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Presenter
Presentation Notes
You Can Increase Customer Value by �Optimizing Sequential Decisions

What are the Analytic Foundations for �Moving Beyond Single-Shot Decisions?


Hello and welcome to this session on making sequential customer management decisions

Many of you are collecting tons of customer transaction data, and hopefully you’re also tracking and collecting all your marketing and account management activities over time.  

Given these tremendous data assets, and also recognizing that you’re already doing a great job with customer segmentation, predictive analytics, and maybe even decision optimization, you may be interested in exploring new and advanced analytic frameworks that could further increase the value of your customer relationships.  

If that’s the case then you’ve come to the right session!
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Customer Lifetime Value (CLV)

Kotler and Armstrong (1996)—A profitable customer is a person whose

“revenues over time exceed, by an acceptable amount, the company costs 
of attracting, selling and servicing that customer.”

“the present value of the future cash flows attributed to the customer during 
his/her entire relationship with the company.”

Wikipedia: http://en.wikipedia.org/wiki/Customer_lifetime_value

CLV is the excess, defined as 

Presenter
Presentation Notes
Customer lifetime value is an important concept in that it encourages firms to shift their focus from quarterly profits to the long-term health of their customer relationships. 
Customer lifetime value is an important number because it represents an upper limit on spending to acquire new customers

CLV depends on customer and business actions
Can trade off loss-leading short-term offers against long-term profit

CLV is an important concept and quantity in marketing management

Particularly useful in banking and insurance industries where the relationship with the customer can be almost the entire lifetime!



Estimation of future net cash flow can difficult
Difficulty is compounded by dependence on future actions and external factors

Depending on the business operation, may be difficult to put in practice. Today I will talk about the art of the possible and show some simple examples. 

But first we need to come up with a clean modeling framework. Without some simple framework the issues would become opaque
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Single-Shot Perspective on Decision Optimization

Rationale: Chose 
action to optimize 

expected outcomes 
through t = 2

Customer 
state

Business 
decision

A1(t = 1)

Potential 
actions

Y(t = 2)

Potential outcomes                   
between (t = 1) and (t = 2)  
Response, Revenue, Loss,                            

Profit, Churn, …

-- Not CLV --

X(t = 1) A2(t = 1)

A3(t = 1)
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Sequential View of Customer Relationship and Planning

• Decision sequence has cumulative effect on all future outcomes and on CLV

Better rationale:                                                                  
Plan action sequence to maximize CLV

X(t=1) X(t=2)
Y(t=2)

X(t=3)
Y(t=3)

X(t=4)
Y(t=4)

A(t=1) A(t=2) A(t=3)

Realm of 
single shot 
decisions 

Presenter
Presentation Notes
But payoffs from actions may be far into the future. 
So how to make rational decisions when payoffs from actions are not immediate but result from several actions taken in a sequence?
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Sequential Problems Are Ubiquitous, Impact Bottom Line

• Customer acquisition 
─ Targeting and offer design

• Customer/account management
─ Changing card limits and pricing
─ Influencing migration to profitable states
─ Managing inactive customers
─ Orchestrating customer dialogue for more relevant offers 

• Collections
─ Optimizing treatment sequences/scenarios

Presenter
Presentation Notes
Customer acquisition 
CLV defines upper limit on acquisition spend
Design initial and subsequent offers/product features to maximize CLV

Orchestrating a customer dialogue – a dialogue is essentially a sequence of business dialogue actions and customer responses. Actions should include questions to learn about customer preferences. Responses then inform the next action. 

Customer dialogue also applies to collections, e.g. first ask for promise to pay, depending on response select your next actions. Rich area, new channels, new cost structures, new actions. Much is known, some is unknown.  
How best to get to the point where we get a promise to pay?

Cost for relationship could be far higher than cost for emailing!
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How to Treat Inactive Customers? 

Periodic marketing

Generates profit Disengaging

When to end 
marketing, or try 
different offers?

