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Abstract  

The objective of the cardholder attrition analysis is to use a big data approach to perform 
Individualized Cardholder Attrition Analysis and create personalized marketing offers with the 
goal of maximizing cardholder profit by reducing churn. The Recency, Frequency, Monetary 
(RFM) scoring algorithm yields results demonstrating that continuous monitoring could 
effectively provide on-time and in-time individual scores measuring the effectiveness of 
cardholder marketing treatments. The effectiveness of the individualized treatments are 
measured using the cardholder’s purchase history. 
 
Our study focuses on Issuer Processor who processes transactions for Issuing Banks. 
Individualized cardholder attrition analysis naturally fits well with the big data application 
because the Issuer Processor needs to process large data volumes; to accelerate the speed of 
data creation/ingestion and to manage different data formats across structured or un-
structured streaming.  

 

Section 1: Introduction 

As competition heats up for customers, companies regardless of industry are focused on 
customer satisfaction and retention. Specifically, companies with transaction-level data are 
attempting to use that history to calculate attrition risk for their current customers and 
intervene before those customers go elsewhere. Payment card companies make up one 
industry with detailed transaction level data – perfect for big data analytics.  
 
The value chain of Credit/Debit Card transactions is composed of Cardholder, Issuing Bank, 
Issuer Processor, Card Scheme (exchange network), Merchant Processor, Acquirer/ISO, and 
Merchant as shown in Figure 1. This article will focus the attrition interaction between Issuing 
Bank and Cardholder. 
 

 
Figure 1: The value chain of Credit/Debit Card transactions 

The impact of attrition cascades across the entire value chain. The objective of this study is to 
use a big data approach to perform Individualized Cardholder Attrition Analysis with the goal of 
maximizing profit by Churn Reduction. Our study focuses on the Issuer Processor who processes 
transactions for Issuing Banks. Individualized cardholder attrition analysis fits well with the 
characteristics of big data. Issuer Processor needs to process large data volumes, to accelerate 
the speed of data creation/ingestion and to manage different data formats structured or un-
structured streaming.  
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This study mainly uses the following methods:   

1. Identify individual cardholder spending cycles. 
2. Group spending cycles into periodical segments. Periodical segment is defined as 

weekly, bi-weekly, monthly, quarterly, semi-yearly, and yearly. Within the segments, 
activities will be performed periodically such as shopping for food (weekly), 
mortgage payment (monthly), car maintenance (quarterly), and so on. 

3. Score each Cardholder by its transactions’ Recency (R), Frequency (F), and Monetary 
(M) attributes. Then, generate combined RFM Scores.  

4. Analyze the RFM scores and trends via seasonal (time series) decomposition. 
5. Estimate RFM attrition probability using survival analysis.  
6. Segment Cardholders into clusters by their RFM time series scores.  
7. Develop Cardholder with in-cluster and between clusters paths for their untapped 

revenue.  
8. Analyze Cardholder spending seasonal and trend behaviors with associated 

merchants. 
9. Analyze merchant-to-merchant association relationships.  
10. Generate list of cardholders that could be impacted by merchants’ rewards.  
11. Translate analytics findings into actionable prescriptive business recommendations.  

 

By identifying what the cardholder needs at a specific time and location, the Issuing Bank’s 

marketing offerings can be better planned and executed within the corresponding promotional 

time frame and coordinated with merchant partners. Thus, the promotion could impact the 

attrition trend, increase cardholder transaction usage, and ultimately provide a better user 

experience.  

 

From our study, the findings include: 

1. Recency, frequency & monetary (RFM) models [1] could be used to gauge activity levels and 

engagements. We deployed an RFM Model to the Issuing Bank Portfolios and were able to 

predict activity levels and use it as a proxy for attrition risk. 

