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»» It is important to recognise that there is no “one size fits all” approach to validation. Each
problem is unique, and validation analysis should be tailored accordingly. Think like a
regulator: seek evidence contradicting, rather than supporting, your hypothesis.
»» Use out-of-sample validation, scenarios not used in the fitting process is key. In-sample
statistics (such as in-sample R2) do not necessarily provide a good indication of model quality.
»» Think carefully about the scenario budget and its allocation between ‘outer’ and ’inner’
scenarios. Consider the consequences of increasing the budget and shifting allocations – how
do your conclusions change?
»» When comparing proxy models with ‘actual’ (Monte Carlo) valuations recognise and quantify
statistical errors in the actual valuations and interpret proxy errors in this context.
»» Ensure the validation stresses provide broad coverage of the risk factor space. Don’t just
validate where you think the impact is highest, and in particular don’t assume the proxy
model will identify the correct ‘biting scenario’.
»» Materiality of errors should be assessed on an appropriate scale. Think about what the model
will be used for and assess errors in this context.
»» Analyse in detail. Understand how the error behaves across the entire risk factor space, and
not just on average.
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1. Introduction
This paper discusses the validation of proxy models, commonly used in the insurance industry to replace
valuations that would otherwise require Monte Carlo simulation. The most common application of such
proxy models to date has been the valuation of projected liability and/or asset values in one year’s time, in
order to calculate 1-year VaR capital and we focus on this application in this paper (though many of the ideas
discussed apply more broadly).
We are fundamentally interested in answering the following question:
For the specific application of interest, is the proxy model suitable for use as an alternative to accurate
Monte Carlo valuations1?
In this paper we provide guidance on how one can go about answering this question, based on our experience
in implementing, calibrating and validating proxy models with a number of firms covering a wide range of
insurance business. We do not propose a prescriptive recipe for how the question is answered – in practice,
validation inevitably involves a certain amount of subjectivity and is specific to the exact problem at hand.
Regulatory guidance is similarly non-prescriptive for this reason. However, we believe that there are some
useful general considerations that apply to any proxy validation exercise. In particular, the validation methods
and choices described in the note are independent of the specific proxy method used, whether it is Curve
Fitting, Least Squares Monte Carlo (LSMC), Replicating Portfolios or any other technique.
The output of a validation exercise is typically a combination of graphs and tables showing how well the
proxy model compares to actual Monte Carlo valuations, in a number of out-of-sample ‘validation stresses’,
an example of which is shown in Figure 1.
Figure 1: Example validation analysis

1 Here, when we refer to ‘accurate’ Monte Carlo valuations we mean Monte Carlo valuations that have been estimated using a sufficiently large number
of risk-neutral scenarios that the resulting statistical errors are negligible.
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The paper will describe some of the main considerations involved in producing and interpreting this
information, and is organized as follows:
»» Section 2 motivates and describes the principle of out-of-sample validation.
»» Section 3 considers the choice of how many stresses and scenarios to use in the validation.
»» Section 4 considers the question of where to validate i.e. the selection of validation stresses.
»» Section 5 describes the measurement of model performance.
»» Section 6 concludes.

2. What is out-of-sample validation and why is it important?
In this paper, we focus on out-of-sample (OOS) validation, here defined as the process of comparing proxy
model valuations with simulation-based valuations calculated using risk-neutral scenarios that were not
used in the fitting process. In our experience, OOS validation has become the standard approach to proxy
model validation, in particular as part of regulatory Internal Model Approval processes2. In this section, we
demonstrate why in-sample diagnostics are insufficient to draw any meaningful conclusions regarding proxy
model performance, and motivate the use of OOS validation.
As set out in the introduction, the methods described in this note are independent of choice of proxy
method. However, in order to present some practical examples we will consider and compare two specific
proxy methods here: Curve Fitting and Least Squares Monte Carlo (LSMC).
2 See for example “Solvency II: event on technical issues for life insurers intending to use an internal model”, Prudential Regulation Authority.
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The Curve Fitting and LSMC methods can be considered as different ways of implementing the same basic
proxy method. In both cases, a function is fitted to valuation data produced using a nested simulation
exercise. In order to be able to run the nested simulation in available timescales, a compromise is made
either on the number of outer scenarios (in this context sometimes called “fitting stresses”) or the number
of risk-neutral inner scenarios (in this context sometimes called “fitting scenarios”). The term Curve Fitting
is usually used to describe the first type of compromise: we fit a proxy function exactly in a small number
of fitting stresses that have been very accurately valued using the cash flow model. This corresponds to a
nested simulation exercise with a low number of outer scenarios and a high number of inner scenarios. At
the other extreme, the term Least Squares Monte Carlo is used to describe fitting a proxy function (through
least squares regression or other similar techniques) through a very large number of relatively inaccurate
valuations. This corresponds to a nested simulation exercise with a high number of outer scenarios and a low
number of inner scenarios.
As an illustrative example, polynomial proxy functions are fitted to the value of a 1-year put option on an
equity index, with a strike of 1 (initially at-the-money). We use a Black-Scholes valuation model with a fixed
interest-rate and implied volatility, so that the put option value depends on a single risk factor: the underlying
equity total return index.
Figure 2 shows two different proxy function fits, produced using the Curve Fitting method (left-hand chart)
and LSMC method (right-hand chart)3. In both cases a quadratic (order 2) polynomial has been fit. The fitted
quadratic functions are different using the two different methods. From this information alone, can we infer
whether either of these proxy functions are fit for purpose?
Figure 2: Quadratic function fits: Curve Fitting method (left-hand chart) and LSMC method (right-hand chart)