New customer

-$ -$ -$ -$ -$ -$

$ $ $

Q6Q5Q4Q3Q2Q1

?
Time

• Need to know or estimate
─ Profit contributions, marketing costs per period
─ Probability that customer makes purchase during next period 

 Can compute optimal marketing policy via Markov Decision Process (MDP) model

A Customer Journey

Presenter
Presentation Notes
This problem was first encountered by catalogue marketers who kept sending expensive catalogues, over years, to their previous customers, even if many of them didn’t make any orders any more. 
Clearly, this gets unprofitable at some point. 

This problem is still relevant today, for some of you in the audience, and possibly in a different form. Even if you’re using cheap email marketing, think of the cost of customer fatigue and dissatisfaction that will occur from a relentless bombardment with irrelevant marketing. 

Another example: Ever so often I receive convenience checks for my credit cards – since at least 5 years. But I never ever make use of them. All this achieves is costing the firm plenty of money and I’m extremely doubtful whether these banks understand me!  It would be nice if they used analytics to realize what I don’t need, and come up with more creative offers for me!

But back to analytics!


You can imagine how your cash flow goes in reverse if you don’t stop marketing to your lost causes 
When should firm cease marketing to inactive customers?  Probably when the periodic marketing expenses exceed the expected future return!  Now that’s exactly what CLV measure: expected future cash flow! 

Being customer-centric – and not investing in some customers may sound counterintuitive, but there can clearly be situations where a fraction of customers aren’t profitable for the firm in the long run and are essentially destroying value – they need to let go these customers 

Time discretization – although there is exact information on the timing of each purchase, purchases will occur infrequently, and databases are usually only updated once in a while e.g. monthly or quarterly – hence we chose to discretize time – here into quarterly intervals, but anything is possible. 



CLV cannot be directly observed. We have to look for the drivers of CLV and base out decision on those drivers. 

Intuition – Decision should depend on:

Intuition:
Believe that Joe’s purchase probability goes down with increasing recency
Believe that it might also depend on depth of relationship


Economic factors: Per-period marketing expenses and per-period profit contributions

How would you combine these measures to make the ‘end’ decision
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1. Define “State Space”

• Current state and action should suffice to predict next state (Markov property)

• States should inform actions (Marketing      / No Marketing     ) and associated rewards

• May chose State = (Recency, Cumulative Frequency) = (R, CF)[1]

─ New customer:   State = (1, 1)
─ Customer who made 3 purchases, then did not buy for 4 periods: State = (4, 3)

• Add a special terminal State = (END) for customers no longer marketed to
─ What goes there stays there

$
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2. Estimate State Transition Probabilities

• Customers experience state transitions between discrete time periods
• Empirical purchase probabilities that customers will buy in next period: Pbuy(R,CF)

─ Marketed customer makes purchase:       (R, CF)  (1, CF+1), with probability Pbuy

─ Marketed customer makes no purchase: (R, CF)  (R+1, CF), with probability 1-Pbuy

─ Customer is no longer marketed to:          (R, CF)  (END), (END)  (END) with probability 1

(R+1, CF)1-Pbuy

(R, CF)

(1,CF+1)Pbuy

$(END)
1

1(R, CF)

Structure of transition graph
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3. Specify “Reward” Structure

• Business collects (or loses) rewards during each time period
• Profit Contribution PC, Marketing Expense  ME are reward parameters

─ Marketed customer makes purchase:     PC – ME, with probability Pbuy

─ Marketed customer makes no purchase:      – ME, with probability 1-Pbuy

─ Customer is no longer marketed to:                       0, with probability 1

(R+1, CF)1-Pbuy, -ME

(R, CF)

(1,CF+1)Pbuy, PC-ME

$(END)
1,0

1,0(R, CF)

Structure of transition graph

Presenter
Presentation Notes
“Reward” is jargon for cashflow. This is not the reward for the customer, but the reward for the business (which could be negative). 
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Estimating and Optimizing CLV

CLV is a concept based on an indefinite time horizon
─ Present value of all future cash flows attributed to customer 

during entire relationship with the company

Markov model can estimate CLV from finite data window
─ State transition probabilities and reward structure can be 

learned from finite data window

Model entails assumptions
─ Transition probabilities and rewards depend only on current 

state and action and are independent of time

George E. P. Box (1919–2013)
“Essentially, all models are 

wrong, but some are useful”

Presenter
Presentation Notes
How to Estimate CLV From a Finite Data Window?

