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One of the many benefits of including statistically based models
in the reserving process is that they reflect the fact that the
observed losses are just one outcome of a complex stochastic 
claim process.

Deterministic methods do not reflect this and are fit to both the 
signal and the noise in the data. Statistical approaches separate 
the signal from the noise, reducing overfitting and providing 
more predictive estimates.

Understanding these models conceptually and how different 
assumptions affect our estimates can be tricky for someone 
new to them. Because of that, I have put together this short 
deck to help visualize these models.

This example uses sample data and the GLM framework with a 
Gamma variance function, one of many options built into the 
BASR software.



We're all familiar with the traditional loss development method.



...but what is easy to forget is that an N x N triangle has 2N parameters!
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An over-parameterized model risks being overfit
to the noise in the observed data rather than the 
signal, producing poor estimates of future data.

...and is fit exactly to the latest observation of the
cumulative development triangle.

bedfo
Rectangle

bedfo
Rectangle

bedfo
Rectangle

bedfo
Rectangle



Statistically based regression models use incremental loss data as 
the input since cumulative observations are not independent 
(each observation contains the one before it) and CY trends exist 
only in the incremental data. More specifically, they use the log of 
the incremental losses, but I have converted everything back to
the dollar scale for illustration here.



To visualize this model, it helps to look at a 3-D rendering of the
incremental development triangle.



...and some subtle gridlines to help visualize the patterns.



Let's now begin modeling these incremental losses. Prior to adding
any parameters or breakpoints, we only have a constant equal to 
the average of all data points.



Clearly, the incremental losses are decreasing across
development year, easily visible in both the 3-D graph and the
residual graph above.



Adding a single DY parameter clearly improves the model. 
Remember, behind the scenes, the model is linear in the log of 
the data, so we see an exponential result on a dollar scale.



Let's add a heat map to the model plane and vertical lines 
between the model plane and the observed data to help with
the visualization. Based on the residual graph, there is a 
change in slope after DY 4.



Selecting a breakpoint at DY 4 flattens out the DY residual graph. 
The model currently varies only by development year, indicating 
a decrease in incremental loss of 22.8% per year through year 4, 
then 32.1% in year 5 and beyond.



Looking at the 3-D rendering and the residual graph, there are
clearly some CY trends in our data as well.



Picking a single CY trend factor results in an estimate of +8.1% per 
year, but looking closer we see the trend seems to vary. The residuals 
bottom out in CY 2021 before turning upward– the same pattern we 
see in the 3-D graph, with observations falling below the model.



Adding a CY 2021 breakpoint shows the trend clearly varied before
and after, but it appears there is another change in slope at CY 2019.



Adding a CY 2019 breakpoint as well shows this data contains a 
common pattern seen in the industry: high CY trends prior to the 
pandemic, with low to negative trends during 2020-21 due to the 
lockdowns and court backlogs, followed by higher recent trends.



We now have a model that fits our data very well, properly modeling 
the CY trends present in the data, with just 5 parameters. Recall that 
the traditional development method uses 20 parameters for a 10 x 
10 triangle.



It's important to know that these methods do not "develop" losses. 
Losses are predicted by the selected model form and the 
parameters, not by leveraging the latest diagonal (beyond its effect 
on the parameters).



Using these parameters (and future CY assumptions which we'll
cover shortly), we can predict the bottom half of the triangle.



The dots represent the estimated incremental losses at each
future valuation.



We can extend the model further into the future to estimate tail
losses beyond the given triangle. The default assumption is to 
carry the latest CY and DY parameters forward, as shown here.



Carrying forward the last parameter may or may not be a good
assumption, so we have the ability to vary those future assumptions.
To illustrate the effect on the tail estimates, I have entered a 0%
future CY trend assumption below (certainly a poor estimate).



One alternative assumption to carrying +14.5% forward indefinitely
would be to assume trends drop a percentage point a year before
flattening out. That assumption results in a tail between the default
assumption and the prior illustration using 0%.



Additionally, we can further calibrate our tail through the future DY
trend (decay) factor. Here I have fattened the tail by assuming a 
25% DY trend  factor beyond the triangle, rather than the carried-
forward 35.3%. We can also vary this by year if desired.



Our ultimate loss estimates can be summarized in the following table 
with the actual losses in the upper portion of the triangle and the 
estimated losses shaded below. We can also calculate the implied tail 
factor to reconcile with any other tail factor analysis or benchmarks 
we have. Notice that changing CY trends by year results in varying 
traditional tail factors by AY.



Learn more about the benefits of this framework and how the BASR

software is built to make implementing it in your reserving process 

as easy as possible at bedfordactuarial.com/basr
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