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Moderator Gaurav Upadhya: Great, thank you. Good afternoon. My name is Gaurav 
Upadhya. It’s my great pleasure to moderate and, later, speak on this session around 
modernizing actuarial assumption setting. We’re going to have a very interesting 
presentation first by a couple of practitioners, a nice melding of actuarial and data 
scientists, and then I’ll be speaking for the second half of the session. 

Just taking a moment to introduce myself, I’m a managing director in the actuarial 
services practice at PricewaterhouseCoopers in Canada. I have, as of this month, over 25 
years of experience in the profession, having gotten most of it at one of the large 
multinational insurers in Canada. I’ve worked in a variety of different functions, from risk 
and capital, product development, developing valuation systems, and such; a large chunk 
of it was also around pricing and product development. And you know, I’m leveraging on 
that as I work in my current role as a consultant and focusing quite a bit on not just risk 
and capital but also modernizing actuarial functions. And so, it sort of leverages into this 
particular session quite well. 

The first two presenters are Nicolas Genois on the far side of the table. He’s the AVP of 
experience analytics for the Canadian Division at Manulife. He’s responsible for the 
operational function in analysis related to experience studies and monitoring for the 
division. Nicolas joined Manulife through the Standard Life acquisition, where he held a 
number of roles in GRS pricing, underwriting, product development, investments, and 
consultation. He holds a bachelor of actuarial science from Laval University and he is a 
Fellow of the Society of Actuaries and the Canadian Institute of Actuaries. 

Closer to me is Jeremy Adamson. He’s a leader in analytics and strategy with a broad 
range of experience in aviation, oil and gas, public administration, and transportation. 
And now, insurance. He’s currently the director of experience and predictive analytics 
with Manulife’s Canadian division, and he is responsible for implementation of predictive 
analytics methodologies for the experience group. Jeremy holds an MBA from the 



2  SEPTEMBRE 2017 COLLOQUE POUR L’ACTUAIRE DÉSIGNÉ – MONTRÉAL (SÉANCE 8) 

 

 
Vol. 28, Septembre 2017 DÉLIBÉRATIONS DE L’INSTITUT CANADIEN DES ACTUAIRES 

University of Calgary and a master’s in engineering from the University of New Brunswick, 
as well as a diploma in technical management and entrepreneurship. He has lived and 
worked throughout Ontario, Alberta, and New Brunswick, and currently resides in 
Waterloo with his wife and two sons. 

Please join me in welcoming Nicolas and Jeremy. 

[Applause] 

Nicolas Genois: So, thanks, Gaurav, and good afternoon, everyone. At Manulife, we 
started to use those more advanced methods a few years ago and we’re still learning as 
we speak, so it’s good for my own CPD. We don’t pretend to be experts, but we are 
pleased to share our experience to date and the lessons we have learned with going 
through two studies.  

We will have polls during the sessions, and so we encourage you to prepare your app to 
vote, because we will seek your participation throughout the presentation. 

All right, in terms of agenda, we’ll start by providing some context around our project and 
GLM in general, and then Jeremy will go through the two case studies we did, and then I’ll 
be back to talk about the lessons learned and the next steps.  

So, how it got started. We still have varying and sometimes large gain and loss in our 
experience, so we were hearing about those new advanced methods and wanted to 
explore them. So, we’ve put a team in place and the goal was to improve the model 
performance and better understand the driver of behaviour . . . to have more predictive 
power and less variance ultimately in our results. We had some constraints. It has to be 
efficient and easy to implement. We were not aiming for perfection, but an improvement 
to the model. 

So, we’ll have our first poll. You have the instructions on the slide there. You need to 
open the CIA meeting app. Go to session 8 in the program, and then scroll down to Live 
Poll and Discussion and click on Share Your Thoughts. You should see the first question, 
and we shall see the results live. Oops, somebody already answered. 

Which of the following best describes your familiarity and experience with analytics? 
You’re using very well-advanced methods of artificial intelligence, machine learning, 
advanced analytics. You’re using generalized linear models. You’re using traditional 
studies like traditional actual-to-expected. And, you’re using industry values. I guess you 
can answer now. 

[Music plays] 

Speaker Genois: Seems to be a neutral vote. Is it working? 

Unknown: [??] 

Speaker Genois: Ah, yes? OK. So, I guess we’ll do it by hand. 

[Laughter] 
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Speaker Genois: Let’s go back. Who votes for number 1? Any takers? Using really 
advanced technology. No? Number 2, GLM? Oh, we have a few. That’s good. Traditional 
studies? I guess it’s the majority. Good. And industry values? All right. So, we can see that 
we’re barely starting to use those advanced methods, so let’s do some history on the next 
slide. 

All right. So, we used to do reporting in traditional experience of these to outline what 
and why it did happen, which provided good information about the past but not 
necessarily about the future. With the more advanced method, we’re looking into having 
a more predictive model and eventually influence these behaviours. We’re not fully there 
yet, but you’ll see with the case studies we’ve done, that some interesting items came 
out of it. Hopefully this will not only influence pricing, but could influence product 
development, customer experience, or marketing. For example, to prevent people lapsing 
in some situations. 

When you look at those questions, like why lapses are going down, is it because of age? Is 
it because of duration? Is it both? If yes, is one more important than the other one? Is 
one explained by the other? All those questions are kind of difficult to answer with the 
traditional method. And you’ll see with the more advanced method, that we should be in 
a better position to answer those questions. 

The traditional approach has, in fact, multiple challenges. Like we just saw, there is 
insufficient consideration to interactions between variables, so it can distort the one-way 
analysis like the graph we just saw. Trends are identified visually without statistical 
evidence of the impact of each variable, so judgment can be wrong if we don’t consider 
properly the correlations. The area for exposure can be—must be—identified manually, 
with usually limited consideration to the volatility of the data. The table construction and 
its optimization can be an onerous process with possible multiple iterations. And finally, 
we usually don’t necessarily test or verify those assumptions for their predictive power. 
All these challenges lead us to look at those more advanced methods. 

