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Abstract:

Measuring the responsiveness of a market risk model is relevant whenever the focus is on evaluating

if a model is over- or under-reacting to changes in market conditions. Such is the case, for example, in

the discussion about procyclical effects of the initial margin models used both in the centrally cleared

and non-centrally cleared worlds to estimate the potential future exposure of portfolios. By definition,

these models are sensitive to changes in market risk and, as a consequence, when market risk increases,

initial margin requirements will tend to increase. To mitigate procyclical effects, CCPs have put in place

different procyclicality mitigation tools across their risk management arrangements. However, after the

Covid-19 stress, there have been renewed discussions about further monitoring, measuring, and mitigation

of models’ procyclicality. This paper contributes to the discussion by bringing the attention to the fact

that the standard measures of model responsiveness are random variables and, as such, are subject

to uncertainty. Therefore, any decision or policy making that is based on these measures requires, to

be robust, to take into consideration the impact that uncertainty will have on expected outcomes. To

estimate such impact, the analysis examines the case of some typical margin models, both empirically and

within a Monte Carlo simulation setting. The results show there is a significant amount of uncertainty

when measuring responsiveness, which raises questions about the effectiveness of model-focused, hard-rule

approaches to procyclicality.
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1 INTRODUCTION

.

1 Introduction

Quantile-based market risk models, like value-at-risk (VaR), aim at measuring potential future exposure

by forecasting a distribution of returns to estimate the worse potential outcomes with a given confidence

level. While the performance of these models is linked to meeting their target coverage, it may be desirable

to have a model that satisfies some additional properties. For example, if there is a set of models, all of

them achieving similar target coverage but showing different levels of responsiveness to the same sequence

of events, a risk modeller may prefer to choose those models that tend to over- or under-react as little as

possible. He will therefore need to distinguish between models with different levels of responsiveness.

In particular, in the case of the initial margin (IM) models used in bilaterally and centrally cleared

trades, model responsiveness became a key area of focus for regulators after the Great Financial Crisis

of 2007-2008 (CGFS, 2010; CPMI, 2012). The concern was that, in a situation of financial stress, a large

increase in margin requirements would add liquidity pressure to the participants at a time when they are

already struggling; a situation that could potentially amplify the stress and affect financial stability. To

reduce the effects of such procyclical behaviour with respect to the market, regulators and industry have

put several measures in place. However, questions from a subset of participants and policymakers about

whether initial margin calls for centrally cleared trades are still too procyclical seem to come back every

time there is a shock in the market and margin calls increase, as has happened during the Covid-19 crisis

in March 2020, or after the Russian invasion of Ukraine.1

A fundamental element in the discussion and in the implementation of any procyclicality mitigation

tool is our ability to measure the responsiveness of a model. Several measures have been suggested by

regulators and in the academic literature, including measuring the range of margin called over a certain

period, or the largest cumulative margin increase in n-days over a given period. Although these measures

only capture some aspect of the model responsiveness and they can only be used as a tool for comparison

between models, they are sometimes intended to be used for decision making: the risk modeller is expected

to consider a set of selected historical periods, estimate the corresponding margins produced by a set of

acceptable models and, using these measures, select the model that exhibits lower levels of responsiveness

across the sample periods. In some cases, there may also be requirements to set procyclicality “targets”

or “thresholds” against which the risk modeller will validate the choice of model; see, for example, ESMA

(2018, 2022).

However, to the best of my knowledge, little consideration has been given to the fact that, for a given

model, these measures are real functions on a space of random events (the P&L scenarios). That is,

they are random variables and, as such, they are characterized by their probability distribution function.

Therefore, a robust decision making process based on these measures requires acknowledging the presence

of uncertainty in the measurements, for example, by estimating their sensitivity to the choice of scenario.

From a policy perspective, while one cannot legislate across all states of nature, without quantifying the

uncertainty surrounding procyclicality measurements there is a risk of prescribing rules which have a

significant chance of resulting ineffective. It will also be difficult to judge whether a “too procyclical”

behaviour in the future is a failure of the model’s anti-procyclicality credentials, or the likely consequence

of the uncertainty in our measurements.2

The importance of measuring the sensitivity to the choice of scenario can be illustrated with a simple

hypothetical example.

1In fact, at the time of writing, there are several regulatory initiatives re-examining the question of IM procyclicality.

See, for example, the consultations by the European Securities and Markets Authority (ESMA, 2022) and by the BIS-

CPMI-IOSCO (CPMI, 2022).
2While the expression “too procyclical” is often used to characterise a situation of margin flagrantly over- or -under

reacting, it is worth noting that there is no intrinsic notion of “correct” procyclicality.
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1 INTRODUCTION

Figure 1: The graphs illustrate the impact that a small change in the historical series of returns can

have on the procyclicality measurements. Here, the baseline model is an FHS VaR with a 1-year lookback

period and decay factors of 0.98, 0.99 and 0.995. The left panel shows the losses observed in the S&P500

(SPX) from January to May 2020 (100 observations). The centre panel shows the model response in

a hypothetical scenario which coincides with the observed one except on three days of January, where

large losses have been introduced. The right hand panel shows the procyclicality estimates for the real and

hypothetical scenarios using the 5-day cumulative increases LC(5). The models achieve similar coverage

across scenarios: six breaches for λ = 0.99 and seven breaches for λ = 0.995.

