Customer Management using Artificial Intelligence: The Case of NovaMart

1. Background

The increasing availability of customer data has transformed customer management from a largely intuition-driven activity into a data-
intensive managerial process. Firms can now collect information about customer demographics, transaction histories, browsing
behaviour, responses to promotions, service interactions, and digital engagement. However, the availability of data does not automatically
translate into better customer management. Firms need analytical methods that can transform large volumes of heterogeneous customer
data into actionable insights. Two particularly important approaches are clustering and classification. While clustering enables firms to
discover naturally occurring customer segments without predefined labels, classification enables them to predict which category or
outcome a customer is likely to belong to. This case study examines NovaMart, a omnichannel retail company that uses clustering and
classification algorithms to improve customer management. The case illustrates how the two approaches can complement one another.
Clustering is used to discover meaningful customer segments, while classification is subsequently used to assign new and existing
customers to these segments and predict customer outcomes such as churn, response to campaigns, and likelihood of high-value
purchasing. The case demonstrates how machine learning can become embedded within customer relationship management rather than
being treated as an isolated analytical exercise.

NovaMart is a large omnichannel retailer operating through physical stores, a website, and a mobile application. The company sells
consumer electronics, home appliances, personal accessories, and lifestyle products. Over several years, NovaMart accumulated
substantial amounts of customer information through loyalty programmes, online purchases, store transactions, website visits, mobile-
app activity, customer-service interactions, and promotional campaigns. Despite possessing this extensive data, the company faced
several customer-management problems. Marketing campaigns were largely based on broad demographic categories, resulting in
customers receiving similar promotional messages even when their purchasing behaviour differed substantially. The marketing
department also struggled to distinguish highly valuable customers from customers who generated frequent but low-margin transactions.
Furthermore, customer attrition was becoming a concern. The company knew that some customers were becoming inactive but lacked a
reliable method for identifying customers at risk of leaving. Management therefore initiated a customer analytics programme with three
objectives: first, to identify meaningful customer segments; second, to develop predictive models that could classify customers according
to their likely behaviour; and third, to integrate these analytical outputs into customer relationship management decisions.

2. Building the Customer Data Foundation

The first stage involved creating a unified customer data set. NovaMart integrated information from its enterprise resource planning
system, CRM platform, e-commerce website, mobile application, loyalty programme, and customer-service database. Each customer was
represented through a set of behavioural and transactional variables. Important variables included recency, representing the number of
days since the customer's last purchase; frequency, representing the number of transactions during a specified period; and monetary
value, representing the customer's expenditure. Other variables included average order value, product-category diversity, discount
utilisation, website visits, mobile-app engagement, email response rates, returns, customer-service complaints, and payment behaviour.
Data preparation was critical because machine-learning algorithms can produce misleading results when the underlying data are
incomplete or inconsistent. NovaMart removed duplicate customer records, addressed missing values, standardised numerical variables,
and transformed highly skewed transaction variables. The company also separated personally identifiable information from analytical
data to reduce privacy risks. After this, the firm was ready to move towards a more structured Al/ML initiatives to reap benefits out of
data. To implement clustering and classification algorithms effectively, NovaMart would have needed to make substantial changes to the
way it collected, stored, integrated, governed, and used customer data. The success of customer analytics depends not only on
sophisticated algorithms but also on the quality and structure of the underlying data. Earlier, customer information may have been
distributed across different organisational systems, with marketing, sales, customer service, e-commerce, and loyalty functions
maintaining their own records. To support machine learning, NovaMart would have had to transform this fragmented environment into
an integrated and continuously updated customer data repository.

