for example, since the number of daily customers had the highest impact on rev-
enue.  

Additionally, even while passive location measures show a smaller association, 
investing in foot traffic visibility enhancements (such as outside signs or market-
ing) may still pay off. These tactics provide business stakeholders with precise, 
doable advice and immediately mirror the model’s conclusions. 
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In a broader sense, this approach facilitates revenue forecasting, demand anal-
ysis, and strategic resource allocation. It encourages data-driven decision-making 
and reduces risks, which is useful not just in the retail industry but also in the 
restaurant business and even in commodity-based industries like agriculture. 
Stakeholders may now more accurately forecast changes in income and make pro-
active adjustments to operations or budgetary allocations, for instance. 

Overall, the study shows that it is both possible and efficient to model and fore-
cast important business indicators using supervised learning approaches, partic-
ularly linear regression. The robustness and predictive power of the model might 
be further enhanced for further research by including time-series components, 
experimenting with ensemble learning techniques, advanced machine learning, or 
utilizing deep learning models. 

6. Conclusion and Future Plan 

This study uses correlation-based feature selection and linear regression to ex-
plore how well a data-driven method can predict coffee shop income. This analysis 
identified the key predictors of daily revenue by examining operational factors 
such as average order value, marketing expenses, number of employees, and daily 
customer volume. A substantial amount of the revenue variance can be explained 
by the linear regression model that was created using these highly correlated char-
acteristics, as seen by its high R2 score of 0.89. Further confirming the correctness 
and dependability of the model were evaluation measures such as MAE. A sub-
stantial amount of the income variance can be explained by the linear regression 
model that was created using these highly correlated characteristics, as seen by its 
high R2 score of 0.89. Assessment indicators such as RMSE and MAE provided 
additional confirmation of the model’s accuracy and dependability. The results 
emphasize how crucial order value optimization, customer flow management, and 
focused marketing campaigns are to increasing revenue. By providing business 
leaders with practical information, this method helps them make better strategic 
decisions. 

The model was trained and evaluated on a single public dataset, which is a lim-
itation of the study, even if it performs well on the dataset that is currently acces-
sible. As a result, it might not be as applicable in other retail settings. To guarantee 
wider application, future studies should test the model utilizing private data from 
various retail establishments and coffee shops. The model’s generalizability is still 
constrained because the dataset does not reflect multi-location data from coffee 
shops. Future research should test this model using real or private data from var-
ious business kinds and geographical areas. 

Future research can improve prediction power by incorporating seasonal trends, 
consumer segmentation, and external contextual factors like weather, holidays, 
and seasonal patterns are not taken into consideration in the present dataset. Such 
characteristics should be taken into account in future research as they have the 
potential to greatly increase model accuracy, even if the model works well with 
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the information provided. Overall, this work offers a solid basis for using straight-
forward but powerful machine learning models to anticipate retail sales. 
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