It may be tempting to trust the fit produced by the Curve Fitting method more than that produced by the
LSMC method. After all, we know that this function exactly fits the ‘actual’ value at a number of fitting
stresses, whereas we don’t have any ‘actual’ values to compare the LSMC proxy function to (as these
valuations have been produced using only 2 inner scenarios per fitting stress, and so are subject to relatively
large statistical error)4. However, we only know that the Curve Fitting method produces an exact fit at three
3 The curve fitting method here uses 3 fitting stresses, with 1,000 inner scenarios per stress, while the LSMC method uses 1,000 fitting stresses with 2
scenarios per stress. For both methods, inner scenarios are sampled in antithetic pairs.
4 Actually, the valuations used to fit the proxy function in the Curve Fitting method are also estimated using simulation, albeit with a relatively large
number of inner scenarios (1,000 per stress in the examples here). So even in the Curve Fitting case we don’t have any completely accurate ‘actual’
values to compare the proxy to, though (assuming enough inner scenarios have been used) we should have very accurate approximations.
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stresses (in this case, chosen to be equity index values of 0.58, 1.28 and 1.99), while we really want to apply
the fitted proxy function over a much larger number of stresses. Of course, we can’t compare the proxy
function values to the cash flow model values in all stresses that may be of interest (as this would involve a
full nested stochastic simulation, with a large number of both outer and inner scenarios), but we can validate
in a small number of representative validation stresses. By using the same validation stresses to evaluate both
methods, and using scenarios not used in the fitting process (i.e. out-of-sample data), we can directly assess
the performance of both methods on a like-for-like basis.
An example of such an out-of-sample-validation is shown in Figure 3, which plots proxy against cash flow
model values in 20 validation stresses, chosen to uniformly span the range of equity index values used in the
fitting process. The cash flow model value in each validation stress is estimated using 1,000 risk-neutral inner
scenarios.
Given these results, we conclude that neither the Curve Fitting nor LSMC method has performed particularly
well, and it is unlikely that either would satisfy regulatory validation requirements. While we would caution
against using any single summary statistic to quantify the validation, it is interesting here to look at the outof-sample R2 (measured across the 20 validation stresses) and compare this to the in-sample R2 (measured
across all of the fitting stresses). In this example, the curve fitting method has an out-of-sample R2 of 0.926
(compared to an in-sample R2 of 1), while the LSMC method has an out-of-sample R2 of 0.949 (compared to
an in-sample R2 of 0.904). This illustrates a general feature of these particular types of proxy methods, with
the curve fitting method never producing a higher out-of-sample R2 than its in-sample R2 (which is always
1 by construction). In contrast, the LSMC method may result in a far higher out-of-sample R2 than its insample R2, simply because the in-sample statistic is calculated using a lower number of inner scenarios (and
hence noisier cash flow model estimates).
Figure 3: Validation of quadratic proxy function fits: Curve Fitting method (left-hand chart) and LSMC method (right-hand chart)

