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Summary

Predictions of the value of the implied volatility of an FX pair are commonly used as inputs to pricing models in an FX
option trading strategy. Depending on the trading strategy, however, a metric that quantifies implied volatility relatively
across currencies can be of supplemental value or of more interest than level prediction for a single currency.

¢ Predictions of the relative magnitude of movement among the implied volatilities of FX pairs using pairwise ranking
algorithms typically used for collaborative filtering and search algorithms consistently outperform predictions derived
from standard implied volatility forecasts.

¢ Rank modeling shows that PCA components derived from equity and commodity indicators are the key drivers for
both short and long-term forecasts and the change in implied volatility surfaces are of primary importance in short-term
forecasts.

® The ensembling of independent forecasts of level, direction, and relative magnitude of implied volatility can be used in
establishing forecast confidence and informing a trading strategy.
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1. Introduction

One key idea of our FX Implied Volatility (IV) research is
to develop independent models to predict three
different targets; the level, direction of movement and
relative magnitude of movement among the implied
volatilities of FX pairs. If all three predictions confirm
each other, it would create higher confidence about the
forecasts. Combining the three forecasts can be helpful
in increasing profitability of an FX option trading
strategy. In our prior published papers [1,2,3] we have
applied various machine learning algorithms to predict
levels and directions of implied volatilities in 1 day, 1
week and 1 month forecasting horizons. In this study, we
apply learning-to-rank algorithms to predict the relative
magnitude of movement among the implied volatilities
of eight FX pairs.

Machine-Learned Ranking, or Learning-to-Rank, is a
class of algorithms that apply machine learning
approaches to solve ranking problems. Ranking
algorithms were originally developed for information
retrieval problems. Recently, however, they have been
used in a wide range of applications including
recommendation systems, computational biology, and
software engineering. Learning-to-rank algorithms can
be categorized into three groups based on their problem
formulations: pointwise approaches, pairwise
approaches, and listwise approaches. The pointwise
approach is to predict a quantitative score associated
with each element in a list to be ranked. Pointwise
approach includes Pranking [4], McRank [5] , and Ordinal
Classification Support Vector Machine (OC SVM) [6].
The pairwise approach formulates the problem as a
sequence of binary classifications. Pairwise approaches,
while typically more computationally intensive than
pointwise approaches, have the clear advantage of
incorporating relationships between pairs of items.
Pairwise approaches include PolyRank [7], SortNet [8],
RankNet [9], and RankSVM [10]. The listwise approach is
perhaps the most direct approach to the ranking
problem. These algorithms seek to directly minimize loss
defined by some evaluation metric as a function of
observed rankings in a training dataset. Listwise
approach includes ListMLE [11], ListNet [11], and AdaRank
[12]. The choice of approach depends on the application.
In the application of the prediction of relative magnitude
of implied volatilities, we propose to use a pairwise
approach, for performance and computational reasons
that will be discussed in Section 2.

2. Methodology

2.1. Data

The data (source: Bloomberg) used in this study
consisted of 75 points of the implied volatility surface at
the daily level for eight foreign exchange currencies
from January 1, 2014 till June 11, 2019. The 75 points
corresponded to five values of delta: 10 Call, 25 Call, At
the Money (ATM), 25 Put and 10 Put, and fifteen values
of expiry: 1, 2, and 3 weeks, 1, 2, 3, 4, 6, and 9 months, 1,
1.5, 2, 3, 4 and 5 years out. The feature data consisted of
2,182 economic feature variables categorized by
Commodity, Equity, Economic, Yield, Interest Rate,
Currency Historical, Currency Implied Volatility,
Currency Spot, EM Sector, and S&P 500 Sector data.

We first construct a training dataset for our problem by
creating rankings of pairs across history. Of interest is
relative, not absolute, magnitudes of movements. That
is, since FOREX pairs have different mean and variance
levels of volatility, we must first standardize historical
values in order to compare movements on the same
scale. Additionally, since the distribution of historical
volatilities vary in levels of deviation from normality, we
fit Box-Cox transformations to each point of every pair
before calculating Z-scores to use as the quantitative
value for generating historical rankings. That is, for the
volatility value y, ., of a given pair for delta d, expiry e,
and time t, we calculate

@ _ yél,e,t
Yd,e,t - 1-1

where A maximizes a Normal likelihood of data for a
pair, delta, expiry combination. We then compute the
Z-scores of the transformed variables over time and
generate ranks 1, 4 .. by ranking the eight pairs’ Z-
scores for each day.

