





RRICHMAN Al N ACTUARIAL SCIENCE |43

in Portugal. These meta-data were modelled using embedding layers, while several
approaches were taken to model the GPS data directly. The simplest approach (which
won the competition) was to use a fixed amount of the GPS data as an input directly to
a feed-forward network. More complicated models recognised that the variable length
GPS data could be modelled using RNNs, and, therefore, RNN and LSTM networks
were calibrated on the raw GPS data, with the output of these networks fed into the
same network structure just mentioned (i.e. including embedding layers for the meta-
data). A variant of these was the highest ranked model within the authors’ test set.
Dong et al. (2016) find that deep learning applied directly to GPS data for the task
of characterising driving styles does not perform well (whereas in De Brébisson et
al. (2015) the goal is to predict the destination i.e. the output is in the same domain
as the input data). Thus, they rely on a similar data summary approach to Wiithrich
(2017). First, the raw GPS data is segmented into longer trip windows, and shorter
measurement windows. Within each measurement window, speed and acceleration,

FIGURE 16 Mean heatmap for each group shown in Figure 14
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and the change in each of these components over time, and angular momentum is
calculated, and then, for each of these basic features, statistics (the mean, standard
deviation, minimum, maximum, median, and 25th and 75th percentiles) are calculated,
leading to a matrix (or feature-map) of basic movement statistics for each trip window,
where each row represents a movement statistic, and each column represents time
(i.e. a new observation window). Since driver behaviour manifests itself over time,
one would expect that the movement statistics would have some sort of temporal
structure, which is analysed using either CNNs or RNNs, with a detailed description
of the application of both methods in the paper. Notably cross-correlation between
features is not allowed for in either of these models, and, given the performance of the
v-a heat-maps discussed above, it would seem that this is an omission. The networks
are trained on a dataset consisting of driver trips with the goal of classifying the driver
correctly. A variant of the RNN network outperformed all other approaches, including
a machine-learning baseline. Investigating the learned features, the study concludes
that the network has automatically identified driving behaviour, such as slowing down
for sharp turns, or high speed driving on straight roads.

Dong et al. (2017) extend the model of Dong et al. (2016) in several ways, in a
new network they call ARNet. Their network design, applied to the same movement
statistic feature matrix, relies exclusively on RNNs (specifically, the GRU of Chung et
al. (2015)) for driver classification, in a similar setup to Dong et al. (2016), but also
includes an auto-encoder branch within the network that aims to reconstruct the
(hidden) layer of the network that represents driving style. The idea of adding the
auto-encoder to the classification model is explained as follows: the auto-encoder
is regularised (i.e. the auto-encoder representation is shrunk towards zero), which
should improve the generalisation of the classification branch of the network to
unseen data, and the classification branch includes prior information about the driver
within the network structure, which should improve the auto-encoder representation
of driving style. ARNet outperforms on the two tasks tested in the research - driver
classification and driver number estimation, compared to both the shallow and deep
machine learning baselines also tested in that research.

Wijnands et al. (2018) use an LSTM network to predict whether a driver’s behaviour
has changed, based on sequences of telematics data, containing, for each sequence,
counts of acceleration, deceleration and speeding events. An LSTM is trained for each
driver to classify these sequences of events as belonging to one of three benchmarks,
one for safe driving, one for unsafe driving and one for the driver under consideration,
where the benchmarks are themselves based on an insurers proprietary scoring
algorithm. If driver behaviour changes, then the LSTM classification is shown to be
able to classify the driver’s behaviour as arising from the benchmarks, and not as
similar to the driver’s own previous driving style.

We refer the interested reader to the review in Ezzini, Berrada and Ghogho (2018)
for more references of applying machine learning and statistical techniques to these
types of data.
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Mortality Forecasting

Mortality rates are a fundamental input into actuarial calculations involving the
valuation and pricing of life insurance products. Mortality improvement rates are used
by actuaries when modelling annuity products and the results of these models are often
highly sensitive to this input, while the stochastic variation of the forecasts around the
mean is used for regulatory and economic capital modelling. Various methods are
used for deriving mortality rate forecasts, with the Lee and Carter (1992) and Cairns,
Blake and Dowd (2006) models often used as standard reference points in the actuarial
literature. For a benchmark in this section, we focus on the Lee-Carter model, which
models log mortality rates (the force of mortality) as a set of baseline average (log)
mortality rates for a period which vary non-linearly through time at a rate of change
determined for each age multiplied by a time index, as follows:

ln(ux,t ) =a, +k.b,

where y_, is the force of mortality at age x in year ¢, a_is average log mortality rate
during the period at age x, , is the time index in year in year ¢ and b_ is the rate of
change of log mortality with respect to the time index at age x. Often, mortality models
are first fit to historical mortality data and the coeflicients (in the case of the Lee-
Carter model, the vector «) are then forecast using a time series model, in a second
step. Many popular mortality forecasting models can be fit using GLMs and GNMs"?
(Currie, 2016) and an R package, StMoMo, automates the model fit and forecasting
process (Villegas, Kaishev & Millossovich, 2015).

Hainaut (2018a) is a recent study that uses auto-encoder networks (see Section 3
above) to forecast mortality (these are referred to as “neural network analyzers” in the
paper). Mortality rates in France in the period 1946-2014 are used, with the training
set being the rates in the period 1946-2000 and the test set covering 2001-2014. The
base-line models against which the neural model is compared are the basic Lee-Carter
model, fit using Singular Value Decomposition, the Lee-Carter model fit with a GNM
and lastly, an enhanced Lee-Carter model with cohort effects, again fit with a GNM.