Since the choice of quadratic polynomial doesn’t appear to capture the true shape of the option value
particularly well (over the range of validation stresses considered here), we consider raising the order of the
polynomial in an attempt to improve the quality of fit. Figure 4 shows the corresponding fits using order
4 (quartic) polynomials, with an additional two fitting stresses being used for the curve fit, and the same
1,000 fitting stresses as before being used for the LSMC fit. The corresponding out-of-sample-validations are
shown in Figure 5, and indicate that both quartic polynomials provide a far improved fit to the actual values
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(compared to the quadratic fits) in a wide range of validation stresses. Out-of-sample R2 are 0.998 (Curve
Fitting) and 0.999 (LSMC) compared to in-sample R2 of 1 (Curve Fitting) and 0.951 (LSMC). As before, we
note that the in-sample R2 are of limited use in assessing quality of fit, always overstating fitting quality in
the case of curve fitting, and often significantly understating fitting quality in the case of LSMC. The only way
to truly assess fitting quality is via out-of-sample validation, which in this case concludes that both methods
produce similarly accurate proxy functions, despite the differences in the in-sample data used.
Figure 4: Quartic proxy function fits: Curve Fitting method (left-hand chart) and LSMC method (right-hand chart)

Figure 5: Validation of quartic proxy function fits: Curve Fitting method (left-hand chart) and LSMC method (right-hand chart)

While the above discussion has focused on proxy methods of the Curve Fitting and Least Squares Monte
Carlo type, similar conclusions are likely to hold for any proxy method. In particular, the in-sample R2
measures commonly used to assess quality of fit using the Replicating Portfolio method are similarly flawed
as an indicator of out-of-sample performance.5
5 See Barrie & Hibbert Model Insights, “Replicating Portfolios for Economic Capital: Replication or Approximation?” (October 2008).
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3. Validation scenario budget and allocation
There are a number of choices that the proxy function user needs to consider when implementing an outof-sample validation process. Here we consider one of the first choices the user is likely to make: The choice
of how many out-of-sample validation scenarios to use, and also how to allocate these between ‘outer’ and
‘inner’ scenarios.
In the previous section, we described the Curve Fitting and LSMC fitting processes in terms of nested
stochastic simulation, with different compromises made in the number of inner and outer scenarios.
Similarly, the general out-of-sample validation process can be thought of as a nested stochastic simulation:
OOS validation involves carrying out accurate valuations (using a relatively large number of risk-neutral inner
scenarios) under a number of representative stresses to the relevant risk factors (outer scenarios).
The total number of scenarios involved in an OOS validation exercise is:
=
×

(′

′)

(′

′

)

The total number of scenarios is naturally constrained by available computational resources, and in practice
this means that firms will often run as many as possible within some fixed timescale. However, arguing
insufficient resources to perform adequate testing of proxy model performance is unlikely to satisfy
regulatory requirements. A minimal total number of scenarios will be required in order to draw meaningful
conclusions about quality of fit (and hence gain model approval).
Given a fixed computational budget (and therefore total scenario budget), how do we optimally allocate this
between outers (stresses) and inners? In the example validations shown in Figure 3 and Figure 5, we chose a
relatively large number of inner scenarios (1,000) to perform accurate valuations under 20 stresses, involving
20 x 1,000 = 20,000 scenarios in total. We now ask the question: assuming that our scenario budget is
20,000, how does the resulting validation information change as we shift the outer/inner scenario mix?
Figure 6 shows three different validation charts for the same proxy function6. Each validation is produced
using the same total validation scenario budget (20,000) but under different allocations (20, 200 and 2,000
outers)7.
Figure 6: Example validation charts for three different scenario allocations: 20 x 1,000 (left); 200 x 100 (center); 2,000 x 10 (right)

6 The proxy function here is an order 4 polynomial fitted using the LSMC method, representing the value of an at-the-money put option.
7 Here and in most other charts of this type shown in this paper, we have not plotted statistical confidence intervals around the cash flow model values
(because they would be hard to read and/or difficult to estimate), but it should be remembered that these values are just estimates and subject to
statistical error (particularly on the right-most chart, where only 10 risk-neutral scenarios have been used).
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At one extreme (left-most chart), the fit looks good in each stress. However, in this case we only know how
well the model works at a relatively small number of stresses. We can try and counter this by increasing
the number of stresses, while decreasing the number of valuation scenarios (inners) to compensate. More
points appear on the scatter chart, giving a wider coverage of the risk driver space but the noise on the cash
flow model values increases as we do this. The right-most chart tests the quality of fit in a very large number
of stresses, but the quality of fit in any individual stress is hard to assess (since only 10 risk-neutral inner
scenarios have been used to estimate the cash flow model values). There are some seemingly large errors
though these may or may not be due to noise.
We present the question: Which (if any) of the charts in Figure 6 would lead to the conclusion that the proxy
model performs well? Which chart provides the most useful validation information?
In our experience, practitioners will often already have a view regarding the number of inner scenarios
that they typically require to ‘accurately’ value a particular product or book of business (perhaps based on
previous valuation exercises carried out in some other context). However, in the context of proxy model
validation, it is worth assessing the validity of this assumption and putting a quantitative framework around
accuracy requirements. In particular, proxy model users should ask whether it is possible to decrease the
number of inner scenarios (thereby increasing the number of validation stresses and thus gaining further
confidence in the range of stresses over which the proxy function ‘works’). On the other hand, it is important
to ensure that the number of inner scenarios is sufficiently large such that one can draw meaningful
conclusions about the size of any proxy errors relative to Monte Carlo noise. Regardless of how many inner
scenarios are chosen it is important to try and understand the amount of statistical uncertainty in ‘actual’
values, and to assess the quality of any proxy errors in this context. We will come back to this point in
Section 5.