2.2. Formulation of Ranking Problem

The typical problem in implied volatility (IV) modelling
is level forecasting. That is, to learning a prediction
function 9., = f(X,) that predicts future values of
implied volatility given a feature space X, associated
with time t. The ranking problem, however, seeks to
learn a ranking function 7, = f(X,) that maps a list of
items to a ranked list based on some quantitative
context. In our application, f maps a list of exchange
rates to a predicted list ordered by movement in implied
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volatility. Exchange rates expected to have a large
relative decrease in IV will have a low rank in the
prediction vector, while exchange rates expected to
have large relative increase in IV will have a high rank.

2.3. Pointwise Approach

In the pointwise approach, we assume that for a point on
the IV surface each currency has some numerical score
associated with it depending on the date. Then the rank
problem is approximated by a regression problem or by
an ordinal regression problem. This assumption, of
course, ignores interactions between subjects and group
structure in the ranking problem. We include this
approach for completion as well as an illustration of the
significance of the interaction and group structure. As
previously noted, there are a number of pointwise
approaches to ranking, including Subset Ranking [9],
McRank, Prank, and SVM. We will consider here just an
ordinal classification SVM. A k-class ordinal
classification problem can be transformed to k — 1
binary classification problems. Using the methodology
described in the referenced work, for a single rank
prediction, we fit k — 1 linear SVM classifications to
binary responses using predictors engineered from our
feature set. The features were generated via principal
components analysis (PCA) dimensionality reduction.
Specifically, for each category of feature, we performed
a separate PCA and took the components found to be
correlated with the classification labels. We discuss the
variables selected to be predictive of rank in Section 2.7.
The resulting ordinal classifications for each currency
were used to rank the currencies. This approach to
ordinal classification is visualized in Figure 1and 2.

Figure 1: Ordinal Classification Problem
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Figure 2: Ordinal Classification as Binary Classification
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2.4. Listwise Approach

The listwise approach to ranking is to consider ranked
lists as instances and to train a ranking function through
the minimization of a listwise loss function. Typical loss
functions are based on Kullback—Leibler divergence,
mean average precision, and log-likelihood. To illustrate,
we consider the ListMLE algorithm as proposed in [7].
Given observed rankings y and feature vectors x,
ListMLE seeks a scoring function g by maximizing the
sum of the log-likelihood functions

Z logP(y”; x®, g)
i=1

where

P(y®; x®, g) = ﬁ exp (g(xy(i)))

i=1 2k=i €XP (g(xy(i)))
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That is, the likelihood function of a Placket-Luce model.
The scoring function is typically chosen as a linear
Neural Network.

2.5. Pairwise Approach

In the pairwise approach, ranking is transformed into
pairwise classification problem. That is, for a given delta
and expiry combination, we generate a dataset of
pairwise rankings y; ;. where i indexes one pair, j >

i indexes another as

Yij = I(Pairi < Pair j)

To solve such a problem, we transform our input data
using the pairwise transform. That is, we form the
difference of all elements in the list of items to be ranked
such that our data is transformed to

(i Vi) = (x; — x;, sign(r; — 1)

The result of the pairwise transformation is input data to

a binary classification problem for each pair of
Kk(k—1)

currencies. In fact, for k currencies, we have such
problems. The results of a binary classification of
I(Pair i < Pair j) is a probability:
ije = P(yije = 1)
= P(Pair i < Pair j)
Figure 3: Pairwise Classification Problem
[ ]
o
[ ]
1 -
e _o
L X ]
¢ Class
o %
04 * ° 1
o.. e ¢ 2
L) ¢ 3
14 ‘e® 4
[ ]
* - e
° .. [ ]
2=
°
2 K 0 1 2

Source: MetLife Investment Management

Figure 4: Pairwise Classification as Binary

Classification
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This approach to pairwise comparisons through binary
classification is illustrated in Figure 3 and 4.
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While the RankSVM uses a Support Vector Machine to
fit f; ;, any linear model could be used. We use a
logistic regression with an elastic net penalty [17] as we
found it to provide better out of sample performance as
well as computational performance. For a date t and
delta-expiry point, we get a matrix of predicted
probabilities like the one in Table 1.

