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Abstract

Stockouts are still a big problem in today's fast-paced retail world. They hurt customer satisfaction
and business profits. This study looked into how well predictive stockout prevention modeling

works to make customers happier and make the most money. We used a quantitative research
strategy and machine learning methods like Random Forest and ARIMA to predict how much
inventory we would need based on past sales and demand patterns. We looked at simulated data
from 20 retail units before and after the model was put into use. The results showed that stockouts
happened 66.67% less often, customer satisfaction went up 37.5%, and profit margins went up
33.3%. The predictive model was very accurate (MAPE: 7.2%, R?: 0.87), which showed that it was
reliable and could be used in real life. The study found that predictive inventory modeling can help
change reactive stock management into a proactive, data-driven approach, which is necessary for
keeping customers loyal and making money in the long run.

Keywords: Predictive Modelling, Stockout Prevention, Customer Experience, Inventory
Management, Machine Learning, Retail Analytics, Profit Maximization, Demand Forecasting,
Supply Chain Optimization.

1. INTRODUCTION

In today's digitized and highly competitive industry, customers expect more from product
availability and delivery times than ever before. A single stockout can not only cost you money
right now, but it can also hurt customer trust and brand loyalty in the long run. For firms that work
on several channels or have worldwide supply chains, making sure the correct product is in the
right place at the right time is now both a strategic need and a big operational problem. Predictable
stockout avoidance modeling has become a strong tool for businesses to manage their inventory
levels ahead of time, cut down on missed sales, and improve overall customer happiness in this
situation.

These predictive models look at past sales patterns, seasonal trends, supplier lead times, and
outside factors like sales promotions or changes in the market to make predictions about future
sales. They use new technologies like machine learning, real-time data analysis, and demand
forecasting. The ultimate result is a flexible, data-driven system that not only predicts future
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stockout threats but also suggests timely corrective actions—Ilike restocking, redistributing
inventory, or making changes to suppliers—well before service levels are affected.
Businesses may greatly improve client experiences, cut down on the expenses of emergency
restocking or delivery, and ultimately maximize profits by reducing disruptions connected to
inventory. This introduction lays the tone for a detailed look at how predictive stockout prevention
modeling works, the technologies that make it possible, and the measurable benefits it brings to
many different businesses.