I have another poll. Same instructions, but a different question. What is your 
organization’s focus regarding GLMs? I’m not sure if the app is working this time. We’ll 
wait a few seconds. 

[Music plays] 

Speaker Genois: One, is it an established methodology? Two, we have just started using 
them. Three, we are exploring them. Four, we have decided not to use them. And five, 
what is a GLM? So, I guess we’ll do it by hand. So, who is Number 1? No votes? Number 
2? We just started using them. All right. It’s like us at Manulife. Three, we are exploring 
using them. A few. We have decided not to use them. Oh, nobody? And anybody who 
doesn’t know what is a GLM? Thank you, because that’s my next slide. 

So what is a GLM? We use—when we do the traditional method, it is equivalent in theory 
to a linear regression model. It’s like trying to fit a straight line across the data. But in 
practice, we didn’t do all sorts of tweaking. But in a sense, this assumes that the answer, 
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like Y, is normally distributed, with each variable X having an additive impact on the 
answer. So, when you think about it, it’s not really applicable to the insurance industry. 
Like, the resulting assumption cannot be negative, so I’ve never seen a negative death 
rate. Except maybe Jesus, but I won’t go there. And intuitively, the variables do not have 
an additive impact. So when you think about age or duration, the impact on mortality of 
lapse is far from a straight line. 

So, a generalized linear model is more flexible, where the regression model can be any 
function from the exponential family. I won’t go into the detail of the math, but the 
resulting regression model can now be a series of variables with multiplicative impact on 
the answer Y. That also allows it to have non-negative results, which is more in line with 
the insurance industry. 

So . . . the advantage of the GLM. First, you can view the marginal effect of each variable 
without influence of the others. All else [being] equal, you should see the multiplicative 
impact of each variable X. You can view the confidence interval for each of the 
parameters, so you’ll see some examples later. It saves time in constructing the table and 
optimizing the model. In fact, the model will fit all the factors at the same time with the 
best possible fit automatically. Obviously you need a proper computer and proper 
programming language to do that. And you can also test its predictive power. Again, you’ll 
see some examples later about that. And like I mentioned, it’s more appropriate to the 
insurance industry. 

There are some disadvantages, though. The area of exposure can lead to illogical 
conclusions. Just think about the formula: it’s growing exponentially, so we must be 
careful about the trend it can take. It requires judgment, so in terms of variable selection 
and all the adjustments we can put on the data or the model, like in terms of smoothing 
or grading, especially where data is limited. And finally, because it’s easy to get optimized 
results, it can encourage people to produce results blindly without fully understanding 
the data, so that can be dangerous. 

That’s enough theory for now. I’ll pass it on to Jeremy, who will talk to you about the two 
case studies. 

Jeremy Adamson: Great. Thank you, Nicolas, and thanks, CIA, for inviting me to speak 
here today. 

When you look at the traditional and the predictive approaches in parallel, there’s a 
number of differences in there, but ultimately the goal is the same. We’re trying to come 
up with a formula that can evaluate a behaviour—lapse or utilization or what have you. 
More than anything, it’s the direction you look in that changes the approach. With the 
traditional approach, you’re trying to craft a concise, human-readable equation that fits 
to historic data as much as possible, but with a predictive approach you’re using a really 
robust statistical framework that optimizes automatically to all the dimensions 
simultaneously. And when you have that robust statistical framework, you’re able to look 
at things like what the variances are, and you’re able to easily look at different interaction 
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terms and really evaluate and have confidence in the predictive capabilities of your 
model. 

So, I’m going to talk about two studies that we did during our last study cycle, starting off 
with our first one, a UL lapse study. It was the first EA study using GLMs, and actually the 
first one in the company altogether. It was three years in progress. We had much to learn. 
This was a new process for us, and we had a little bit of churn and experimentation at the 
start, but we eventually landed on the R language for all of our modelling. The reason we 
went in that direction is it’s aligned with our advanced analytics team, and we have a lot 
of expertise on our team so it made sense for us. And over those three years, we 
developed a really strong GLM framework and we’re leveraging that going forward. So, 
the first study took three years, but we have seven studies in this next study cycle, so 
we’ve really kicked it up and we’re going full bore with this. 

We started UL lapse like we would with any study. We did an exploratory data analysis 
with the goal of understanding the data better, how it was distributed, and we used this 
time inside of a visualization or a BI [business intelligence] tool to really understand the 
data. We want to separate this understanding from the modelling component as much as 
possible so we can slice and dice and just get comfortable with the relationships [among] 
all of the dimensions. We used this time to strategize on how we’re going to deal with 
product-specific characteristics and how we’re going to deal with low exposure areas. 

From there, we started to deviate from what we would do during a traditional approach. 
We have to select a model family that best suits what we’re looking at. In this case, being 
a lapse study, lapse is a binomial behaviour: you either lapse or you don’t, so it’s a 0 or 1. 
Fortunately, because we had so much data and because our lapse rates were low, we 
could approximate this with a Poisson distribution. One of the great things about a 
Poisson distribution is that it resolves into a multiplicative model, so all of the coefficients 
then become multipliers. And then, for example, if you have a coefficient of 1.1 on age, 
you know that for every year of age, your probability of lapse goes up 10 percent, so it’s 
very easy to understand. It’s very intuitive and it can be easily implemented by 
stakeholders. So, we would explore those dimensions, like I mentioned, in the BI tool and 
then add each dimension individually into the model to see what the changes in 
behaviour would be. 