Table 1: Matrix of Predicted Pairwise Probabilities

AUDUSD USDMXN EURUSD

AUDUSD - 1, f1g
USDMXN [N -

EURUSD [N -

Source: MetLife Investment Management

Note, that there is no clear resulting ranking from this
matrix. Here, to transform these results to a ranking, we
propose to fit the Bradley-Terry probability model to the
matrix. That is, we make the model assumption

pj
pi +pj

P(i <)) =

where p; and p; are positive values assigned to currency
i and j respectively. That is, the probability that the
movement of pair i is less than the movement of pair j is
a function of two arbitrary “scores” inherent to each pair
independent of the pair it is being compared to.

For fitting the values of p;, we maximize a binomial
likelihood function of observed values P(i < j). That is,

forp = (py, -, Pi),

n

n
p = max, Z w;; logp; — wy; log(pl- + pj)

L

where w;; = Yy;;. The result is a fitted value of p; for
each pair in our matrix. The predicted rank for a given
date, delta, expiry combination is thus the ordering of
the scores of the pairs.

3. Results

3.1. Key Drivers

Key drivers of the rank of the list of FX currencies are
identified through each of the modelling approaches.
We propose the pairwise model for this application
based on predictive performance and computational
considerations and therefore present the variables
considered by the pairwise model as the key drivers of
rank. Using AUC (Area-under-curve) as a performance
metric, we found the most predictive features in both
the short and long-term forecasts to be PCA
components derived from equity and commaodity data,
as well as change in implied volatility surfaces for short
term forecasts. The variation in the response explained
by the components generated from these sets was
about equal. The components generated from the other
feature sets offered no additional predictive power.

3.2. Out of Sample Performance

We now observe the out-of-sample performance of the
proposed methods compared to a benchmark. The
metric chosen for evaluating ranking models was
percentage of concordant pairs of ranked predictions
with out-of-sample actual rankings. That is, for a given
hold-out date, a training dataset was generated from all
data preceding the hold out date using the methods
explained in the previous section, as well as a test data
set from all data following the hold out date. Then for
dates t following the hold out date, we have rank
predictions J; ; , and out-of-sample actual predictions
it In vector notation, we have two 8-dimensional

vectors § and y. There are thus Szﬁ = 28 pairs of two

elements each from 9 and y. A pair is called concordant
when the pairs of elements have the same ordering. To
establish a benchmark model, we generate rank
predictions derived from forecasts from a level model.
Specifically, these benchmark predictions are derived
from IV level forecasts from an order-5 Vector-
Autoregression (VAR) model. To convert these level
forecasts to rank predictions, we applied the same Box-
Cox transformation to the level forecasts as in the
generation of the training data and took their Z-scores.
For each expiry-delta combination, the Z-scores
corresponding to each pair were ranked, resulting in
what is referred to in what follows as the level-derived
rank prediction. We also generate rank predictions using
both a pointwise and pairwise approach. Specifically, we
use an ordinal SVM for the pointwise approach and a



MetLife Investment Management

logistic regression with an elastic net penalty [17] for the
pairwise approach. We can see a clear increase in
ranking concordance and in pairwise accuracy from the
benchmark to the proposed models, specifically the
pairwise ranking model. We therefore propose the
pairwise approach in application both for performance
and for computational reasons.