Consider the S&P500 in the first quarter of 2020, when volatility spiked across markets, and consider

a filtered historical simulation (FHS) VaR margin model with the decay factor λ calibrated at 0.99 and

0.995 (section 3.1 provides a detailed description of how these models work, and what is the impact of

the parameter λ but, for the time being, it is sufficient to know that higher λ’s produce a less responsive

output). The left panel in Figure 1 shows the margin generated under each one of these models.

Now, consider a hypothetical scenario which is identical to the observed one except that on January

23 and 27 losses were larger than what was observed (center panel of Figure 1).

Suppose that the choice of the less procyclical model is based on estimating the largest cumulative

5-day increase during the period, denoted LC(5) (see Section 3, for details).

It turns out that even with such a small change in the history of events, the choice of the less procyclical

model would be completely different, as the third panel in Figure 1 shows. Since the two models provide

similar coverage, a risk modeller concerned about the short-term increases in margin and using the 5-

day cumulative measure will choose, under the hypothetical scenario, the model with λ = 0.995 as the

less procyclical (LC(5) = 0.49), just to find out, if the real scenario crystallizes, that this instead is

the most procyclical! Moreover, contrary to intuition, when considering the real scenario, models with

lower responsiveness (that is, with higher λ) are not those attracting lower procyclicality values, which

raises doubts about the power of these measures to discriminate between models with different levels of

responsiveness.

It can be argued that the above example is a singular instance of an infinite set of potential scenarios

and that the consistency of the measurements can only be proved or disproved in the long run, in the

same way that, if the model is fit for purpose, backtesting will show convergence between expected and

observed outcomes as the sample size increases.3 It can also be argued that “mechanically” creating

hypothetical scenarios without any consideration of the underlying dynamics (e.g. autocorrelations) is a

flawed approach. Both observations are true, and that is why the probability distribution of procyclicality

measurements needs to be estimated and it needs to be done in a way that is consistent with the underlying

dynamics.

Given the random nature of measures of model responsiveness, two related questions arise: given a

3Backtesting refers to the process of comparing realized outcomes against expected outcomes. In the case of VaR models

with a x% coverage, it is expected that, on average, observed losses will not be larger than the VaR value more than x% of

the time. To test the significance of backtesting results different statistical tests can be applied.
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set of scenarios and a set of acceptable margin models, how sensitive are the measures to the choice of

scenarios? And, how powerful are these measures to discriminate between models with different levels of

responsiveness?

The purpose of this paper is to provide an answer to these questions. This has relevant consequences

for policy making since the greater the uncertainty in responsiveness measurements, or the more sensitivity

to the underlying scenario, the less certainty we can place on approaches to mitigate future responsiveness

that are based on one-fits-all, deterministic rules.

The analysis will be performed using filtered historical simulation (FHS) VaR models, with conditional

volatility estimates generated with an exponentially weighted moving average (EWMA) process. Not only

are these FHS-EWMA models (or some variations of them) often used by central counterparties (CCPs)

in their IM modelling, but they are designed to adjust their responsiveness through a parameter λ (the

decay factor). This allows to know in advance what is the true responsiveness of different models and

test the power of the measures to capture such behaviour.

First, some empirical evidence is gathered by considering the historical returns of three products: the

S&P 500, Brent Oil and Brazilian Real. For each of these series, a set of samples (scenarios) will be

selected using a 4-year rolling window. For each scenario, the corresponding margin is then estimated

and the standard procyclicality measures are applied. One can then test the consistency of the resulting

measurements across the scenarios.

But, while empirical testing is fundamental to support the analysis, it limits the universe of possible

outcomes to some combination of what has already occurred in the past. To provide a forward-looking

view which can account for previously unseen scenarios and to better capture the uncertainty around the

measurements, the analysis will also estimate the probability distribution of these measurements within

a Monte Carlo simulation setting, sampling scenarios generated by a GARCH process which has been

fitted to the S&P500.

The present work is related to the strand of research on procyclicality that looks at the IM model in

isolation and which examines, either theoretically or empirically, the relation between the model’s inputs

and outputs (Abruzzo and Park, 2014; Murphy, Vasios and Vause, 2014; Gurrola-Perez and Murphy, 2015;

Murphy, Vasios and Vause, 2016; Maruyama and Cerezetti, 2019; Murphy and Vause, 2021; Gurrola-

Perez, 2022; Kahros and Weissler, 2021). Previous analyses have often considered historical samples and,

when doing simulations, comparisons are done focusing on mean values. Our contribution highlights the

importance of quantifying uncertainty in procyclicality measurements.

The rest of the paper is organised as follows. Section 2 discusses the main measures of model re-

sponsiveness and their condition as random variables. In Section 3 I establish the notation and formalize

the definitions. Section 4 presents the empirical analysis. In Section 5, I present and discuss the results

of the simulation framework. Section 6 discusses how the results affect the assessment of procyclicality

mitigation tools. Section 7 concludes.

2 Definition and measurement of procyclicality

According to the Principles for Financial Market Infrastructures (PFMIs), the global principles set by

CPMI and IOSCO, procyclicality “typically refers to the changes in risk-management requirements or

practices that are positively correlated with market, business or credit cycle fluctuations and that may

cause or exacerbate financial instability” (CPMI (2012), 3.5.6 and Annex H).

