
Behavioral patterns of long term saving :

Predictive analysis of adverse behaviors 
on a savings portfolio



Introduction

What is the context of this case study and what about the 

underlying challenges ?
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Introduction : the context
• The context of the study, seen by a life insurance company in the French market
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Low interest rates

Strategic orientation on 
UL funds

A sudden rise on IR

Transfer of risk from us to 
customers

Less margin, higher cost 
of capital on €uro funds

Geopolitical 
environment and 

probable occurrence of 
volatility on Equities

Shift toward €uro funds 
as a “safe investment”

Higher risk of lapse / 
Shift toward new 
financial investments

Who is UL 
appetent ?

Exogenous factor …

Commercial retention 
programs

Cost of retention 
programs ?

Anticipation of future 
actions

Who will start 
shifting from UL 

funds ?

Macro economic 
consequences …



Introduction : the goal
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How to reduce the behavioral  
risk ?

Objective

Deterministic rules linked 
to the experience …

Predictive 
Analysis

Remarks:

1. In this paper, we propose a set of "recipes" for supervised learning methods applied on a life

insurers’ portfolio . Many constraints could appear, due to their database structure underlying the long

term risk they hold. As recalled in our paper, literatures in this field offer a wealth of information and some techniques

related in this document are quite abundant. However, life actuaries may have difficulties to find out a way to realize in

concrete terms such a study on their portfolio.



Introduction : challenges

• Expected results

� A good model performance (with stability over time)

� A population predicted for commercial actions

� A better understanding of the insurance liability 6
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Numerous possible 
factors influencing 
customer actions

Impacts of distribution 
channels on clients’ 

behaviors

Age

Gender

Geo-
localisation

transactions

job
Guarantee

IR

Tax 
advantages

Numerous kind of data

Text

Numerical

Geographic

Categorical

Continuous

• What challenges in building a predictive model on l ife insurance data ?

External 
Data
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The insurance product

What characteristics and what choices of the insurance 

product to facilitate the proof of concept ?
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Why did we choose this product for learning purpose ?

1) A multi support savings product with a high 

volume among upmarket products

2) An active portfolio

Risk over 2016

Action
Number of clients Total cash flow

Surrender 9005 (19%) 755 m€

Arbitrage 1516 (3,2%) 62,7 m€

Percentage of activity flows per insurance product

Surrender flow / Savings

P
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m
 fl

ow
 / 

S
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Choice of insurance product
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Why did we choose this product for learning purpose ?

1) High volume among upmarket products

2) Active portfolio

3) Growing client base

4) 12 years of history

0

10000

20000

30000

40000

50000

60000

Number of clients
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Remarks:

1. Do not be naive, … ML techniques just reveals hidden information on data. Then without substantial and

consistent data, no value added (See P53)

Choice of insurance product



Method and Approach

How could we summarize the ML process for this type of 

case study ? What can be the results in concrete terms ?



Method and Approach : a supervised learning problem

12

Barcelona Congress - Behavioral patterns on a long term savings portfolio

( ) ( ) ( )( )1 2, n,1, ,..., ,dn dX x x x Y=

Predictor (input) variables Predicted (target) variable

( ) ( )( )f, arg min ,f C f L f X Yθ ∈ =
) )

( )( ),M Y f X Y=
))

Loss function that maps 

( )Y and Y f X=
))

A learning algorithm tries 
to find best parameters θ for a 

such prediction function

Problem definition

Choosing algorithms
and training

Assessing and 
validating predictions

Use a Metric to conclude about the 
prediction Y with respect toY

)

Given a training database , what prediction for a new observation      ?{ },i i n
x y

The Goal .. Mathematically speaking: 

jxjy
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Problem definition (get into 
classification problem)

Evaluating models and 
analyze predictions

Training models

Get data and 
prepare IT tools

Data selection and semantic 
(which data to include ?)

