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BRIDGING ACTUARIES´AND DATA SCIENTISTS´ WORLDS

TRADITIONAL
ACTUARIES
Aggregated actuarial methods based
on triangles

OUR PROJECT
Gradual introduction of machine
learning techniques into traditional
reserving methods

DATA SCIENTISTS
Individual claims reserving with
gradient boosting and neural
networks

Interpretability

Straightforward

Interpretability

Very high

Interpretability

Sometimes very
complex to understand

Data required

Paid/Incurred Triangles

Data required

Data underlying the
triangles

Data required

Complex merging of
different data sources

Aggregation

Implicit with black box
methods

Projection

Black box methods on
individual level

Aggregation

Projection

Along LoBs
Triangles methods on
aggregated level

Aggregation

Projection

Clustering techniques
(Constrained) regression
on individual level

IN A NUTSHELL: CLASSIC VS MACHINE LEARNING APPROACH

•

•

„I do not know how my
model works, but it
predicts well“

We want to predict well and to
understand what‘s going on

„My model fits the data perfectly, but I
do not know how well it predicts…“

Traditional statistics

Our approach

Machine Learning

The focus is mainly on
„fitting well“ the data

We focus on prediction
power while retaining some
interpretability

The focus is on prediction
power, interpretability is
not important

The models minimize the insample error

•

•

There is no explicit
consideration of prediction
accuracy

We choose the best model
using traditional loss
functions

The best model is the one
that minimizes the out-ofsample error

•

Asymptotically equivalent to
cross validation

•

Cross-validation criterion

OUR ALGORITHM: TWO STEPS APPROACH
Aggregating homogeneous claims

Projection of the ultimate cost

•

We make use of clustering techniques to identify
claims which are similar, considering their paid and
incurred histories (and other factors, eg. AY)

1.

Chain-ladder can be seen as a constrained linear
regression; we proved(*) that this holds true also on
an individual claim basis

•

Ideally, by clustering you can obtain different
triangles for which the traditional methods’
assumptions of homogeneity hold true

2.

The idea is that one can gradually extend the model,
by removing constraints or adding more features, to
improve prediction power

The algorithm automatically selects the best combination of clusters and parameters to predict the ultimate cost claim by claim
The model can be extended even further using popular/recent ML techniques(**), but this will result in a lack of model interpretability

Remark: the above can be applied only to reported claims, ie. to derive the IBNER component of the reserve. The IBNYR component is
automatically estimated via a traditional approach
(*) Carrato, Visintin (2019) - „From Chain Ladder to Individual Claims Reserving with Machine Learning“ [ASTIN Colloquium]
(**) Traditional Machine Learning approach defines 𝐶𝑗 = 𝑓 𝐗 𝐣−𝟏 + ε𝑗−1 , where f is found via gradient boosting or neural networks

SWOT ANALYSIS
S

W

▪ Not expensive

▪ Avoid cumbersome data
requirements (as minimum
requirement)

▪ Easy to explain to stakeholders
(eg. regulators, top
management, etc.)

O

Positive

▪ Partial lack of interpretation /
understanding of model results

Scalable and efficient tool
Internal

▪ IBN(E)R automatically allocated
at individual claim level

▪ Uncertainty on reserves
impossible to assess directly

Weaknesses
Difficult to assess uncertainty

Opportunities
▪ Heavily relies on data quality
(“garbage in, garbage out”)
▪ Needs still human supervision
to ensure results are
reasonable
Negative

External

▪ (Extremely) Fast and scalable

Strengths

T

No significant IT investment (or
cumbersome data requirements)

Threats
Cannot predict market environment
changes (eg. legislation)

Content
Topics

01
02
03

INTRODUCTION

THE ALGORITHM

EXAMPLE DIAGNOSTICS

THE PAID-RESERVED TRAJECTORY
Following Mack(*), we consider (in the basic setup) the paid-reserved trajectory of each claim. The joint modeling of
paid and incurred data can greatly improve the prediction accuracy of the model by, for example, letting us identify
large losses
1. After its occurence, a claim is reported and a case reserve is
allocated

1

Reserved

2. Subsequently, a certain amount is paid and the case reserve
decreases accordingly
3. The claim continues its developing until is definitively closed

2

3

There can be differente kinds of trajectories. Our aim is to spot
patterns in the trajectories to aggregate claims with similar
developments.
(*) Mack (2002) – “Schadenversicherungsmathematik”, Section 3.4.5

Paid

STEP 1 - CLUSTERING THE CLAIMS
With clustering techniques, we are able to identify and aggregate claims with similar trajectories (*) up to
a fixed development period
(*) Please note that Chain Ladder uses only the latest information („Markovian“ assumption) instead of the full trajectory. To this extent, the AZ AI Reserving model is a step further.

