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1 Introduction

1.1 Motivation and Objectives

Eugene Fama’s Efficient Market Hypothesis [14], stems from the assumption that all market par-
ticipants behave in a rational manner, and that all information is quickly and fully reflected in the
prices of financial assets. The resulting theoretical market renders technical and fundamental anal-
ysis useless, since the market, under these conditions, is a fair game. Certain market phenomena,
such as the Momentum Effect [20] or the January Effect hypothesis, seem to contradict Fama’s
assumptions, giving rise to Behavioural Finance as an alternative school of thought.

The last decade has given rise to an exponential growth in the number of news sources with
an increasing amount reported in real time. This has made the task of processing publicly avail-
able information an expensive and time-consuming challenge. Developments in natural language
processing and machine learning methods has enabled the sophisticated investor to process infor-
mation in a more timely manner than humanly possible. This dislocation has the potential to
reveal inefficiencies in the markets.

This thesis examines the effect of investor sentiment in the commodity futures market. Using
sentiment embedded in news reports, we develop several systematic strategies, in an effort to

demonstrate the predictive power of the news on investor decision making.

1.2 Commodity futures market participants

The commodity futures market participants can be split into two broad categories: Commercial
and Financial. Commercial participants, more commonly referred to as hedgers, use the futures
market to hedge their underlying exposure to commodity price risk. While commercial participants
comprise of both commodity producers and consumers, the desire to hedge adverse price movements
for producers exceeds that of the consumers. For this reason, commercial participants are net
sellers of commodity futures. As an example, a wheat farmer would enter the futures market to
fix a price today, for future delivery of their crop, thus reducing the risk that they bear during
harvest. Meanwhile, on the other side of this trade is the financial participants, who can also be
split into two groups, speculators and index investors. Index investors, or passive investors, hold
commodity futures as part of their asset allocation strategy, utilised both as a means to diversify
their return drivers, and as a hedge against inflation. By definition, the passive investors are
long-only commodity futures investors.

Speculators, or active investors, enter the futures market due to their belief that they can profit
by successfully anticipating future movements in commodity prices by acting on new information
on supply and demand fundamentals. As of May 2008, Goldman Sachs estimated that speculators
made up 51.1% and 41.5% of the Chicago Board of Exchange (CBOT) Corn, and New York



Merchantile Exchange (NYMEX) crude oil futures and options positions respectively [16].

2 Literature Review

2.1 Investor sentiment and market activity

There have been many papers that have examined the relationship between investor sentiment
and its effect on financial markets. Chaoenrook [7] showed that readings from the University of
Michigan Consumer Sentiment Index was positively related to excess market return, while Da et
al. [10] used the Financial and Economic Attitudes Revealed by Search (FEARS) index, which
measures the volume of search engine queries related to household concerns, to predict market
volatility and cashflows from equity mutual funds to bond funds.

The last decade has seen a rapid growth in the number of platforms used for dissemination
of information, with the division between news and opinion becoming more blurred. Textual
information processing has enabled researchers to analyse the impact of market sentiment from a
number of sources. Antweiler and Frank [2] utilised the message boards of Yahoo! Finance and
Raging Bull to conclude that an increase in the volume of messages predicts a subsequent increase
in the trading volume and volatility of a stock, while Chen, De, Hu and Hwang [9] found that
views expressed in articles and commentaries posted on Seeking Alpha, a popular forum for active
investors, were able to predict future stock returns and earnings surprises.

In a time when company CEOs, and even the President of the United States, use social media
platforms to disseminate opinions in real time, it is not surprising that these sources have also
been evaluated on their ability to make predictions. Bollen, Mao and Zeng [5] used sentiment from
Twitter to predict the direction of the next days’ price movements of the Dow Jones Industrial
Average (DJIA), while Vu et al. [36] used the same medium to measure the effect of sentiment
on single name tech stocks. When measuring the effect of market sentiment, there are two core
areas of focus. The first is its effect on trading volume and volatility. Alanyali, Moat and Preis
[1] identified a relationship between the daily number of mentions of a company in the Financial
Times and the daily transaction volume of the company’s stock, while Dzielinski and Hasseltoft
[13] used aggregate level and aggregate dispersion of news tone to predict realised volatility and
changes in the VIX index.