2. We clustered cardholders based on their transaction (or demographic) characteristics. Once 

clear clusters emerged using Issuer Processor transaction data, we can identify cardholder 

‘promotion paths’ (within clusters and between clusters) to shift cardholders from lower 

performance to higher performance. Potential untapped revenue can be determined by 

calculating a ‘maximum theoretical value’ for each cluster. Then we could provide 

prescriptive recommendations to the Issuer Processor or Issuer Bank that guide cardholders 

to engagement behaviors that increase the cardholder maximum theoretical values (e.g. 

high frequency usage, higher monetary value purchases) 

3. Another way to keep cardholders transacting is to better understand their merchant 

transaction patterns. We have used one Issuer Bank credit authorization file to identify 

merchant loyalty trends using Uber (car service) as an example. We’ve also illustrated ways 
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to ‘pair’ or ‘association’ merchants (i.e. cardholders who spend here, also spend here). Both 

of these methods can help indicate where to drive targeted, transaction-based marketing 

offers and reduce the probability of cardholder attrition. 

4. Combining Cardholder transaction detail, merchants’ relationships (merchant-to-merchant 

association rules) with publically available data can uncover very specific cardholder 

behavior patterns that could create prescriptive recommendations that guide the Issuing 

Bank in its interactions with the Cardholder. 

This article is structured as follows:  

 Section 1 is general Introduction 

 Section 2 describes Data 

 Section 3 describes RFM analysis and its trending 

 Section 4 describes Cardholder Merchant Attrition Analysis 

 Section 5 describes Treating Attrition using Cardholder Segmentation Based Treatment 

 Section 6 describes Treating Attrition using Merchant Based Treatments 

 Section 7 describes Card Issuer’s Mobile App Opportunity to prevent Cardholder 

Attrition 

 Section 8 is Conclusion 
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Section 2:  Data 

We start the data section by performing Heart Beat Analysis. The goal of the heart beat analysis 
[2] is to track cardholder transaction behavior. There are three types; Active, Intermittent, and 
Potentially Inactive. Active is defined as activities with persistent transaction history. 
Intermittent is defined as one time, none, or rarely repeatable activity. Potentially Inactive is 
defined as discontinued Active. Figure 2 shows the three types. 

 

Figure 2: Three types of Heart Beats 

Heart beat analysis studies cardholder transaction activities variability. Specifically, it focuses on 
the beat-to-beat interval variation. The Cardholder transactions heart beats are composite of 
many different beats input from cardholder/merchants interaction. They could be either 
persistence or one time transactions. The main inputs are the cardholder's persistence 
transactions interactions with primary merchants. This constitutes the signature of a 
cardholder. 
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The advantages of the heart beat analysis are to leverage both nonparametric methods and 
parametric approaches to perform the analysis 

1. The advantages of nonparametric methods  

 Can deploy powerful but simple algorithm (such as Fast Fourier Transform FFT [3] and 
Lomb–Scargle (LS) periodogram) 

 Can leverage MPP, Hadoop, and Big Data architecture with high processing speed.  
2. The advantages of parametric methods could be  

a. Smoother spectral components (such as trend) that can be distinguished 
independent of preselected frequency bands. 

b. Easy post-processing of the spectrum with an automatic calculation of low- and 
high-frequency power components with an easy identification of the central 
frequency of each component. 

c. An accurate estimation of outlier event could be identified on samples on which the 
signal is supposed to maintain stationarity.  

Both methods will need verification of the suitability of the chosen model and of its complexity. 
Since the fast Fourier transform (FFT) is a mathematical method for transforming a function of 
time into a function of frequency or transforming from the time domain to the frequency 
domain, it analyzes time-dependent phenomena such as periodical or cycling effects. By 
converting transaction heart beats, cardholder transaction frequencies have been discovered 
by the FFT.  

For this analysis, the data used to analyze FFT is one year of cardholders’ transactions. The 
input signal for frequency analysis is the daily transaction counts also considered as daily card 
usage. 

In the example shown in Figure 3, Cardholder 5128226 dominate frequency (Primary usage 
cycle) of the Card is 157 Hz over 366 days. That is translated to about 2.3 days per cycle. The 
secondary usage cycle is 45 Hz which is ~ 8.1 days per cycle. The steps include 

Step 1: Extract 1 year of daily card usage counts 
Step 2: Trend the usage 
Step 3: De-trend the usage counts 
Step 4: Execute FFT 
Step 5: Extract dominant Frequency and convert to event periods   
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Figure 3: Example of FFT transform time domain to frequency domain with dominant frequency identified. 