2. LITERATURE REVIEW
Goodman (2019) stressed that strategic customer service was a key factor in how customers saw
the company and how loyal they would be in the long term. His research showed that companies
could boost positive word-of-mouth, cut down on customer attrition, and make more money by
managing the customer experience well. He said that service approaches that put the client first
created value not only by meeting urgent demands but also by building trust and encouraging
people to talk about the brand.
Otero, Moreno, and Mallon (2017) took this point of view and applied it to the digital learning
space. They looked into how improving the digital experience for customers, especially online
learners, could directly lead to more sales. Their research showed that a user-friendly interface,
tailored learning routes, and timely support systems made learners much happier and more
engaged. This, in turn, enhanced the lifetime value of customers on educational technology
platforms.
Gao, Melero-Polo, and Sese (2020) looked into how the quality of customer experience affects the
profitability and equity of customers. They discovered that experiential factors including service
reliability, customization, and responsiveness had a favorable effect on customer equity, especially
when social impact was taken into account. Their analysis backed up the idea that a better customer
experience not only kept customers coming back, but also set companies apart from their
competitors in high-contact industries like banking.
Bhattacharya, Morgan, and Rego (2021) focused on utility companies that have a monopoly and
identified a strong correlation between customer satisfaction and company profits, even in
economies where customers had few options. Their results called into question the idea that
monopolies don't have much reason to improve customer service. Instead, they found that happy
consumers were less inclined to complain, more ready to accept price increases, and helped keep
the company's finances stable over the long run.
Bleier, Harmeling, and Palmatier (2019) looked at what makes online consumer experiences
good. Their study found that content relevancy, personalization, and easy navigation are all
important for keeping customers interested in digital commerce. They said that companies that
spent time making meaningful online interactions not only had higher conversion rates, but also
better brand loyalty and customer retention.
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RESEARCH METHODOLOGY
2.1.Research Design
The study used a quantitative research strategy together with predictive modeling and simulation
methods. It was set up to see how predictive stockout prevention algorithms affect customer
experience measures and profitability indicators. The study was exploratory and attempted to find
links between predictive inventory management and company performance results.
2.2.Study Area and Sample
The research was conducted using simulated data from mid-sized retail chains operating
throughout urban regions. Twenty retail units were chosen for a purposive sample based on how
complicated their inventory was, how many customers they had, and how often they ran out of
product in the past. We used simulated transaction logs, inventory reports, and customer feedback
questionnaires from a 12-month period to set up a controlled data environment for analysis.
2.3.Data Collection Methods
Data were collected from three primary sources:
e Inventory Management Systems (IMS): Provided historical stock levels, lead times, and
replenishment records.
e Point-of-Sale (POS) Systems: Supplied transaction data, including missed sales due to
stockouts.
e Customer Satisfaction Surveys: Offered feedback related to product availability and
shopping experience.
Secondary data were also derived from industry benchmarks and previous studies on predictive
inventory control.
2.4. Predictive Modelling Approach
We created a machine learning model to anticipate future stockouts. It uses Random Forest
Regressors and Time Series Forecasting (ARIMA/SARIMA). The model was trained on past data
that included things like how demand changes with the seasons, how long suppliers take to deliver,
and how customers tend to buy.
Simulation of the model was carried out under different stock management scenarios:
e Without predictive modelling (traditional restocking methods).
e With predictive modelling and dynamic safety stock buffers.
The outcomes were evaluated based on stockout frequency, customer churn, and sales conversion
rates.
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2.5. Data Analysis Techniques
We used statistical tools like SPSS and Python (Pandas, Scikit-learn) to look at the data. We used
descriptive statistics to summarize important inventory data and inferential statistics (paired t-tests
and ANOVA) to figure out how big of a difference the model made in customer happiness and
profitability before and after it was put into place.
We looked at customer experience data by using Likert-scale responses and cross-tabulating them
with inventory availability levels to find trends in satisfaction.

2.6.Validation and Reliability
During training, k-fold cross-validation was done to make sure the model was correct. We used
Cronbach's alpha to examine the dependability of customer feedback tools. The coefficient was
above 0.80, which means that the tools were quite consistent within themselves. We used Mean
Absolute Percentage Error (MAPE) and Root Mean Square Error (RMSE) to check how well the
stockout model predicted what would happen.

3. RESULTS AND DISCUSSION
The study of the predictive stockout avoidance model gave us a lot of useful information about
how well it works to make customers happier and make more money. The study was able to
show the real benefits of predictive inventory control by comparing key performance indicators
(KPIs) before and after the use of predictive modeling. In this section, we show the findings of
the simulation and statistical analysis. After that, we have a long discussion on what these results
mean for retail operations and strategies for improving the customer experience.
3.1.Stockout Frequency Comparison
The primary metric evaluated was the stockout frequency across 20 selected retail units. The data
showed a marked reduction in stockout incidents after the implementation of the predictive model.
Table 1: Stockout Frequency Before and After Predictive Model Implementation

Store ID Avg. Monthly Stockouts | Avg. Monthly Stockouts %
(Before) (After) Reduction

Metro Mart- 22 7 68.18%
Patna
Quick Cart- 19 6 68.42%
Ranchi
Shop Ease-Delhi | 25 9 64.00%
Retail Hub- 30 11 63.33%
Lucknow
Urban Fresh- 18 5 72.22%
Kolkata
Average 22.8 7.6 66.67%
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Figure 1: Stockout Frequency Before and After Predictive Model Implementation
The data shows that after using predictive stockout prevention modeling, the average number of
stockouts per month at all five stores went down a lot. The stores with the biggest percentage
drops were Urban Fresh-Kolkata and Quick Cart-Ranchi, which saw drops of 72.22% and
68.42%, respectively. Retail Hub-Lucknow had the smallest drop, at 63.33%, but that is still a
big drop. Stockouts went lowered from 22.8 to 7.6 each month on average, which is a 66.67%
total improvement. This steady drop in stores all across the world shows that the strategy works
to improve inventory management, make products more available, and make operations more

reliable.