The second is whether news sentiment can predict subsequent movements in price, with a num-
ber of behavioural finance biases cited as potential explanations for the empirical evidence. Barber
et al. [3] argue that individual investors are more likely to buy attention grabbing stocks than sell
them due to restrictions on short selling and scarcity of attention, and that this manifestation of
availability bias applies only to individual investors and not institutional investors. Meanwhile De

Bondt and Thaler [12] suggest that investors tend to overweight recent information, in violation
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of Bayes rule. That is, that investors exhibit representativeness bias in forming their decisions.
On the other hand, Barberis et al. [4] present empirical evidence demonstrating that markets
underreact to positive information over a period of 1-12 months thus providing evidence of status
quo bias in financial markets, i.e. that markets are slow to react to new information. This is
in line with the findings of Sinha [32] who concludes that markets take almost 13 weeks to fully
incorporate information from a news article, and that this finding is not restricted to small stocks
or low analyst-coverage stocks. In addition, the “underreaction portfolio” Sinha created in this
research demonstrates a high correlation to the momentum benchmark, suggesting that slow ab-
sorption of news might explain some portion of the momentum effect. Hillert, Jacobs and Muller
[19] also focus on the relationship between news sentiment and coverage and suggest that media
coverage can exacerbate investor biases, lending credibility to the underreaction-based explanation
for the momentum effect. These findings coincide with those of Scott, Stumpp and Xu [31], who
conclude that “the momentum-volume interaction is explainable as a delayed reaction to news

about company fundamentals”.

2.2 Text mining for market prediction

The process of training a natural language processor for market predictions can generally be broken

down into three steps:

1. Data sourcing: collecting both textual data and market data

2. Feature pre-processing: the process of converting an unstructured textual message to a ma-

chine readable input for the classification algorithm

3. Application of a machine learning algorithm to classify the features to the target variable

We compare the various methods used in each of these stages separately when reviewing the existing

research in this field.

Data sourcing

The majority of research in this area has focused on published news articles as their source of textual
information. Sources such as the Financial Times [37], Wall Street Journal [35] and Forbes.com [2§]
have all been used in an attempt to forecast stock returns. This is due to the common belief that
this source of market sentiment has less noise compared with alternative sources such as Twitter
(] & [36]) or online message boards [II]. Meanwhile several pieces of research used corporate
documents as their source of sentiment. Butler and Keselj [6] focused on annual reports, while Li
[22] used 10-K and 10-Q filings from SEC Edgar Website. While several researchers used foreign

exchange rates as the target for their classification ([2I] & [8]), the majority of attention in this
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area has been forecasting returns of single name equities and equity indices with a horizon of up

to 1 day.

Feature pre-processing

Before the unstructured textual message is used, it must be structured such that it can be processed
by the classification algorithm. The main stages of pre-processing textual data are feature-selection

and dimensionality reduction.

Feature selection

By far the most common method for feature selection is the “bag-of-words” model, also known

4

as the “vector space model”, which simply represents a textual message as a vector of words
and the frequency of these words within the text, considering each word frequency as a feature.
The drawback of this representation is that the order and content of these words are completely
ignored. Jin et al. [2I] and Mahajan et al. [23] use the latent Dirichlet allocation (LDA) method,

categorizing words into unobserved groups, which become the features to be used as inputs to the

classification algorithm.

Dimensionality reduction

When utilising unstructured textual information for classification in real time, it is important to
have a limited number of features, both in terms of accuracy of prediction and computational
efficiency. A number of different methods are observed among existing research. One approach is
to use a predefined dictionary of keywords, constructed by market experts [27]. Alternatively, the
Harvard Psychosociological dictionary used by Tetlock et al. [35] focused on words within the field
of psychology and sociology. An alternative method, implemented by Soni et al. [33], is to create

the dictionary dynamically based on the training text corpus.

Machine learning algorithms

A number of different machine learning algorithms have been applied to this field of research. Groth
and Muntermann [I7] utilised a Naive Bayes approach to the classification problem. Although this
algorithm works on the unrealistic assumption of independence between text features, it has still
been successful in the field of text classification. Another popular method for classification is
Support Vector Machine (SVM), which attempts to partition the vector space by a separating
hyperplane with a maximum margin. Both of these methods were employed by Antweiler and
Frank [2] with similar accuracy in classification. Rachlin et al. [28] and Vu et al. [36] both used
the C4.5 algorithm [30], developed by Ross Quinlan, to generate a decision tree, with the output

being a set of trend predicting rules. The last approach covered in this section is that of an ensemble
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methodology, that combined a number of algorithms together. This has been demonstrated by Das
and Chen [IT], who used an ensemble of 5 machine learning algorithms, stacked together in a voting

system.