Among cardholder’s frequencies, the highest frequency is the dominant frequency as shown in 
Figure 4. Each cardholder’s dominant frequency is highlighted with a red dot.  
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Figure 4: Examples of FFT dominate frequencies 

To extract a common pattern, the dominant frequencies are grouped by their common 
frequency/cycle. The converged population of dominant frequency/cycles could be classified as 
daily, weekly, bi-weekly, monthly, half-year, and yearly. Figure 5 shows examples of common 
frequency/cycle. 
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Figure 5: Examples of FFT dominant frequencies converged assignment 

 

Section 3: RFM  

For analysis, the cycle parameter (a.k.a. time window) is based on its nature transactions’ 
harmonics as shown in Figure 5. The time window is further detailed to “base time window” 
and “slide time window”. The “base time window” is the harmonics (for example, 3 months for 
quarterly) with a “slide time window” of one month. Figure 6 shows the time windows setting. 

 

Figure 6: Time windows setting 

In the following demonstration, we select the cardholder sub-population with quarterly cycle 
(among daily, weekly, bi-weekly, monthly, quarterly, half-year, and yearly populations) for RFM 
analysis.  

 

Daily 

 

Weekly 

 

Bi-Weekly  
 

 
Monthly 
 

Quarterly 

 

Semi-Yearly 

 

Yearly 

Focus Groups 
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The RFM is defined as:  

1. Recency: The most recent purchasing date for each cardholder ID,  calculated by finding 
number of days since today or an alternate date. 

2. Frequency: The quantity of transactions for each cardholder ID (within time window 
period). 

3. Monetary: The average transaction amount. Sum of the amount of money a cardholder 
spent divided by frequency (within time window period). 

The steps of RFM are 

1. Extract cardholder population based on their card usage nature harmonics.  
a. In this analysis, “quarterly” (3 month cycles) is selected for the demonstration.   
b. Cardholders’ transactions will be prefilled with 0 for the days that have no 

transaction.  
c. The transactions  are one year transactions starting 10/01/2014 to 09/30/2015 

2. Calculate the RFM values for each cardholder’s 3 month windows 
a. The base window is set to 3 months 
b. The sliding window is set to 1 month 
c. The maximum value of each R, F, and M is set to 5. Thus the highest number a 

cardholder could have is 555. 
d. The value assignment is based on the sorted population scores and ranks into 5 

segments. Highest segment will be 5 and lowest segment will be 1. RFM value 
will be 0 when no activities existed in the 3 months window. 

e. The linear combination of RFM is 

𝑅𝐹𝑀 𝑠𝑐𝑜𝑟𝑒 = 100 × 𝑅 𝑠𝑐𝑜𝑟𝑒 + 10 × 𝐹 𝑠𝑐𝑜𝑟𝑒 + 𝑀 𝑠𝑐𝑜𝑟𝑒 

f. The 12 months of transactions will generate 10 scores.  

An example of the computation is shown in Figure 7. 
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Figure 7: Examples of RFM calculations 

With all the RFM scores calculated, a population RFM time series heat map can be generated 
using each cardholder’s RFMs over time. Figure 8 shows the RFM heat map for cardholder 
population using 3 month usage cycles. 

 

Figure 8: Examples of RFM time series 

From the heat map, we can observe the score trending behaviors vary from increasing, 
maintaining, and decreasing with different fluctuations for credit cardholders.  

1. Active cardholders tend to have high RFM scores. 
2. Periodically Active cardholders tend to have intervals of high RFM score 
3. Active cardholders may trend down or trend up. 

To calculate the trending, two methods are used to extract the data pattern before linear 
trending is applied. They are Loess and Time Series Decomposition. Loess method returns a 
local best fitting curve among RFM data. Time series decomposition returns the “trend” 
curve by removing seasonal and random components in the time-series data. Both methods 
will be agreed to the trend to classify the cardholder RFM trend value. 
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Using Loess [5], cardholder trending could be analyzed by his RFM. The approach steps are 

1. Score the cardholders RFM.  
2. Curve fitting the discrete periods’ scores.  
3. Then, project linear trend. 

The trend for cardholder 5091897 over the 10 periods is -26.68. Figure 9 displays the Loess 
details. 