Feature engineering / 
Feature selection

ML 
Approach

Method and Approach : In concrete terms …

13
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Method and Approach : A concrete definition of the target
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What reading of an “Adverse Behavior ” in a such savings portfolio ?
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Operational challenge : Predict movements over the next 6 months using 3 years of history

1) Surrender

2) Arbitrage UL->EUR
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Comparison with the empirical model ( past

surrenders deduct future surrenders):

Remarks:

1. The predictive model targets not only “Former Surrenders”

but also “Primo Surrenders” ( ~20%) who could never been

targeted by traditional descriptive methods .

2. The predictive model provides a recall of about ~40% and a

high precision.

Performance of predictions
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Method and Approach : A concrete result from predic tive analysis

~40% over 10% of the 
population and ~80% 

over 1% of the population 

800

600

400

200

Recall : 
Prediction of 

40% of 
surrenders 

by an 
intelligent 
choice of 

10% of the 
population

Source of the Picture : Wikipedia

=  ~40%



Feature Engineering



Feature engineering
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•Surname, First name, Postal code, Sex, Family situation...

•Duplicated for each time step 
Identity data

•Product segmentation, tax frame, subscription date, 
subscriber & beneficiary designation…

•Grouped through smaller categories over one hot encoding
Contract data

•Savings information / Mathematical reserve
•Considered per time period & Distinguished by technical 
type of investment (UL or €)Financial data

•Different management acts : Premiums, Surrender, 
Arbitrage (UL_€, GSM_GL, €_UL, UL_UL)

•Aggregated by RFM (Recency, Frequency, Monetary)
•Sequence Mining

Transaction 
data

•INSEE, financial indexes, public authorities publications, …
•Considered per time period & Merged to Identity dataExternal data

Join Table Features

&

Target

Remarks:

1. A first challenge of getting into a Classification problem within a classical life insurance data base.

Methods especially marked red would be presented in following slides.

Select Top 
10% de 

clients with 
higher 

probability to 
make 

adverse 
actions
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X matrix Y matrix



Feature engineering – Contract data
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Contract_
number

Subscription 
date

Marketing 
channel

718025624 2010-08-06
Distribution 
channel_

1

718025627 2010-08-06
Distribution 
channel_

1

718038211 2012-11-28
Distribution 
channel_

1

Client ID
Seniority_

max
Seniority_

min
#

# on 
Distribution 

channel_
1

# on 
Distribution 

channel_
2

XXX_1950-10-16 6 6 1 1 0

YYY_1938-12-22 6 6 1 1 0

ZZZ_1964-07-22 4 4 1 1 0

Contract_
number Seniority

Distribution 
channel_

1

Distribution 
channel_

2

718025624 6 1 0

718025627 6 1 0

718038211 4 1 0

Relativize

&
One hot 
encoding

Aggregate 
several contracts 
to one person
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Remarks:

1. We can notice that the number of features could considerably increase.



Feature engineering – Transaction data 
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Contract_
number

Effective_
Date Amount Action type

Technical_
product_

type

Technical 
product_
duration

718035187 20160101 400.00
RACHAT
PARTIEL

EUR D

718038735 20160501 1000.00
RACHAT 
PARTIEL

EUR D

Period tag Client ID

Monetary_
RACHAT_
PARTIEL_

EUR_D

Frequency_
RACHAT_
PARTIEL_

EUR_D

Recency_
RACHAT_
PARTIEL_

EUR_D

201601_201606

XXX_1952-09-06 400 1 61

YYY_1938-12-22 1000 1 181

ZZZ_1962-03-11 0 0 10000

RFM Model :

Recency – time gap 
between the last action 
and the end of interval

Frequency – total times 
of the action

Monetary – total cash 
flow of the action 
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Remarks:

1. The RFM model summarizes the information into a suitable way for a classical classification algorithm. For

example, in this case study, 19 new features are created for the management act “Partial Surrender” (9 from

Frequency & Monetary scope by filtering on different time periods – 6 semesters and 3 distinct years – since we consider 3 years

history and one feature from the Recency)
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Which treatment for transactional data like financial indexes ?