The first major change would have been the centralisation of customer data. NovaMart collected information through multiple channels,
including physical stores, its website, mobile application, loyalty programme, CRM system, payment systems, and customer-service
interactions. Traditionally, these systems may have operated independently, making it difficult to obtain a complete view of an individual
customer. The company therefore would have needed to establish a central data warehouse or data lake capable of bringing together
information from these different sources. The repository would contain transaction histories, customer profiles, browsing activity, product
preferences, promotional responses, returns, complaints, and digital engagement. A critical requirement in this process would have been
the creation of a unique customer identity. The same customer could interact with NovaMart through multiple channels. For example, a
customer might purchase a television in a physical store, browse products through the mobile application, and subsequently purchase
accessories through the website. If each interaction were recorded against a different identifier, the organisation would incorrectly
perceive these activities as belonging to different individuals. NovaMart therefore would have introduced a consistent customer ID and
processes for matching records across systems. This would have allowed the company to create a unified customer profile incorporating
both online and offline behaviour. The organisation would also have needed to change its data collection practices. Rather than collecting
information only for immediate operational requirements, NovaMart would increasingly collect data with future analytical applications
in mind. Transaction systems would capture variables such as purchase frequency, order value, product categories, discounts used,
returns, and purchase dates. Digital platforms would capture website visits, pages viewed, searches, shopping-cart activity, app sessions,
and responses to recommendations. Marketing systems would record email openings, clicks, campaign responses, and promotional
conversions. Customer-service systems would capture complaints, enquiries, resolution times, and interactions with service personnel.
This would provide the behavioural information necessary for identifying meaningful customer segments.
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However, collecting large volumes of data would not be sufficient. NovaMart would have needed to establish data-quality management
processes. Machine-learning algorithms are highly dependent on the quality of their input data. Missing values, duplicate records,
inconsistent formats, incorrect customer identifiers, and erroneous transactions could lead to misleading customer segments and
inaccurate predictions. The company would therefore establish procedures for validating data when it entered the repository. Automated
checks could identify impossible values, duplicate transactions, missing fields, and inconsistencies between systems. Periodic data-quality
audits would further ensure that the repository remained reliable. The company would also have needed to introduce standardised
definitions for important customer variables. For example, different departments might previously have interpreted an "active customer"
differently. Marketing might define an active customer as someone who opened an email, while finance might define one as someone
who made a purchase. For machine learning, such definitions need to be precise and consistent. NovaMart would therefore establish a
common data dictionary defining variables such as customer, purchase, active customer, churn, frequency, recency, engagement, and
customer lifetime value. This would improve consistency across analytical and managerial functions. Another important change would
involve data integration and transformation. Raw operational data are rarely immediately suitable for clustering or classification. The data
science team would need to transform transaction-level records into customer-level analytical variables. For example, thousands of
individual transactions could be aggregated to calculate annual purchase frequency, average order value, total annual spending, number
of product categories purchased, and days since the last purchase. Similarly, website and application logs could be transformed into
measures of monthly digital engagement. This process would create an analytical dataset in which each row represents a customer and
each column represents a meaningful attribute.

NovaMart would also have introduced a formal data governance framework. Because the repository contained detailed customer
information, governance would be necessary to determine who could access the data, what information could be used for particular
purposes, how long it should be retained, and how it should be protected. Data ownership responsibilities would need to be assigned to
relevant departments. Access controls could ensure that employees only accessed information necessary for their roles. Sensitive
information could be encrypted or pseudonymised, while personally identifiable information could be separated from analytical datasets
where appropriate. Privacy and customer consent would represent another significant consideration. As NovaMart began collecting more
behavioural information, it would need to ensure that customers were appropriately informed about how their information was being
collected and used. The organisation would need policies governing the use of data for marketing, analytics, personalisation, and
predictive modelling. Privacy would therefore become an integral component of the data architecture rather than an issue considered
only after the repository had been created. The company would also need to establish a data lifecycle management process. Customer
data would continuously enter the repository, be transformed and analysed, and potentially be archived or deleted after a defined period.
Historical data would remain important because machine-learning models require substantial historical observations for training. At the
same time, retaining information indefinitely would create unnecessary privacy and security risks. NovaMart would therefore define
policies for data retention, archival, deletion, and updating.

Another important organisational change would have been the creation of cross-functional data teams. Customer data were not owned
by the data science department alone. Marketing understood customer campaigns, sales understood purchasing behaviour, customer
service understood complaints and satisfaction, IT understood system architecture, and legal and compliance teams understood
regulatory requirements. NovaMart would therefore need collaboration among these functions. Data scientists could identify analytical
requirements, while business managers could determine which customer attributes had practical relevance. This collaboration would
ensure that the repository supported both technical and managerial requirements. NovaMart would also have invested in data
infrastructure and analytical capabilities. The growing volume and variety of customer information would require scalable storage,
automated data pipelines, data-processing tools, and analytical platforms. Instead of manually downloading spreadsheets from different
departments, the organisation could establish automated pipelines that regularly transferred information from operational systems into
the central repository. This would allow customer profiles and analytical variables to be updated continuously or at predetermined
intervals. Finally, the organisation would have changed its culture surrounding data. Previously, departments might have viewed customer
information primarily as an operational resource. With the introduction of machine learning, data would increasingly become a strategic
organisational asset. Managers would need to recognise the importance of accurate data capture, consistent definitions, and responsible
data use. Employees entering customer information would become an important part of the data-quality process because errors at the
point of collection could ultimately affect machine-learning outcomes.