 

Figure 9: Cardholder 5091897 RFM Loess trend of -26.686 

To confirm the trend, a second method to measure Cardholder RFM trending will need to 
support with the first approach (Loess). The approach is to  

1. Transform periods’ scores into time series. 
2. Decompose time series into trend, seasonal, and random [4]. Removing seasonal effects 

enables differentiating observed trends from true trends. 
3. Project linear trend over time series trend. 

The trend for cardholder 5091897 over the 10 periods is -21.52. Figure 10 shows the Time 
Series decomposition trending details. 
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Figure 10: Cardholder 5091897 RFM time series trend of -21.515 

Two additional examples (cardholder 5082706 and 5095694) are used to generate the trends 

shown below. Cardholder 5082706 has increasing trend (time series decomposition) of 23.50 

and (loess fitting) 28.61. Cardholder 5095694 has flat trend (time series decomposition) of 0.15 

and (loess fitting) 0.16. Figure 11 shows the increasing trending and flat trending. 

 

Figure 11. Cardholder 5082706 RFM time series decomposition trend of 23.496 and Cardholder 5095694 RFM 
time series decomposition trend of 0.169. 

Using histogram of the cardholder RFM scores Trend, the distribution of all RFM (spend 

behavior) reflect the “true” trends across all Card Issuer credit cardholders. This also provides a 

snapshot of portfolio overall trending. Figure 12 shows the trending distribution. 
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Figure 12. Cardholder portfolio trending mimics Gaussian distribution. 41% of cardholders are positive 

trending and 59% are negative. 

In this portfolio, 59% of Card Issuer credit cardholders are displaying a negative RFM (spend 

behavior) trend; that is, 59% of the sample population exhibits a negative trending range from -

0 to -40, while 41% of the sample population exhibits a positive trending range from +0 to +30. 

Survival analysis [6] is generally defined as a set of methods for analyzing data where the 

outcome variable is the time until the occurrence of an event of interest. The event can be 

modeled as the cardholders’ attrition occurrences. The time to event or survival time can be 

measured in days, weeks, or years, which fit the RFM model with its time window shifting. 

“Potential Inactive” observations in heart-beating analysis will serve as the censoring of 

observations. If the event of interest is cardholder attrition, then the survival time can be the 

time in months until cardholder attrition.  

Once the cardholders are identified as having a “negative trend”, a survival rate can be 

determined to predict the probability of becoming inactive. For example, of those most 

valuable (355 RFM score) cardholders whose last purchase occurred over two months ago, 44% 

(1-0.56) are likely to be “Inactive” from that point on. The appropriate action would be to re-

engage these cardholders with targeted offers. 

Figure 13 shows the survival probability and survival curve. 

59% 41% 
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Figure 13: Cardholder survival curve 
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Section 4: Cardholder Merchant Attrition Analysis 

Cardholder transaction detail, along with merchant associations [7] can uncover very specific 

cardholder behavior patterns. In this analysis, Cardholder 5130267 six month sample 

transaction detail is used to create the analysis in this section. Cardholder 5130267 transactions 

with date and number of visits are shown in Figure 14.  

 

Figure 14: Cardholder 5130267 supermarkets (Albertsons and Ralphs) transactions date, frequency and 
amounts. 

The top frequented supermarkets for Cardholder 5130267 are Albertsons and Ralphs. To 
confirm these two supermarkets are competitors, they need to exhibit a similar usage 
frequency. As shown in Figure 15, by converting the visiting frequencies to FFT spectrum, their 
usage cycles could be identified.  Albertsons' primary usage cycle is 81 Hz over 176 days. That is 
~2.1 days a cycle. The secondary usage cycle is 44 Hz which is 4 days a cycle. Ralphs' primary 
usage cycle is 75 Hz over 176 days. That is ~2.35 days a cycle. The secondary usage cycle is 25 
Hz which is ~ 7 days a cycle. With this information, we would consider Albertsons (having 
transactions every 2.1 days) and Ralphs (having transactions every 2.35 days) as being 
competitors with the same usage spectrum. 
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Figure 15: Cardholder 5130267 Ralphs and Albertsons highest frequencies are 81 Hz and 75 Hz. 