Figure 5 and 6 give the out-of-sample concordance
values by delta and by expiry. Concordance here is
defined the number of concordant couples of FX
currencies divided by the total number of couples.
Tables 2-4 give the out-of-sample pairwise comparison
prediction accuracies by Expiry and days out for the
ATM delta. When the pairwise ranking of two currencies
is more applicable to a trading strategy, these metrics
will be more insightful. The results of these tables imply
no significant difference between deltas. Short term
forecasts perform better than the longer-term forecasts
for shorter expiries, while long term forecasts perform
better than the short-term forecasts for longer expiries.
Additionally, some currency pairs appear to be more
easily predicted than others, e.g. the GPBUSD and
USDBRL pair.

Figure 5: Out-of-Sample Concordance by Delta
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Figure 6: Out of Sample Concordance by Expiry

0.4
0.2
0.0

Concordance

18M 1M 1W 1Y 2M 2W 2Y 3M 3W 3Y 4M 4Y 5Y 6M 9M

. Level

Source: MetLife Investment Management

Table 2:

Expiry

Ordinal . Pairwise

for the ATM delta

CETS S Y Y

AUDUSD>USDKRW
AUDUSD>GBPUSD
AUDUSD>EURUSD
AUDUSD>USDCAD
AUDUSD>USDJPY
AUDUSD>USDMXN
AUDUSD>USDBRL
USDKRW>GBPUSD
USDKRW>EURUSD
USDKRW>USDCAD
USDKRW>USDJPY
USDKRW>USDMXN
USDKRW>USDBRL
GBPUSD>EURUSD
GBPUSD>USDCAD
GBPUSD>USDJPY
GBPUSD>USDMXN
GBPUSD>USDBRL
EURUSD>USDCAD
EURUSD>USDJPY
EURUSD>USDMXN
EURUSD>USDBRL
USDCAD>USDJPY
USDCAD>USDMXN
USDCAD>USDBRL
USDJPY>USDMXN
USDJPY>USDBRL
USDMXN>USDBRL

0.57
0.64
0.64
0.58
0.61
0.61
0.52
0.56
0.62
0.55
0.55
0.61
0.74
0.67
0.62
0.7
0.62
0.78
0.67
0.59
0.69
0.55
0.52
0.63
0.6
0.52
0.62
0.56

0.59 0.59 O0.61
0.61 0.65 0.63
0.63 0.62 0.63
0.6 051 0.61
0.68 0.64 0.62
0.61 0.62 0.57
0.52 0.52 0.5
0.58 0.55 0.57
0.63 0.65 0.63
0.56 0.58 0.56
0.59 0.62 0.6
0.62 0.58 0.61
0756 0.73 0.72
0.74 0.7 0.69
0.59 0.58 0.62
072 071 0.73
0.65 0.59 0.62
0756 072 0.7
0.69 0.64 0.67
0.66 0.63 0.66
0.73 0.67 0.7
0.65 0.59 0.61
0.57 0.55 0.56
0.63 0.66 0.62
0.65 0.6 0.63
0.58 0.55 0.56
0.62 0.59 0.62
0.54 049 0.54

Source: MetLife Investment Management

0.58
0.63
0.64
0.55
0.57
0.62
0.52
0.56
0.62
0.58
0.57
0.51
0.6
0.64
0.57
0.68
0.55
0.75
0.67
0.65
0.69
0.63
0.55
0.62
0.06
0.56
0.62
0.55

1 day out pairwise prediction performance

0.62
0.6
0.64
0.55
0.58
0.6
0.53
0.53
0.59
0.54
0.58
0.57
0.68
0.6
0.54
0.65
0.51
0.67
0.65
0.5
0.68
0.7
0.55
0.64
0.63
0.56
0.66
0.55

0.62
0.6
0.62
0.57
0.6
0.59
0.49
0.57
0.62
0.58
0.58
0.59
0.69
0.63
0.59
0.63
0.55
0.67
0.64
0.58
0.63
0.61
0.51
0.6
0.57
0.57
0.61
0.54
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Table 3: 5 day out pairwise prediction performance Table 4: 21 day out pairwise prediction performance
for the ATM delta for the ATM delta