In conclusion, NovaMart's implementation of Artificial Intelligence algorithms effectively, NovaMart would have needed to make
substantial changes to the way it collected, stored, integrated, governed, and used customer data. The success of customer analytics
depends not only on sophisticated algorithms but also on the quality and structure of the underlying data. Earlier, customer information
may have been distributed across different organisational systems, with marketing, sales, customer service, e-commerce, and loyalty
functions maintaining their own records. To support machine learning, NovaMart would have had to transform this fragmented
environment into an integrated and continuously updated customer data repository.

3. Inside the Al/ML Programme Initiatives

NovaMart initially did not know how many meaningful customer groups existed. Consequently, the analytics team used an unsupervised
learning approach. Clustering algorithms identify groups of observations that are similar to one another while being relatively different
from observations in other groups. The company experimented with several clustering techniques. K-means was ultimately selected
because it was computationally efficient and produced segments that managers could interpret relatively easily. The analytics team
experimented with different numbers of clusters and evaluated them using measures such as the silhouette coefficient as well as
managerial interpretability.

The final solution produced five major customer segments. The first segment, labelled Premium Loyalists, consisted of customers with
high spending, frequent purchases, low discount dependence, and strong engagement with NovaMart's loyalty programme. These
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customers represented a relatively small proportion of the customer base but contributed disproportionately to revenue. The second
segment was the Promotion Seekers. These customers purchased frequently but were highly responsive to discounts and promotional
campaigns. Their transaction frequency was relatively high, but their profitability was lower than that of Premium Loyalists. The third
segment, Occasional Explorers, consisted of customers with relatively low purchase frequency but broad product-category exploration.
These customers visited the website frequently and showed interest in new products but did not consistently convert their interest into
purchases. The fourth group was the Digital Enthusiasts. These customers had high mobile-app and website engagement and showed a
preference for digitally enabled services. They were more likely to respond to personalised recommendations and app-based promotions.
The final group was the At-Risk Customers. These customers had historically purchased from NovaMart but had declining purchase
frequency, increasing inactivity, and reduced digital engagement. The clustering exercise therefore gave NovaMart something that its
previous demographic segmentation could not provide: a behavioural understanding of customers.

Although clustering helped NovaMart discover customer segments, management faced another problem. A clustering model could
identify groups based on historical data, but the company needed to classify new customers rapidly and predict future behaviour.

The analytics team therefore developed supervised classification models. Unlike clustering, classification requires labelled observations.
Historical customers were assigned segment labels based on the clustering exercise. These labelled observations were then used to train
classification algorithms. NovaMart tested decision trees, random forests, logistic regression, and gradient-boosting models. The objective
was not simply to maximise predictive accuracy but also to ensure that marketing managers could understand the factors influencing
predictions.

The classification system used variables such as recent transactions, average order value, discount usage, website engagement, app usage,
product categories purchased, customer-service interactions, and time since the previous transaction.

The resulting classifier could assign a newly acquired customer to the most likely behavioural segment. For example, a customer who
rapidly accumulated purchases, demonstrated high digital engagement, and purchased premium products could be classified as a
potential Premium Loyalist. A customer who repeatedly purchased only during discount periods could be classified as a Promotion Seeker.
The same analytical infrastructure was subsequently extended to churn classification. Customers were classified as either likely to churn
or likely to remain active. This transformed customer management from a reactive process into a predictive one.

4. Challenges Faced by NovaMart’s Data Science Team

Customer segmentation appears straightforward in principle: customers are grouped according to similarities in their characteristics or
behaviour so that the organisation can develop more relevant strategies for each group. In practice, however, segmentation is a complex
data science and managerial problem. In the case of NovaMart, the data science team had access to a large volume of customer
information from transactions, digital platforms, loyalty programmes, and customer-service systems. Yet the availability of 10,000 or more
customer records did not automatically make segmentation easy. The team had to address challenges relating to data quality, variable
selection, dimensionality, algorithm selection, interpretation, validation, and organisational acceptance. These challenges demonstrate
that effective customer segmentation involves considerably more than simply applying a clustering algorithm to a customer database.