The main concern was that, in a situation of financial stress, a large increase in margin requirements

would add liquidity pressure to the members at a time when they are already struggling, which, under

particular states of the system, could potentially amplify the stress and affect financial stability.

While the principle is clear and is useful to guide risk management decisions, its operational imple-

mentation (that is, its implementation in terms of specific tests and measurements that can be used to
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2 DEFINITION AND MEASUREMENT OF PROCYCLICALITY

identify, quantify, and forecast procyclical behaviours) is not straightforward. There are at least three

reasons for this. First, in terms of the wider system, it would require to identify the thresholds beyond

which a margin requirement may exacerbate a financial stress. But the core characteristics of a complex

system (non-linear interactions, emergence, feedback loops, etc.) are in fundamental contradiction with

such approach. Second, one would need to identify all the channels through which the IM interacts with

the wider system and measure those interactions. Clearing members’ balance sheets, discussed in Faruqui

et al. (2018) are not the only channel; there are also interconnections through the repo markets (Benos et

al., 2022; Gerba and Katsoulis, 2021), and through the members’ network of clients: in CPMI (2022) it

is reported that, during the Covid-19 events, it was generally not the clearing members, but their clients,

who varied in their liquidity preparedness. Third, in terms of the IM models, such implementation is

limited by the fact that reducing model responsiveness is constrained by the need of preserving its risk

sensitivity and of keeping the costs of clearing economically efficient (Gurrola-Perez, 2022; Murphy and

Vause, 2021).

An additional problem, which is the focus of this paper, arises from the fact that there is uncertainty

in measurements of responsiveness and of margin costs.

2.1 Measuring model responsiveness

While the notion of procyclicality is often applied to the IM model itself, referring instead to model

responsiveness, as in CPMI (2022), or to model reactiveness as in Houllier and Murphy (2017), is more

adequate and brings clarity to the discussion. The term procyclicality implies some correlation with a

“cycle” in the system, which may only have an indirect connection with the model’s input or parameters

and which often is more a shock than a cycle (e.g., the “dash for cash” in 2020); it is a property of the

system, “the reinforcing effect of collateralized trades” as expressed in Kahros and Weissler (2021), and

not of the IM model in isolation.

In contrast, responsiveness is a property that can be made operational by describing the model’s output

under a given input. In other disciplines, like macroeconomics or signal processing, the responsiveness

of a system or model is often synthesized in the form of a function (the impulse response function or

IRF) which describes the evolution of the system along a time horizon when a brief signal or shock (the

impulse) is applied. By using a basic impulse, IRFs allow to compare models on an equal footing and

reduce the space of potential inputs to be tested. In the context of IM models and considering volatility

as the main input, Murphy, Vasios and Vause (2014) already hinted at the idea of an IRF for margin

models when they examined how different models respond to pre-specified short-term and medium-term

volatility bumps.

In the case of IM models, the measures of model responsiveness that have been suggested in the

literature, either by academics or by regulators, and which have become more or less standard, are

basically measures of the size and/or speed of the variation in the IM model output (see Figure 2):

Standard deviation (SD) (ESMA, 2022).

Peak-to-trough (PT) ratios (Murphy, Vasios and Vause, 2014; Murphy and Vause, 2021). This is the

ratio of the maximum (or nearly) initial margin required for a static portfolio to the minimum (or

nearly) margin required during a fixed observation period I, for a given underlying process. For

example, Murphy and Vause (2021), consider the ratio between the 99.7th percentile and the 0.3rd

percentile of IM requirements:

PT =
m99.7
T

m0.3
T

(1)

It is mainly a measure of the amplitude of the response to a given scenario.

n-day largest cumulative increase (LC(n)) (Murphy and Vause, 2021) This captures the largest (or

nearly) cumulative increase in margin over an n-day period assuming a constant portfolio over a
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2 DEFINITION AND MEASUREMENT OF PROCYCLICALITY

Figure 2: The figure shows a stylized representation of the aspects captured by the standard measures

of model responsiveness. MAX(n) is the maximum change between the first and last days across n-day

periods. Peak-to-through ratios (PT) capture the range of margin values observed in a given period. All

the measures are a function of the scenario chosen (sample period).

fixed observation period. It is a measure of the speed of the incremental response to a sequence of

events. The margin call could cumulate between day 1 and day n of the window. That is,

LCt = max
w,W

(mt−w −mt−W ), ∀{0 ≤W ≤ ndays, 1 ≤ w < W} (2)

and the LC measure up to t is the X percentile of {LCt|t < T}.

n-day largest increase, MAX(n) The largest increase between the first and the last day in a n-day

period.

While the idea behind these measures is intuitively clear, they have some limitations:

A1) They are not a function of the model only. Instead, they are a function of the models and the

scenarios: a change in scenario can lead to different measurements for the same model. And,

similarly, given a fixed scenario, different models can produce different measurements.4

A2) Since there is no “correct” responsiveness value associated to the model which can be used as ref-

erence of benchmark, the measurements by themselves do not contain any significant information.5

For example, knowing that a model has a PT value of, say, 3.2, is irrelevant, unless information

about the underlying scenarios and the PT produced by other models in identical scenarios is pro-

vided. One can only use these measures as a comparison/ranking tool: given a set of admissible

models (for example, models with the correct coverage), and a set of scenarios, choose those that

over- or under-react as little as possible under the given set of scenarios.