From the trending analysis shown in Figure 16, Ralphs’ usage is decreasing where Albertsons 
usage is increasing. The promotions via merchants could be further weighted by this 
knowledge.  

 

Figure 16: Cardholder 5130267 Ralphs transaction trend is decreasing. Albertsons trend is increasing. 
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The cardholder’s frequency behavior metrics provides a strong measure of the strength 
Cardholder and merchant relationship. In the example approach, we can use the Food category 
frequency to indicate a household that may be transitioning from household with children to a 
household with no children (empty nester). Figure 17 shows the card usage 10 periods 
histograms comparison. 

 

 

Figure 17: Cardholder 5130267 dominated top three transactions frequency patterns are monitored and 
compare to the first frequency spectrum to identify the significant changes.  
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Leverage Weighted Sum of Squared Residual (WSS) 

 

 W could be assigned as log(N) 

 N could be selected top N frequencies in the origin series and match to subsequent 
analysis. 0 will replace NA. Y values could be adjusted.  

 With the same weighting scheme, WSS can be used to compare different converged 
frequency data sets. The lower the value, the better. 

 

Figure 18: Continue monitoring Cardholder 5130267 frequency patterns. Period 9 is identified as changes. 

In the Food category, the every other day food purchasing frequency is no longer a dominant 
frequency. New frequency behavior has emerged at month 9 (maybe indicating a life stage 
change such as a child moving back to college). Figure 18 shows the outlier occurring at month 
9 having WSS value three standard deviations (23.4) away.    

  

WSS(1,9) 
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Section 5: Treating Attrition: Cardholder Segmentation-Based 
Treatment 

Analytical models can be used to cluster cardholders based on their card usage transaction 
characteristics. Once clear clusters emerge, Card Issuer can identify “promotion paths” (within 
clusters and between clusters) to shift cardholders from lower performance to higher 
performance. Potential untapped revenue can be determined by calculating a ‘maximum 
theoretical value’ for each cluster. Card Issuer would attempt to direct cardholders to paths 
that drive the optimal business value to Card Issuer or Card Issuer’s customers (e.g. high 
frequency usage, higher monetary value purchases).  

The maximum life time value (LTV) of a cardholder could be formulated as a function of the 
current LTV, his revenue potential, and promoted potential values. Figure 19 shows the 
conceptual Max LTV. 

 

 

Figure 19: Conceptual cardholder true life time value. 

Using a scoring approach across a large variety of cardholder transactions and engagement 
behaviors may create a data explosion. Clustering can be used to manage such a situation. The 
clustering approach uses cardholder RFM rating data to compute the similarity among 
cardholders to form cardholder clusters. Table 1 shows the RFM score time series. It is used as 
input to cluster cardholder populations. 

Table 1: Cardholders’ RFM score time series. 
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The next steps are to use the shortest distances among clusters to make recommendations with 
respect to how to move cardholders between clusters. Use the distance within the cluster to 
move low performance cardholders to high performance based upon their similarity to high 
performance cardholders. 

Figure 20 shows the 7 clusters formed by a hierarchical clustering algorithm. 

 

Figure 20: Hierarchical clustering algorithm generates 7 clusters. 

Each of the 7 clusters average monetary, average frequency and average RFM score 
(total_score) are listed in table 2.7.  Cluster 1 has the highest average frequency (51) and 
cluster 3 has highest average monetary ($171.77). Table 2.7 shows the rest of the cluster 
statistics. 

Table 2. 7: Cluster statistics.  
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By plotting out the clusters, natural cluster distributions could be displayed that highlight 
Untapped Opportunities. Clusters are naturally divided between high frequency/low monetary 
clusters (group 1), low frequency/high monetary clusters (group 3), and other low 
frequency/low monetary clusters (groups 7, 4, 5, 6, and 2). Figure 21 shows the clusters’ 
relative positions where the Y axis is average monetary and X axis is average frequency.  

 

Figure 21: There are 3 natural clusters of high frequency, high monetary and initial stage cardholders. 

In this case, two types of possible approaches could be conducted.  