The first major challenge was data integration and data quality. NovaMart collected customer information from multiple systems,
including its CRM system, physical stores, website, mobile application, loyalty programme, and customer-service platform. These systems
were not necessarily designed to communicate with one another. The same customer could potentially have different identifiers across
systems, while transaction records could contain missing, duplicated, or inconsistent information. For example, a customer might
purchase products in a physical store using one loyalty account and make online purchases using another email address. Unless these
records were correctly matched, the clustering algorithm could incorrectly treat one individual as multiple customers. Similarly, missing
values in variables such as purchase frequency, app usage, or customer-service interactions could distort the resulting segments.
Consequently, considerable effort would have been required before modelling to clean, standardise, deduplicate, and integrate the data.
A second challenge concerned choosing the appropriate variables for segmentation. NovaMart had access to hundreds of potential
customer attributes, but not every variable was useful for identifying meaningful behavioural segments. Demographic variables such as
age and gender might provide some information, but behavioural variables such as recency, frequency, monetary value, discount usage,
digital engagement, and product-category diversity were likely to be more informative. Including too many irrelevant variables could
introduce noise and make the distance calculations used by algorithms such as K-means less meaningful. Conversely, excluding an
important variable could result in segments that failed to capture an important dimension of customer behaviour. The data science team
therefore had to combine statistical analysis with business understanding when determining which attributes should enter the clustering
model. The team also faced the problem of different measurement scales. Customer variables can have dramatically different numerical
ranges. Annual spending might range from hundreds to tens of thousands of rupees, whereas a loyalty score might range from 0 to 100
and discount usage from 0 to 1. If raw variables were directly supplied to a distance-based algorithm such as K-means, variables with
larger numerical magnitudes could dominate the clustering process. For example, annual spending could have a substantially greater
influence on calculated distances than email response rate. The data science team therefore needed to apply appropriate scaling or
standardisation techniques. Decisions about transformation were particularly important for highly skewed variables such as annual
expenditure and customer lifetime value.

Another significant challenge was determining the appropriate number of clusters. Customer segmentation does not usually come with
a predetermined answer concerning how many groups should exist. Creating two clusters may produce segments that are too broad,
while creating ten or fifteen clusters may produce groups that are statistically distinct but practically impossible for marketing managers
to use. The team could employ techniques such as the elbow method, silhouette analysis, gap statistics, or hierarchical clustering to assess
alternative solutions. However, statistical criteria alone could not determine the optimal answer. A five-cluster solution might be
mathematically reasonable and operationally manageable, whereas a six-cluster solution might provide only marginally better statistical
performance while making marketing implementation substantially more complicated. Algorithm selection represented another
challenge. K-means is attractive because it is relatively simple, scalable, and easy to explain. However, it assumes that clusters can be
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represented effectively using centroids and that distance-based similarity is meaningful. Customer behaviour may not always satisfy these
assumptions. Some segments may have irregular shapes, substantially different sizes, or different levels of variability. The team therefore
needed to consider alternatives such as hierarchical clustering, DBSCAN, Gaussian mixture models, or other clustering techniques.
Selecting an algorithm was consequently not simply a technical decision; it depended on the nature of the data and the managerial
purpose of segmentation.

The team also had to address outliers. A small number of customers could have extraordinarily high spending, unusually frequent
purchases, or exceptionally large numbers of service interactions. Such customers may represent genuine and strategically important
behaviour rather than errors. However, clustering algorithms can be highly sensitive to extreme observations. A handful of extremely
high-value customers could distort cluster centroids and cause the resulting segments to become less representative of the broader
customer base. The data science team therefore needed to determine whether outliers should be removed, transformed, winsorised, or
retained. This required careful consideration because removing genuine premium customers could itself undermine the objective of
customer segmentation. A further difficulty was interpreting the clusters. Algorithms generate mathematical groupings, but managers
need meaningful customer profiles. A cluster might initially be described simply as "Cluster 3", with a particular centroid across dozens
of variables. Turning this statistical output into a useful managerial description requires substantial analysis. NovaMart's data science
team needed to determine whether a group could meaningfully be characterised as "Premium Loyalists", "Promotion Seekers", "Digital
Enthusiasts", "Occasional Explorers", or "At-Risk Customers". The labels themselves should not be confused with the algorithm's output;
they are managerial interpretations of patterns identified by the algorithm. Poor interpretation could lead to inappropriate marketing
strategies even if the underlying clustering model was technically sound.