A3) There is no reference to the liquidity or market risk cycle against which procyclicality is predicated.

Therefore, depending on the state of the system, the same level of model responsiveness can lead to

4They are not functions of the volatility of the underlying scenario either, as two scenarios with the same volatility can

lead to different measures of procyclicality.
5Compare with backtesting, where we know, by definition, what is the expected coverage of a model (e.g. 99% VaR) and

we can statistically test whether the breaches observed are consistent with the target coverage to decide whether a model

is fit for purpose.
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completely different systemic outcomes. For example, had market participants been better prepared

on their liquidity arrangements during March 2020, the ”dash-for-cash” would presumably have been

less likely to happen, even with the same level of initial margin calls.

A4) They measure different aspects of model responsiveness (e.g., PT is mostly about amplitude,

MAX(n) mainly about speed, and SD is dispersion around the mean). There is no guarantee

they will be consistent.

2.2 Measures of IM model responsiveness are random variables

A key observation is that, for market risk models based on empirical distributions, standard measures of

model responsiveness are random variables defined over a set of potential P&L scenarios. In other words,

they are functions that, given a margin model, associate a real number to a random sample selected from

the universe of all potential P&L scenarios. This is a consequence of (A1) above and the fact that the

measures make no reference to any particular underlying process.6 In fact, any function that assigns

a real value to the output of a margin model and which also depends on the underlying scenario (for

example, a function that assigns a cost to the margin or a function that counts the number of breaches),

is similarly a random variable on the space of P&L scenarios.

Although the above observation has attracted little attention, it has important consequences. First,

to characterise a random variable one needs information about its probability distribution. Therefore,

to be robust, an analysis based on these measures should inform at least of the mean and the dispersion

around the mean. Without quantifying the uncertainty in the measurements (for example, by estimating

their sensitivity to the choice of scenario or, even better, their whole probability distribution) it is not

known how reliable these measurements are.

In summary, because measures of responsiveness are random variables, a robust assessment of model

responsiveness requires to estimate the probability that, for a given set of scenarios, and for a given set

of acceptable models, the given model produces the less responsive outcome, under a set of measures.

In the next section the above discussion will be formalized.

3 Notation and definitions

Let

� Ω be a set of scenarios ω generated by the same data generating process (dgp).

� M(λ) a set of margin models parametrized by λ, 0 ≤ λ ≤ 1.

� Γ :M× Ω→ R, a function that assigns to each model and each scenario a real value Γ(λ, ω). For

example, Γ could represent

– A measure of model responsiveness

– A cost function: the cost of margin produced by a margin model.

– A backtesting function: a function that assigns the number of breaches produced by a margin

model.

For a fixed λ, the function Γλ : Ω→ R, with Γλ(ω) = Γ(λ, ω) defines a random variable. This is true

whether Γ refers to margin costs, the sequence of backtesting breaches, or any of the standard measures

of responsiveness.

6Compare with the case of IRFs, which use a specific input to characterize the response that is associated to the model.
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Figure 3: The figure illustrates three sources of uncertainty in procyclicality measurement: sensitivity to

1) changes in scenario ω, 2) changes in the model (parametrized in this case by λ), and 3) changes in

the specification Ω defining the set of all possible scenarios. Adapted from the ’Hawkmoth effect’ diagram

in Thompson and Smith (2019)

With regards to the specification of the measures to be tested, we will consider the 5-day cumulative

increase, LC(5); the maximum one-day increase, MAX(1); and the PT ratios and standard deviation,

SD, both estimated over the observation period.

From the discussion in section 2.2, it is clear there are three sources of uncertainty: uncertainty

regarding the choice of dynamic process Ω, the choice of scenario ω, and the choice of model in M
(Figure 3). The research question can therefore be formulated as follows:

Suppose we make a procyclicality assessment based on a measure Γ. How sensitive is our

assessment to 1) changes in scenario ω, 2) changes in the model parameter λ, and 3) changes

in the specification Ω defining the set of possible scenarios.

3.1 FHS models

To estimate initial margins (i.e., potential future exposure), it is common to estimate the distribution

of returns and use quantile-based risk measures like Value-at-Risk (VaR) or Expected Shortfall (ES).7

These estimates are used directly to determine the IM, or are sometimes used as an input to a scenario-

based model. If the forecast distribution is based on historical returns then, to account for the presence

of conditional volatility and to improve the responsiveness of the model, one can estimate VaR using a

Filtered Historical Simulation (FHS) process where the historical sample is rescaled using the most recent

conditional volatility estimate. These models (or some variants of them) are common across CCPs. When

conditional volatility is estimated using an EWMA or GARCH process, we have the further advantage

that we know, by design, which models are more or less responsive to the arrival of new information.

In the case of using an EWMA parametrization, the models can be linearly parametrized by the decay

factor λ, 0 ≤ λ ≤ 1 which determines the responsiveness of the model to new information.

Unless otherwise stated, we will estimate percentage VaR and we will follow the convention of quoting

VaR (and portfolio losses) as positive numbers.

7VaR is the maximum expected loss of a portfolio over a given time horizon and with a given probability and ES is the

expected loss beyond a given VaR. See Dowd (2005) for a general reference.
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The FHS-EWMA models are defined as follows. For each day T , let DT be the distribution of returns

at time T . In the case of historical simulation models, DT is the empirical distribution of the observations

yT = {rT−N , ..., rT−1}, where N is the length of the look-back period.