For the neural model, a series of shallow auto-encoders (similar to those shown in
Figure 4) with different numbers of neurons in the hidden layers, using the hyperbolic
tangent activation function, are fit. In this study, auto-encoders are viewed through the
lens of non-linear PCA, and, for more details on this connection, see Efron and Hastie
(2016: Section 18). Before fitting the networks, the mortality rates are standardised by
subtracting, for each log mortality rate ln( My ), the average mortality over the period,
a, and, therefore the aim of the model is to replace the simple linear time-varying

13 Note that the Lee-Carter model cannot be fit with a GLM due to the multiplicative nature of the term
k,.b,, which is comprised of two variables that must each be estimated from the data. In the GLM
formulation in R, an interaction term between the variables Year and Age could be fit, but, for this term
of the model, this specification would require t.x effects to be fit compared to the ¢+ x effects in the Lee-

Carter model.
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component of the Lee-Carter model, «,.b , with a non-linear time-varying function
learned using an auto-encoder. Unlike most modern applications of neural networks,
in this study the calibration is performed using genetic evolution algorithms, instead of
back-propagation, which is justified in the study since the input to the network is high-
dimensional. Another interesting aspect of this network is that the network is not fully
connected to the inputs, but rather the neurons in the first hidden layers are assigned
exclusively to a set of mortality rates, say those at ages 0—4 for the first neuron, those
at ages 5-9 for the second and so on (i.e. the neurons in the first layer are only locally
connected). This exploits the fact that mortality rates at nearby ages are similar, and
should lead to a more easily trained network. The encoded mortality is then forecast
using a random walk model with drift. The study provides several examples that show
that the predictive power of the mortality forecasts based on neural models is as good
as or better than the best performing of the Lee-Carter models.

ANALYSIS USING KERAS

In this section, we attempt to produce similar results with Keras, noting that the
relatively complicated genetic evolution optimisation scheme of Hainaut (2018a) is
not supported within the Keras package, but only back-propagation and associated
optimisers are supported. We also note that the network in the previous example
benefits from substantial manual feature engineering, in that the network is fit only
to the time varying component of mortality, and, furthermore, the first hidden layer
is only locally connected. The paradigm of representation learning would, however,
seem to indicate that the network should be left to figure out these features by itself,
and perhaps arrive at a more optimal solution in the process.

Therefore, a first attempt at the problem of mortality forecasting applied greedy
unsupervised learning to train fully connected auto-encoders on mortality data (the
central rate of mortality, 7 ) from England and Wales in the period 1950-2016, covering
the ages 0-99, sourced from the Human Mortality Database (HMD) (Wilmoth &
Shkolnikov, 2010). The training dataset was taken as mortality in the period 1950-
1999 and the test dataset was in the period 2000-2016, and the logarithm of m_was
scaled so as to lie in the interval [0,1]. The neural networks were fit exclusively on this
scaled dataset and were compared to a baseline Lee-Carter model fit directly to the
raw m_ using the gnm package (Turner & Firth, 2007), and forecast using exponential
smoothing as implemented in the forecast package (Hyndman et al., 2015).

The auto-encoders used hyperbolic tangent activations, and each layer was fit
for 50000 epochs using the Adam optimiser (Kingma & Ba, 2014) implemented in
Keras, with a learning rate schedule hand designed to minimise the training error. The
encoded mortality curves were forecast using a random walk with drift to produce
forecasts for each of the years in the period 2000-2016. These results, referred to
as Auto-encoder, as well as the Lee-Carter baseline are shown in Table 6. The auto-
encoder forecasts outperform the baseline Lee-Carter model, showing that a viable
auto-encoder model can be fit in Keras without too much manual feature engineering.
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TABLE 6 Mortality forecasting — Out-of-sample MSE

Model MSE - Qut-of-sample
Lee-Carter 0.2624
Auto-encoder 0.1170
Deep_reg 0.0814
Deep_reg_hmd 0.1025

However, it is important to note that fitting the auto-encoders is difficult and
computationally expensive, and the results produced on the out-of-sample data can
be variable, with worse performance than reported in the table possible. One way
of reducing the variability is to average the results of several deep models (Guo &
Berkhahn, 2016), but a comparison of the resulting ensemble model to the Lee-Carter
model would be unfair. Therefore, we also demonstrate a different approach using
deep learning for mortality forecasting and, in the following, show how the Lee-Carter
model could be fit and extended using embedding layers.
The Lee-Carter model can be expressed in functional form as

ln<,um ):f(x,t) =a,+k,.b,

a, x =1
, = 2

o :g(x) a,, X
a, x = n

up to a maximum age 7, and similarly for «, and b_. Rather than specify this particular
functional form, a neural network can be used to learn the function f(x,#) directly,
by using age and calendar year as predictors in a neural network that is then trained to
predict mortality rates. This network was fit on the same dataset as the auto-encoders,
and consisted of an embedding layer for age and two hidden layers of 32 neurons with
the ReLu activation. The year variable was left as a numerical input to the network,
and is used to forecast future mortality rates. This network is referred to as Deep_reg
in Table 6.

A similar network was fit to the entire HMD dataset at once, with an embedding for
the Country to which the mortality rates relate. This network is referred to as Deep_
reg_hmd in Table 6. It can be seen that of all the networks tested, Deep_reg outperforms
the others, followed closely by Deep_reg_hmd. However, as discussed next, on the
long-term forecast of rates in 2016 (forecast using data up to 1999), the Deep_reg_hmd
network outperforms the other networks, followed closely by the auto-encoder.

Figures 17 and 18 show the forecasts of mortality in 2000 (i.e. a one-year horizon)
and 2016 (i.e. a 16-year horizon) produced using the models described in this section.
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All of the models are quite close to actual mortality in 2000, but some of the forecasts
diverge compared to actual mortality in 2016. In 2016, the Deep_reg hmd forecasts
follow the actual mortality curve closely at almost all ages, while the Lee-Carter and
auto-encoder forecasts appear too high in middle age. On closer inspection, the
Deep_reg forecasts in 2000 are quite variable at some ages, and by 2016 have degraded
over time and do not appear demographically reasonable, whereas the Deep_reg hmd
forecasts have remained demographically reasonable.

The learned embedding for age from the Deep_reg hmd network is shown in
Figure 19. The dimensionality of the embedding was reduced to two dimensions using
PCA. The first dimension is immediately recognisable as the basic shape of a modern
lifetable, which is effectively the function a_ fit by the Lee-Carter model. The second
dimension appears to describe the relationship between early childhood, late middle
age and old-age mortality, with old-age mortality steepening as early childhood and
late middle age mortality declines, and vice-versa.

We conclude from this brief study of mortality that deep neural networks appear to
be a promising approach for modelling and forecasting population mortality.