Cluster stability and temporal change presented another important challenge. Customer behaviour is dynamic. A customer classified as
an Occasional Explorer today might become a Premium Loyalist after several major purchases. Similarly, a previously loyal customer could
become At-Risk following changes in income, preferences, competitive offerings, or service experiences. Therefore, a segmentation model
trained on historical data might gradually become obsolete. NovaMart would need to determine how frequently the model should be
recalculated and whether customers should be allowed to move between segments. Excessively frequent changes could make the
segmentation unstable for marketing teams, whereas infrequent updates could make the model increasingly irrelevant. The data science
team also faced privacy and ethical concerns. Customer segmentation relies on detailed behavioural information, and combining
transaction, digital engagement, demographic, and service data can create extensive customer profiles. The team therefore needed
appropriate controls over data access, retention, consent, and usage. There was also a risk that segmentation could unintentionally
produce discriminatory outcomes if sensitive or proxy variables influenced customer classification. Ethical customer analytics requires
ensuring that segments are used to improve customer experiences rather than unfairly restricting access to products, services, or benefits.

After using clustering techniques to identify behavioural customer segments, the data science team developed classification models to
assign new customers to these segments and to predict outcomes such as customer churn and campaign response. The classification
models allowed NovaMart to move from descriptive customer analytics towards predictive customer management. However, obtaining
a high-performing classification model did not automatically guarantee successful managerial outcomes. The organisation faced several
challenges in interpreting, validating, operationalising, and governing the predictions generated by the models. These challenges
demonstrate that the value of classification lies not merely in predictive accuracy but in how responsibly and effectively predictions are
translated into business decisions.

One of the first challenges was interpreting classification results. A classification algorithm may assign a customer to a particular segment
with a probability rather than absolute certainty. For example, a customer might have a 70% probability of being classified as a Premium
Loyalist and a 30% probability of belonging to the Digital Enthusiast segment. Similarly, a churn model might estimate that a customer
has a 75% probability of churning. Such probabilities are useful to data scientists but may be difficult for business managers to interpret.
Managers might incorrectly treat a prediction as a definitive statement about the customer. The data science team therefore had to
communicate the probabilistic nature of classification and explain that predictions represented estimated likelihoods rather than facts. A
related challenge involved choosing appropriate classification thresholds. Suppose NovaMart's churn model produces a probability
between zero and one. The organisation must decide at what probability a customer should be classified as "high risk". A threshold of 0.5
is mathematically convenient but may not be economically optimal. If the company chooses a very low threshold, many customers may
be classified as likely to churn, resulting in excessive retention campaigns and unnecessary discounts. If the threshold is too high, genuinely
vulnerable customers may be missed. The appropriate threshold therefore depends on the relative costs of false positives and false
negatives. Classification results need to be evaluated in the context of business consequences rather than accuracy alone. This leads to
the challenge of false positives and false negatives. A false positive occurs when the model predicts that a customer will churn when the
customer would actually remain loyal. A false negative occurs when the model predicts that a customer will remain loyal when the
customer subsequently leaves. These errors have different financial implications. A false positive could cause NovaMart to offer
unnecessary discounts or incentives, reducing margins. A false negative could result in the loss of a high-value customer. The data science
team therefore needed to examine measures such as precision, recall, F1-score, sensitivity, specificity, and the confusion matrix rather
than relying exclusively on overall accuracy. Another important issue was class imbalance.