CLV can not be observed, it needs to be estimated
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Modeling Hypothetical Portfolio

• Reward parameters: PC = $100, ME = $10

• Discount rate = 12% p.a. 

• Discretize time into quarters

• Define 50 active states by Recency, 
Cumulative Frequency
─ R = {1, …, 10}     CF = {1, …, 5+}
─ Estimate Pbuy for active states conditional 

on marketing

Estimated purchase probabilities for 
active states, conditional on marketing

⊗

• New customers observed over 3 years

• Historic policy markets to customers until 
Recency = 10 quarters, then marketing ends

• Assume Pbuy = 0 if no marketing

Presenter
Presentation Notes
Parameters and Assumptions

Since there’s only data on the businesses customers and not on general consumers, everyone has made at least one purchase

The Discount Rate is an interest rate used to bring future values into the present when considering the time value of money, e.g. 12% annual D.R. means that $100 in a year is worth about $89 today. 

Similar, we can define a monthly or quarterly discount rate fitting the time discretization of the Markov chain

Assume Pbuy = 0 if no marketing, no matter what state (which is reasonable for catalogue marketing)





© 2015 Fair Isaac Corporation. Confidential. 13

Calculating CLV Using Matrix Algebra

(R, CF)

(1,CF+1)

(R+1, CF)

Pbuy, PC-ME

1-Pbuy, -ME

(END)

1,0
1,0(R, CF)

$

Model structure and 
parameters 

ratediscount  period-Per :
Vector Reward :
MatrixIdentity :

Matrix Transition :
1

1

d
R
I
P

R
d

PΙCLV
−









+
−=

Matrix algebra[1]

For any 
fixed 
policy

Presenter
Presentation Notes
Not: transition matrix depends on policy


Notes ideas – to be developed
One crucial element in building a CLV model is to estimate the likelihood that a customer makes a purchase in each future time period. 
This is accomplished by our MDP model here. 
Need a valid model when and how often a customer makes a purchase
It estimates the purchase dynamics
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Historic Policy and Associated CLV

All customers marketed (   ) until Recency = 10

Presenter
Presentation Notes
Recall that business used to market to all customers until Recency = 10

CLV is negative for some states
Future marketing costs exceed profit contributions for customers in such states

Unconditional love doesn’t pay
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Optimal Policy and Associated CLV

Market                Don’t market 
Solved by Policy Iteration[2]

Presenter
Presentation Notes
Recall that business used to market to all customers until Recency = 10
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Value of Optimizing Sequential Marketing Decisions for a New Customer

Policy
Historic Optimal

CLV(1,1)  (new customer) $131.03 $134.92
Profit Contribution from initial purchase $100.00 $100.00
Expected present value from future cash flows $31.03 $34.92
% Improvement of future cash flow +12.5%

Presenter
Presentation Notes
CLV(1,1) for BAU policy is $131.03. Consists of 
 = $100 profit contribution from initial purchase
 +   $31 expected present value from future cash flows
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Agenda

• Managing Inactive Customers
• Orchestrating Customer Dialogue for More 

Relevant Offers
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Could Best Next Action Be Asking a Question?

• Single-shot offer decision X(t=1) Outcome

A(t=1)

Customer state 
according to  

BAU data

Offer 

X(t=1) X(t=2)
Better information Better Outcome

A(t=1) A(t=2)
Learn about             

customer preferences
More relevant 

offer

• Sequential approach:  (i) Customer dialogue   (ii) More relevant offer
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Customer Dialogue App Example

• Ideal
─ Trusted dialogue
─ Truthful response (in customer’s self-interest)
─ No incentive needed

• What is realistic?
─ May need to incentivize responses
─ Responses my not always be truthful
─ Customer may not always know her preferences

• When does imperfect information generated by 
dialogue outweigh cost of entertaining dialogue?