3 Data

Sentiment Data

The dataset used for this research was provided by the a third-party data provider. By utilising
the database of news articles from Dow Jones News Wire, the third party were able to source
approximately 13 million articles for their commodity dataset from 13 different sources. In contrast
to the existing research covered in Section [2 when training their sentiment classification engine,
they used a sample of 125,000 news articles that had been labelled as positive, neutral or negative
sentiment by industry experts. The engine therefore attempts to replicate the response of financial
analysts to a news article, and not its contemporaneous impact on market characteristics, such
as volatility or intra-day returns. As a result, the classification process does not rely on pre-
defined dictionaries or a rule based approach, but rather, it learns the relationships that exist
between words from the training data. To achieve this, the engine uses a set of machine learning
algorithms, combined in an ensemble learning framework to assess the emotional tone embedded in
news articles. The output is a labelled dataset with a sentiment score for each news article. Details
of the sentiment dataset features can be found in Appendix [A] While the specific makeup of the
ensemble is proprietary, the three primary algorithms used are Support Vector Machine (SVM),
Maximum Entropy and Conditional Random Fields. While the sentiment classification process is
beyond the scope of this thesis, an intuitive explanation of the primary algorithms can be found in
Section [£.4] We use a subset of the entire dataset; a list of 10 commodities, who have commodity
tags that related to a specific future and not grouped into categories. For example, a commodity
tag relating to ‘grains’ would not be included in our commodities subset. The 5,742,362 news
articles span a period from 1 January 2000 to 31 May 2018. In all strategies, we aggregate the

commodity Net Sentiment Score at midnight on Sunday.

Definition 3.1. The commodity Net Sentiment Score at time ¢, over a look-back period (L),

is given by

1+ e WeiPosNews;
NetSentimentScore; 1, = log 2 clt=L. 4 - )
L+ 3 cu—r, g WeiNegNews;

where
WeiPosNews; = Con fidence; x Sentiment;. 1{sentiment; >0}

WeiNegNews; = Con fidence; x Sentiment;. 1sentiment; <0} -
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Commodity futures data

For our commodity futures return data, we use a generic commodity futures series, which is a
continuous futures contract, constructed by splicing together successive futures contracts on the
underlying commodity. There are two elements to the construction method: the date on which to
roll successive contracts, and the adjustment made to the raw contract price.

The price adjustments are required to eliminate “jumps” in the continuous contract history,
caused by discontinuities in the prices of successive underlying futures contracts. For the price
adjustment rule, we used the “Backwards ratio method”, which multiplies contracts by a constant
factor so as to eliminate jumps, working backwards from the current contract. Since this method
works back from the current contract, this method necessitates full historical recalculation on every
roll date.

The roll date rule utilised is the “end-to-end roll method”, which allows you to use the front
contract for as long as possible. While this method can create rollover risk for a live trading
strategy, it is sufficient for our purposes of backtesting. The return on the commodity future at

time ¢, over holding period h is given by

_ Pt+h — Pt
Tth = —

bt
where
T+ p, = the return of the commodity future at time ¢ over holding period h

p; = the price of the generic commodity future at time t.

4 Methodology

4.1 Portfolio Construction
4.1.1 Equally Weighted by Capital

When constructing the portfolio from our trading signals, we utilise two different approaches to
capital allocation. In the first method for portfolio construction, the positions in the long (short)
portfolio were equally weighted by capital, with the long and short portfolio exposures each set at

100%.

4.1.2 Risk adjusted Allocation

The second approach accounts for varying levels of volatility in each of the commodity futures
return series. When using the risk adjusted allocation method, we consider the total variance in
the long and short portfolios separately using a 3-year rolling window. The position weights for

each of the holdings in the long (short) portfolios are given by
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1/0;
where

W,; = allocation weight of commodity ¢ in the long (short) portfolio

o; = annualised volatility of commodity ¢ in the long (short) portfolio.

By constructing the portfolio holdings using this method ensures an equal contribution to risk

in the long (short) portfolios.

4.2 Signal generation
4.2.1 Ranked Sentiment Strategy

When constructing the Ranked Sentiment strategy, we consider the universe of commodities si-
multaneously. At time ¢, the aggregated Net Sentiment Score for each commodity is calculated
and ranked. The buy (sell) signal is then calculated, such that portfolio went long (short) the top
(bottom) n commodities by rank, with n to be determined in the model calibration process. The
holding period for all positions is 1-week. A consequence of this construction is that the strategy

is net neutral with respect to the commodity universe we are considering.

4.2.2 Extreme Sentiment Strategy

The Extreme Sentiment strategy considers each commodity independently when generating trading
signals. In doing so, the best fit distributions for the Net Sentiment Score are first inferred, see
Best fit distribtution below. The chosen distributions are then fit on a rolling window, refit for each
trade decision. The buy (sell) thresholds for the strategy are then set to be selected p-values of
the fitted distribution, with the threshold level to be determined in the model calibration process.
We optimise the Extreme Sentiment strategy on a single commodity, crude oil, and then look to
utilise one of the portfolio construction methods to build an entire portfolio of the 10 commodity
universe we are considering. Since the strategy puts no constraints on the number of commodities
in the long (short) portfolio, the portfolio has the ability to be long (short) during any holding
period, with the exposure restricted to +=100%.