4. Where to validate?
Having chosen the number of validation stresses, where should we place these in the risk factor space?
Ultimately, we want to test that the function is sufficiently accurate in all regions of the risk driver space
where it may be applied. Given constraints on scenario budget, it would be inefficient to place stresses
at points where the function is not required (for example points of extremely low probability and/or low
impact). On the other hand, it may also be inefficient to place too many points too closely in one region of
the risk factor space (leaving other regions empty) as this doesn’t provide complete coverage of all possible
states of the world.

A RISKY STRATEGY: ONLY VALIDATING WHERE THE PROXY FUNCTION INDICATES HIGH
IMPACT
A particularly high risk strategy would be to use the un-validated proxy function to identify a region of the
space believed to be of particularly high impact (e.g. scenarios that the proxy function predicts will give
rise to losses at the 99.5th percentile, or thereabouts) and then to validate the proxy model only in that
region. If the proxy function performs well in this region this doesn’t necessarily imply that it identified the
‘right’ region in the first place, and there is a risk that the proxy function performs well in a region that isn’t
interesting for the particular application that it is being used for.
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An illustrative example demonstrating the potential drawbacks of this approach is presented in Figure 7. We
consider valuation of a lookback put option maturing in 2 years8. The lookback option has a similar payoff
to a vanilla put option. However, the ‘strike’ of this option is not fixed but set at the maximum value of the
underlying fund achieved over the life of the option. This ‘ratchet’ feature is common in many guarantees
embedded in insurance products, in particular variable annuities.
The profile of the change in option value, under stresses to the underlying fund, is shown in Figure 7. Like
vanilla put options, the cost rises as the underlying fund falls (and the intrinsic value increases); however,
the lookback option is also exposed to rising fund values (as the time value increases due to the increasing
strike). Focusing on the region of positive fund returns, the change in value of the lookback option is actually
a linear function of the fund return so can be perfectly replicated by a position in the underlying fund (or,
equivalently, perfectly proxied by a linear function).
Figure 7: Profile of lookback put option and replicating portfolio in underlying fund

Suppose we use this candidate Replicating Portfolio as a proxy for the lookback option. This replicating
portfolio is perfect as long as the fund rises, but an increasingly poor proxy for increasingly large falls in
the fund (underestimating the change in option value in such cases). If we use this proxy model to identify
the 99.5% increase in guarantee cost, this is identified as the scenario where the fund rises by 31%, with a
corresponding increase in guarantee cost of 3% (of the initial fund value). The proxy model would validate
perfectly in this particular ‘biting scenario’.
However, although this is the biting scenario for the RP, it isn’t the biting scenario for the lookback
option. The actual 99.5% increase in guarantee cost corresponds to a 22% fall in the fund value, with a
corresponding increase in guarantee cost of 9%. In summary, the linear proxy model would lead to the
conclusion that the greatest losses are associated with the highest returns on the underlying fund; when in
fact the greatest losses are actually driven by very large negative returns.