At the right there, we have our inclusion criteria. For any dimension to be included in our 
final model, it had to be justified based on these characteristics. It has to have an actual 
trend and actually make sense. There needs to be a relationship between a lapse and 
whatever dimension we’re looking at. Multipliers and confidence intervals, there will be 
more on that in a moment, but essentially that means adjacent parameters can’t be so 
volatile that you can’t differentiate between them. So, we have to obey statistical laws on 
this. 

Model statistics. It was important to us that our models be as simplified as possible. So, 
we used the Akaike information criterion [AIC] on this, and any dimension that reduces 
this AIC would be included based on that. In terms of explanatory power, we would both 
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add and remove it and see what it looks like with and without, just visually if it makes 
sense and if it has an impact on performance. And then, business rationale. Of course, we 
have to understand why that dependence between lapse and this dimension is there in 
order to include it. 

In terms of simplification, this is—like I mentioned, we might not know that there’s a 
significance between a 38- and a 39-year-old in terms of their lapse behaviour. If you look 
at their confidence intervals, they may overlap, so you can’t say with confidence whether 
the multipliers should be different between them. In other cases, we might have really 
low exposure subsets, so we wouldn’t be able to differentiate between ages in there, 
either. For example, with this study, we ended up banding ages 0 to 18 for that reason. 

Our tools for this were grouping or banding, as I mentioned, and we would also do 
polynomial smoothing. So, for a numeric variable that was non-linear, again, like age, we 
would include age, age squared, age cubed, to really capture the curvature of that 
dimension. 

This is the real meat and potatoes of the presentation. If you look in the back, there’s—at 
the top, lapse versus attained age, and the black line there represents the actual values, 
and then the blue line is a GLM without any simplification. On first run, it fits 100 percent. 
If it were a traditional study, we’d be bang on already. We did do some simplification, and 
that’s represented by the green line. That’s our final model. And then, if you look at the 
yellow line, that’s our final model with all the dimensions we included, except that we 
pulled out attained age. So, you can see visually that attained age clearly has an impact 
on lapse. 

At the bottom there, those are the multipliers that I talked about, and this is a really 
powerful new view that you just don’t have with the traditional approach. What this is is 
it’s the attained age with all else being considered. This is the first time you can really say 
that a 30-year-old has a 40 percent higher probability of lapse than a 50-year-old, all else 
being considered. So again, it’s a really powerful view. 

Those pink lines represent the confidence intervals. And like I mentioned before, if you 
look at the far left of the graph, we can’t really differentiate between a three-year-old 
and a 10-year-old and a 17-year-old. So for that reason, we band all those from 0 to 18. 
And then on the far right, similarly, because we have such low exposure, confidence 
intervals blew up and we can’t say whether it’s 2.0 or 0.2. So again, we band that area, 
from 85 on. Again, a really powerful view into the drivers of behaviour. 

This is attained age against those inclusion criteria that I mentioned before. Of course, 
trends and actuals. There’s clearly a relationship. Multipliers and confidence intervals. 
This is how we justify the banding on both ends. Model statistics. When we include 
attained age, our Akaike information criterion drops by 3,000 points, so we can say that 
the increased complexity of the model is more than offset by the performance increases. 
Explanatory power. If you recall, the yellow line didn’t fit nearly as well, so it’s just fine on 
that basis. And business rationale, of course, is a well-understood driver of lapse 
behaviour, so it’s justified there as well. 
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We did include this as a numeric variable, banded at the edges, like I mentioned, and 
modelled as a quartic in the centre, which captures the curvature that you see there. 

And this is the final output from R. These are the GLM parameters that you see in the 
centre, and then R produces the GLM coefficients, the beta estimates there, and you can 
usually plug these into Excel and do scenario testing and it is very straightforward to 
implement this and to understand what’s going on. 

Similar to the one-way dimensions, we would look at cases where lapse is being impacted 
by multiple dimensions simultaneously. For example, a duration by product type for a 
person on a limited pay policy. Once they have it paid off, they’re certainly less likely to 
lapse, so we would include that as an interaction term. Again, we used a visualization tool 
for this. We used our business knowledge to guide us on where there would probably be 
relationships. 

An exciting development since this study. Because our performance and our 
computational ability has increased so much, we can just hammer these models with 
every possible combination of dimensions and see which ones reduce the AIC, so it gives 
us a really good starting point and it’s a great way to be more systematic and more 
objective about this. And then, in the same way and for the same reasons, we would 
simply these dimensions. 

This is another two-way factor that was included in the model. This is lapse versus face 
amount split out by payment type. So, you can see a monthly payment; it’s consistent 
across the board, but when somebody is on an annual payment, for lower face amounts 
they’re much more likely to lapse. So, certainly we would want this in our model, but 
beyond EA there’s certainly implications on this. We could hand this off to retention. We 
can give this to marketing and say, “As these policyholders are switching to annual 
payments, perhaps you should reach out. Perhaps you should see if there’s any way we 
can keep them as customers.” There are actionable insights that come from this beyond 
what we would put in our own EA models. 

And then, as a last step, once we have these models complete, we have to validate them. 
We have to make sure that these models perform on data that they haven’t seen before 
before we set them loose in the wild. We do this in two ways. We do an out-of-sample 
and an out-of-time test. An out-of-sample test is we take the entire data set and we pull 
out 60 percent. We train the model on that. We get a bunch of coefficient estimates and 
then we run that on the 40 percent that the model has never seen, and this, on this case, 
gives us an A over E of 102 percent, so it was great performance on that basis. 