Best fit distribution

To determine the underlying distribution of the Net Sentiment Score, we attempt to fit each of
the distributions available in the scipy.stats package in python, to a number of sample periods
in the training dataset. The goodness of fit is then measured according to the Sum of Squared
Errors (SSE). The distributions are then ranked according to their goodness of fit. We use 1, 2

and 3 year discrete periods, as well as the entire training dataset, to look for stability in the choice



4.3 Statistical Methods 13

of distribution. The top 3 distributions by average rank were chosen to be tested in the model
optimisation stage, against the Null hypothesis that the Net Sentiment Score is best modelled by

the normal distribution.

4.2.3 Regression derived strategy

The third strategy employed uses a variety of statistical and machine learning methods, in an
attempt to fit a model on a feature matrix, derived from the sentiment dataset. For both regression
models, we set the commodity futures return series as the target variable. Details of the models
used in the regression, as well as methods for model validation and dimensionality reduction of the
feature matrix an be found in Section Once the model is fit, the portfolio takes a long (short)

position in the commodity future if the model predicts a positive (negative) return.

Construction of the feature matrix

When constructing the Ranked Sentiment and Extreme Sentiment strategies, we consider only
the value of the Net Sentiment Score, and make no consideration for the change in sentiment
over time. In an effort to capture this in our model, when constructing the feature matrix for
our regression model, we include the absolute value, as well as the change from previous period
(6) and the change in delta (7). We use three aggregation periods (windows), aggregating the net
sentiment over 3 days, 5 days, 7 days. We also make use of the ‘Events’ tag in the news, calculating
the above metrics for ‘All News’, ‘Shipping News’, ‘Derivative Pricing News’, ‘Production News’
and ‘Inventory News’. Finally, when calculating the § and 7 metrics we calculate them both
as the change from the previous window and from the previous week. As an example, the ‘3
day delta window’ calculates the difference between Friday-to-Sunday aggregation and Tueday-
to-Thursday aggregation, while the ‘3 day delta week’ looks at the change between the current
Friday-to-Sunday aggregation and the previous Friday-to-Sunday. As a result the 7 day window
only has a ‘week’ feature as these different delta methods would result in the same feature. We
therefore have 65 features included in the matrix. Due to the large number of features in our
matrix, Principal Components Analysis (PCA) is used for dimensionality reduction. We use the
Principal components matrix with 80% variation retained (PCA80), as well as PCA90 and PCA95

as the feature matrices for the regression.

4.3 Statistical Methods
Principal Components Analysis

When creating the feature matrix for our regression model, factors were selected according to

our intuition of the drivers of predictive power for the dataset. While some of the factors may
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indeed explain some variability of the futures returns, others may introduce unwanted noise into
the matrix. In addition, since all the features are derived from the underlying sentiment data, we
can assume there is a large amount of linear dependence between some of the factors. Thus before
carrying out the regression, we attempt to reduce the dimensionality of the feature matrix using
Principal Components Analysis (PCA). We formalise this process in the following paragraphs,
drawn from the lecture notes of Angrew Ng [26].

We write our feature matrix X € R™*" as {2(¥;i = 1,...,m}, such that each 2(") € R™ is an
observation of our feature matrix. Considering each observation (row) of our matrix as a point
in R™ the PCA algorithm extracts the direction (vector), along which the data has the most
variability. Before running the PCA algorithm, it is important that each of our data points have a
mean of zero and unit variance, which is achieved through normalisation of the sample data. The

process for this is:

—_

. calculate = L 31" o)
2. replace () with (V) —

3. calculate Jj2- = % Zﬁl(xy))?

(1) s (O
4. replace each x;” with ;" /o
Now that we have normalised the data, we can apply the PCA algorithm to find the direction

of largest variance. That is, we choose a unit-length vector u so as to maximise:
1 N 1 — NN
- () ) - - T (0) 1. (0)
- Z (x u - ;u AN AT
=T 1 i PROPMON P
miz

Thus, maximising this, gives the principal eigenvector of ¥ = L 3" 2@z ®"

, the empirical
covariance matrix of our data. We can iterate this procedure to project our m-dimensional data
onto a k-dimensional subspace, where the {u;;i = 1, ..., k} are our top k eigenvectors of ¥, and form

a new, orthogonal basis for the subspace. Thus we can represent () in this basis by computing:

Thus, we have reduced our observation (Y € R™ into a lower, k-dimensional, approximation

21 € R¥ using the first k-principal components of the data.
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4.3.1 Regression

Linear regression [I8] is used in construction of the final trading strategy to predict the return of
the commodity future, using the feature matrix as an input. The general form for the multivariate

regression model, in matrix notation, is:
Y =X0+e,

where X € R™*" is the feature matrix, derived from sentiment data, Y € R™ is the return of the
commodity future, § € R™ are the coefficients of the regression model, and ¢ € R™ is the error

term of the fit, where ¢; ~ N'(0,02). The accuracy of model fit is measured using the cost function
1 2
J(0) = 5Iv - X0|3.
Thus, we can calibrate 6 by minimising the cost function, that is, solving
in.J(6) = min 2|V X6
min =min - ||Y — .
0 0 2 2