Approximating Nested Stochastic Simulations with Neural Networks

Risk management of life insurance products with guarantees often requires nested
stochastic simulations to determine the risk sensitivities (Greeks) and required capital
for a portfolio. The first stage of these simulations involves a real-world (i.e. P-measure)

variable — dim1 - dim2
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FIGURE 19 Age embedding from the Deep_reg_hmd model, with dimensionality
reduced using PCA
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simulation of the risk factors in a portfolio, such as the evolution of market factors,
mortality and policyholder behaviour. Once the real-world scenario has been run, a
risk neutral (i.e. Q-measure) valuation of the contracts is performed, using the real-
world baseline established in the first step as an input into the risk neutral valuation.
This so-called “inner” step ideally consists of Monte Carlo simulations using a market
consistent risk-neutral valuation model. Once the nested simulations have been
performed, the risk sensitivities of the portfolio can be calculated and dynamically
hedged to reduce therisk of the portfolio, and risk capital can be estimated by calculating
risk measures such as value at risk or expected shortfall. A major disadvantage of
the nested simulation approach is the computational complexity of the calculations,
which may make it impractical for the sometimes intra-day valuations required for the
dynamic hedging oflife insurance guarantees. As a result, approximation methods such
as Least Squares Monte Carlo, replicating portfolios or machine learning methods may
be applied to make the calculations more practical. For more detail and an overview of
these methods to approximate the inner simulations, the reader is referred to Gan and
Lin (2015) and the references therein.

A recent approach uses neural networks to approximate the inner simulations for
Variable Annuity'* (VA) risk management and capital calculations (Hejazi & Jackson,
2016; 2017). In this section we focus on the approximation of the Greeks described
in Hejazi and Jackson (2016), since the approximation of the capital requirements in
Hejazi and Jackson (2017) follows almost the same process. Instead of running inner
simulations for the entire portfolio of the contracts, in this approach, full simulations
are performed for only a limited sample of contracts, against which the rest of the
contracts in the portfolio are compared using a neural network adaptation of kernel
regression, which we describe next based on Hazelton (2014).

Kernel regression is a nonparametric statistical technique that estimates outcomes y
with an associated feature vector X using a weighted average of values that are already

known, as follows:
N

Zwi)’i
j=—

Zwi

i=1

where J is the estimated value, y, is a known outcome of example, or point, i and w,
is the kernel function calculated for point i. w; is often chosen to be the Nadaraya-
Watson kernel, which is defined as

1
w; =—K

(X - X, j

h h

14 Variable annuities are a North American product similar to unit-linked life insurance with guarantees,
which may cover minimum withdrawal and death benefits, amongst others.
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where K is a unimodal symmetrical probability distribution, such as a normal
distribution, X; is the feature vector associated with point i and k is the bandwidth,
which determines how much weight to give to points which are distant from X. For
the easy application of basic kernel regression, we refer the reader to the NP package
in R (Racine & Hayfield, 2018).

The insight of Hejazi and Jackson (2016; 2017) is that kernel regression is unlikely
to produce an adequate estimate for complex VA products, and therefore they calibrate
a kernel function based on a one-layer neural network that is trained to measure the
similarity of input VA contracts with those in the training set, as follows:

where G, is a function calibrated using a neural network that measures how close
contract i with feature vector X, is to the contract with feature vector X. The neural
network is set up by choosing a sample of N representative VA contracts, and an
input contract against which the representative contracts are compared. For each
representative contract, a feature vector describing how similar the input contract
is to the representative contract i is calculated (for example, if the contracts share a
categorical feature, such as guarantee type, then this component of the vector is set
to one, otherwise it is set to zero, and, for quantitative features, such as account value,
the relevant component of the feature vector is set to the normalised difference of the
features) and the network’s output is a vector of weights calibrated using a soft-max
layer that describe how similar the input and representative contracts are. For both the
input and representative contracts, the Greeks/risk neutral value have already been
calculated, and the network is trained to minimise the difference between the Greeks/
risk value neutral of the input contract and the weighted average of the Greeks/risk
neutral value of the representative contracts, using the vector of weights described
in the previous step. The vector of weights required for the adapted kernel regression
can be calculated quickly using the trained network, thus dramatically reducing the
calculation time for each contract.

Hejazi and Jackson (2016) report the out-performance of the neural network
approach compared to traditional statistical approached and Hejazi and Jackson
(2017) show that the network estimates the value of the liabilities and solvency capital
requirements accurately.

Forecasting Financial Markets

Smith, Beyers and De Villiers (2016) attempt to apply neural networks to the
challenging task of forecasting financial markets using lagged data, based on their
novel approach to parameterising and training neural networks. In short, instead of
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applying the (now) standard back-propagation algorithm (see Section 3 above) they
apply the Resilient Backpropagation (Rprop) algorithm (Riedmiller & Braun, 1993)
within a systematic framework for choosing the design and hyper-parameters of the
neural networks, and use simple time-series models as benchmarks for comparing
the performance of the neural networks on South African financial market data. One
interesting contribution is a so-called “hybrid model” that first applies time series
models and then fits neural networks to the residuals, which amounts to an attempt to
apply boosting (see Friedman, Hastie & Tibshirani (2009) for more discussion) in the
time-series context. Unfortunately, on this difficult task, the much simpler time-series
models perform as well or better than the neural networks.

Similar results of the relatively poor performance of basic machinelearning methods,
compared to simple time-series models, when applied to time-series forecasting are
in Makridakis, Spiliotis and Assimakopoulos (2018b). A counterpoint, though, is the
impressive performance of a hybrid exponential smoothing-LSTM network model in
the M4 competition (Makridakis, Spiliotis & Assimakopoulos, 2018a), as well as the
strong performance of boosting approaches in that competition.

5.  DISCUSSION, OUTLOOK AND CONCLUSION

Discussion

Section 4 of this paper has presented recent examples of the application of neural
networks in actuarial science. In this section, we seek to distil some of the major themes
of these applications, and place them within the wider context of deep learning.

In most of these examples, there is an emphasis on predictive performance and the
potential gains of moving from traditional actuarial and statistical methods to machine
and deep learning approaches. This is enabled by the measurement framework utilised
within machine learning — models are fit on one dataset (the training dataset) and then
measured, more realistically, on unseen data (the test dataset). The metrics used for
these measurements, such as mean squared error, are generally familiar to actuaries
but the focus on measuring predictive performance is perhaps less well considered
in the actuarial literature. The focus on predictive performance does not necessarily
come at a great cost to understanding the models, and, as shown above, the learned
representations from deep neural networks often have a readily interpretable meaning,
which is often not the case for shallow machine learning techniques. In the wider deep
learning context, the focus on measurable improvements in predictive performance
has led to many refinements and enhancements of basic deep learning architectures
and this has propelled forward the progress of deep learning research.