We also do an out-of-time test, using the calendar years 2004 through 2012, and then we 
introduce 2013 and 2014 as new data and see how the model performs. In this case, 
again, we got an A over E of 101 percent. Again, very happy with how the model is 
performing. And since then, as well, we’ve had 2015, 2016, come and go and the model is 
continuing to perform, so we’re very happy with it. 
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Reporting of key findings. Beyond the technical part of this, when you move from the 
traditional approach with those concise, human-readable equations to the predictive 
approach with these longer, linear equations that are more meant for computers, 
stakeholders have to redevelop their intuitions on these things. We’ve had a number of 
learnings on this and the main one is that we try to separate as much as possible the 
modelling part from the study part. And what I mean by that is we have a GLM primer 
document that we attach to all of these studies, and we also have a GLM 101 
presentation that we do to stakeholders, or do with stakeholders, so that they’re able to 
get comfortable with what’s happening here and we can keep the study presentations 
based on the studies. 

And for the report itself, we outline the process in the front matter, but we try to keep 
complexity as much as possible in the back. It’s really easy to generate reams and reams 
of numbers and get defensive about these models, but of course that doesn’t help with 
buy-in on these. It’s important to keep clarity and keep it clear that this is a transparent 
process; it just requires a new way of looking at things. Similarly with judgments, we 
would put the judgments in the front matter but keep the implementation of those 
judgments in the appendix. 

Illustrate marginal effects. Again, that’s a really powerful new view and it’s something 
that should be highlighted. 

And lastly, and this is one I’m certainly guilty of, is consistent and simple language. 
Depending on your background, there are a number of names for these things, like 
dimensions can be dimensions, variables, covariates, terms, factors, fields. So, it’s 
important to have a standard lexicon for the whole team so that the focus isn’t on 
terminology, it’s on the work that’s being done. 

Another big win from this project is we developed in Excel a tool that allows us to just 
plug in all of those multipliers that R gives us. And once we have all of those plugged in, it 
generates all of the tables that valuation is used to using for implementation. So for us, 
this is a lot easier. We plug in the numbers and generate the tables. For them, it’s easy 
because they can implement it. But it also frees us up to run ahead and try exciting new 
things. We can look at non-parametric models and boosting algorithms and random 
forests, so that’s an exciting new development. As long as we can create these tables, 
then we’re good to explore and try new things. 

The second study that I wanted to talk about was a segregated fund lapse study that was 
just completed a couple of months ago. And this isn’t so much an example of a predictive 
analytics study as it is a traditional study that was helped along using something from the 
predictive analytics toolbox. 

We had a huge data set. It was 55 million rows, and the traditional method was taking 
days to converge for each iteration. So, if we tweaked the formula, if we added a new 
dimension, we would have to kick off a new process that was taking days to give us 
results. So in the end, we used a GLM to do the model fitting and it saved us a month or 
two months. It was a big benefit. 
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We had to hold our nose on some of the technical parts of this. We used a Poisson to 
directly fit to lapse amount, and in doing so that invalidated a lot of the assumptions that 
we had, so we couldn’t use descriptive statistics. We couldn’t use confidence intervals or 
anything like that. We had to depend on our business knowledge and what we saw in our 
visualization tools and to treat it the same way you would a traditional study. 

Despite the known technical issues, we moved forward just to expedite the process. And 
we started with 100 percent fit and then we simplified to reduce overfitting. This was just 
a great case study in using a predictive analytics toolbox to bridge the gap. 

In terms of model performance, again, it was 55 million rows by 47 dimensions. Every 
time it kicked off a new iteration, it would take about an hour to scan through those 55 
million rows, aggregate up, and give us results. And then we would wobble back and forth 
as we were converging on the coefficients that we needed. This was still at the peak of 
our memory limits, and this was crashing, and a lot of weekends and overnights on this, 
so it wasn’t a happy time. 

When we finally did the GLM, though, complete optimization within one hour, and the 
whole thing fit 100 percent. With the final model, with all of our simplifications and 
judgments put in, it took about two hours. So, still it was a great performer. 

We used RevoScaleR for this, and the dialogue that this started internally with our data 
enablement team has started a really exciting new internal project for real-time GLM 
compilation using distributed computing. We have a Hadoop cluster that we started 
playing with and this model that took two hours we now have down to a couple of 
minutes. You can imagine for a model that’s of a normal size, we have this down to 
seconds now and we can, again, move towards automation and on simplification and 
being systematic with this and just throw every possible combination of things into it. And 
even without that, we have a potential savings of hundreds of hours per study just on the 
iterations; that’s another really exciting new development since the last study cycle. 

How do you know an experience study is complete? Is it when A over E is 100 percent? 
When it provides a justifiable set of assumptions? When it’s as good as it can be? Or, 
when it’s due? 

[Music plays] 

Unknown: It’s working now. 

Speaker Adamson: It is? Oh, OK, good. 

[Music plays] 

Speaker Adamson: I don’t know how to see results. 

Unknown: [??] 

Speaker Adamson: Oh, OK. There. 

[Music plays] 

Speaker Adamson: Good? Oh, good. I thought Number 1 would get more than that, but...  
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[Laughter] 

Speaker Adamson: So, the reason I put this up, and it’s kind of a cheeky question, of 
course, but when you move from a traditional approach to a predictive approach, A/E 
being 100 percent probably means that your model is overfit and it’s not going to 
perform very well on new data, especially when you drill down. You want to see it smooth 
and natural, not choppy and fitting 100 percent. And then, what you’re left with, 2 and 3, 
are completely subjective, and then you have number 4, which is set in stone. There’s a 
real danger here of scope creep in polishing and fine-tuning and just not knowing when to 
say, “enough,” and then it finally becomes due and you hand it off. 

To get around that, for this study cycle what we’re really focusing on is a process 
standardization. There are three reasons we need to do this. We need a repeatable 
process, we need it to be defensible, and we really need stopping criteria. Repeatable in 
the sense that any analyst with the same data set should be producing the same model. 
Defensible in the sense that if an auditor or steering committee comes to us and says, 
“Why did you band from 0 to 18 instead of 0 to 20?” we want to be able to point to a 
guideline for how we made that decision. And then, lastly and, I would argue, most 
importantly, is that we need stopping criteria, because with no objective way of calling a 
model complete, there’s that danger of scope creep in there. 