Customer churn may occur for only a minority of NovaMart's customers. For example, if only 10% of customers churn, a model that
predicts "No Churn" for everyone would achieve 90% accuracy while providing no useful predictive capability. This illustrates why accuracy
can be misleading in customer analytics. The team needed to evaluate whether the classifier was effectively identifying the minority class.
Techniques such as class weighting, oversampling, undersampling, or synthetic sampling could potentially be used during model
development. However, these techniques themselves required careful validation to avoid introducing additional bias. The team also faced
challenges related to model explainability. Some classification algorithms, particularly complex ensemble and gradient-boosting models,
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can generate highly accurate predictions while being difficult for managers to understand. Marketing managers may reasonably ask why
a particular customer was classified as At-Risk. Simply stating that the model produced this classification is inadequate for managerial
decision-making. NovaMart therefore needed mechanisms for explaining predictions using feature importance, partial dependence,
SHAP-style explanations, or other interpretable techniques. For example, managers might need to know that a customer's classification
was influenced primarily by increased inactivity, declining purchase frequency, and reduced digital engagement. Data drift and concept
drift presented another major challenge. Classification models learn patterns from historical customer behaviour, but those patterns can
change. A promotional strategy that previously indicated high purchase probability may become less effective after competitors introduce
new offers. Similarly, changes in economic conditions, consumer preferences, technology adoption, or NovaMart's own product portfolio
could alter customer behaviour. A model trained on historical data could therefore gradually lose predictive performance. Continuous
monitoring was required to identify declining accuracy and determine when the model needed to be retrained.

Another challenge was the difference between predictive accuracy and business value. A model could achieve excellent statistical
performance without producing substantial financial benefits. For example, a churn classifier may correctly identify thousands of
customers who are likely to leave, but attempting to retain all of them could cost more than the revenue generated from successful
retention. NovaMart therefore had to connect classification results with customer lifetime value and intervention costs. A customer with
a high probability of churn but very low lifetime value might not justify an expensive retention campaign. Conversely, a moderately high
churn probability for a Premium Loyalist could warrant immediate intervention. Classification results therefore needed to be combined
with economic analysis. There was also a challenge involving customer treatment and feedback effects. Predictions can influence the
behaviour they are intended to predict. Suppose NovaMart identifies a customer as likely to churn and sends a special retention offer.
The customer accepts the offer and remains active. The original prediction might subsequently appear incorrect, even though the
intervention was successful. Conversely, excessive targeting of customers predicted to be at risk could train customers to wait for discounts
before purchasing. Classification therefore creates a feedback loop between prediction and intervention. Evaluating model performance
requires consideration of these intervention effects rather than treating predictions as independent of managerial actions. Integration
with operational systems was another practical difficulty. Classification results have value only when they reach the employees or systems
responsible for acting upon them. NovaMart needed to integrate predictive outputs with its CRM, marketing automation, customer-
service platforms, and digital channels. A technically sophisticated model that produces predictions once a month in a separate analytical
environment would have limited operational value. Ideally, classifications should be available at the appropriate point in the customer
journey. This required data pipelines, application programming interfaces, dashboards, automated workflows, and appropriate access
controls. The organisation also needed to consider ethical and privacy implications. Classification models based on detailed customer
behaviour can create highly granular customer profiles. There is a risk that customers may be treated differently based on characteristics
that they did not knowingly provide for such purposes. Furthermore, variables that appear neutral can act as proxies for sensitive
characteristics. NovaMart therefore needed governance mechanisms to examine whether classification results created unfair differences
in customer treatment. Data privacy, transparency, purpose limitation, and appropriate access to predictive information were important
considerations.

Finally, the data science team had to address managerial overreliance on algorithms. Classification models can create an impression of
objectivity because predictions are expressed numerically. However, models are based on historical data and assumptions and can
therefore reproduce historical biases or fail under new circumstances. Managers should not automatically accept every prediction. Human
judgement remains important, particularly for high-value customers and exceptional cases. The appropriate approach is therefore to treat
classification as a decision-support mechanism rather than an autonomous decision-maker. Finally, the team had to overcome the
challenge of organisational acceptance. A technically sophisticated segmentation model has little value if marketing and customer-service
managers do not trust or use it. Managers may prefer traditional demographic segmentation because it is familiar and easy to
communicate. Data scientists therefore had to explain why the new behavioural segments were meaningful and demonstrate how each
segment could support specific business actions. They also needed to communicate model limitations and avoid presenting clusters as
objective or permanent descriptions of customers.