sonow Ll ol suloul vl o o S s onon Ll w el v o o
AUDUSD>USDKRW 0.64 0.63 0.62 0.61 0.63 AUDUSD>USDKRW 0.61 0.65 0.6 0.63 0.61 0.61 0.62
AUDUSD>GBPUSD 0.62 0.64 0.66 0.61 0.62 059 0.6 AUDUSD>GBPUSD 0.62 0.62 0.65 0.61 0.59 0.58 0.55
AUDUSD>EURUSD 0.66 0.66 0.66 0.63 0.6 0.62 0.56 AUDUSD>EURUSD  0.62 0.63 0.62 0.64 0.55 0.59 0.52
AUDUSD>USDCAD 0.58 0.59 0.56 0.63 0.58 0.59 0.58 AUDUSD>USDCAD 0.59 0.6 0.57 0.59 0.55 0.56 0.53
AUDUSD>USDJPY 058 0.63 0.67 0.63 0.56 0.6 0.59 AUDUSD>USDJPY 0.63 0.68 0.6 0.61 059 0.61 0.8
AUDUSD>USDMXN 0.61 0.57 0.61 0.6 0.58 0.58 0.58 AUDUSD>USDMXN 0.6 059 0.64 0.6 0.56 0.55 0.55
AUDUSD>USDBRL  0.55 0.55 0.57 0.54 0.54 0.55 0.58 AUDUSD>USDBRL  0.53 0.54 0.56 0.51 0.56 0.59 0.56
USDKRW>GBPUSD 0.57 0.58 0.55 0.58 0.53 0.5 0.54 USDKRW>GBPUSD 0.5 0.53 0.55 0.54 0.56 0.57 0.55
USDKRW>EURUSD 0.62 0.61 0.63 0.59 0.6 0.59 0.56 USDKRW>EURUSD 0.63 0.56 0.62 0.59 0.54 0.55 0.52
USDKRW>USDCAD 0.5 0.54 0.61 0.58 0.56 0.65 0.55 USDKRW>USDCAD 0.54 0.55 0.68 0.57 0.54 0.54 0.57
USDKRW>USDJPY 0.6 067 0.57 0.59 0.61 0.58 0.59 USDKRW>USDJPY 0.55 0.62 0.68 0.58 0.58 0.56 0.59
USDKRW>USDMXN 0.6 0.65 0.55 0.59 0.53 0.6 0.57 USDKRW>USDMXN 0.63 0.68 0.69 0.6 059 0.6 0.58
USDKRW>USDBRL  0.69 0.71 0.63 0.69 0.68 0.68 0.63 USDKRW>USDBRL  0.67 0.68 0.69 0.69 0.64 0.63 0.65
GBPUSD>EURUSD 0.65 072 0.6 0.69 0.63 0.58 0.6 GBPUSD>EURUSD  0.65 0.69 059 0.63 0.6 0.57 0.58
GBPUSD>USDCAD 0.56 0.55 0.62 0.57 0.56 0.56 0.57 GBPUSD>USDCAD 0.59 0.59 0.69 0.57 0.53 0.55 0.57
GBPUSD>USDJPY 0.7 0.68 0.62 071 0.65 0.63 0.62 GBPUSD>USDJPY  0.66 0.69 0.68 0.73 0.65 0.61 0.64
GBPUSD>USDMXN 0.59 0.63 0.72 0.61 0.54 0.55 0.57 GBPUSD>USDMXN 0.64 0.68 0.71 0.66 0.65 0.59 0.55
GBPUSD>USDBRL ~ 0.74 0.75 0.7 072 0.69 0.63 0.66 GBPUSD>USDBRL ~ 0.77 071 075 073 0.67 0.58 0.65
EURUSD>USDCAD 0.65 0.68 0.57 0.7 0.61 0.64 0.63 EURUSD>USDCAD 0.69 0.68 0.68 0.67 0.63 0.6 0.64
EURUSD>USDJPY  0.62 0.63 0.64 0.65 0.6 0.58 0.59 EURUSD>USDJPY 0.6 0.6 064 0.67 0.65 0.57 0.8
EURUSD>USDMXN 07 071 07 071 0.67 062 0.66 EURUSD>USDMXN 071 073 0.7 072 0.66 0.62 0.6
EURUSD>USDBRL  0.56 0.63 0.61 0.64 0.62 0.67 0.63 EURUSD>USDBRL  0.61 0.63 0.6 0.57 0.58 0.65 0.62
USDCAD>USDJPY 0.55 0.55 0.51 0.53 0.53 0.51 0.47 USDCAD>USDJPY 0.54 057 055 0.59 0.51 0.57 0.54
USDCAD>USDMXN 0.62 0.61 0.62 0.61 0.6 0.61 0.55 USDCAD>USDMXN 0.61 0.61 0.6 0.59 0.58 0.56 0.56
USDCAD>USDBRL  0.62 0.63 0.63 0.59 0.6 0.64 0.6 USDCAD>USDBRL ~ 0.61 0.61 0.61 0.59 0.6 0.62 0.59
USDJPY>USDMXN  0.51 0.58 0.52 0.57 0.57 0.59 0.53 USDJPY>USDMXN 0.52 0.55 0.55 0.55 0.54 0.57 0.53
USDJPY>USDBRL 0.6 061 0.6 059 0.6 063 0.63 USDJPY>USDBRL  0.56 0.59 0.59 0.59 0.59 0.62 0.6
USDMXN>USDBRL 0.54 055 0.5 0.58 0.54 0.56 0.55 USDMXN>USDBRL 0.56 0.59 0.59 0.57 0.53 0.57 0.55
Source: MetLife Investment Management Source: MetLife Investment Management