Notably, in most of the examples considered above, the deep learning and neural
network methods outperformed other statistical and machine learning approaches,
thus, to the extent that predictive performance is the key goal for an actuary, it makes
sense to consider deep neural networks when choosing a model. In light of this, the
earlier assertion of this paper that actuaries should pay attention to deep learning
appears to be bolstered by these emerging, successful applications within actuarial
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science. Of course, the cost of applying deep learning is that these models are often
harder to fit than simpler shallow models and one is often required to resort to
technically complicated approaches such as greedy unsupervised learning or choosing
a particular optimiser.

A further observation is that some of these examples focus on datasets that are more
granular and descriptive than traditional datasets analysed by actuaries. The advantage
of these datasets is the potential for greater accuracy in pricing and reserving, and an
enhanced understanding of the drivers of business performance. The disadvantage,
from the standpoint of traditional actuarial methods, is the increased complexity of
the methods and their application.

The public availability of large, real-world datasets for research and benchmarking
has been important in the recent progress in deep learning, and, thus, the recent
attempts within the actuarial community to provide granular claim (Gabrielli &
Wiithrich, 2018), IBNR triangle (Meyers & Shi, 2011) and v-a heatmap (Wiithrich,
2018c) datasets should be recognised and applauded by the actuarial community of
practitioners and researchers. As a case in point in the context of telematics data, the
work of Dong et al. (2016) and Dong et al. (2017) appears to have been supported by
the availability of a large anonymised dataset as part of a Kaggle competition, but,
unfortunately at the time of writing, this dataset has been removed from the Kaggle
website.

Some of the examples effectively combine deep learning together with traditional
statistical models - the IBNR reserving study Wiithrich (2018b) shows how to
incorporate a neural network into the traditional chain-ladder algorithm, the non-
life pricing example of Gao, Meng and Wiithrich (2018) shows how the outputs of
unsupervised learning can be incorporated into a GLM model and Hejazi and Jackson
(2016; 2017) show how neural networks can be adapted to enhance kernel regression.
The combination of deep learning with statistical methods has shown promising results
in the area of time series forecasting (Makridakis, Spiliotis & Assimakopoulos, 2018a)
and it seems likely that more hybrid applications of neural networks will emerge in the
near future.

A theme running throughout the deep learning literature is that neural networks
can be designed to efficiently process and learn from different types of data. Some
of the techniques reviewed in Section 4 are relatively straightforward applications of
basic designs such as recurrent neural networks, auto-encoders and embedding layers,
but new data types require some ingenuity to ensure that the neural networks can be
trained, for example the v-a heatmaps of Wiithrich (2017) and the movement domain
feature matrices of Dongetal. (2016). As new data sources become available to actuaries,
the deep learning architectures described in this paper can be considered, but some
element of new design might also be necessary. Furthermore, the application of deep
learning to actuarial problems can be assisted with the application of, for example, the
heuristic presented in Section 2, but novel approaches, such as unsupervised learning,
should not be ignored.
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Outlook

The examples of Section 4 show that deep learning is a set of modern machine learning
techniques that can enhance the predictive power of models built by actuaries, and
provide the means potentially to extend actuarial modelling to new types of data.
In fact, moving from traditional methods to those based on deep learning does not
require much effort, beyond understanding the basic principles of statistical and
machine learning, neural networks and modern machine learning software (where
effort is required, though, is in fitting the models and interpreting them). The applica-
tion of deep learning techniques to actuarial problems seems to be a rapidly emerging
field within actuarial science, and it appears reasonable to predict that more advances
will occur in the near-term. Furthermore, the comparatively large element of expert
judgement involved in designing and fitting deep neural networks fits in well with the
frameworks developed for applying controlled expert judgement within the actuarial
profession, such as peer review and technical standards. This emerging field of deep
learning is, therefore, an opportunity for actuaries to become experts in the application
of AI within actuarial science, and for actuarial associations to lead their members
with guidance on the application of machine and deep learning techniques.

However, the challenge of non-actuary experts moving into the domain of actuaries
should not be ignored, and the examples of the advanced telematics models from
outside the actuarial literature discussed in Section 4 should provide a warning that
actuaries could become less relevant as subject matter experts within insurance if
modern techniques, such as those discussed in this research, are not soon incorporated
into the actuarial toolkit.

Among the examples surveyed in Section 4, the high-frequency and high-
dimensional telematics data are perhaps the most foreign to actuaries trained in
analysing structured data. It could be expected that these types of high-frequency
data will become more common and applicable in a number of types of insurance,
for example, data from wearable devices, autonomous vehicles or connected homes
will likely become important in actuarial work in the future. Already, high-frequency
location and other data are available for ships and could be incorporated into pricing
models for marine insurance, and similar considerations apply for aviation insurance.
Therefore, although the analysis of telematics data from human-driven cars might
potentially be somewhat of an evolutionary dead-end within actuarial science if
autonomous vehicles replace human-controlled vehicles, nonetheless the methods
developed for these data are likely to be useful in other contexts.

Public availability of benchmark datasets and models would encourage more
applications of machine and deep learning within actuarial science, and we believe
that more actuaries should work to make these available to the actuarial community
and that actuarial bodies should communicate these initiatives to their membership.
Tutorials, such as Noll, Salzmann and Wiithrich (2018), that benchmark machine and
deep learning against traditional actuarial methods contribute greatly to the body of
knowledge accessible to the actuarial profession.
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Having promoted deep learning in actuarial science, nonetheless, it should be
recognised that deep learning is not a panacea for all modelling issues. Applied to the
wrong domain, deep learning will not produce better or more useful results than other
techniques, and, in this regard, the example of Smith, Beyers and De Villiers (2016)
who attempted to predict the South African market with neural networks should
be taken as a cautionary tale. Neural networks can be challenging to interpret and
explain, but techniques to allow for interpretability, such as showcased in Dong, Yuan,
Yang et al. (2017) and implemented in Chollet (2017) and Chollet and Allaire (2018),
are increasingly successful at explaining what a neural network has learned. Lastly,
deep networks can be challenging to fit and often one needs to resort to complicated
technical approaches to achieve optimal results.