In the filtering approach proposed by Hull and White (1998) the empirical distribution DT is rescaled

so that its volatility matches the most recent volatility estimate. Returns are first standardized to obtain

residuals which are assumed to be approximately stationary. This residual sample is then rescaled using

a conditional volatility estimate that will be derived from an EWMA volatility updating scheme. In

other words, on each day T , instead of directly calculating a percentile from yT , each one of the historical

returns rt in yT is divided by the volatility estimate σt for day t. The resulting standardized returns are

then multiplied by the conditional volatility σT to obtain the rescaled returns

Rt = rt ×
σT
σt

(3)

In the case of using EWMA volatility estimates (as is often the case with CCPs), the volatility forecast

at time t for time t+ 1 can be calculated using the recursive formula

σ2
t+1 = λσ2

t + (1− λ)r2
t (4)

The decay factor λ determines how the volatility estimates incorporate past and new information. The

sensitivity to new information increases as λ gets close to 0, while the persistence of the past will increase

as λ is closer to 1. The FHS model is therefore more reactive as the parameter λ decreases. CCPs tend

to apply decay factors in the higher range (> 0.97). Our example will use λ = 0.96, 0.97, 0.98, 0.99 and

0.995.

4 Sampling from historical series

We can start the analysis by sampling from historical series of returns. We will consider the P&L of

holding a long position in, respectively, the S&P 500, the Brent Oil and the Brazilian Real. For each one

of these products, we estimate around 15 years of returns (Figure 4), from which we generate 1000-day

rolling samples of returns and we estimate the margin required in the last 250 days of each sample under

each of the models to be tested.8 We then measure the procyclicality of each model over each one of

these samples using the standard measures. Finally, we rank the models according to each measure and

we estimate the frequency of consistent rankings across simulations.

Table 1, shows the ratio of success obtained under the different measures and for the five different

models. Here, success is interpreted as correctly ranking the models according to their λ. For example,

a 0.76 ratio indicates that in 76% of scenarios the pair of models were correctly ranked (i.e., lower

procyclicality measurement coincides with higher λ) and 24% showed the ranking reversed. Without

any a priori knowledge of the model, this can be interpreted as having 24% chance of getting the initial

selection wrong.

One perhaps could improve the chances of getting greater consistency by choosing a stressed period

as initial testing sample. However, reversals also occur within samples chosen from stress periods. The

example in Figure 5 illustrates this. When looking at MAX(1), if tested at the period of high volatility

observed at the end of 2011, the model with λ = 0.98 would have been (wrongly) chosen as the less

responsive, compared to the model with λ = 0.995). But this choice would have proved wrong throughout

2017 and 2018, and at the start of 2020. Both models provide similar coverage, with around 1.6% and

1.4% of breaches.

8Clearly, the rolling samples overlap. However, because margins are path dependent, even if two samples overlap except

for the first and the last values, the margins can be completely different. The Monte Carlo simulation in the next section

will allow to generate completely independent samples.
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(a)

(b)

(c)

Figure 4: The figures show the return series of the S& P500, Brent Oil and the Brazilian Real. The

datasets comprise from 4 January 2005 to 26 May 2020 (3940 observations). Data source: Refinitiv.
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Table 1: The table shows the success ratios for standard responsiveness measures when comparing betwen

pairs of models with different λ. Γ(λ) represents the outcome of applying the responsiveness measure Γ to

the set of scenarios. For each simulation, success is interpreted as having Γ(λi) > Γ(λj) when λi < λj.

The table also shows the ratio of coincidence between the different measures.

Γ( ) Γ(96) > Γ(97) Γ(97) > Γ(98) Γ(98) > Γ(99) Γ(99) > Γ(995) Γ(96) > Γ(995)

S&P500 PT 0.83 0.91 0.84 0.78 0.90

SD 0.74 0.73 0.73 0.69 0.75

MAX(1) 0.89 0.76 0.85 0.73 0.85

LC(5) 0.91 0.87 0.83 0.76 0.91

Coincidence 0.66 0.54 0.56 0.40 0.56

Brent PT 0.94 0.92 0.80 0.75 0.90

SD 0.81 0.78 0.68 0.61 0.72

MAX(1) 0.95 0.83 0.75 0.65 0.93

LC(5) 0.92 0.93 0.91 0.87 0.99

Coincidence 0.75 0.69 0.49 0.39 0.68

Brazilian Real PT 0.97 0.94 0.89 0.85 0.93

SD 0.80 0.76 0.78 0.68 0.86

MAX(1) 0.84 0.90 0.69 0.74 0.87

LC(5) 0.93 0.99 0.88 0.81 0.98

Coincidence 0.70 0.67 0.51 0.45 0.73

Figure 5: The figures show the MAX(1) values obtained when measuring model responsiveness over rolling

samples of the S&P500 time series. The FHS models have λ = 0.98 and 0.995. As is typical of rolling

window estimations, there are sharp jumps (ghost effects), produced by events falling out of the window.

5 Monte Carlo simulation

Since historical sampling limits the universe of possible outcomes to combinations of past scenarios, to

obtain forward looking estimates and quantify uncertainty around the forecasts one can approach the

question using Monte Carlo simulations. Broadly speaking, the process will consist of the following steps:

1. Estimate a GARCH specification fitted to a real series of returns (e.g., the S&P500), choosing two

regimes: ”normal” (N) and ”stressed” (S).