1. Between Cluster promotion 
2. In Cluster promotion 

For the between cluster promotion path, the approach is to identify the shortest distance 
between low/high performance cluster groups and move cardholders from the lower 
performance cluster group to the higher performance cluster group. In the following Between 
Cluster Promotions example, using the distance indicates the suggested cardholder 
development paths 5 -> (6, 7) -> (2, 4) -> (3) or -> (1). For the In Cluster promotion, the next 
step is to further segment the clusters within group 3 into high and low performance segments.  
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From this analysis it is possible to identify high performance clusters - cluster 1 (High Monetary 
cluster) and 3. Cluster 3 (High Frequency cluster) – that are candidates for promoting to a high 
value cluster. Figure 22 shows the In Cluster cardholder promotion development paths. 

 

 

Figure 22: From 3 naturally distinct groups, the migration paths toward high frequency, or high monetary are 
plotted from initial stage cardholders. 

Clusters 1 and 3 are examples of candidate clusters from in cluster promotion activities. For 
cluster 1 (high frequency usage group), 43.7% of cardholders fall below 50% frequency usage. 
We could potentially realize untapped revenue by increasing the in-cluster cardholder usage 
frequency usage to 50% and more. The source of additional usage could potentially obtain Non-
Card Issuer Card Issuers’ shared wallets. Figure 23 shows the development approach for 
Frequency-driven population. 
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Figure 23: Cluster 1 RFM distribution could identify cardholders’ population to be promoted for increasing 
usage frequency.  

For cluster 3 (high monetary usage group), 25% of cardholder sample is below 50% monetary 
usage. Potential untapped revenue could be increasing the in-cluster cardholder usage 
monetary usage to 50% and more. The source of additional usage could potentially obtain Non-
Card Issuer Card Issuers’ shared wallets. Figure 24 shows the development approach for 
Frequency-driven population. 

 

Figure 24: Cluster 3 RFM distributions could identify cardholders’ population to be promoted for increasing 
monetary transactions.  
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With potential untapped revenue cardholder list, we could have a specific individualized 
promotion planned based on their merchant transactions behaviors. Table 3 shows the 
example of cardholder list. 

Table 3. 7 Extracted cardholder for potential development.  

 

 

Section 6: Treating Attrition: Merchant Based Treatments 

A way to keep cardholders transacting is to better understand their transaction patterns. For 
example, it is possible to use the Card Issuer’ transactions to identify merchant loyalty trends 
using Uber (car service), as shown in Figure 25. In this case, it is clearly shown that Uber is not 
well adopted for all cardholders in scope. However, for the cardholders who adopt Uber, there 
are strong repeat usages. 

It is also possible to ‘pair’ merchants (i.e. cardholders who spend here, also spend here). Both 
of these methods can help indicate where to drive targeted, transaction-based offers and keep 
cardholders from attriting. 

 

Figure 25: Example of Cardholders to Merchants relationships (Uber). 
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To re-engage cardholders, understanding their spend frequency/monetary at specific 

merchants could help drive treatment strategies. Cardholders’ transaction behavior often 

indicates strong merchant loyalty. For example, Uber have a significant amount of repeated 

transactions amongst cardholders (Figure 25). Understand cardholders’ merchants and 

incentivize cardholders via promotions to spend again there or at other associated destinations.  

The two types of cardholder transactions (one is high transactions frequency and the other is 

high monetary amount), are not necessarily mutually exclusive. The high monetary transactions 

tend to “drag” in repeatable smaller transactions. Combine both aspects to better target 

merchant-based promotion effects. Figure 26 shows the conceptualize diagram. In this limited 

study, we will treat them individually. 

 

Figure 26: Illustrate the interactions of transaction frequency and monetary amount. 

For High Transaction Frequency Merchant Associations as shown in Table 4, these merchant 

associations show instances of shared high frequency transactions (i.e. >100 transactions) by 

cardholders. For rewards purposes, the association rules identify strongly bonded merchants to 

target with combo rewards plans – particularly real-time. Stores rewards or products coupons 

could be provided. The association rules could provide combo rewards plan, for example, 

Chipotle and Walgreens. The reciprocal rules indicate strong bonds of the merchants’ 

relationships, for example, the NST and Walmart, Walgreens and Chipotle, Publix and 7-Eleven. 