One of the main limitations of ordinary least squares regression is that, when the dimension
of the feature matrix is large, this often leads to overfitting and results in an unstable model, a
model with high variability. For this reason, we turn to Ridge regression and LASSO regression.
Ridge

Ridge regression attempts to reduce the variance of the fitted model by introducing an Lo-penalty

on the parameter 6, at the expense of an increase in bias. The cost function becomes
1
J(0,0) = SV = X0[5 + A3

The parameter A controls the Variance-Bias tradeoff and needs to be optimised. This is achieved
through k-fold cross validation. The Lo-penalty shrinks the coefficients compared to regular re-

gression.

Least Absolute Shrinkage and Selection Operator (LASSO)

LASSO regression makes use of an Lji-penalty in the cost function. The resulting algorithm per-
forms feature selection, which is particularly important when the feature matrix is very large with

potentially highly correlated features. The cost function for LASSO regression is
1 2
J(0,2) = ~[IY = X0Oll3 + Al10]]s.-

The observation that our feature matrix has highly correlated features, guides are intuition that

Lasso regression should perform better, due to its feature selection characteristic.
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4.3.2 K-fold cross-validation

When training our regression model, we need to evaluate how well the fitted model estimates the
target parameter, the commodity futures return. K-fold cross validation provides a data efficient
way to train and validate our model, by using the entire in-sample data, S, for both stages of the
process. Details of the k-fold algorithm are presented below, drawn from the notes of Andrew Ng
[25].

Suppose we want to select among a finite set of models M = {Mj, ..., M} the model that most
accurately predicts our target variable. The models M; € M can be the same regression model
with a different choice of penalisation parameter A, or different models, i.e. LASSO and Ridge.

The process for choosing the optimal model and optimal value of the hyper-parameter is as follows:

1. Split the training data S into k disjoint subsets, each with m/k training examples. We label
these subsets 51, ..., S

2. For each model M;, we evaluate as follows:

e For j=1,...k
Train model M; on S; U ...5;_1 US;11U..S;
(i.e train model on all the data except S;)
to get some hypothesis h;;
(i.e. model i trained on all subsets except S;)
Test the hypothesis h;; on Sj, to get €,
e Calculate the estimated generalisation error of model M; by calculating the average over

. L koo
k error readings, i.e. é,, = %ijl €hy;

3. Choose the model M; with the lowest estimated generalisation error, and retrain that model

on the entire training set S. The resulting output is our final model.

4.4 Sentiment classification algorithms
Support Vector Machine

The Support Vector Machine is considered by many to be among the best off-the-shelf supervised
learning algorithm. The process of classification using the Support Vector Machine is that of
partitioning a vector space containing the vector representation of the input features such that it
separates those training examples with a positive label, from those with a negative label. Details
of this process are explained below, drawn from the lecture notes of Andrew Ng [24]. Formally,
consider a training set {(z?,y(®) :i =1,...,m} where 2(*) € R™ is an observation of our feature

matrix and y*) € {—1,1} is a binary label of the data. The classifier is then expressed as

B p(x) = g(wTa: +b),
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where g(z) = 1if z > 0, and g(z) = —1 otherwise. Thus, given a training example (29, y(?), the

functional margin of (w,b) with respect to the training example is defined to be

Thus, if ¥ = 1, then, for the functional margin to be positive and large (i.e. for our classification
to be correct and confident), we need w”z(® + b to be large and positive. Conversely, if y(*) = —1,
we need wTz( +b to be large and negative. The dependence on magnitude of w” z(?) +b requires a
normalisation constraint to be put on the vectors w and b. Replacing (w, b) with (w/||wl|2,b/||w||2)
restricts the freedom of scale, ensuring that the magnitude of our functional margin is meaningful.

We therefore define the geometric margin of (w,b) with respect to a training example (z(®,7()

, , w \" 5 b
NONNG () SO
[[w]| [[w]|

Then, given our training set S = { (z(*,y@); i = 1,...,m}, we define the geometric margin with

to be

respect to S to be the smallest of the geometric margins, i.e.

v = min ’y(i).

i=1,....,m

The hyperplane that maximally separates the positive and negative labels is given by the solution

to the following optimisation problem:

max ¥
v,w,b

subject to y(i) (wa(i) + b) >, i=1,...m

[w]| = 1.
Maximum Entropy

The Maximum Entropy classifier is a probabilistic classifier that learns the joint probability distri-
bution from the labeled training dataset. In doing so, the model does not assume anything about
the distribution, other than what is observed in the training data. The Entropy of a probability
distribution is the measure of uncertainty, and is maximised when the distribution is as uniform
as possible. The parameters of the joint distribution are then inferred using maximum likelihood
parameter inference, using an iterative method such as a gradient-based method. Ratnaparkhi [29)]

demonstrates the application of the Maximum Entropy classifier for natural language processing.