1. With the k-means algorithm, we are able to spot a certain
number (in this case, two) of clusters of similar claims. In practice,
the number of clusters is chosen minimazing the loss function of
the predictive model.

Reserved

2

Cluster Large

3

1
Cluster Attritional

Paid

2. We now consider a claim (the one in green) less developed than
the ones considered before. We aim at predicting its next point in
the trajectory using its similarity to the more developed claims.

3. Due to its past trajectory, the green claim is classified as a
member of «Cluster Large»

STEP 2 - PREDICTING THE NEXT POINT OF THE TRAJECTORY
In the previous step, we have determined that the green claim belongs to the ”red” cluster ...
.. the next step is to predict the next point of its paid-reserved trajectory

Reserved

1. We model the cumulative paid amount with a linear
regression, we fit it on the known (the red ones) claims and we
predict the next paid amount for the green claim (usually higher, if
there are not S&S ...)
2. Similarly, we model the incurred amount, so that we obtain the
new reserved amount (usually lower)
3. Therefore, the projected point has coordinates defined by (1)
and (2)
1

2

Paid

3

STEP 3 - PREDICTING THE ULTIMATE COST
In the previous step, we were able to predict the following point of the trajectory...
... we now describe how to predict the ultimate cost of a claim

Reserved

1. The precedures described at Steps 1 and 2 is iterated until a
claim reaches its maximum development;

2. At the last development, we obtain an ultimate paid and
(usually) a not nil case reserve;

3. To take into account the incurred information, we consider the
weighted average (*) between paid and incurred ultimates.

1
2
Weighted
average

3

Paid

(*) The reason to consider the weighted average and not another statistics is justified by decision
theory, as method to minimize the expected loss (or error)

THE LONG ROAD OF AI RESERVING …
Full AI implementation

Prediction accuracy

AZ AI Algorithm

Traditional framework

LoB
segmentation

Chain Ladder

Actuarial
judgement

"Traditional"
actuary

Clustering

Regression
w/o
constraints

AZ AI
Algorithm

Gradient
boosting

…more?

Full AI
reserving

AZ AI Algorithm already provides strong foundations to improve existing reserving processes, whilst full AI
implementation (w/o human supervision) still in development as results are not robust enough
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OUTPUT EXAMPLE

We obtain, automatically, a results summary similar to the ones of the common reserving softwares (eg. ResQ). This can be
used to compare the algorithm with traditional actuarial methods and for diagnostics purpose.

DIAGNOSTICS EXAMPLE (FOR A DEVELOPMENT PERIOD)
Cluster of
medium-sized
claims

Attritional
claims of
recent AYs

Two clusters of large claims, but at very
different stages of development (huge
differences in the paid development
factors).

Many automatic insights on data to help actuaries also on traditional reserving process ...

The model automatically decides
wheter to include an intercept:
incurred data typicallx are fit well
with a simple chain-ladder

Attritional claims of
older AYs: different
dev. patterns

COMPARISON OF RESULTS: MTPL TYPE LOB

AY AZ AI Algorithm "Traditional" actuary
2002
2003
2004
2005
2006
2007
2008
2009
2010
2011
2012
2013
2014
2015
2016
2017
Total

2.8%
0.8%
0.3%
0.6%
0.7%
0.2%
0.4%
1.9%
2.1%
4.1%
2.8%
6.8%
10.1%
18.8%
17.3%
30.9%
100.5%

0.2%
0.2%
0.2%
0.2%
0.5%
0.5%
0.9%
2.8%
2.8%
4.7%
3.0%
7.0%
10.8%
19.7%
18.3%
28.3%
100.0%

With Gradient
Boosting
0.1%
0.3%
0.0%
0.1%
-0.4%
-0.2%
0.9%
0.8%
3.5%
5.9%
4.2%
8.5%
11.3%
20.4%
18.8%
27.3%
101.3%

For LoBs with significant amount of data, gradient boosting can be run and results look reasonable …

COMPARISON OF RESULTS: PROPERTY TYPE LOB
AY
2002
2003
2004
2005
2006
2007
2008
2009
2010
2011
2012
2013
2014
2015
2016
2017
Total