Stores rewards or products coupons could be provided.  

 In this sample set, these are the merchants responsible for high frequency transactions. 
Amazon, Publix, Card Issuer Card Issuer, 7-Eleven, Subway, WM Supercenter, Walmart, 
and Walgreens are primary merchants applicable to all cardholders.  

 Most of the business categories in this sector are wholesalers, retailer chains, 
supermarket, retail franchises, and drug retail chains that focus on Fast-moving 
consumer goods (FMCG) or consumer packaged goods (CPG) are products that are sold 
quickly and at relatively low cost. 
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Table 4: Cardholders’ merchant to merchant on the high Frequency based Association rules. 

 

For High monetary amount Merchant associations as shown in Table 5, these merchant 
associations show instances of common high monetary transactions (i.e. >$100 transactions) by 
cardholders. For rewards purposes, the association rules identify strongly bonded merchants to 
target with combo rewards plans (high value discounting). These are the merchants responsible 
for large ticket transactions.  

 Card Issuer, Schools First, Branch Banking, PNC Bank, Bank of America, and Chase are 
financial institutions. Further study is required for the financial institutions sector to 
understand shared wallets or additional products and services that could be offered to 
the cardholders. 

 Sprint, CT VCOM, and Bright House are either phone or cable networks. The subsequent 
transactions post initial installment should be evaluated and promote cardholders to 
use Card Issuer CU’s financial product (e.g. Visa, MC)  

 Costco, Target, WM Supercenter, Walmart, and Publix are wholesaler/retailers  
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Table 5. Cardholders’ merchant to merchant on the high Monetary based Association rules        

  

A network has community structure [8] if the nodes of the network can be easily grouped into 
(potentially overlapping) sets of nodes such that each set of nodes is densely connected 
internally. In the particular case of non-overlapping community finding, this implies that the 
network divides naturally into groups of nodes with dense connections internally and sparser 
connections between groups. But overlapping communities are also allowed. The more general 
definition is based on the principle that pairs of nodes are more likely to be connected if they 
are both members of the same community(ies), and less likely to be connected if they do not 
share communities. 

To further enhance the effects of merchant-based promotions, Cardholders’ communities are 
identified and promoted with rewards of Merchants Associations. Utilize graph, communities of 
“Merchant patriots” cardholders could be identified and bundle rewards. Communities’ size 
and connection intensity could be calculated by either frequency or ticket size (or both). Three 
communities are depicted as 7-Eleven/Subway, 7-Eleven/Walgreens and 7-
Eleven/Subway/Walgreens community (each limited to 100 for display). Figure 27 shows these 
three communities. 
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Figure 27. Illustrate the interactions among merchants via cardholders to merchants. 

A graph-based approach [8] enables the exchange of information between communities in such 
a way that the participant communities have strong incentives to share information. In 
particular, selecting overlapping communities (gateway community) to bridge mutually 
exclusive (non-overlapping) cardholders where communities seek to share information about 
their experiences. The aim is to strengthen each community by having it retain its most 
effective contributors and to encourage agents to be good contributors 

If additional connections and household information could be obtained/extracted from Card 
Issuer core data and social networks, transactions growth from mutually exclusive communities 
could possibly be cultivated through the gateway community. 

In this example, gateway community is identified with members of cardholders 5227668, 

6150789, 7395997, 6223999, 5237080, 6224045, 1860682, 6767241, 6782816, 5669943, 

4256566, 5503959, 6787315, and 6344259 between two mutually exclusive 7-Eleven and 

Subway communitis. Figure 28 shows the gateway community example. 

 

Figure 28: Interactions of merchants and common cardholders (gateway community) 

7-Eleven/Subway Community 7-Eleven/Walgreens Community 7-Eleven/Subway/Walgreens Community 
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Section 7: Card Issuer’s Mobile App Opportunity to prevent 
Cardholder Attrition 

Cardholder transaction detail, along with merchant associations and external, publically 

available data can uncover very specific cardholder behavior patterns. We used a three-year 

sample of a cardholder transaction detail to create the analysis in this section. Figure 29 shows 

the bird’s-eye view of this approach. 