I don’t have complete details on this. I’m happy to talk about it during the break, but 
essentially what our process talks about is how to define dimensions, how to clean it 
where appropriate, what we do if a dimension has a correlation of more than 75 percent 
with another dimension; we toss one of them. Automated dimension selection. This is 
another exciting new thing we have going on. Because our computational power has 
increased, we’ve started looking at boosting algorithms and step-wise regression to do 
our preliminary dimension selections, so, again, we can be more systematic and more 
objective. 

And then, it just talks about how we deal with things like banding behaviour and low 
exposure behaviour. It’s going to be really important for us for these next seven studies 
to have this so that we can know when we’re done and we can move on to the next part 
of the process. So for this, and modelling in general, the key thing is to always keep the 
model as simple as possible while still remaining effective. 

Thank you very much, and Nicolas is going to take over for a wrap-up. 

Speaker Genois: Thanks, Jeremy. We’ll now go through the lessons learned of those two 
case studies. 

I’ll start with UL. One thing that is crucial is to have regular communication with your 
steering committee, to have their buy-in, common understanding, and avoid surprises. 
One thing that has proven to be useful was to illustrate the marginal effect of the key 
variables so that they can then relate to the business rationale. Another key element was 
to have a consistent and simple language throughout the process. Another element is it 
helps a lot to understand the data and the product features. As we did some adjustments 
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into the—in this one in the lapse assumption, for example, to reflect when there’s a spike, 
for example, at the end of the surrender charge, which is really product-specific. 

We must also be very careful about where the data is limited because the GLM will 
project something. So, in some situations, we had to put the floor or a cap to make sure 
that the results make sense. 

As you can see, there is still a lot of judgment required when you use a GLM: to select the 
variable, to apply a judgment where data is limited or to do some grading or smoothing. 

Another lesson learned is to know when to stop. We need to have a good balance 
between materiality and overfitting. By using grouping or smoothing, it simplifies the 
model so it’s easier to monitor and predict, so it reduces the variance of the model versus 
using all possible variables. 

And finally, we need to set the expectation with pricing and valuation to make sure that 
the assumption will produce—will fit . . . that the new format will fit. In other words, 
make sure we have the data and the model can support it. 

In the end, we did achieve our goal, adding more dimensions with more predictive power. 
We should expect less variance in our results, all else equal, and it should give interesting 
foresight to the business. Like Jeremy mentioned, we saw that the lapse is increasing 
when people are switching from monthly to annual payment modes, so that was an 
interesting fact from the study. It was also efficient and easy to implement, so we went 
from 33 tables to one set of multipliers. 

This graph is just to illustrate that limited data can produce strange results as the GLM 
will project something. We did apply judgment in order to avoid my Appointed Actuary 
having a heart attack. That was a joke. 

[Laughter] 

Speaker Genois: All right. For the other case study, on seg funds, where we didn’t use the 
GLM fully, we just used it as a model fitting, the lessons learned were similar. We set 
guidelines to determine when to stop, again, to avoid—to have a good balance between 
materiality and overfitting. We documented the process so it can be reusable in a 
consistent manner. 

We must not jump ahead into modernization too quickly. We need to really understand 
first the data and analyze it first with the proper tools. And we must be clear on the scope 
and manage expectations. Like I mentioned about pricing and valuation, to avoid redoing 
the work. So in that case, we had—I guess, a constraint came up at the end, so we had to 
redo some work. But still, in the end, we did achieve our goal, even if we didn’t use the 
full predictive model. It was efficient to test various models, and we did optimize multiple 
factors at the same time. 

In terms of next steps, we will continue to collaborate with our advanced analytics team 
at Manulife. It’s a team that does all sorts of fancy models for the business, and we’ll see 
if we can leverage those. We will redo the seg fund study, but now using the full 



12  SEPTEMBRE 2017 COLLOQUE POUR L’ACTUAIRE DÉSIGNÉ – MONTRÉAL (SÉANCE 8) 

 

 
Vol. 28, Septembre 2017 DÉLIBÉRATIONS DE L’INSTITUT CANADIEN DES ACTUAIRES 

predictive approach, to see if we can test the impact of adding new data and more 
dimensions into the model where possible. We’ll use a GLM, like Jeremy said, in more 
studies, so in more lapse and mortality studies, and we’ll look at other methodologies 
where appropriate, and we’ll refine the process as we go. 

That concludes the presentation, with a nice quote to finish. I’ll let you read. We have 
more information in the appendix, if you are interested. Do we open up to questions, or 
later? 

Moderator Upadhya: Maybe we’ll wait ‘til later. 

Speaker Genois: Later? OK. 

Moderator Upadhya: If somebody has a burning question, go ahead. 

Unknown: This is for Nicolas. Can you go back to your slide on GLM, please? 

Speaker Genois: You mean the formula? 

Unknown: Yeah. 

Speaker Genois: Oh, that’s a long way. 

Unknown: Sorry. 

Speaker Genois: Yeah. 

Unknown: Oh, OK. At the third-last line, is that a typo? Sorry. 

Speaker Genois: Sorry, which one? 

Unknown: The third-last line. You’ve got E[Y]= e to that, 𝛽𝛽1 plus . . . But the next one, you 
seem to be taking e𝛽𝛽1 to the 𝑥𝑥1. That’s a typo, isn’t it? Or, have I forgotten how 
exponentials work? 

Speaker Genois: Yes, we can talk about it after. I’m not sure I see it. But yeah, in other 
words, it becomes multiplicative when you separate each variable, but anyway, we can 
discuss after if you want. 

Unknown: Yeah, sure. 