Conditional Random Fields

When using the Conditional Random Fields classifier, the focus is modelling the conditional dis-

tribution p(y|z) where y is the classification of the training example, and z is the input features



18

for prediction. Therefore, dependencies that involve only variables in z, play no role in the condi-
tional model and thus, a conditional model can have a much simpler structure than a joint model,
such as the Maximum entropy classifier. For a thorough description of the modelling process for

Conditional Random Fields, see the works of Charles Sutton and Andrew McCallum [34].

5 Model calibration

Descriptive statistics

To be able to compare the cumulative returns over different periods, we calculate the annualised

return (r4,.) and annualised volatility (c4,.), given by

n

ran, = [[(1+7)%,

i=1
where

r; = return in holding week i, and

OAn. = Ow. X VD2,

where
ow. = standard deviation of our weekly return series.
When evaluating the return profile of our trading strategies, we make use of a number of

metrics, commonly used in finance.

Definition 5.1. The beta of our portfolio with respect to the Buy & Hold benchmark (8pg ) is

defined to be
Cov[ry, rB&H)

BB&H = Var[rpon]

where
rp = the weekly return series of our portfolio

rper = the weekly return series of our Buy and Hold benchmark.

Definition 5.2. The correlation coefficient of our portfolio with respect to the Momentum

benchmark (parom.) is defined to be

_ Cov[ry, Trom.]
PMom. = )
Orp0rnom.

where

rp = the weekly return series of our portfolio

TMom. = the weekly return series of our Momentum benchmark
o, = the volatility of the weekly return series of our portfolio

Oraom. = the volatility of the weekly return series of our Momentum benchmark.
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Definition 5.3. The Sharpe Ratio (SR) is defined to be the average return in excess of the risk
free rate, per unit of volatility. That is,
SR = w,
Op
where
rp = the annualised return of the portfolio
ry = the annualised risk-free rate of return

o, = the annualised volatility of the portfolio return series.

The main drawback of the Sharpe Ratio is that, in order for the annualised volatility to be an
accurate measure of risk, the distribution of portfolio returns must be normally distributed. When
the portfolio returns do not follow the Gaussian distribution, the Return over Max Drawdown

(RoMaD) is often preferred as a measure of risk adjusted return.

Definition 5.4. The Max Drawdown (M DD) of a portfolio is defined to be the maximum loss

from a peak to a trough of the cumulative return series, stated in percentage terms, that is

Peak Value — Trough Value

MDD =
Peak Value

Definition 5.5. The Return over Max Drawdown (RoMaD) is defined to be the annualised
return of the portfolio divided by the Max Drawdown,

T An.
MDD’

RoMaD :=

Definition 5.6. The Hit Ratio of a strategy is the total proportion of trading decisions that

were correct, calculated at the portfolio level,

A T
HitRatio := M’
n

where

r; = return in holding week i.

When calibrating the Extreme Sentiment strategy, we also look at the proportion of decisions

that our portfolio took long (%L), neutral (%N), and short (%S) positions.

Method for comparing return profiles

When calibrating the models, we consider a number of choices for the hyper-parameters of the
strategy, and compare the in-sample return profile for various choices of parameter. To capture
the risk-return profile of the strategy, we consider the Return over Max Drawdown (RoMaD).
This measure has been chosen in preference of the Sharpe ratio to capture the fatter tails in the

portfolio return distribution.
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The in-sample period for the model calibration is 01 January 2005 to 31 December 2014. Once
an optimised model for each strategy has been selected, its out-of-sample performance will be

analysed on the period from 01 January 2015 to 31 May 2018.

Buy and Hold benchmark

The Buy and Hold benchmark is representative of a passive investment in a portfolio of the 10
commodities, with weekly rebalancing. In order to maintain a like-for-like comparison, when
evaluating a strategy that utilises a specific portfolio construction method, we allocate to positions

in the Buy and Hold portfolio using the same methodology.

Momentum benchmark

Intuitively, the momentum signal is that of buying the previous winners and selling the losers.
Thus, the momentum ‘buy’ signal is the commodity whose future had the greatest return over
the previous period. In order to maintain a like-for-like comparison, the momentum portfolio uses
the hyper-parameters and capital allocation method as that of the sentiment strategy that we are
considering when constructing the portfolio. For example, if the Ranked Sentiment strategy has 3
commodities in the long (short) portfolio, equally weighted by capital, the momentum benchmark
will hold the same number of commodities and utilise the same portfolio construction method,

with the previous weeks futures returns as its signal.