As with any technique, whether traditional or based on machine learning, actuaries
should apply their professional judgement to consider if the results derived from deep
neural networks are fit for purpose and in the public interest.

Conclusion

This research has presented the major ideas of machine and deep learning within the
context of actuarial science, and provided examples of applications of deep neural
networks to practical problems faced by actuaries in everyday practice. The code
examples provided on GitHub accompanying this paper, together with the code in
many of the papers cited above, should allow the interested reader to apply deep
learning models of their own to traditional actuarial problems.

Several avenues of future research could be pursued. A clear set of benchmark
models for actuarial problems could be established, thus making comparison of
methods easier and more concrete. The predictive performance of specific neural
network architectures on actuarial problems should be investigated in detail and the
connections to traditional actuarial methods, such as credibility, could be made. Lastly,
the professional implications of these techniques within the context of local regulatory
environments should be considered.
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and plots were created using ggplot2 (Wickham, 2016) with themes from the ggpubr package
(Kassambara, 2018).

ACTUARIAL SOCIETY 2018 CONVENTION, CAPETOWN, 2425 OCTOBER 2018



56| RRICHMAN AlIN ACTUARIAL SCIENCE

REFERENCES

Abadi, M, P Barham, J Chen, Z Chen et al. (2016). “TensorFlow: A System for Large-Scale
Machine Learning;” Paper presented at OSDI. Vol. 16:265-283

Albright, ], ] Schneider and C Nyce (2017). The Chaotic Middle. KPMG. https://assets.kpmg.
com/content/dam/kpmg/us/pdf/2017/06/chaotic-middle-autonomous-vehicle-paper.pdf.
Accessed: 17 June 2018

Allaire, ] and F Chollet (2018). R interface to Keras. RStudio, Google. https://cloud.r-project.
org/web/packages/keras/index.html

Bengio, Y (2009). “Learning deep architectures for AI”, Foundations and trends® in Machine
Learning 2(1):1-127

Bengio, Y, A Courville and P Vincent (2013). “Representation learning: A review and new per-
spectives’, IEEE transactions on pattern analysis and machine intelligence 35(8):1798-1828

Bengio, Y, R Ducharme, P Vincent and C Jauvin (2003). “A neural probabilistic language
model’, Journal of Machine Learning Research 3(Feb):1137-1155

Bengio, Y and Y LeCun (2007). “Scaling learning algorithms towards Al in Bottou, L,
O Chapelle, D DeCoste and ] Weston (eds). Large-Scale Kernel Machines. MIT Press

Boonen, T (2017). “Solvency II solvency capital requirement for life insurance companies
based on expected shortfall’, European Actuarial Journal 7(2):405-434

Bornhuetter, R and R Ferguson (1973). “The Actuary and IBNR’, Proceedings of the Casualty
Actuary Society Volume LX, Numbers 113 & 114

Boucher, J-P, S Coté and M Guillen (2017). “Exposure as Duration and Distance in Telematics
Motor Insurance Using Generalized Additive Models”, Risks 5(4):54

Breiman, L (2001). “Statistical modeling: The two cultures (with comments and a rejoinder by
the author)”, Statistical Science 16(3):199-231

Biithlmann, H, M De Felice, A Gisler, F Moriconi et al. (2009). “Recursive credibility formula
for chain ladder factors and the claims development result”, ASTIN Bulletin: The Journal of
the IAA 39(1):275-306

Bithlmann, H and A Gisler (2006). A course in credibility theory and its applications. Springer
Science & Business Media

Bithlmann, H and E Straub (1983). “Estimation of IBNR reserves by the methods chain ladder,
Cape Cod and complementary loss ratio,” Paper presented at International Summer School.
Vol. 1983

Cairns, AJG, D Blake and K Dowd (2006). “A Two-Factor Model for Stochastic Mortality with
Parameter Uncertainty: Theory and Calibration’, Journal of Risk & Insurance 73(4):687-718

Canny, J (1987). “A computational approach to edge detection,” in Readings in Computer
Vision. Elsevier, pp. 184-203

Charpentier, A (2014). Computational actuarial science with R. CRC Press

Chollet, F (2015). Keras keras.io

Chollet, F (2017). Deep learning with Python. Manning Publications Co

Chollet, F and ] Allaire (2018). Deep Learning with R. Manning Publications Co

Chung, J, C Gulcehre, K Cho and Y Bengio (2015). “Gated feedback recurrent neural
networks,” Paper presented at International Conference on Machine Learning. 2067-2075

ACTUARIAL SOCIETY 2018 CONVENTION, CAPETOWN, 2425 OCTOBER 2018



R RICHMAN Al N ACTUARIAL SCIENCE | 57

Currie, ID (2016). “On fitting generalized linear and non-linear models of mortality”,
Scandinavian Actuarial Journal 2016(4):356-383

Dal Moro, E, F Cuypers and P Miehe (2016). Non-life Reserving Practices. ASTIN

De Brébisson, A, E Simon, A Auvolat, P Vincent et al. (2015). “Artificial neural networks
applied to taxi destination prediction’, arXiv arXiv:1508.00021

Deprez, P, P Shevchenko and M Wiithrich (2017). “Machine learning techniques for mortality
modeling”, European Actuarial Journal 7(2):337-352

Dong, W, J Li, R Yao, C Li et al. (2016). “Characterizing driving styles with deep learning’”,
arXiv arXiv:1607.03611

Dong, W, T Yuan, K Yang, C Li et al. (2017). “Auto-encoder regularized network for driving
style representation learning’, arXiv arXiv:1701.01272

Dowle, M and A Srinivasan (2018). data.table. CRAN: https://cran.r-project.org/web/
packages/data.table/index.html

drive.ai (2018). Drive.ai Announces On-Demand Self-Driving Car Service on Public Roads
in Texas. drive.ai. https://s3.amazonaws.com/www-staging.drive.ai/content/uploads/
2018/05/06164346/Press-Release_Drive.ai-Texas-Deployment.pdf. Accessed: 17 June 2018

Efron, B and T Hastie (2016). Computer Age Statistical Inference. Cambridge University Press

Elman, J (1990). “Finding Structure in Time”, Cognitive Science 14(2):179-211

Ezzini, S, I Berrada and M Ghogho (2018). “Who is behind the wheel? Driver identification
and fingerprinting”, Journal of Big Data 5(1):9