2. For each regime, simulate 10,000 paths, each with 1,000 observations, as innovations from the

corresponding GARCH process.

3. For each simulated path,

� Estimate initial margin according to five margin models which, by design, have different levels

of responsiveness.

� Estimate model responsiveness using standard measures: SD, PT, MAX(1), and LC(5).

� Rank models.
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5 MONTE CARLO SIMULATION

4. Estimate the frequency of consistent rankings across simulations.

5.1 Data generating process (dgp)

For the data generating process, consider a GARCH(1,1) process with normal innovations,

Xt = σtzt, zt ∼ N (0, 1) (5)

σ2
t = ω + αX2

t−1 + βσ2
t−1 (6)

where the innovations zt are independent and identically distributed (iid), and ω > 0, α > 0, and β ≥ 0

are constants.

The sum α+β controls the persistence of volatility and α controls its responsiveness: larger α means

that large price moves in one period generate large price movements in the next period.

Note that the additional condition α + β < 1 ensures that (Xt, σt) admits a stationary ergodic

distribution (the unconditional distribution). Glasserman and Wu (2016) also introduced the parameter

κ, which is defined as the strictly positive solution to the equation

E[(αz2 + β)κ/2] = 1 (7)

The parameter κ describes the tail of the unconditional distribution. Smaller values of κ corresponding

to the heavier tails and to a wider gap between the average conditional volatility and the unconditional

one Glasserman and Wu (2016).

For the purposes of identifying two different regimes, the GARCH specification is fitted to two subsets

of the S&P 500 data. The first, labelled “normal (N)” will cover the period until October 2019. The

second one, labelled “stressed (S)’ will cover from December 2019 to May 2022, to capture the Covid-19

stress. Table 2 presents the estimation of the GARCH coefficients when fitted to the subsets of S&P 500

data.

Table 2: The table shows the parameters obtained from fitting a GARCH(1,1) specification to two subsets

of the S&P 500 data. The first, labelled “normal’ (N), covers the period until October 2019. The second

one, labelled “stressed’ (S), covers from December 2019 to May 2022.

Normal (N) p-value Stress (S) p-value

α 0.1207 0.0000 0.2628 0.0000

β 0.8566 0.0000 0.7159 0.0000

α+ β 0.9774 0.9786

κ 4.85 2.60

Unconditional vol 0.0102 0.0208

To illustrate the testing design, Figure 6 shows an example of simulated path (1,000 observations),

with two FHS-EWMA VaR margin estimations over the last 250 days of the path, using a 250-day

lookback period.

For the last part of the analysis, for each simulated path and for the different margin models, the

“procyclicality” of margins is estimated using standard responsiveness measures.

The models are then ranked according using these measures and the model showing lower responsive-

ness is selected.

Finally, the frequency of success in the selection (i.e., the number of times the procyclicality measure

selected the less procyclical model) is estimated. The ratio of success relative to the number of simulations

is a measure of the power of the test; the closer the ratio is to 1, the more powerful the test.

11



5 MONTE CARLO SIMULATION

Figure 6: The figure illustrates the generation of margin for each simulated scenario. Given a 10000-day

simulated path of returns, generated by a given GARCH specification, the FHS VaR for the last 250 days

is estimated using 250-day rolling windows.

Figure 7: The figures show the distribution of values for each measure of responsiveness: the PT-ratio,

MAX(1) and LC(5), and for each λ. The top (resp. bottom) row corresponds to the normal (resp.

stressed) regime. Sampling was done considering 10,000 simulations of a GARCH(1,1) process.

5.2 Simulation results

Figure 7 shows the distributions of the measures Γ obtained for the different λ. In all cases there is

significant dispersion around the mean, but this becomes more notable with MAX(1). In all cases,

there are large, extreme positive values. Finally, although the stressed period (S) appears to attract less

disperse measurements, this is only a question of scale; they are in fact significantly more fat-tailed.

Table 3, shows the ratios of success, where success is equivalent of providing a ranking that is consistent

with the responsiveness of the model, as defined by the parameter λ. In other words, if we compare to

models, say one with λ = 0.97 and the other with λ = 0.98 we would expect that, when measuring

procyclicality under measure Γ we would obtain Γ(0.98) < Γ(0.97). When this is the case in a given

simulation, we consider the ranking as “success”. If this doesn’t happen it means that the ranking

12



5 MONTE CARLO SIMULATION

provide by the measure Γ is reversed. The higher the success ratio, the more consistent is our measure

in picking up the correct model.9

Table 3: The table shows the success ratios when comparing pairs of models with different λ. Success is

defined as providing a ranking that is consistent with the responsiveness of the model, as defined by the

parameter λ.

Regime Γ( ) Γ96 > Γ97 Γ97 > Γ98 Γ98 > Γ99 Γ99 > Γ995 Γ96 > Γ995

N PT 0.92 0.89 0.85 0.83 0.95

SD 0.76 0.76 0.76 0.82 0.87

MAX(1) 0.79 0.75 0.65 0.46 0.74

LC(5) 0.90 0.87 0.81 0.64 0.93

Coincidence 0.60 0.56 0.48 0.35 0.64

S PT 0.89 0.85 0.82 0.84 0.91

SD 0.69 0.70 0.71 0.78 0.79

MAX(1) 0.75 0.70 0.62 0.54 0.72

LC(5) 0.88 0.85 0.83 0.75 0.94

Coincidence 0.52 0.49 0.42 0.38 0.56

The results in Table 3 suggest that the resulting rankings are not very consistent. For example, PT

consistently provides higher success ratios, but this is probably the less useful measure as it doesn’t

capture short-term changes. At the other extreme, it is clear that MAX(1) is the least reliable with

success ratios as low as 46%.