Trading frictions

In reality, there are a number of trading frictions that would dampen the performance of our
strategy. We have incorporated an execution lag of 1-day to reflect the time taken to enter a
position. In addition, trading costs such as spread and commission would also dampen returns.
Due to the complexity of accurately modelling the nuances that affect observed transaction costs,
which are beyond the scope of this thesis, I have included a 4 basis point(bp) transaction cost,
weighted by notional, for entering or exiting any position. That is, for example, the cost of selling
the entire long portfolio is 4bps. All backtests in this research include both execution lag and
transaction costs, unless stated otherwise. Both of these frictions limit the ability of the portfolio

to run short term strategies, i.e. intra-day strategies.

5.1 Ranked sentiment strategy

When optimising the Ranked Sentiment strategy, there are a number of questions that need to be

considered:

1. What is the optimal number of commodities to go long (short) in each holding period?
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2. What is the optimal aggregation window to calculate the Net Sentiment Score over?
3. Should the positions be allocated on an equal capital or risk adjusted basis?

4. Should we include sentiment from repeated articles, or consider only novel news pieces in our

aggregation?

We consider each of these questions in series, carrying through the results from the previous
optimisation stages. The strategy variations are compared to the Buy and Hold and Momentum

benchmarks to better understand the drivers of returns.

Diversification vs conviction

The first parameter to be optimised is the number of commodities to be held during each holding
period. While a portfolio with more assets will benefit from a higher level of diversification in its
returns, the level of conviction in the decisions to go long (short) will be lower. Intuitively, there
is a balance to be struck between the incremental benefit of adding holdings to the portfolio at

lower levels of conviction.

Cumulative Returns

T1.B1
T2 B2
T3 83
T5_B5
Momentum
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Figure 1: Diversification vs Conviction: number of commodities in long (short) portfolio

With reference to the RoMaD metric in Table the Top 2-Bottom 2 (T2-B2) portfolio has the
best return profile. It is also worth noting that the beta coefficient to the Buy and Hold portfolio is
close to zero, indicating that our Ranked Sentiment strategy has negligible market exposure with

respect to the commodity universe that we are considering.
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Metric T1-B1 T2-B2 T3-B3 T5-B5 Mom. B&H
Bpen 0.02 -0.03 -0.08 -0.05 -0.06 1
PMom. 0.18 0.17 0.17 0.15 1 -0.04
7 an. (%) 9.94 13.92 8.33 5.53 1.19 -0.99
o an. (%) 37.18 28.51 24.36 20.15 31.44 17.80
SR 0.27 0.49 0.34 0.27 0.04 -0.06
MDD (%) 64.27 39.36 44.18 40.37 54.52 47.96
RoMaD 0.15 0.35 0.19 0.14 0.02 -0.02
HitRatio (%) | 52.11 52.30 52.11 53.45 51.15 52.30

Table 1: Diversification vs Conviction: number of commodities in long (short) portfolio

Alpha decay of sentiment signal

The next consideration for us is the length of aggregation window to use in the Net Sentiment
Score. To answer this question, we considered 4 aggregation windows, spanning from 1 week to 1

month, and consider the effect on RoMaD gross and net of transaction costs.

03

RoMaD

02

01

1 Week 2 Weeks 3 Weeks 4 Weeks

0.1

——Gross of Costs Net of Costs

Figure 2: Alpha decay of sentiment signal - measured using the RoMaD metric

Figure [2| clearly shows that the strength of the sentiment signal as a predictor of commodity
future returns decays as the aggregation window is lengthened, with the sharpest rate of decay at
the shortest end of the curve. This is a clear indication that, of the window lengths tested, 1-week
is the optimal choice. In addition, we can see that the effect of transaction costs on our chosen
measure of risk-adjusted return is lower, indicating that, as we increase the aggregation window,

the portfolio turnover is lower.
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Equally weighted by capital vs risk adjusted

When constructing the portfolio holdings, we need to decide whether to allocate to positions on a

capital weighted or risk-adjusted basis. We consider the T2-B2 strategy with a 1 week aggregation

period, as indicated by the previous sections.

22 4

Portfolio Value
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Figure 3: Equally weighted by capital vs risk adjusted allocation - cumulative return graph
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Metric Cap. Weighted | Risk adjusted | Momentum | B&H
BB&H -0.03 -0.06 -0.06 1
PMom. 0.17 0.18 1 -0.04
7 an. (%) 13.92 13.51 1.19 -0.99
T an. (%) 28.51 27.56 31.44 17.80
SR 0.49 0.49 0.04 -0.06
MDD (%) 39.36 31.24 54.52 47.96
RoMaD 0.35 0.43 0.02 -0.02
HitRatio (%) | 52.30 51.34 51.15 52.30

With reference to Table [2, we have that the Capital Weighted portfolio achieves a higher
annualised return, outperforming the Risk adjusted portfolio by 41bps per annum. This comes at
the cost of slightly higher volatility in returns, but more importantly for our optimisation process,

with a higher realised Maximum drawdown. Comparing the RoMaD metric of the two methods,

we conclude that the risk adjusted portfolio has the preferred return profile.