Federal Drug Administration (2018). FDA permits marketing of artificial intelligence-based
device to detect certain diabetes-related eye problems. Federal Drug Administration. https://
www.fda.gov/NewsEvents/Newsroom/PressAnnouncements/ucm604357.htm. Accessed:
17 June 2018

Freund, Y and R Schapire (1997). “A decision-theoretic generalization of on-line learning and
an application to boosting’, Journal of Computer and System Sciences 55(1):119-139

Friedman, J (2001). “Greedy function approximation: a gradient boosting machine”, Annals of
Statistics:1189-1232

Friedman, J, T Hastie and R Tibshirani (2009). The Elements of Statistical Learning :
Data Mining, Inference, and Prediction. New York: Springer-Verlag. http://dx.doi.
0rg/10.1007/978-0-387-84858-7

Gabrielli, A and M Wiithrich (2018). “An individual claims history simulation machine”, Risks
6(2):29

Gan, G and XS Lin (2015). “Valuation of large variable annuity portfolios under nested
simulation: A functional data approach’, Insurance: Mathematics and Economics 62:138-150

Gao, G, S Meng and M Wiithrich (2018). Claims Frequency Modeling Using Telematics Car
Driving Data. SSRN. https://papers.ssrn.com/sol3/papers.cfm?abstract_id=3102371.
Accessed: 29 June 2018

Gao, G and M Wiithrich (2017). Feature Extraction from Telematics Car Driving Heatmaps.
SSRN. https://papers.ssrn.com/sol3/papers.cfm?abstract_id=3070069. Accessed: 29 June 2018

Geladi, P and B Kowalski (1986). “Partial least-squares regression: a tutorial”, Analytica chimica
acta 185:1-17

ACTUARIAL SOCIETY 2018 CONVENTION, CAPETOWN, 2425 OCTOBER 2018



58| RRICHMAN AlIN ACTUARIAL SCIENCE

Gelman, A and ] Hill (2007). Data analysis using regression and multilevelhierarchical models.
Cambridge University Press New York, NY, USA

Gesmann, M, D Murphy, Y Zhang, A Carrato et al. (2017). ChainLadder: Statistical Methods
and Models for Claims Reserving in General Insurance. https://CRAN.R-project.org/
package=ChainLadder

Girshick, R (2015). “Fast R-CNN”, arXiv arXiv:1504.08083

Gisler, A and M Wiithrich (2008). “Credibility for the chain ladder reserving method”, ASTIN
Bulletin: The Journal of the IAA 38(2):565-600

Gluck, S (1997). “Balancing development and trend in loss reserve analysis,” Paper presented at
Proceedings of the Casualty Actuarial Society. Citeseer. Vol. 84:482-532

Goldberg, Y (2016). “A primer on neural network models for natural language processing”,
Journal of Artificial Intelligence Research 57:345-420

Goldberg, Y (2017). Neural network methods for natural language processing. Morgan &
Claypool Publishers

Golden, L, P Brockett, ] Ai and B Kellison (2016). “Empirical Evidence on the Use of Credit
Scoring for Predicting Insurance Losses with Psycho-social and Biochemical Explanations”,
North American Actuarial Journal 20(3):233-251

Goodfellow, I, Y Bengio and A Courville (2016). Deep Learning. MIT Press

Goodfellow, I, ] Pouget-Abadie, M Mirza, B Xu et al. (2014). “Generative adversarial nets,”
Paper presented at Advances in Neural Information Processing Systems. 2672-2680

Graves, A (2012). “Supervised sequence labelling,” in Supervised sequence labelling with
recurrent neural networks. Berlin, Heidelberg: Springer,

Graves, A, A Mohamed and G Hinton (2013). “Speech recognition with deep recurrent neural
networks,” Paper presented at Acoustics, speech and signal processing (icassp), 2013 ieee
international conference on. IEEE. 6645-6649

Guo, C and F Berkhahn (2016). “Entity embeddings of categorical variables”, arXiv
arXiv:1604.06737

Hainaut, D (2018a). “A neural-network analyzer for mortality forecast”, Astin Bulletin
48(2):481-508

Hainaut, D (2018b). “A self-organizing predictive map for non-life insurance”, SSRN 2018(29
June)

Hannun, A, C Case, ] Casper, B Catanzaro et al. (2014). “Deep speech: Scaling up end-to-end
speech recognition”, arXiv arXiv:1412.5567

Hazelton, M (2014). “Kernel smoothing”, Wiley StatsRef: Statistics Reference Online

Hejazi, S and K Jackson (2016). “A neural network approach to efficient valuation of large
portfolios of variable annuities”, Insurance: Mathematics and Economics 70:169-181

Hejazi, S and K Jackson (2017). “Efficient valuation of SCR via a neural network approach’,
Journal of Computational and Applied Mathematics 313:427-439

Hinton, G, S Osindero and Y Teh (2006). “A fast learning algorithm for deep belief nets”,
Neural Computation 18(7):1527-1554

Hinton, G and R Salakhutdinov (2006). “Reducing the dimensionality of data with neural
networks”, Science 313(5786):504-507

ACTUARIAL SOCIETY 2018 CONVENTION, CAPETOWN, 2425 OCTOBER 2018



RRICHMAN Al N ACTUARIAL SCIENCE | 59

Hinton, G, N Srivastava, A Krizhevsky, I Sutskever et al. (2012). “Improving neural networks
by preventing co-adaptation of feature detectors’, arXiv (arXiv:1207.0580)

Hochreiter, S and ] Schmidhuber (1997). “Long Short-term Memory”, Neural Computation
9(8):1735-1780

Hyndman, R], G Athanasopoulos, S Razbash, D Schmidt et al. (2015). “forecast: Forecasting
functions for time series and linear models”, R package version 6(6):7

James, G, D Witten, T Hastie and R Tibshirani (2013). An Introduction to Statistical Learning.
Springer

Kassambara , A (2018). ggpubr: ggplot2’ Based Publication Ready Plots. https://cran.r-project.
org/web/packages/ggpubr/index.html

Kingma, DP and ] Ba (2014). “Adam: A method for stochastic optimization’, arXiv preprint
arXiv:1412.6980

Kohonen, T (1990). “The self-organizing map’, Proceedings of the IEEE 78(9):1464-1480

Krizhevsky, A, I Sutskever and G Hinton (2012). “Imagenet classification with deep
convolutional neural networks,” Paper presented at Advances in Neural Information
Processing Systems. 1097-1105