Moderator Upadhya: Got to start clicking! 

Speaker Genois: I have to go back. 

Moderator Upadhya: Click, click, click, click, click, click, click! 

Speaker Genois: That doesn’t work. Can you go back to the end of the presentation, 
please? All right. 

Moderator Upadhya: That’s great. OK, thank you. Great. Well, thanks, guys. That was 
really interesting. Let’s give them a hand. 

[Applause] 
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Moderator Upadhya: OK, so there’s even more stuff if you . . . And stuff you can cross-
verify and check back in case they’ve missed something there, too. 

All right, so I’m going to be building on their presentation to kind of talk a little bit more 
broadly about how some of these concepts can be implemented in companies. Some of 
the tools, like the BI tools and the data tools, can be used more extensively. And also, talk 
about another form of modelling, which is behavioural modelling. 

To me, this is a really interesting time for actuaries. There’s a real opportunity to use 
technology. Certainly, a lot of the sort of BI tools, as well as these sorts of predictive 
analytic tools, bring them into our own tool kit and use them to really help drive the 
businesses that we’re in. You know, we can use—this is a very sort of conceptualized 
cockpit, in a sense, of different metrics. But if we think about it actuaries have a lot of the 
data and can drive a lot of really key metrics around not just things like VNB, value of new 
business, internal rates of return, LICAT, returns on equity, even some of the ALM sort of 
metrics. These are very much inside the actuarial sphere and I think if actuaries can help 
bring these things together using the right kind of data and visualization tools, then I think 
it’s a really great opportunity for actuaries to expand our influence in how we can drive 
and bring insights inside companies. 

I’m going to be talking about three things, as I said. First is around modernizing of data, 
especially with the opportunity around IFRS 17. The second is a technique that sort of 
builds on predictive analytics around behavioural simulations, and especially for scenario 
projections. And the third is the use of visualization tools to support end user-driven 
analysis, as opposed to producing lots of static reports; you know, really making it much 
more . . . opening it up. And in the last presentation, we heard a lot of references to BI 
tools, and that’s kind of what we’re talking about here. 

In terms of a modernized view of data architecture, this is a . . . even though it doesn’t 
look like it, it’s actually a simplified view of a target data architecture, especially in a post-
IFRS 17 framework. That’s where there are certain terms in there like CSM engine and 
risk-adjustment engine. But if we think about it, IFRS 17 is an opportunity that’s going to 
require a lot more data. LICAT has increased the amount of data that companies have to 
deal with, but certainly LICAT is going to require—sorry, IFRS 17—is going to require 
companies to think about transactional data that they need to store . . . a lot of actuarial 
expecteds; a lot of interaction.   

If we start—I mean, the data flow is left to right—but if we start from right to left, and 
start thinking about some of the applications of data, certainly we’ve got, in the financial 
statements and disclosures that need to be produced, the actuarial cash flow engines that 
will produce a lot of the sort of expecteds. But then we think about the analytics, 
reporting, and some of the functions we just heard about. Experience studies can all start 
using . . . if they start using common data, it’s a really good framework to think about. 

Moving a bit to the left, that’s where you have the data warehouse. And if you can have 
that be quite robust, then you have one source of truth where you’re storing data, not 
just . . . and output from different engines in one place. And if you can combine that in 
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that bottom stream, it’s the modernized sort of viewpoint. So the top, swimming across is 
what you need to do to be compliant with the standards, but the bottom is this 
opportunity to modernize, and the concept of a data lake, which I think different 
companies have talked about, perhaps, which is that lots of streams of data essentially all 
end up in the same lake. Now, you’d need really good data governance; you don’t want to 
have a big swamp or pit of data. You need to have the right sort of meta-information and 
those kinds of things so that you know what’s in there and that it’s credible and you know 
you can rely on it. 

But when that opens up and you include in it other sources of data as you move, again, to 
the left, you know, things like, obviously admin systems. You can bring in data from your 
ALM systems. You can bring in data from customer service databases. You can really get a 
much more robust view of what the client . . . what could be the sort of footprint that the 
client could be leaving or the business, the data that the business is generating. You can 
also bring in external data. And in the Canadian market it’s not as robust as in the US, but 
certainly there is external data that perhaps other parts of your organization are already 
using, and if you can integrate that in . . . 

And so, this is a modernized view of data architecture. And as I go forward, you’ll see how 
we can use that data in different ways, both in terms of modelling, but also in terms of 
presenting results to business management. 

OK, so I’d like to just do a quick poll and see: what are some of the greatest potential 
benefits that you might see from a modernized data infrastructure? We’re just going to 
have some nice, relaxing music. 

[Music plays] 

Moderator Upadhya: OK. Alright, I’ll give it another couple of seconds. Still ticking up. OK, 
I think that sounds about good. OK, that’s great. Lots of benefits across the board, from 
reducing expenses. Certainly, there are opportunities for automation, as we heard earlier. 
Using more internal/external data. That’s great. But the biggest benefit we can see is the 
increase in drill-down analysis, and I think that’s a good point because we’ll get into that a 
little bit more later, especially, I think, if you have the right kind of BI tools, which can also 
then also support number 5, which is run self-serve reporting. 

The one quick takeaway in this slide . . . I put it just because I like to make sure that 
people are thinking about how we can use data from an actuarial function beyond just 
what the actuaries need for experience studies. I know this session is around modernizing 
assumption setting, which can feel very, kind of like . . . actuaries producing stuff for our 
own models. But I think if we think about it, our ability to do these analyses in a more 
robust way, use more data, as I think was alluded to earlier . . . it’s going to create 
information that can be used to help organizations focus on where to grow and invest; 
look at performance and profitability in management, so that business leaders are making 
the right decisions about different client groups, and we’ll look at that a bit later, too. 
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And also, of course, managing risk. Thinking about across scenarios, there’s a real 
tendency, in my experience, of companies to focus very much on this sort of base plan. 
And that’s enough information. But in fact, we know that the world is going to unfold in a 
myriad of ways, and probably the last thing that’s going to happen is that sort of base 
plan with your steady 8 percent per year growth rate and that kind of thing. Really using 
the tools and data to provide more insight is, I think, one of the things I think we should 
all be constantly looking to as we evolve the actuarial profession. 