Presenter
Presentation Notes
Engaging a customer in a shallow dialogue incurs a cost
Maybe we need to offer a Starbucks coupon to say “thanks you for your response”

We should only do so if the expected value of imperfect information exceeds the cost



Knee-jerk offers make “best guess” at preferences and see what sticks
Test & Learn can reveal offer segments, but lacks 1-on-1 precision 
Champion offer – Offer reward points
Challenger offer – Offer limit increase

Dialogue-informed offers are more likely to be timely and precise
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States
Initial, End

Dialogue (non)responses

Offer (non)responses

Actions
Do nothing

Start dialogue

Offers

Simulation Parameters

From State Action To State Prob
Initial state Do nothing Initial state 1
Initial state Offer: LOWER FEES Offer response: ACCEPTED 0.5
Initial state Offer: LOWER FEES Offer response: NONE 0.5

Initial state
Offer: HIGHER 
REWARDS Offer response: ACCEPTED 0.3

Initial state
Offer: HIGHER 
REWARDS Offer response: NONE 0.7

Initial state Start dialogue Dialogue response: LOWER FEES 0.41

Initial state Start dialogue
Dialogue response: HIGHER 
REWARDS 0.35

Initial state Start dialogue Dialogue response: NONE 0.24
Dialogue response: LOWER FEES Do nothing End state 1
Dialogue response: HIGHER 
REWARDS Do nothing End state 1
Dialogue response: NONE Do nothing End state 1
Dialogue response: LOWER FEES Offer: LOWER FEES Offer response: ACCEPTED 0.7
Dialogue response: LOWER FEES Offer: LOWER FEES Offer response: NONE 0.3

Dialogue response: LOWER FEES
Offer: HIGHER 
REWARDS Offer response: ACCEPTED 0.25

Dialogue response: LOWER FEES
Offer: HIGHER 
REWARDS Offer response: NONE 0.75

Dialogue response: HIGHER 
REWARDS Offer: LOWER FEES Offer response: ACCEPTED 0.15
Dialogue response: HIGHER 
REWARDS Offer: LOWER FEES Offer response: NONE 0.85
Dialogue response: HIGHER 
REWARDS

Offer: HIGHER 
REWARDS Offer response: ACCEPTED 0.8

Di l   HIGHER Off  HIGHER 

Reward Structure
Customer engages in dialogue -$5  
Customer responds to offer $100 

No discounting

Presenter
Presentation Notes
Determine logical structure of (state-action-new state) transition graph
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Optimal Policy and Best Next Action

State Optimal Action
Initial state Start dialogue

Dialogue response: HIGHER REWARDS
Offer: HIGHER 
REWARDS

Dialogue response: LOWER FEES Offer: LOWER FEES
Dialogue response: NONE Offer: LOWER FEES

Action Customer Value
Do nothing $0.00
Offer: HIGHER 
REWARDS $30.00
Offer: LOWER FEES $50.00
Start dialogue $57.70

 Best next action

Choices from initial state

Solution to MDP
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Discussion

• Optimizing sequential decisions and customer dialogue promise to increase 
customer value

• MDP’s provide a framework—be aware of Markov assumptions

• Understanding effects of actions on state transition probabilities is a key task
─ Opportunities in informing model parameters through Test—and—Learn

• Where do you see your sequential decision opportunities? 

Presenter
Presentation Notes
We’ve done this research and it’s promising.  If this is also exciting for you we’re looking for a client or a small # of clients to bring this from the lab into real life. 

Longitudinal business treatments, customer transactions/-reactions, cash flows


“Curse of dimensionality”:
As more variables are added to define the state
State space will explode
Data will be too sparse to estimate transition probabilities directly
 Be parsimonious, leverage dimension reduction/machine learning techniques

“Curse of consistency”:
For a business that does not experiment with alternative actions
Only a tiny sliver of state-action combinations will be observed
Data will give little guidance on alternative policies
Implement a learning strategy that tests reasonable actions for each state


Another well-known challenge: “Curse of dimensionality”
Rich literature – approximate dynamic programming, reinforcement learning, active agents, neuro-dynamic programming, … 
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