3.2.Customer Satisfaction Scores
Table 2: Average Customer Satisfaction Scores (Before vs After)

Metric Before After Improvement
Implementation Implementation (%)

Product Availability 3.2 4.4 37.5%

Satisfaction

Overall Shopping 3.5 4.6 31.4%

Experience

Willingness to Revisit 3.7 4.8 29.7%
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Figure 2: Average Customer Satisfaction Scores

The results show that customer satisfaction measures have gone up a lot since the predictive
stockout avoidance methodology was put in place. The most improvement was in Product
Availability Satisfaction, which went from 3.2 to 4.4, a 37.5% increase. This means that
customers had a lot less problems with things being out of stock. The Overall Shopping
Experience went up by 31.4%, from 3.5 to 4.6. This suggests that better inventory control has led
to better service in stores and online. Additionally, the willingness to return went up from 3.7 to
4.8, a 29.7% rise, which shows that customers are more loyal. Together, these results show that
preventing stockouts not only makes operations run more smoothly, but it also leads to a better
and more repeatable customer experience.

3.3.Sales and Profitability Outcomes
Sales and profit margins were also evaluated pre- and post-model implementation. This aimed to
assess the business impact of reduced stockouts.

Table 3: Average Monthly Sales and Profit Metrics

Metric Before Model | After Model | % Increase
Monthly Sales $14000 $18570 32.5%
(USD)
Net Profit (USD) $2100 $2800 33.3%
Missed Sale Value $2920 $990 -66.0%

The financial indicators make it evident that using the predictive stockout avoidance model has a
favorable effect on business. Monthly sales went up 32.5%, from $14000 to $18570, and net
profit went up 33.3%. This shows that having more inventory directly led to more sales and
lower costs. The Missed Sale Value plummeted by a huge 66.0%, from $2920 to $990. This
shows that there were a lot less transactions lost because of stockouts. These results show that
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the approach works well to keep client demand high, maximize profits, and cut down on lost
revenue.
3.4.Predictive Model Accuracy Metrics
The accuracy of the forecasting model was evaluated using MAPE and RMSE, confirming the
robustness of the predictive engine.
Table 4: Model Accuracy Evaluation

Evaluation Value | Benchmark | Performance Rating
Metric
MAPE 7.2% <10% High Accuracy
RMSE 13.4 units | N/A Acceptable Range
R? Score 0.87 Close to 1 Strong Correlation

The evaluation metrics show that the predictive stockout prevention model worked very well and
was very accurate. The Mean Absolute Percentage Error (MAPE) was 7.2%, which is
considerably below the permitted level of 10%. This shows that the model is quite well at
predicting how much inventory will be needed. The Root Mean Square Error (RMSE) was 13.4
units. This is a good number for retail demand prediction models, even though it doesn't have a
benchmark. The R? Score of 0.87 also shows that there is a significant relationship between the
anticipated and actual stock levels, which adds to the model's strength. In general, these results
show that the prediction model is statistically solid and may be used to optimize inventories in
the real world.

3.5.Discussion
The results substantially supported the idea that using predictive stockout prevention modeling
made both customers happier and the business more profitable. The huge drop in stockouts meant
that products were more readily available, which in turn improved customer happiness and faith
in the brand.
The model also reduced the risks of overstocking and understocking by precisely anticipating
inventory needs. This helped merchants make the most of their working capital while still fulfilling
demand. This efficiency led to a 32.5% rise in monthly sales, which shows how valuable data-
driven inventory systems are for businesses.
The model may also be scaled up or down, making it good for both medium-sized and large retail
chains. But putting it into action in the real world might need connecting it to ERP systems, training
staff, and updating the model regularly depending on new patterns of demand.

4. CONCLUSION
The study found that using predictive stockout prevention modeling made both the consumer
experience and the business's profits much better. Using machine learning to predict demand and
manage inventory ahead of time cut stockouts by an average of 66.67%. This led to a 37.5% boost
in customer satisfaction and a 33.3% gain in profit margins. The model was quite accurate and
reliable, which showed that it could be used as a strategic tool to improve service quality and make
the best use of inventories. Overall, the results showed that predictive inventory control is not only
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good at reducing missed sales, but it is also necessary for keeping customers loyal and growing
the firm over time.
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