Kuhn, M (2008). “Caret package’, Journal of Statistical Software 28(5):1-26

Kuhn, M and K Johnson (2013). Applied Predictive Modeling. Springer

Kuo, K (2018a). DeepTriangle. GitHub: https://github.com/kevinykuo/deeptriangle

Kuo, K (2018b). “DeepTriangle: A Deep Learning Approach to Loss Reserving’, arXiv
arXiv:1804.09253

LeCun, Y, Y Bengio and G Hinton (2015). “Deep Learning”, Nature 521(7553):436

LeCun, Y, L Bottou, Y Bengio and P Haffner (1998). “Gradient-based learning applied to
document recognition”, Proceedings of the IEEE 86(11):2278-2324

Lee, RD and LR Carter (1992). “Modeling and forecasting US mortality”, Journal of the
American statistical association 87(419):659-671

Lenail, A (2018). NN-SVG. https://github.com/zfrenchee/NN-SVG

Maaten, L and G Hinton (2008). “Visualizing data using t-SNE”, Journal of Machine Learning
Research 9(Nov):2579-2605

Mack, T (1993). “Distribution-free calculation of the standard error of chain ladder reserve
estimates”, Astin Bulletin 23(02):213-225

Mack, T (2002). Schadenversicherungsmathematik 2. Auflage. Schriftenreihe Angewandte
Versicherungsmathematik, DGVM

Makridakis, S, E Spiliotis and V Assimakopoulos (2018a). “The M4 Competition: Results,
findings, conclusion and way forward”, International Journal of Forecasting 34(4):802-808

Makridakis, S, E Spiliotis and V Assimakopoulos (2018b). “Statistical and Machine Learning
forecasting methods: Concerns and ways forward”, PLOS ONE 13(3):e0194889

McGrayne, S (2011). The theory that would not die: how Bayes’ rule cracked the enigma code,
hunted down Russian submarines, & emerged triumphant from two centuries of controversy.
Yale University Press

Meyers, G (2015). Stochastic loss reserving using Bayesian MCMC models. Casualty Actuarial
Society New York

ACTUARIAL SOCIETY 2018 CONVENTION, CAPETOWN, 2425 OCTOBER 2018



60| RRICHMAN AlIN ACTUARIAL SCIENCE

Meyers, G and P Shi (2011). Loss Reserving Data Pulled From NAIC Schedule B, 2011. https://
www.casact.org/research/index.cfm?fa=loss_reserves_data

Mikolov, T, I Sutskever, K Chen, G Corrado et al. (2013). “Distributed representations of
words and phrases and their compositionality,” Paper presented at Advances in neural
information processing systems. 3111-3119

Mitchell, T (1997). Machine learning. McGraw-Hill Boston, MA

Mullainathan, S and J Spiess (2017). “Machine learning: an applied econometric approach’,
Journal of Economic Perspectives 31(2):87-106

Nair, V and G Hinton (2010). “Rectified linear units improve restricted boltzmann machines,”
Paper presented at Proceedings of the 27th International Conference on Machine Learning.
807-814

Ng, A (2017). Deep Learning Specialization. Coursera. https://www.coursera.org/
specializations/deep-learning. Accessed: 24 June 2018

Noll, A, R Salzmann and M Wiithrich (2018). Case Study: French Motor Third-Party Liability
Claims. SSRN. https://ssrn.com/abstract=3164764 Accessed: 17 June 2018

Ohlsson, E and B Johansson (2010). Non-life insurance pricing with generalized linear models.
Springer

Parodi, P (2012a). “Computational intelligence with applications to general insurance: a
review: I - The role of statistical learning”, Annals of Actuarial Science 6(2):307-343

Parodi, P (2012b). “Computational intelligence with applications to general insurance: a
review: II. Dealing with uncertain knowledge”, Annals of Actuarial Science 6(2):344-380

Parodi, P (2014). Pricing in general insurance. CRC Press

Parodi, P (2016). “Towards machine pricing’, Paper presented at GIRO (2016). Dublin

Paszke, A, S Gross, S Chintala, G Chanan et al. (2017). “Automatic differentiation in PyTorch’,

Pedregosa, F, G Varoquaux, A Gramfort, V Michel et al. (2011). “Scikit-learn: Machine
learning in Python’, Journal of Machine Learning Research 12(Oct):2825-2830

R Core Team (2018). R: A Language and Environment for Statistical Computing. Vienna,
Austria: R Foundation for Statistical Computing. https://www.R-project.org

Racine, ] and T Hayfield (2018). np: Nonparametric Kernel Smoothing Methods for Mixed Data
Types. CRAN. https://cran.r-project.org/web/packages/np/index.html

Renshaw, AE and RJ Verrall (1998). “A stochastic model underlying the chain-ladder
technique’, British Actuarial Journal 4(04):903-923

Richman, R (2017). “Old age mortality in South Africa, 1985-2011.” Unpublished thesis, Cape
Town: University of Cape Town

Riedmiller, M and H Braun (1993). “A direct adaptive method for faster backpropagation
learning: The RPROP algorithm,” Paper presented at IEEE International Conference on
Neural Networks, (1993). IEEE. 586-591

Rosenblatt, F (1958). “The perceptron: a probabilistic model for information storage and
organization in the brain”, Psychological Review 65(6):386

Rumelhart, D, G Hinton and R Williams (1986). “Learning representations by back-
propagating errors”, nature 323(6088):533

ACTUARIAL SOCIETY 2018 CONVENTION, CAPETOWN, 2425 OCTOBER 2018



R RICHMAN Al N ACTUARIAL SCIENCE |61

Schmidt, K (2017). A Bibliography on Loss Reserving. https://www.math.tu-dresden.de/sto/
schmidt/dsvm/reserve.pdf. Accessed: 8 July 2018

Schreiber, D (2017). The Future of Insurance. DIA Munich 2017: https://www.youtube.com/
watch?time_continue=1&v=LDOhFH]JqKql. Accessed: 17 June 2018

Shmueli, G (2010). “To explain or to predict?”, Statistical Science:289-310

Smith, M, F Beyers and ] de Villiers (2016). “A method of parameterising a feed forward multi-
layered perceptron artificial neural network, with reference to South African financial
markets”, South African Actuarial Journal 16(1):35-67