With Intra-LoB
Clustering
4.1%
0.3%
0.2%
0.4%
0.6%
7.6%
2.5%
1.1%
0.9%
2.2%
2.2%
3.1%
3.4%
6.6%
25.1%
44.7%
105.0%

"Traditional"
actuary
0.8%
0.6%
0.3%
0.2%
0.9%
12.1%
6.2%
1.2%
0.7%
1.2%
2.1%
2.0%
2.0%
6.0%
21.8%
41.9%
100.0%

W/o Intra-LoB
Clustering
3.6%
1.0%
1.3%
1.4%
2.9%
8.6%
3.5%
3.1%
1.0%
4.3%
3.7%
3.0%
3.1%
7.2%
24.6%
46.7%
118.9%

Gradient
Boosting
1.7%
-14.2%
2.3%
8.9%
-16.7%
-55.3%
-54.8%
-13.1%
1.5%
4.3%
-18.5%
6.0%
4.3%
5.3%
2.3%
45.9%
-90.0%

For small LoBs, where not much data is available, Gradient Boosting can provide erratic results while AZ AI Algorithm still
performs reasonably well

MANY THANKS FOR
YOUR ATTENTION

FAQ
(1) What you do is not really “individual claims reserving”, as eventually you work on aggregated data
To the extent we define as “individual pricing tariffs” GLMs on individual data, I don’t see why this shouldn’t be an
“individual claim reserving”. As per pricing, we need to group the claims into “similar” pockets, to be able to assign to a
new claim a “behaviour” similar to one observed in the past. Of course, the IBNR at claim level are still “on average”
(for the given cluster), but it doesn’t really matter as eventually this allows results to be aggregated to any
segmentation (eg. portfolio or regulatory LoBs)

(2) Your algorithm cannot do IBNYR
Absolutely true: IBNYR are done as per traditional techniques (see remark in slide 6)

(3) Is your algorithm stable?
Compared to gradient boosting or neural networks, it definitively is. And – thanks to the clustering seed – it’s possible
to replicate all the results for a third (independent) party

(4) How do you measure uncertainty?
In a nutshell: “stochastic uncertainty” is not possible. This is a general issue anyway of newer data science techniques.
To communicate with the business, I prefer to give a range using the fork on Incurred and Paid projections rather than
using (tons of) actuarial judgement with copulas at claim level or whatsoever …
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DISCLAIMER
Employer’s liability
Any views or opinions presented in this presentation are solely those of
the author and do not necessarily represent those of Allianz SE.
Employees of Allianz SE are expressly required not to make defamatory
statements and not to infringe or authorize any infringement of copyright or
any other legal right by any type of communication. Any such communication
is contrary to company policy and outside the scope of the employment of the
individual concerned. The company will not accept any liability in respect of
such communication, and the employee responsible will be personally liable
for any damages or other liability arising.

Cautionary Note Regarding Forward-Looking Statements
The statements contained herein may include statements of future
expectations and other forward-looking statements that are based
on manag m n ’ current views and assumptions and involve known
and unknown risks and uncertainties that could cause actual results,
performance or events to differ materially from those expressed or
implied in such statements. In addition to statements which are forwardlooking by reason of context, the words “ma ”, “will”, “ h ul ”, “ xp c ”,
“plan ”, “in n ”, “an icipa ”, “ li v ”, “ ima ”, “pr ic ”,
“p n ial”, or “c n inu ” and similar expressions identify forward-looking
statements.

Actual
results,
performance
or
events
may
differ
materially
from those in such statements due to, without limitation, (i) general economic
conditions, including in particular economic conditions in the Allianz Gr up’
core business and core markets, (ii) performance of financial markets,
including emerging markets, and including market volatility, liquidity and
credit events (iii) the frequency and severity of insured loss events,
including from natural catastrophes and including the development of loss
expenses, (iv) mortality and morbidity levels and trends, (v) persistency
levels, (vi) the extent of credit defaults, (vii) interest rate levels, (viii) currency
exchange rates including the Euro/U.S. Dollar exchange rate, (ix) changing
levels of competition, (x) changes in laws and regulations, including monetary
convergence and the European Monetary Union, (xi) changes in the policies
of central banks and/or foreign governments, (xii) the impact of acquisitions,
including related integration issues, (xiii) reorganization measures, and (xiv)
general competitive factors, in each case on a local, regional, national and/or
global basis. Many of these factors may be more likely to occur, or more
pronounced, as a result of terrorist activities and their consequences.

No duty to update
The company assumes no obligation to update any information contained
herein.