 

Figure 29: Cardholder 214 transactions patterns could lead to understand its spending patterns associations, 
its hotel and miscellaneous spending and seasonality analysis, and its travel patterns. 

Cardholder Spending Associations could uncover quantifiable spending association rules for 

individual cardholder. First, Cardholder spending association rules coupled with like cardholder 

to create more focused, more relevant customer segments. Second, Association rules provide 

basis for new multi-merchant offers. For example, Starbucks with Chipotle (Rules 2 & 5) “Buy 2 

pair of shoes from Foot Locker, get a free Starbucks coffee and Chipotle coupon”. Table 6 shows 

the details of the association rules. 
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Table 6. Cardholders’ merchant to merchant Associations

 

Adding social media [9] such as Facebook establishes the “from” and “to” dialogs relationships 

in SNA. It could be used to identify the cardholder preference, communities, and key influence 

factors. Figure 30 shows the information extraction steps. 

 

Figure 30: Cardholder 214 Facebook analysis leads to understanding its preferences. 

In the social media, Baltimore Orioles Baseball Team was identified as a strong preference. 

Based on this understanding, a time/location matching between historical (2012) Cardholder 

214 travel patterns and Baltimore Orioles schedule (2012) appears overlapped. Figure 31 shows 

the time/location of the cardholder 214 travel pattern corresponding toward Baltimore Orioles 

traveling schedule and cities of games. 
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Figure 31. Cardholder 214 Orioles team preference leads to understand its travel patterns. 

Through this insight, marketing could create and bundle an event-based promotion across 

multiple preferred merchants. The Orioles team travel schedule (2013 as example) as shown in 

Figure 32 is published at the beginning of the year well before any travel itinerary being 

planned. With this information, the individualized promotion could be conducted with proper 

time and location in mind.  

 

Figure 32. Cardholder 214 Orioles team preference leads to understand its travel patterns. 

In addition, city Level Geo fencing (triggered by location or event early triggered by Airline 

ticket purchasing) could be used to promote "the right offering at the right time“. The 

information could be delivered via Cardholder mobile app channel to have a personalized direct 

Baltimore Orioles 2012 
Schedule  
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dialog with Cardholder 214 with more “around me” preferred merchants. Figure 33 shows the 

example of this approach. 

 

Figure 33: Cardholder 214 mobile app example 
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Section 8: Conclusion 

This paper presents an analytics framework to address Cardholder Attrition Analysis and 

Treatments. The fifteen framework components are  shown in Figure 34. 

 

Figure 34: Cardholder Attrition Analysis and Treatments Framework components 

This framework provides a detailed analytical approach for cardholder attrition analysis and 

formulates the strategies to treat the core issue for card issuer. Card issuer leverages 

cardholders' transactional habits to treat attrition and encourage usages. Using transactional 

analytics, cardholder behavior monitoring models could be established by the combination of 

transactions’ recency, frequency, and monetary. With Big Data technologies, this work has 

become easier for card issuers to rapidly accumulate and access cardholder public available 

data to enrich card transactions for analytic purposes. The analytic operationalization of the 

RFM model could move to micro batch or near real time scoring by the adjustable definition of 

time window. The time window for RFM is addressed via FFT analysis to identify the dominate 

frequency, thus, window cycle. A multitude of data assets, such as details of customer 

interaction on various merchants, can be utilized to provide the treatments for attrition and lift 

possible customer life time value. 

This RFM temporal behavior could also be used as input to other model development 

processes. It also could be leveraged across business priorities for reducing time and cost of 

implementing and operationalizing models. 
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The implementation of the framework is not limited to sequentially. One of the approaches is 

to implement components in a stacking model eco system.  Figure 35 shows the dependency of 

the framework.  

 

Figure 35: Model eco system for cardholder Attrition Analysis and Treatments Framework. 

For example, L1 and L2 could be substituted by an existing scoring system or L3, L4 and L5 could 

be replaced by a different model that utilize RFM in different business priorities, such as risk. 

The future work could extend the RFM predictive component to cardholders who respond well 

to the treatments. 
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