Sutskever, I, O Vinyals and Q Le (2014). “Sequence to sequence learning with neural
networks,” Paper presented at Advances in neural information processing systems.
3104-3112

Sutton, R and A Barto (2018). Reinforcement learning: An introduction, Second Edition. MIT Press

Szegedy, C, W Liu, Y Jia, P Sermanet et al. (2015). “Going deeper with convolutions,” Paper
presented at 2015 IEEE Conference on Computer Vision and Pattern Recognition (CVPR).
IEEE. 1-9

Thatcher, AR, V Kannisto and K Andreev (2002). “The survivor ratio method for estimating
numbers at high ages”, Demographic Research 6(1):2-15

Tibshirani, R (1996). “Regression shrinkage and selection via the lasso’, Journal of the Royal
Statistical Society. Series B (Methodological):267-288

Tomas, ] and F Planchet (2014). “Prospective mortality tables and portfolio experience,” in
Charpentier, A (ed). Computational actuarial science with R. CRC Press,

Turner, H and D Firth (2007). “Generalized nonlinear models in R: An overview of the gnm
package”, https://cran.r-project.org/web/packages/gnm/vignettes/gnmOverview.pdf

Udacity (2018). Deep Learning. Udacity. https://eu.udacity.com/course/deep-learning-
nanodegree--nd101. Accessed: 24 June 2018

Verbelen, R, K Antonio and G Claeskens (2018). “Unravelling the predictive power of
telematics data in car insurance pricing’, Journal of the Royal Statistical Society: Series C
(Applied Statistics) (Pre-print)

Villegas, A, V Kaishev and P Millossovich (2015). StMoMo: An R package for stochastic
mortality modelling. CRAN. https://cran.r-project.org/web/packages/StMoMo/index.html

Viola, P and M Jones (2001). “Rapid object detection using a boosted cascade of simple
features,” Paper presented at Proceedings of the 2001 IEEE Computer Society Conference
on Computer Vision and Pattern Recognition, 2001. IEEE. Vol. 1.1-I

Weidner, W, F Transchel and R Weidner (2016a). “Telematic driving profile classification in car
insurance pricing’, Annals of Actuarial Science 11(2):213-236

Weidner, W, FWG Transchel and R Weidner (2016b). “Classification of scale-sensitive
telematic observables for risk individual pricing”, European Actuarial Journal 6(1):3-24

Weisstein, E (2003). Convolution. http://mathworld.wolfram.com/Convolution.html. Accessed:
24 June 2018

Werbos, P (1988). “Generalization of backpropagation with application to a recurrent gas
market model”, Neural Networks 1(4):339-356

Wickham, H (2016). ggplot2: elegant graphics for data analysis. Springer

ACTUARIAL SOCIETY 2018 CONVENTION, CAPETOWN, 2425 OCTOBER 2018



62| RRICHMAN AlIN ACTUARIAL SCIENCE

Wijnands, ], ] Thompson, G Aschwanden and M Stevenson (2018). “Identifying behavioural
change among drivers using Long Short-Term Memory recurrent neural networks”,
Transportation Research Part F: Traffic Psychology and Behaviour 53:34-49

Wilmoth, JR and V Shkolnikov (2010). “Human Mortality Database”, University of California,
Berkeley (USA), and Max Planck Institute for Demographic Research (Germany). Available
at www.mortality.org. Accessed: 1 July 2018

Wood, S (2017). Generalized additive models: an introduction with R. Chapman and Hall/CRC

Wu, Y, M Schuster, Z Chen, Q Le et al. (2016). “Google’s neural machine translation system:
Bridging the gap between human and machine translation’, arXiv arXiv:1609.08144

Wiithrich, M (2018a). “Machine learning in individual claims reserving’, Scandinavian
Actuarial Journal:1-16

Wiithrich, M (2018b). Neural networks applied to chain-ladder reserving. SSRN. https://papers.
ssrn.com/sol3/papers.cfm?abstract_id=2966126. Accessed: 1 July 2018

Wiithrich, M (2018c). v-a Heatmap Simulation Machine. https://people.math.ethz.ch/~wueth/
simulation.html. Accessed: 1 July 2018

Wiithrich, M and C Buser (2018). Data analytics for non-life insurance pricing. Swiss Finance
Institute Research Paper. https://ssrn.com/abstract=2870308. Accessed: 17 June 2018

Wiithrich, M and M Merz (2008). Stochastic claims reserving methods in insurance. John Wiley
& Sons

Wiithrich, MV (2017). “Covariate selection from telematics car driving data”, European
Actuarial Journal 7(1):89-108

Zarkadoulas, A (2017). “Neural network algorithms for the development of individual losses.”
Unpublished thesis, Lausanne: University of Lausanne

Zou, H and T Hastie (2005). “Regularization and variable selection via the elastic net”, Journal
of the Royal Statistical Society: Series B (Statistical Methodology) 67(2):301-320

ACTUARIAL SOCIETY 2018 CONVENTION, CAPETOWN, 2425 OCTOBER 2018



APPENDIX A
List of Actuarial Journals

Annals of Actuarial science

ASTIN Bulletin

British Actuarial Journal

European Actuarial Journal

Insurance: Mathematics and Economics
Journal of Risk and Insurance
Scandinavian Actuarial Journal
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APPENDIX B
Abbreviations/acronyms

Al
CNN
CPU
EDA
GAM
GAN
GLM
GLMM
GNM
GPU
GRU
IBNeR
IBNR
ILR
LASSO
LDF
LoB
LSTM
MAE
MSE
NLP
PBM
PCA
PLS
RBM
RNN
SOM
TPL

Artificial Intelligence
Convolutional Neural Network
Central Processing Unit
Exploratory data analysis
Generalised Additive Model
Generative Adversarial Model
Generalised Linear Model
Generalised Linear Mixed Model
Generalised Non-linear Model
Graphics Processing Unit

Gated Recurrent Unit

Incurred but not Enough Reported
Incurred but not Reported
Incremental Loss Ratio

Least absolute shrinkage and selection operator
Loss Development Factor

Line of Business

Long Short Term Memory

Mean Absolute Error

Mean Squared Error

Natural Language Processing
Poisson Boosting Machine
Principal Components Analysis
Partial Least Squares

Restricted Boltzmann Machine
Recurrent Neural Network

Self Organising Map

Third Party Liability
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