When comparing across different λ, success ratios tend to decrease as λ closer to 1; that is, as

models become less responsive, the discriminatory power of the measures decreases. On the other hand,

coincidence between measures is very low (between 35% and 64%), which may not be surprising as they

are measuring different things.

Finally, it is also interesting to note that, while the lack of consistency is more or less the same between

regime N or S, the procyclicality measures tend to be slightly larger for the less volatile period (regime

S). This may seem surprising, but only because there is a misconception that testing the model under

stressed conditions would somehow increase the chances of the model performing well (procyclicality

speaking) under all conditions. This is true when we are testing the model actual performance (its ability

to target a coverage level) because there exists a link between events at the tail of the forecast distribution

and the frequency and size of breaches. But such link is inexistent when talking about procyclicality. In

other words, as the example shows, testing responsiveness under stressed conditions does not guarantee

capturing the most extreme responsiveness values.

One could think that the differences leading to ranking reversals could be very small, in which case

such reversals could be more a consequence of minor differences or noise. To test this, one can estimate

the differences Γ(λ1)-Γ(λ2) for pairs of models with λ1 < λ2. The distribution of these differences show

that negative values (i.e., wrong rankings) are frequent and can be significant, as depicted in Figure 8.

These results highlight the importance of quantifying uncertainty in any procyclicality assessment.10

A full statement of model procyclicality should reference the sensitivity to the different choices involved

in our measurement. In other words, what we can only assert that ”under a procyclicality measure Γ,

and for a given type of scenarios Ω, we expect model M1 to be less procyclical than model M2, X% of

the time”.

9One could argue that a ratio close to zero can also be useful, as it shows consistency in the choice, even if the choice

does not coincide with the decay factor. Indeed, from a decision-making perspective, the situation deteriorates as the ratio

moves away from 1 or 0.
10As robustness test, one can verify the sensitivity of the ranking success ratios to the number of simulations. The results

suggest stability after approximately 2000 simulations.
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6 UNCERTAINTY AND PROCYCLICALITY MITIGATION STRATEGIES

Figure 8: The figures illustrate the distribution of the differences between pairs of measurements

6 Uncertainty and procyclicality mitigation strategies

Intuitively, one can think of three broad approaches to moderate model responsiveness: recalibration of

the model, introducing a drag or friction force, or overlaying a countercyclical component. Each will

affect the model’s responsiveness in different ways and to a different degree.

1. Model (re)calibration This could be the case if the model includes parameters that can affect

responsiveness. For example, longer lookback periods in historical VaR tend to produce less re-

sponsive output. In FHS-EWMA VaR models, larger decay factors correspond to less responsive

models too.

2. Adding a drag or a friction force. For example, averaging the model output with a less

responsive component (the drag force) to slow down overall responsiveness. An example could be

assigning a 25% weight to a component estimated using stressed observations, as in ESMA (2013).

Other option is to create a friction force where the weight changes dynamically, so that higher

weights are assigned in low-volatility conditions (and vice versa), as proposed in Murphy and Vause

(2021). An approach where the drag force is based on implicit volatility, scaling up (resp. down)

the key risk drivers during quiet (resp. stressed) periods, has been proposed by Wong and Zhang

(2021).

3. Adding countercyclical overlays

� Exogenous to the model: For example, a buffer that could be depleted when markets

become stressed and replenished as markets return to normal. To be effective or even beneficial,

the overlay needs to be correctly linked to the relevant ”stressed/normal” cycle. 11 The

“buffer” tool required by ESMA (ESMA (2013, 2022)), would be an example.

� Endogenous to the model: For example, floors based on (some) model response to past

stressed market conditions. For example, ESMA requires a floor defined by a fixed 10-year

historical period (ESMA (2013, 2022)).

There may also be tools that combine two or more of these approaches. For example, the dynamic

cap and floor of (Goldman and Shen, 2020) is based on minimizing a loss function with two competing

objectives: risk sensitivity (model accuracy) and mitigation of procyclicality.

Different authors have already pointed out the limitations of the “buffer”, the “stress”, and the “floor”,

as defined in ESMA (2013); see, for example, Glasserman and Wu (2016); Maruyama and Cerezetti

(2019); Murphy, Vasios and Vause (2016) or Gurrola-Perez (2022). But, from the perspective of the

11Countercyclical buffers used in the banking sector can be a related example. But in that case the countercyclical buffer

is typically set up by the authority (e.g.,the ECB in the case of the EU) and its calibration is determined by a set of clearly

defined economic indicators. Two problems with applying this mechanism to IM are that the financial indicators are unclear

and the time-frame is much more shorter.
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present analysis, it is worth noting that any of these “antiprocyclicality” (APC) tools is subject to

parameter estimation risk, which will add up to any measurement errors in the procyclicality assessment.

This is clearly the case, for example, for the buffer, where the choice of the times for consumption and

replenishment can determine whether the buffer is beneficial, irrelevant, of even detrimental (Murphy,

Vasios and Vause, 2016).