8 Here the underlying fund is assumed to follow a Black-Scholes model with a volatility of 10% and risk-free rate of 2%.
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GUIDELINES FOR SELECTION OF VALIDATION STRESSES
Though the above example may seem contrived, it illustrates in an extreme way how restricting validation to
a region of space where the proxy function suggests the impact is largest is a dangerous validation strategy.
Validation may be perfectly adequate (or indeed perfect) in certain regions but extremely poor in others,
and putting too much faith in intuition as to where impact is large exposes the modeler to the risk that their
intuition is flawed. Although it can be useful to hand-pick some validation stresses in regions where impact is
expected to be large, in our view validation needs to test the quality of fit in a much wider range of possible
outcomes.
In our experience, good validation practice involves selecting stresses which are a combination of two broad
types:
1 ‘Hand-picked’ stresses i.e. stresses in regions that are expected to be of particular relevance, motivated either
using a model, or on intuition based on understanding of the particular product/business features. In a VaR application, these often represent ‘extreme’ stresses, for example 99.5% increases and falls in the risk factors (the above
example highlights the importance of considering extreme movements in both directions). Hand-picked stresses
may be univariate i.e. stress individual risk factors with the others held fixed and/or joint stresses i.e. stresses to a
number of risk factors simultaneously. A ‘base’ stress (or non-stress), i.e. valuation under no change to risk factors, is
often included here.
2 Random (or quasi-random) joint stresses. These may be generated by an Economic Scenario Generator (for
example the real-world ESG that will be used to project the proxy function), but more commonly are sampled
uniformly within the range of risk factor stresses used in fitting the proxy function. The aim of the random stresses
is to fill the risk factor space in such a way that we can be confident in wide applicability of the proxy function (and
not just in the extremes for example).
Note that in practice the volume of the risk factor space we are seeking to fill increases rapidly with the number of
risk factors. However, the number of validation stresses that we have seen firms typically run (given typical scenario
budgets) have been around 50, often resulting in large ‘gaps’ in the risk-factor space (where the dimension could be
10 or more). In such cases, there is a risk that the validation overstates the quality of fit simply due to the particular choice of validation stresses used, and another set of validation stresses (chosen using similar principles) would
result in a far poorer validation. Sobol sequences (rather than pseudo-random numbers) are often used to sample
from high dimension multivariate uniform distributions in a relatively efficient way (intuitively, by minimizing the
size of gaps in the space).

An example choice of validation stresses, covering both types described above, is shown in Figure 8 (in two
risk factor dimensions). The stresses used in the fitting process are also shown for comparison (in this case
1,000 fitting stresses sampled from multivariate uniform distribution using Sobol). Note that the handpicked scenarios here are ‘extreme’ in the sense that they are close to the edges/corners of the range of
fitting stresses. However, they do lie within the range of fitting stresses. In general, we would caution against
choosing validation scenarios that lie outwith the range of stresses used in the fitting process (or on the
boundary). If the model user wants to hand pick a validation stress outwith the fitting range, this is perhaps
an indication that the range of fitting stresses is inappropriate, in which case this range should be expanded
to cover the chosen set of validation stresses, and the proxy model re-fit9.

9 Although the process of fitting needs to be carried out before the proxy model can be validated, the modeler should really consider selection of
validation stresses at the same time as selecting the fitting stresses. In an ideal implementation, the choice of validation stresses (or more generally,
consideration of where the proxy function will be applied) should guide the choice of fitting stresses (rather than choosing the validation stresses after
the fit has been carried out).
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Figure 8: Example choice of validation stresses in 2 risk factors

5. Performance metrics
Having chosen validation stresses, we can proceed to calculate ‘actual’ (i.e. accurate) values in those stresses
and compare with values predicted by the proxy function. We have already considered a visual comparison
of values using scatter plots (see Figure 5 for example) but in practice this is usually accompanied by a more
detailed analysis in the form of a table quoting values in each valuation stress along with some error metrics.
There are a number of considerations in making this comparison, in particular:
1 Which values should be compared? Often the proxy model itself describes the market-consistent value of liabilities only (and sometimes a separate proxy function describes the market value of assets), but the ultimate quantity
of interest may be a combination of these. For example, in a 1-year VaR capital calculation (such as the Solvency 2
SCR), the loss is usually defined as minus the change in net asset value (relative to base) and therefore this variable
may be the most useful to focus attention on.
2 How is the proxy value compared to the actual value? Should we focus attention on the error (i.e. monetary difference in values), or the ‘relative error’ (i.e. difference relative to something else)? If the latter, what should we
measure the error relative to?

