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Credit limits are typically informed by scores

Behavioural scores are the common input to limit setting strategies for
existing customers.

Usually combined with other models (e.g. profitability, uptake).

Problem
Scores are aggregate measures of
customer behaviour and can
obscure individual dynamics.

Solution
Transaction-level data can offer
a more detailed picture of how a
customer uses a credit card.

This talk presents a methodology for using transaction data to:
I Calculate an profit-maximising limit for existing transacting

customers at an individual level, and;
I Gain insight into how a customer’s purchasing behaviour affects

their profitability.
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Actual data shows a variety of behaviours

0 200 400 6000 100 200 300 400 500 600 700

-0
.2

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

1.
2

Time in days

U
til
is
at
io
n



5/27

Actual data shows a variety of behaviours

0 200 400 6000 100 200 300 400 500 600 700

-0
.2

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

1.
2

Time in days

U
til
is
at
io
n



6/27

Actual data shows a variety of behaviours

0 100 200 300 400 500 6000 100 200 300 400 500 600

-0
.2

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

1.
2

Time in days

U
til
is
at
io
n



7/27

Strategies typically target top 20 — 30% of scores
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Transactor profit is driven by interchange and funding cost

The expected profit for an individual transactor in a single period of
length T is

E[R(T )] = γ E[B`(T )]− ν`, (1)

where
I γ is the interchange rate;
I ν is a cost of funding, and;
I B`(T ) is the balance of the credit card at time T with credit limit `.

We want to find the limit which maximises Equation (1),

ˆ̀ := argmax
`∈Λ

{
γ E[B`(T )]− ν`

}
,

where Λ is the set of permissible limits.

How can we calculate E[B`(T )]?
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The newsvendor model is a similar problem

Let
I A(T ) denote the random demand for newspapers in a single period

of length T and FA(·) its distribution;

I ` the stock level of newspapers and;
I γ and ν are the unit profit and cost respectively.

The problem is to determine the optimal stock level,

`∗ := argmax
`∈R+

{
γ E[A(T ) ∧ `]− ν`

}
.

The solution is

`∗ = inf
`∈R+

{
FA(`) ≥ γ − ν

γ

}
.

Close, but E[A(T ) ∧ `] 6= E[B`(T )].
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The true balance is hard to model

A realistic balance policy will permit any number of purchases so long as
the total value doesn’t exceed `. We have an expression for this, but it is
difficult to work with.

Our idea is to create a simplified balance control policy that will:
I Reject a purchase that takes the outstanding balance over the limit
`, and;

I Freeze the outstanding balance at the level prior to the rejected
purchase until the end of the period T .

The real process is bounded by the newsvendor model and our
model.
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Attempted purchases A(T )
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Purchases above the limit are declined
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Newsvendor model takes the minimum of the demand and `
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B`(t) freezes the process at its last level
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True process lies between our model and the newsvendor
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Some details on the calculation of the distribution of B`(t) and its
expectation are in the appendix.
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Case study: transactor with a $5, 000 limit

Data set:
I 732 transactions over 11 November 2011 — 27 February 2013.
I No cash, foreign or declined transactions.

To illustrate, we focus on supermarket transactions.
I 306 purchases over 473 days which total $11, 469.44.
I In a 30-day period, this works out to an average of $727.50 in

purchases, far less than the account credit limit of $5, 000.
This customer is a likely candidate for a credit limit decrease.

To calculate the optimal limit, we use their transaction data to
understand the frequency and value of their purchases.
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Supermarket time series
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Γ-distribution a good fit to supermarket purchases
Parameters k̂ = 0.0769 (shape) and µ̂ = 2.8946 (scale).
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We assumed purchase times followed a Poisson process with estimated
rate λ̂ = 0.6451.
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Comparison of limits
Using an interchange rate of 0.0054, cost of funds of 0.0007 and
statement period of 30 days, we calculated the following —

Original Optimal Revised
Limit $5, 000.00 [$947.83, $973.81] $1, 000.00
Expected balance $728.64 [$714.06, $714.09] [$717.13, $719.64]
Expected profit $0.44 [$3.17, $3.19] [$3.17, $3.19]

Change in profit — [$2.73, $2.75] [$2.73, $2.75]
Decline probability 0.0000 [0.1060, 0.1296] 0.0857

By lowering the limit to near the optimal level, we see
I A substantial gain in profitability;
I A slight decrease in the expected balance — interchange revenue is

largely unaffected, and;
I An increase in the likelihood that the customer will experience a

declined purchase.
The results assume no change in the customer’s purchasing behaviour.
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There is a trade-off between improving profitability and
minimising the probability of decline

In this example, the increase in profit is driven by a reduction in cost —
it is expensive to maintain a high limit if the customer doesn’t use it.