For my next section of the presentation, I’m going to focus in on using a bit of a case 
study that was done from my colleagues in the US primarily because they do have a lot 
more data and they’ve done quite a bit of modelling, primarily using fixed annuities but 
also they did quite a bit first on variable annuities in trying to understand policyholder 
behaviour using a behavioural simulation approach, and then using BI tools to understand 
the data that was created across different scenarios. Hopefully you can get a sense of 
some of the same terminology and thinking that we heard about earlier. 

By behavioural simulation modelling, what I’m talking about is creating models that try to 
simulate real-world relationships between how people interact both in terms of how they 
themselves behave as clients, how they interact with companies and distributors, and to 
what degree external stimulus changes in interest rates, inflation rates, and things like 
that impact on their behaviour. And ultimately, the outcomes that we see in terms of 
policyholder behaviour. 

Behavioural simulation really starts with a predictive analytic-type approach of really 
getting a good sense of what are the drivers. The only thing is, predictive analytics at 
certain times can have some limitations because it can be hard to understand what are 
the actual drivers on a causal basis. You see the correlations, but what is exactly driving 
that behaviour? 

And second of all, what happens when correlations may change? You do an analysis over 
a period of time, and one example would be if . . . It’s around, for example, if you look at 
the interest rates over the last 30-plus years, they’ve been systematically going down. 
Now, we sell products that are very long duration, so what happens if you do a lot of the 
analysis just based on the historic information? What happens when interest rates start 
going up? You do have to make some assessment, some model for that, and behavioural 
simulation is one way to try and make those predictions. 

OK, so the behavioural simulation I’m talking about is very much centred around 
households. There are different life events. You have to look at a household’s income and 
its spending and saving habits. You have to look at the balance sheet, the assets and 
liabilities, and the kind of choices that households might be making. And those choices 
may be obviously rational, but a lot of them are actually also behavioural. We know that 
people behave in somewhat—we could call it irrational ways—but that’s how we behave 
as humans. 

One of the very exciting things about when I joined PWC is that we have a behavioural 
economist, a lady with a cognitive neuroscience degree, and I really like behavioural 
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economics. I’ve had some really great conversations with her. And it’s really powerful if 
you can see some strange behaviour in the data, is to actually look at it from a 
behavioural perspective, but then also as you try to figure out how you’re going to move 
the population to look at it from a behavioural perspective because people don’t behave 
as rationally as we think. But they don’t also behave completely irrationally; there is a sort 
of structure to their thinking. 

And then, of course, as we look at people over time, if we have a long-duration contract, 
especially, they’re going to evolve, right? Like, somebody who’s 40 years old now is going 
to move forward. They are very likely to have had kids at a certain age. In 10 years, their 
kids will be in a different spot, they will be in a different spot, their balance sheet is going 
to be in a different spot, and things are going to move forward in time. You kind of have a 
good sense of how that could happen. And wherever they are at that point in time is 
what’s going to drive that behaviour. And again, it could be quite different, so you do 
need to look at that: life cycles. 

And then, you need to think about what’s the impact of different, external stimulus in 
terms of the economy, on different parts of how they behave, the drivers. Think of their 
savings. If they start selling assets, what’s the order in which they’ll do it? If there is a 
change in some, like, equity markets, how would they react to those? And different 
populations will react differently. 

Putting it all together, what you try to do is you have a good model. I’m going to . . . this 
topic could take a couple of hours to actually try and go into the full details. But what 
you’re trying to do is really build all the building pieces around the household and then 
you look at your own company’s experience, which where you may have fewer variables, 
but on a lot of clients. The problem is if you try to do just analysis on those few variables 
that you have, it can be hard to have a robust model. 

What you try to do is take analysis you’ve done on a lot of variables, but a simplified 
household—fewer number of households across the—and marrying it with the 
information that you have about your own population so that you can have a synthetic 
population with the variables that you need to do all the modelling. And by doing that, 
then you can move forward and essentially use that to move and simulate people over 
time. And you can see, for example, in this one, where you can have different households 
that start off in similar spots but then they over time end up in different levels of 
fundedness, for example, because of the different stimulation that’s been applied and 
their own situations. And then you can start stratifying them, whether some of the 
underfunded ones, perhaps they could be considered fragile in terms of their decision-
making. In this case, we’ve called ones who are in the middle stressed and the ones who 
are most funded sort of secure. And then, we can start using that for different kind of 
analysis purposes. 

Before I begin, look into how exactly we can look at that, we can look at the results, I’ll 
just ask how familiar you are with sort of interactive data visualization tools, things like 
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QlikView or Tableau, Microsoft BI. There are various tools. I just want to get a sense 
before . . . 

[Music plays] 

Moderator Upadhya: Great. We seem to get about 35, so we’re almost there. Ah, we hit 
35. More than 35. OK, I think we can close now. Let’s see the results. OK, so some people 
do use them, or people around them use them, but most people are not that familiar. 
Which is not surprising, to be perfectly honest with you. I had heard a bit about some of 
them about a year ago, and it’s only been in this year that I’ve actually, myself, have 
gotten a bit closer to them. Let’s see some of the kinds of ways in which a tool can help 
look at the results, and also how it can be used for leverage on some of the analysis more 
broadly. 