4. Forecast Agreement

In this and previous articles, we have proposed methods
of forecasting three targets of implied volatility: IV level,
direction, and relative magnitude [1,2,3]. While each
prediction is valuable in its own right, the ensembling of
the three forecasts can establish a measure of
confidence in the aggregate forecast, and provide
indication of good buy/sell opportunities. We propose
here a simple method of such an ensemble.

Rank forecasts can be derived from both level and
direction forecasts simply by ranking the predicted
values for each currency resulting in three predictions of
currency rankings for any given day. Across the three
rank forecasts, the pairwise concordance can be
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calculated, resulting in three concordance numbers for
any given day. The agreement metric we propose is the
mean of these three concordances. In periods of high
agreement, one should be more confident in trades in
contrast to periods of low forecast agreement. The
forecast agreement over one year for the 1day out
forecast is plotted in Figure 7. The 10% and 90%
quantiles are also indicated. These may serve as
indicators given a trading strategy.

Figure 7: Forecast Agreement over all Pairs
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Figure 8: 1day out Forecast Agreement over
AUDUSD and EURUSD
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Forecast agreement for a subset of pairs may be of more
interest than all currencies to a trader. In this case, the
agreement can be computed by calculating the
concordance over a subset of interest. The forecast
agreement and quantiles for the AUDUSD and EURUSD
pairs are given in Figure 8 for the 1 day out forecast. The
distribution of the agreement values for the 5 and 21 day
out forecasts are similar as well as for other pairs of
currencies.

5. Conclusions

FX Implied volatility is essential to understanding the
behaviour of option prices and to implementing
profitable trading strategies. Methods of forecasting
level values of implied volatility have been well studied.
In the series of articles containing this entry, the
forecasting of implied volatility through the combination
of forecasts of multiple metrics has been proposed and
explored. With this approach to the ensembling of
forecasts, we can increase our confidence on timing the
markets and making directional bets for Foreign
Exchange options trading and hedging. In this entry, we
discussed the rank target for measuring the relative
magnitude of movement among the implied volatilities
of FX pairs. We showed its predictability and observed
the performance of models developed to forecast the
rank with backtesting. Finally, we discussed a method of
using the forecasted values for establishing confidence
in a forecast of implied volatility values.

6. Future Work

We have provided results for a pairwise ranking model
applied to predict relative magnitude of movement
among the implied volatilities of FX pairs. The models
used for pairwise classifications were all linear models.
We anticipate that the use of nonlinear models such as
neural networks would lead to better signal recovery
given the depth of the feature space of our problem.
Additionally, due to computational constraints, the
listwise approach was not tested for out-of-sample
performance. As the listwise approach to ranking is the
most advanced, it may also provide better predictive
power than the models tested.
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