Figure 9 shows an example validation table, corresponding to the put option example considered in Section
2. The proxy function here is a quartic polynomial in a single risk factor (the underlying fund), fitted using
LSMC, and we compare in 20 stresses chosen to uniformly span the range of fitting scenarios. Stresses in
Figure 9 are ordered in terms of the fund return (the single risk factor in this example).
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Figure 9: Example proxy validation table (one year put option example; quartic proxy function)

In this table, we quote two types of value: (1) the ‘stressed guarantee cost’, i.e. market-consistent value of the
put option under stress (highlighted in green) and (2) the ‘loss’ i.e. the change in guarantee cost relative to
base (highlighted in orange). Although the stressed guarantee cost is the variable that is directly described by
the proxy function, as discussed above we find it useful to subtract off the base guarantee cost (5.57% of the
initial fund value) as it is this change in guarantee cost that defines the VaR capital requirement.
We have also quoted two measures of proxy model error: (1) the error relative to the initial (i.e. unstressed)
fund value, and (2) the error relative to the actual loss in each scenario. The first error can be scaled into a
monetary error simply by scaling up by the monetary value of the fund. The second of these error measures
may intuitively seem useful, and is often quoted, but should be interpreted with care. The seemingly large
relative errors in stresses 6-8 are partly a reflection of the very small loss in these stresses (as they correspond
to very small stresses to the equity fund). Focusing on proxy vs actual losses in these stresses (left-hand
chart in Figure 10) we see that the errors here do indeed appear large in relative terms. However, on a scale
that includes losses in all validation stresses these errors appear small (right-hand chart in Figure 10)10. Since
the VaR capital requirement corresponds to a relatively large stress, it is arguably more relevant to assess
materiality of errors on this larger scale. For similar reasons, some firms also find it useful to express errors
relative to other key balance sheet items, such as the base (unstressed) market-consistent value of liabilities,
or the base guarantee cost.

10 Note that estimated 95% confidence intervals on ‘actual’ losses are shown on the left-hand chart but omitted from the right-hand chart as they are
small on this scale.
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Figure 10: Proxy vs actual loss: Validation stresses 6-8 (left-hand chart); All validation stresses (right-hand chart)

As noted in Section 3, the ‘actual’ numbers here are all estimated using a finite (albeit large) number of
risk-neutral scenarios and so subject to sampling error. Note that many of the errors here are statistically
significant. For example, in stress 1 (the stress with the largest fall in fund value, and hence the largest
increase in guarantee cost), the proxy error is around 12 times the estimated standard error (note that
standard errors are shown in the 5th column of Figure 9). However, statistically significant error isn’t an
issue in itself – after all, no proxy function is likely to be perfect and any (non-zero) proxy error can be made
increasingly large relative to the standard error simply by running more inner scenarios. The important
question here is whether the firm assess proxy errors to be acceptably small, and (as discussed in Section 3),
it is important that standard errors are sufficiently small for firms to be able to make this assessment. The
basic principle to bear in mind here is that the assessment of whether or not the proxy function is successful
should not depend on the random number seeds used in the estimation of the ‘actual’ valuations.
In addition to measuring errors in each individual stress, it can be useful to summarize this information using
metrics such as the average and maximum absolute error, though we recommend that an analysis of errors
in individual stresses should also be undertaken as part of any validation exercise. In particular, it is useful
to investigate whether there are any particular areas of the risk factor space where errors are systematically
large, as this may indicate systematic issues in the fitting process and suggest areas for improvement (for
example in selection of location of fitting stresses).
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6. Summary
In this paper, we have discussed the validation of proxy models, commonly used in the insurance industry to
replace valuations that would otherwise require Monte Carlo simulation. In practice, proxy model validation
inevitably involves a certain amount of subjectivity and is specific to the exact problem at hand. As such,
we have not attempted to provide a prescriptive recipe for how validation should be carried out, but rather
suggest some general ideas and principles based on our experience implementing proxy models with our
clients.
Our key messages are summarized below:
»» Firstly, recognise that there is no “one size fits all” approach to validation. Each problem is unique, and
validation analysis should be tailored accordingly. Think like a regulator: seek evidence contradicting,
rather than supporting, your hypothesis.
»» Out-of-sample validation (i.e. use of scenarios not used in the fitting process) is key. In-sample
statistics (such as in-sample R2) do not necessarily provide a good indication of model quality.
»» Think carefully about scenario budget and its allocation between ‘outer’ and ’inner’ scenarios. Consider
the consequences of increasing budget and shifting allocations – how do your conclusions change?
»» When comparing proxy models with ‘actual’ (Monte Carlo) valuations recognise and quantify statistical
errors in the actual valuations and interpret proxy errors in this context.
»» Ensure validation stresses provide broad coverage of the risk factor space. Don’t just validate where you
think the impact is highest, and in particular don’t assume the proxy model will identify the correct
‘biting scenario’.
»» Materiality of errors should be assessed on an appropriate scale. Think about what the model will be
used for and assess errors in this context.
»» Analyse in detail. Understand how the error behaves across the entire risk factor space, and not just on
average.
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