A visualization tool can really help you organize data and model output to give you more 
dynamic, user-driven information. We heard in the earlier presentation how it’s been 
used very effectively actually on the data input side, as I understood it, where Manulife is 
using it to actually help understand the data that’s in . . . And again, it can be used to cut 
across many dimensions. In this viewpoint, we’re thinking more about more end users, 
less on the input side but more trying to understand the results and present them in a 
way that the user can essentially pull the information they want and not have to have, 
like, some big, thick book and try to figure out exactly which appendix to look at to 
understand some details. But some of the key features are that it can actually look at 
information in real time because it can access direct databases. It can be much more 
dynamic and much more information rich. 

This might be a little bit small. And unfortunately, we can’t really—this is a bunch of 
screenshots, so I will tell you that when you actually use the tool, it can be a lot more 
dynamic. And if anybody wants to see it, they can—I didn’t bring my laptop here, but I 
can always show it to them or something, so you can let me know and I’ll have another 
cockpit later, but the screenshots don’t really give full justice to how dynamic it is, but 
let’s see if we can walk through it a little bit. 

This is a kind of summary of results where you can see across many scenarios. We’ve got 
statutory net profits, we’ve got surplus, policy counts, surrenders, and net income across, 
and you can see the bands on the bottom right hand. As people . . . if they pull it up, they 
can start looking at different elements of it. For example, that bottom one has statutory 
net profits, and actually you can see all the different scenarios at points in time. You can 
see it clustered and then there’s some very—there’s a dot at the bottom and we’ve got a 
big, red arrow just to show you where it could be, and in that particular scenario the net 
income is very negative. If you want to know what’s going on in that scenario, you can 
click on that and it actually corresponds to where the surrenders are very high; perhaps 
not too surprising. 

You can go a little bit deeper and you can pick the scenario and you can jump sort into it 
using the BI tool. Up on the box 1, you can pick which scenario it is, and then it’ll show 
you—you know, sort of zoom right into that particular scenario and just show how the 
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net income in that scenario falls right down. And on box 2, it’s driven by the high 
surrenders, and that’s being driven by the high interest rate in that scenario. You can see 
what’s going on in any particular scenario. 

And then, if you go into it and you say, “OK, which segment is driving this? What’s 
happening?” You know, we talked earlier about how we use analytics to try to segment 
the different policyholders into different buckets. Red here is fragile, the light blue is 
stressed, and the dark blue is secure. And by zooming in on it, you can see which is 
causing the losses. And perhaps not surprising that the fragile does create a lot of 
profits—sorry, the least profits, but in this particular scenario, when certain thresholds 
get crossed, the secure also lapse their product and create certain losses for you because 
the spike in interest rates has been sufficient that they’ve actually triggered. 

It’s a kind of analysis; this is a kind of tool to help you understand what’s going on inside 
your scenario analysis across your . . . and using the analytics that are driving the 
segmentation. 

Now that, this tool, is still fairly, to me, fairly actuarial. It’s got a lot of information. If I 
think about business management, they’re probably not going to want to see that kind of 
level of granularity. They don’t want to be digging into thousands of scenarios. I mean, 
people don’t mind talking about a few scenarios, but I don’t think they want to talk about 
that. 

So, to me, there’s another kind of way of looking at it. This is another sort of conceptual 
tool, a cockpit of visualization that I created using—actually, it’s just data from Access 
plus some stuff that’s been simulated. And in it, you can see, on the top left-hand side, 
projected net income. You can see some KPIs on the bottom left-hand side. You can see a 
map of Canada where you can select. If you select it, you can see the actual projected 
KPIs, income statements for particular blocks of business. And you can also select 
different scenarios if you want at the top right-hand side, but these are fewer. It’s like 
interest rates moving up 50 basis points or something. It’s something that I think business 
management can understand and they’re like, “OK, I understand what will happen in that 
scenario.” 

But one thing we did add to this was client segmentation. So again, if you’ve got that 
analytic client segmentation, rather than just saying, “Well, I’ll just look at baby boomers 
or I’ll look at millennials,” or something, right? If you’ve actually used your analytics to 
segment your clients, then you can use that to bridge across and help business 
management again see what kind of products they own, what’s the profitability. And 
again, this is just a screenshot, but this is a dynamic cockpit thing using Tableau. So if you 
want, you could actually click on one particular policy and zoom right into a policy, or you 
can zoom out to look at all the policies in Québec. You can look at all the policies, your 
term policies, or you can look at all your stressed or secure, or multiple dimensions. 

It’s a way to take all that data and open that box up and give clients a way to . . . and if 
your clients are business leaders or finance leaders, it gives you a chance to actually let 
them drive and get them the value and insights they want. 
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In summary, I just think modernizing the data architecture is really necessary if we want 
to unlock a lot of the potential, both in terms of automation, especially in the actuarial 
assumption-setting process, in analysis. There are opportunities here to use a wider set of 
assumption-setting models. I think I really enjoyed seeing the ones that we saw, again, 
with respect to universal life. I think policyholder behaviour has been one of the toughest 
things for actuaries to get their heads around. You know, it’s traditionally a company’s 
year over year; that’s where often they have a fairly bad experience. 

And behavioural simulation is a much more, I would say, advanced way of modelling. It’s 
not something that you can just delve into very quickly, but it takes it to another level. 
But these are two examples of more advanced techniques that could be used. 

And I do encourage people to look at the visualization tools inside their own actuarial 
shops, but also look at how you can leverage to take actuarial information and help 
others really—help them see the business in a new way. Look at ways in which the 
actuarial function can create the kind of data and information that can really help drive 
more profitable business. 

All right, thank you. We can take questions. I think we have time. 

[Applause] 

Moderator Upadhya: Yeah, we have about five minutes for questions if anybody has any. 
No other formulas you want to know? OK. 

Well, thanks very much. Thanks for participating in the polls. Have a good day. 

[Applause] 
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