5. Integrating Analytics with Customer Management

The real value of NovaMart's analytical programme emerged when the models were integrated with managerial decision-making.
Premium Loyalists received early access to new products, personalised recommendations, loyalty benefits, and premium customer-
service options. Promotion Seekers were targeted with carefully designed promotions, but NovaMart attempted to avoid excessive
discounting by identifying products for which discounts were less necessary. Occasional Explorers received recommendation-based
campaigns designed to convert browsing behaviour into purchases. Digital Enthusiasts were targeted through mobile notifications, app-
exclusive offers, and personalised digital experiences. The most strategically important intervention involved At-Risk Customers. Instead
of sending generic promotional emails to all inactive customers, NovaMart used its classification model to identify customers with a high
probability of churn. The company then analysed the predicted reasons for disengagement and designed targeted retention interventions.
For example, a high-value customer showing declining activity could receive a personalised service intervention, while a price-sensitive
customer could receive a carefully targeted offer. Thus, machine learning supported differentiated customer treatment rather than simply
increasing the volume of marketing communication. Despite its benefits, NovaMart's analytical system generated several challenges. The
first was model dependence. Customer behaviour changes over time, meaning that clusters identified today may not remain meaningful
indefinitely. NovaMart therefore established periodic model retraining and segment validation. The second challenge was data quality.
Incorrect transaction records, incomplete customer profiles, and inconsistent identifiers could result in incorrect classifications.
Consequently, data governance became an important component of the programme. A third challenge involved algorithmic fairness. If
historical marketing practices systematically disadvantaged particular groups, machine-learning models could reproduce those patterns.
NovaMart therefore introduced model-monitoring procedures to identify unusual differences in targeting and customer treatment.
Privacy represented another important issue. Because the system relied on detailed behavioural information, NovaMart needed clear
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policies governing data collection, consent, access, retention, and usage. Customer analytics could create value only if customers
continued to trust the organisation. Finally, managers had to avoid treating algorithmic predictions as unquestionable decisions. A
classification model produces a probability, not certainty. Managers therefore used analytical predictions as decision-support information
rather than as an automatic substitute for managerial judgement. After implementing the system, NovaMart observed improvements in
campaign targeting, customer retention, and marketing efficiency. The company reduced the number of generic campaigns and increased
the proportion of communications tailored to specific customer behaviours. The churn model enabled customer-service teams to
intervene earlier, while the segmentation model allowed marketing managers to differentiate high-value customers from customers
whose apparent purchasing frequency was driven primarily by discounts. More importantly, the project changed the organisational
understanding of customer management. Customer relationships were no longer viewed simply in terms of demographic categories or
historical sales. Instead, customers were understood as dynamic behavioural entities whose needs, value, engagement, and churn
probabilities could change over time.

Conclusion

NovaMart's experience demonstrates how machine-learning algorithms can transform customer management when they are integrated
with organisational processes. Clustering enables firms to discover previously unknown behavioural segments, while classification
converts these insights into scalable prediction and decision support. The combination can support personalised marketing, customer
retention, resource allocation, and customer-value management. However, successful implementation depends on more than algorithmic
performance. Data quality, model interpretability, privacy, fairness, continuous monitoring, and managerial judgement are equally
important. The central lesson from NovaMart is therefore that customer analytics should not be understood merely as a technical
exercise. Its strategic value emerges when analytical models are embedded within customer-management processes and translated into
appropriate managerial actions. Clustering provides the map of the customer landscape; classification provides the predictive mechanism
for navigating it.

Action Oriented Questions

Q1) Look at the data associated with the case. Demonstrate the use of unsupervised machine learning algorithms like Kmeans and Hierarchical
clustering and see if you get similar clusters as the firm has obtained. For running clustering algorithms, you may omit the cluster information
related attribute.

Q2) Try classification algorithms on the labeled data. Try different approaches of k fold cross validation by hyper tuning different parameters of
different ML models like KNN, Neural Networks, Random Forest, Decision Trees and Gradient Boosting. Which algorithm works best?

Deliberative Managerial Questions (answer each question in 300 words)
Q1) Deliberate on how a traditional company like NovaMart needed to transform to leverage on Al/ML initiatives. Which initiatives
would be most important for the leadership in this journey.

Q2) What would be major barriers for these initiatives if these initiatives were to be scaled up across geographies so that data
assets of a firm can be used for data driven decision making?

Q3) How can you create enablers in terms of process changes, organizational structure changes and outcome changes for
functional managers to accept and work with the insights provided by the data science team?

Q4) What important considerations should NovaMart have while trying to signal to its external stakeholders about the use of Al/ML
for improved decision making?

Tech Talk 6



http://www.tech-talk.org/