However, an optimal limit means a material probability of the customer
experiencing a declined purchase, which is unacceptable in practice.

Potential ways to translate this into an implementable strategy:
1. Increase limit away from the optimal value (decline probability

decreases rapidly).
2. Ask customers with low utilisation to opt in to a lower limit. Reserve

their original limit for 12 – 24 months and allow them to reinstate it
upon request.
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Individual-level modelling offers a new lens for customer
management

If you know how your transacting customers are attempting to make
purchases, optimal limits can be calculated at an individual level using
our approach.

This is a useful analytical tool to assess the profitability of limit changes.

Requires:
I Transaction-level data including authorisations, and;
I Interchange rate (γ) and cost of funds (ν).

More detail in our paper
Budd, J. K. & Taylor, P. G. “Calculating optimal limits for transacting
credit card customers.” arXiv preprint arXiv:1506.05376 (2015).
http://arxiv.org/abs/1506.05376.

http://arxiv.org/abs/1506.05376
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Further research

The increased availability of transaction-level data presents many exciting
opportunities for modelling individual behaviour.

Some avenues for future research include:
I Incorporating other payment behaviours (e.g. revolving);
I Adding a risk component;
I Modelling how purchasing behaviour changes following a limit

change;
I Multiple and random payment times;
I Intensity-varying purchasing process.
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Model assumptions

1. The card-holder attempts to make purchases according to a marked
point process

A(t) =

N(t)∑
i=1

ξi ,

where
I {ξi}i=1,2,... is a sequence of non-negative, independent random

variables with common distribution function F
I N(t) is a random variable, independent of {ξi}i=1,2,..., describing the

number of events in (0, t] in a renewal process with inter-event time
distribution G .

2. F and G are of exponential order and all moments of the
distributions exist. These conditions are sufficient to ensure the
existence of the Laplace transforms

f̃ (θ) =

∫ ∞
0

e−θz F (dz) and g̃(ϕ) =

∫ ∞
0

e−ϕu G (du).
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An integral equation for the balance

Let B`(0) = 0, and condition on the time of the first jump and its value.

We have

E[ 1{B`(t)∈(y ,`]} | τ, ξ ] =

{
1{ξ+B`−ξ(t−τ)∈(y ,`−ξ]}, 0 ≤ τ ≤ t, 0 ≤ ξ ≤ y

1, 0 ≤ τ ≤ t, y < ξ ≤ `.

The first case allows the process to regenerate. The second case freezes
the process at its current level.

Integrating over τ and ξ gives us the following integral equation,

P
(
B`(t) ∈ (y , `]

)
=

∫ t

0

∫ y

0
P
(
z + B`−z(t − u) ∈ (y , `− z ]

)
F (dz)G (du)

+

∫ t

0

∫ `

y

F (dz)G (du).
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Solution to the integral equation

Define the three dimensional Laplace transform

S̃(θ, ϕ, ψ) =

∫ ∞
0

∫ ∞
0

∫ `

0
e−ϕt−θ`−ψy P

(
B`(t) ∈ (y , `]

)
dy d` dt.

Apply the transform to the integral equation to obtain

S̃(θ, ϕ, ψ) =
1

θϕψ

g̃(ϕ)
(
f̃ (θ)− f̃ (θ + ψ)

)
1− g̃(ϕ)f̃ (θ + ψ)

.

The Laplace transform of the expectation is

Lθ,ϕ
{
E[B`(t)]

}
= lim
ψ→0

S̃(θ, ϕ, ψ) = − g̃(ϕ)

θϕ
(
1− g̃(ϕ)f̃ (θ)

) d
dθ

f̃ (θ).

We can invert the last expression numerically in order to solve our
optimisation problem. Multiplying the transform of the expectation by θ
yields the transform of its derivative.
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