For each adverse action :

� Observe the current value of the index

� Observe the past values of the index into a sliding window (here 12 months)

� Use the decile corresponding to the index’ value at the adverse action date as a feature (then at least 10 new features are created)

Adverse action

Feature engineering – Time series treatment

We capture on that way the behavior of the client with respect to a wide economic context
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Remarks:

1. The same algorithm applied in our savings portfolio could be run by using analogies (see P33)

Adverse behavior : What happens on large retailers when mining frequent sequen ces from

transactional databases?

A collection of receipt 
for each client i

Mining sequences and find 
frequent subsequences among 

all customer sequences

Apply an action for the 
corresponding clients

• Review dispositions of products 
through the different sections of 
the store

• Push new products to clients

• …

Barcelona Congress - Behavioral patterns on a long term savings portfolio

Feature engineering - Sequence Mining (1/4)



Feature engineering - Sequence Mining (2/4)
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Why did we use Sequence Mining ?

1. Finding sequential rules regardless of the

predictive model (increase knowledge on the

portfolio).

2. Adding information into the predictive model :

a. RFM : does not keep information on the action

orders

b. RFM : visualization of information is not easy

ID Action
Sequence

Client 1 A,B,C

Client 2 B,D,C,A

Client 3 A,B,D

Client 4 C,A,B,D

Contract_
number

Effective_
Date Amount

Action_
type

Technical 
product_

type

Technical
_product
_duration

718035187 20160101 400.00
RACHAT
PARTIEL

EUR D

718038735 20160501 1000.00
RACHAT 
PARTIEL

EUR D

Sort by 
time

&
Label 

actions

Barcelona Congress - Behavioral patterns on a long term savings portfolio
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Feature engineering - Sequence Mining (3/4)

Sequence feature generation:

To include more information than a binary table, we include the cash flow of subsequences. There are several choices

available at this stage:

• For each client, several matches are possible for one sub-sequence

Ex. 3 possibilities when matching (A,B) to (��, ��, ��, ��) : (��, ��), (��, ��), (��, ��)

• Once matches the subsequences, such as aggregating the cash flows of client actions.

Ex. Sum, Mean, Max, Min, etc...

In this project, we chose to match the most recent subsequence for a client – so (��, ��) – and we choose the sum of

cash flows of all actions as aggregation function.

ID A B C D A,B B,D C,A A,B,D

Client 1 200 30 50 0 230 0 0 0

Client 2 300 40 40 50 0 90 340 0

Client 3 500 600 30 30 1100 630 0 1130

Client 4 40 30 40 100 70 130 80 170

ID Action 
Sequence

Client 1 A,B,C

Client 2 B,D,C,A

Client 3 A,B,D

Client 4 C,A,B,D

Barcelona Congress - Behavioral patterns on a long term savings portfolio

Remarks:

1. More information about actions’ order in time are captured. But the number of features keep growing …

2. This point is treated through “Feature selection ” technics (iterative running of models and selection of the most powerful features
/ with respect to predictive performances).
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Modeling client actions:

To include as much information as possible other than RFM features. We've also decomposed all the actions by cash

flow on the technical products:

The client actions are thus transformed into a set of flows on technical products. Here, involved technical products are

more than 400 for this specific portfolio. The number of possible flows is then more than 800 (positive & negative flows).

The application of an “Apriori” algorithm seems to be essenti al to reduce computing time.