Moreover, the analysis of the impact of APC tools only makes sense under constraints on (maximum)

cost and on (minimum) risk sensitivity Gurrola-Perez (2022). But any measure of cost which is a function

of the margin levels, like the average margin required in a given sample period (Murphy and Vause, 2021;

ESMA, 2022), presents the same challenges as measures of procyclicality: it is a random variable that

depends on the dynamics of underlying process, and therefore there is some degree of uncertainty in its

estimation.

So given 1) the uncertainty surrounding measurements Γ of cost and responsiveness, 2) the different

parameter choices involved in calibrating an APC tool, and 3) the cost-benefit constraints imposed on

the problem, how reliable an assessment of the effectiveness of these APC tools can be?

To illustrate this, consider the impact of adding a static floor, which is the simpler of the APC tools

(it involves only one parameter, the floor level) and therefore involves less parameter estimation risk.

As in Murphy and Vause (2021), margin cost, C, can be measured as the average margin required in

a given sample period. To illustrate the impact of uncertainty when estimating the trade-off between

model responsiveness and margin costs, the top panels in Figure 9 show the mean values together with

the first and third quantiles of the distributions of LC(5), MAX(1) and C, for different floor levels.

The two top graphs show, for example, that an 10% average increase in IM costs corresponds to

a 6.25% reduction in average LC(5) and a 9% reduction in average MAX(1). But there is substantial

dispersion around the average values and, in the case of costs, the estimation error increases as the floor

increases.

Although the above statistics already give an indication of the effects of uncertainty when measuring

the impact of adding a floor, the whole picture only emerges if we look at the full distribution of outcomes.

To illustrate this, the bottom graphs in Figure 9 show the points obtained for each individual simulation

in the particular case when the floor level is set at f = 0.015. This floor level is the average, across

all simulations, of the minimal margin value observed in each simulation. The graphs also indicate

(with a black asterisk) the point corresponding to the average reduction in procyclicality. In both cases,

the dispersion around the average values is substantial, confirming the limitations of relying on average

procyclicality values to assess the impact of an APC measure without quantifying the uncertainty in

those measurements. In fact, there are many instances in which the introduction of the floor increases

costs by 20% or 25% without delivering any reduction of procyclicality at all.12

Finally, since there is no absolute reference or target, it is not known what an optimal trade-off (if

any) could be.

7 Conclusions

By bringing the attention to the fact that standard responsiveness (procyclicality) measures are random

variables on the space of P&L scenarios, the analysis has shown that the assessment of model responsive-

ness using these measures can be significantly sensitive to the choice of scenario and of underlying process.

In some cases, forecasting which model among a set of acceptable models will be the less responsive in a

future scenario is almost equivalent to throwing a coin. Moreover, the assessment is also sensitive to the

measure chosen.

12In a few cases, procyclicality is reduced to zero, corresponding to situations in which the floor was high enough to make

the margin irrelevant.
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Figure 9: The figures at the top show the procyclicality values of LC(5) (left panel) and MAX(1) (right

panel), and the estimated margin costs for different floor levels. The continuous line is the mean value and

dotted lines represent 1st and 3rd quartiles. The model is an FHS VaR with λ = 0.98 The bottom figures

show the individual reduction in procyclicality and increase in cost points obtained for each simulation

for a floor level of 0.015. The left panel shows the case of LC(5) and the right panel shows the case

of MAX(1). The black asterisk shows the point corresponding to the average change in cost and in

procyclicality: (0.0138,-0.0429) for LC(5) and (0.0138,-0.0762) for MAX(1).

The significant uncertainty in measurements implies that, when estimating the trade-off between

costs, procyclicality, and risk sensitivity, there is a considerable probability of getting the conclusions

wrong for a large set of scenarios. This is even more true when we move out of model-land and into

the real world, where events deviate from historical patterns and do not necessarily accommodate to

our hypothetical scenarios: we can have a very good model (procyclicality speaking) and still have a

probability of obtaining a more “procyclical” outcome under a future real scenario. And this will not be

a failure of the anti-procyclicality credentials of the model, but only a consequence of the uncertainty in

our predictions.

All the above highlights the importance that quantifying uncertainty has for a robust decision making

process.

The results have also implications for policymaking.

For example, in addition to the fact that there is no intrinsic responsiveness benchmark associated

to a model, large estimation errors in measurements of model responsiveness imply that requirements to

define hard thresholds or targets and to implement specific tools in case of breaching those thresholds

could be inherently ineffective.

Uncertainty around the costs and procyclicality measurements, together with the additional model

risk brought by APC tools, also means that there is some non-negligible probability that, in some future
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scenarios, we will find these tools to be miscalibrated, inefficient, or even detrimental. This, together with

the empirical evidence that their effectiveness can be very sensitive to the calibration and to the type of

portfolios on which they are applied (Kahros and Weissler, 2021), should advise against prescribing them

as one-size-fits-all solutions.

The above does not mean that CCPs should stop adopting margin arrangements that, “to the extent

practical and prudent, limit the need for destabilizing, procyclical changes” (PFMIs). But the presence

of uncertainty in model procyclicality forecasts draws a limit to what can be achieved through model-

focused, hard-rule approaches, and underlines the importance of expert judgement to address model

responsiveness on a case-by-case basis.
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