F17 EUR

F18 UL

+F17 in EUR

-F17 out EUR

+F18 in UL

-F18 out UL

{+F17,-F18} Arbitrage UL EUR

{+F17} Premium EUR

{-F17} Surrender EUR

{+F17,+F18} Mixed Premium

[('+F17')] 18991

[('+F17', '+F18')] 3946

[('+F17', '+F18'), ('+F17')] 676

[('-F17'), ('+F17')] 1577

…

Feature engineering - Sequence Mining (4/4)

1 - Iteration by length of 
candidates 

2 - Intelligent construction 
of candidates from shorter 

frequent subsequences
3 – Pruning constructed 
candidates

As few candidates as 
possible to go through

Apriori

Barcelona Congress - Behavioral patterns on a long term savings portfolio



Time period i
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FINANCIAL
DATA

CONTRACT 
DATA

TRANSACTION 
DATA

IDENTITY 
DATA

EXTERNAL 
DATA

FINANCIAL 
INDEXES

(X , Y) TABLE

Process of joining tables from different data and preprocessing raw data before running ML algorithms, 

Feature engineering - summary

Creation of new 
Features

Features selection

Concatenate from 
different time periods i

~1600 Features

between ~ 150 and 400 
more “powerful” Features



Model Training
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1. The 2nd stage is about using outputs of the first stage prediction as inputs for a 2nd training step for better

performances ( see [SD04] in P56)

2. The two tree-based training methods (Ensemble methods : Random forest and Gradient boosting) are generally chosen

based on performance testing. The model training could stop at this step. Linear regression is generally kept to

benchmark the performance

3. The optimization steps (Ex : using ”Hyperopt” package from Python) calibrates respectively base-level models (stage 1)

and meta model (stage 2)

Training 
sets

&
Validation

sets

Datasets

Sliding 
windows

Cross-
validation

Linear 
regression

Random 
Forest

Gradient 
Boosting

Meta Model

1st

Optimization 
process

Evaluation

2nd

Optimization 
process

Model training : the overall process
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{ },i i n
x y

1. … Only about ~20% of the time is dedicated to run models . Algorithms & processing tools are well designed

and ready for use (Cf @R and python packages for running classification problems)

2nd stage1st stage
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Model training – Sliding windows & Cross validation

28

20162010 2011 2012 2013 2014 2015

Training Set

2017

Validation Set

Training Set

Validation Set

…

Test Set

Temporal K-Fold :

Barcelona Congress - Behavioral patterns on a long term savings portfolio
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When the target rate is low, the choice of model evaluation metrics is very important

Accuracy is not a good score:

� In a low 1% target rate case, a model that predicts only 0's is correct in 99% of cases

We've selected two metrics that allow us to properly manage the specificity of the low target rate:

Area under the ROC curve (AUC):

� AUC does not vary according to the target rate, thus it help us to compare the performance of the

model over time

LIFT :

� Lift =
���	
�	�
�
���


��
��	
	�
�
���

	

� The Lift 10% is the performance criterion we

want to optimize, corresponding to about 5000

targeted customers

Model training – Evaluation

Barcelona Congress - Behavioral patterns on a long term savings portfolio



Standard Model 
Performance



Feature importance
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Variable Importance rendered by random forest when learning about Surrenders :

Remark:

1. “Partial surrenders” in the past seems to be the main variable used for the prediction

Barcelona Congress - Behavioral patterns on a long term savings portfolio
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Performance over time

Representation of the AUC metric over time:

Remark:

1. Meta model (lr_meta) and the gradient boosting (xgb) seem to outperform other models

2. Stability of predictions (AUC remains high) with respect to time (… sorry for “purists” but no assumption on

error made is taken here, only “test and see” approach holds )

Barcelona Congress - Behavioral patterns on a long term savings portfolio
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Performance on test set

Remarks:

1. The model targets only clients who have previously surrendered (Former Surrenders ) … Why

couldn’t we just focus on people who ever make adverse actions in the past to predict the future…?

2. Distribution of the population selected by the model is slightly biased to th e left , which is not

necessarily desired

Comparison with the empirical model ( past

surrenders imply future surrenders) :

Surrender distribution of the 10% targeted

population:

Barcelona Congress - Behavioral patterns on a long term savings portfolio

?
Recall : 

Prediction of 
45% of 

surrenders 
by an 

intelligent 
choice of 

10% of the 
population



Sequential rules
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Remarks:

1. The same algorithm applied in our savings portfolio could be run by using analogies (see P36)

Adverse behavior : What happens on large retailers when mining frequent sequen ces from

transactional databases?

A collection of receipt 
for each client i

Mining sequences and find 
frequent subsequences among 

all customer sequences

Apply an action for the 
corresponding clients

• Review dispositions of products 
through the different sections of 
the store

• Push new products to clients

• …

Barcelona Congress - Behavioral patterns on a long term savings portfolio

Recall … Feature engineering - Sequence Mining 
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Sequential rule

Sequential rules search for predictive rules based on previous client transactions :

Generated
rule

A->B

A->D

B->D

C->E

A,B->D

Subsequence
Occur-
rence

Support

A 3 0,75

B 3 0,75

C 3 0,75

D 3 0,75

E 2 0,5

A,B 2 0,5

A,D 3 0,75

B,D 2 0,5

C,E 2 0,5

A,B,D 2 0,5

Rule 
support

0,5

0,75

0,5

0,5

0,5

Rule base 
support

0,75

0,75

0,75

0,75

0,5

Rule
confidence

0,67

1,0

0,66

0,66

1,0

Rule target 
support

0,75

0,75

0,75

0,5

0,75

Rule LIFT

0,88

1,33

0,88

1,33

1,33

Accuracy
Accuracy 

/ random model
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Sequential rule
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Consider client actions as transactions :

Partial Surrender 

Total Surrender

Premium

Subscription

Arbitrage   
UC -> EUR

Arbitrage   
UC -> UC

Arbitrage 
EUR -> EUR

Arbitrage   
EUR -> UC

PS

TS

SCP

PM

AUE

AUU

AEU

AEE

Period of observation : 2015-2016

Extension : 
• Count subsequences within one year threshold
• Taxonomy on partial surrender:

Partial Surrender 
Amount > 40 000 €

Partial Surrender 
Amount <= 40 000 €

Partial Surrender 

Big PS

Small PS

Barcelona Congress - Behavioral patterns on a long term savings portfolio



Surrender law
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Rule Support Confidence LIFT

14211 0.568 2.85

8907 0.626 3.14

5890 0.661 3.31

Observation 1: Strong sequencing of partial surrenders

PS PS

PS,PS PS

PSx3 PS

PS PS PS PS PS
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Surrender law
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Rule Support Confidence LIFT

11172 0.574 3.71

849 0.152 3.42

14211 0.568 2.85

1104 0.197 1.27

1070 0.055 1.23

Small PS Small PS 

Big PS Big PS 

Observation 2 : Separation of the two types of partial surrenders

Small PS Small PS 

Big PS Big PS 

Big RP Small PS 

Small PS Big RP 

PS PS

Barcelona Congress - Behavioral patterns on a long term savings portfolio



Surrender law

40

Observation 3 : Partial surrenders deduce total surrenders, big PS 
indicates more likely a tendency to exit 

Rule Support Confidence LIFT

311 0,038 3,45

466 0,023 2,09

Big PS 

Big PS 

Small PS 

TS

TS

Small PS TS
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Surrender law
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Observation 4 : Big surrenders after subscription

Rule Support Confidence LIFT

659 0.095 2.14

549 0.079 0.51

SCP Big PS

Small PS 

SCP Big RP 

SCP Small RP 

Seniority
N

um
be

r 
of

 a
ct

io
ns

Distribution of big PS
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Surrender law
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Conclusion :

• Surrender snowball effect

• Different behavior for small surrender and big surrenders

• Less interaction between two types of surrenders

• Big surrenders after subscription

• Big surrenders imply more a tendency to churn

Barcelona Congress - Behavioral patterns on a long term savings portfolio

Idea :

• Until surrender snowball effect is noticed for “big 

surrenders”, the idea is to calibrate the model to t arget “big 

surrenders” rather than focusing on “small surrenders ” 

easier to predict but with less impact on profitabi lity



Truncated Model 
Performance



Truncation of target
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Remarks:

1. Many small partial surrenders occurs in our insurance product

2. The target is reduced to 66% after filtering on “big surrenders”

0

0,02

0,04

0,06

0,08

0,1

0,12

0,14

Filter ]40 000,+∞]

Population of 
positive samples 
is reduced

N
um

be
r 

of
 c

lie
nt

s 
(%

)

Truncate the target: Effect on the target:

Cash flow of surrender in 6 month

N
um

be
r 

of
 c

lie
nt

s

Distribution of target amount for 201607

standard

truncated
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Feature importance
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Variable Importance rendered by random forest after filtra tion:

Remark:

1. A prediction based on much information : Age, Savings, Surrender, Premium, Subscription

Age
Savings

Surrender

Premium

Subscription

Barcelona Congress - Behavioral patterns on a long term savings portfolio
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Performance on test set

Comparison with the empirical model (past

surrenders deduct future surrenders):

Remarks:

1. Model targets not only “Former Surrenders” but also “Primo Surrenders” who could never been

targeted by traditional descriptive methods .

2. Model targets younger clients (who likely seem to be more active in the management of their policies)

Age Distribution of the 10% targeted model :

Barcelona Congress - Behavioral patterns on a long term savings portfolio

800

600

400

200



Model Comparison
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Comparison of predicted cash flow

Comparison with 10% de prospects over time:

Remark:

1. Truncated model constantly outperforms the standard model by the view of cash flow

2. Under the hypothesis of an uniform transformation rate, our truncated model can outperform the standard

model by 64% on test set.

3. 40 % of the surrenders occurred into the period under review are captured with an “intelligent

selection” of 10% of customers .

Comparison on 2017 S1 :

Barcelona Congress - Behavioral patterns on a long term savings portfolio

Prediction 
of 40% of 

surrenders
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Comparison of predicted cash flow

Remark:

1. The model’s prediction is adjusted to the right by focusing on clients who make bigger surrenders.

Surrender distribution of the 10% targeted population:
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Conclusion
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Several interesting result with a value added on the understanding of behavioral patterns in savings :

1. A predictive model for better targeting clients’ behaviors (with risk management efficiency as a consequence)

2. A strong stability in time validated by an experimental way

3. Exploration of different way to boost performances by a reasoning by analogy with techniques widely

used in other industries (bioinformatics and retailing industries for sequence mining)

Additional research directions are identified :

1. Explore more techniques to optimize the cash flow target

2. Remove multicollearity from features to enable tests with simpler models

3. Search for more interesting data (guarantee conditions, former marketing communication and results, …)

-> The future of the actuarial job could not ignore the use of s uch techniques for

both commercial and risk optimization purposes.

Conclusion
Barcelona Congress - Behavioral patterns on a long term savings portfolio



Appendix A : Method 
and approach



Availability

Method and Approach : Data selection and semantic

53

Barcelona Congress - Behavioral patterns on a long term savings portfolio

Usability Reliability Relevance
Presentation 

quality

Accessibility

Timeliness

Authorization

Definition /
Documentation

Credibility

Metadata

Accuracy

Integrity

Consistency

Completeness

Auditability

Fitness Readability

Structure

Universal two-layer data selection standard, 

Yangyong CAI, Li, ZHU, The challenges of data quality and data quality assessment in the big data era. Data Science Journal, 14, 2015.



Appendix B:
Vocabulary & 
References



Vocabulary

• CNP Assurances is the leader of Life Insurance in France

• Arbitrage is a switch from a unit linked (UL) funds to the €uro fund (then we call

it adverse arbitrage) or the opposite transfer from €uro to UL funds.

• Surrender is the action of withdrawing savings from the contract

• Predict adverse actions (here surrenders & adverse arbitrages) stands for

targeting customers who will make an adverse action in the near future, with

respect to a given metric.

55
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