Table 2: Equally weighted by capital vs risk adjusted positions
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Novelty vs Sentiment momentum

The final consideration to make is whether news articles that are part of a chain should be given
the same consideration as the original news article. That is, should we exclude any sentiment
contribution from an article whose content is a repetition of a previous article. This is part of a
larger question of whether the sentiment effect is due to new news being priced into the market,
or if the momentum of aggregated sentiment in the market can cause the price to drift. We test
the T2-B2, risk adjusted portfolio, with a 1-week aggregation window, but excluding any news
articles that has a novelty score bigger than 1; that is, if the story has already been received by

the sentiment classification engine within the last 24 hours.

Cumulative Returns
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Figure 4: Comparison of returns with repeated news reports removed

Metric T2-B2 T2-B2 Novel Momentum B&H
BB&H -0.06 -0.13 -0.06 1
OMom. 0.18 0.22 1 -0.04
7 An. (%) 13.51 18.68 1.19 -0.99
o an. (%) 27.56 27.96 31.44 17.80
SR 0.49 0.67 0.04 -0.06
MDD (%) 31.24 54.18 54.52 47.96
RoMaD 0.43 0.34 0.02 -0.02
HitRatio (%) 51.34 54.02 51.15 52.30

Table 3: statistics of including novel news only
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Looking at Table[3] we can see that, by removing the repeated news reports, there has been an
improvement in both the annualised return and the hit ratio of the strategy. This improvement,
however, comes at the cost of a dramatic increase in the maximum drawdown. When comparing
the strategy using our chosen metric, we conclude that, by including all news reports, not just

novel reports, the risk-return profile of our strategy improves.

Optimal ranking strategy
To summarise the findings in this section, through a series of backtests, we have concluded that:
1. The optimal balance between diversification and conviction in positions is two positions in
the long and the short portfolios
2. Using a 1-week aggregation window provides the strongest sentiment signal

3. Allocating to positions on a risk adjusted basis generates a superior return profile compared

to positions that are equally weighted by capital
4. Retaining all news reports results in a strategy with a superior return profile, compared to

using just novel news reports

The return statistics of the Ranked Sentiment strategy, both in-sample and out-of-sample, will

be analysed in greater detail in Section [6]

5.2 Extreme sentiment strategy

When calibrating the Extreme Sentiment strategy, we considered the strategy on a single com-
modity, crude oil. Once the model has been optimised for the hyper-parameters in question, a
total portfolio strategy is constructed using the model on the 10 commodities independently, with
positions allocated on a risk-adjusted basis with respect to the long and short portfolios separately.

When choosing the hyper-parameters for the single asset strategy, there are a number of con-

siderations:

1. What is the underlying distribution of the net sentiment score?
2. What is the optimal rolling window length to fit a distribution to?

3. What percentile thresholds shall we set for our buy (sell) signals?
We consider the first two questions simultaneously, before moving onto the question of signal
thresholds.
Best fit distribution and Length of window

Having selected a list of 3 distributions that most closely fit the sample periods, we look to test their

performance for providing signal thresholds against the Gaussian and Student’s t-distribution. The
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five distributions are tested using a rolling 1, 3 and 5 year window to calibrate the fitted distribution
which is re-fit after each trading decision. For this test, we have selected signal thresholds of 80%
(20%) for our buy (sell) signals. We include the results for the 1-year window below, with the

sub-optimal results in the Appendix for completeness.
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Figure 5: Fitted distribution - 1 year rolling window

Before considering our chosen metric for comparison, it is worth looking at the proportion of
decisions that were long and short in our strategies. Comparing the figures in Table [f] with Tables
and[IT] we can see that, as the window length shortens, our proportions tend towards our p-value
thresholds, hinting that the 1-year fitted distribution is the optimal choice for our rolling window.
In addition, the 1-year fitted distribution generates a superior risk-return profile, compared to the
other two window lengths tested. We therefore conclude that the 1-year window is optimal for our
distribution fitting. Turning our attention to the choice of distribution, we can see that, for both
the 1 and 5 year windows, modelling the Net Sentiment Score with a Gaussian distribution yields
the best in-sample return profile, with the 1-year fitted Gaussian distribution generating the best

in-sample RoMaD metric.
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Metric Normal | T Power Johnsons | Weibull | Mom. | B&H
Normal U min

BBeH -0.17 -0.16 -0.21 -0.16 -0.16 0.08 1
PMom 0.30 0.30 0.28 0.30 0.30 1 0.08
T An. 11.52 10.53 | 12.99 9.80 10.00 9.20 -7.11
o an. (%) 24.51 24.64 | 24.61 24.69 24.40 34.65 | 34.73
SR 0.47 0.43 0.53 0.40 0.41 0.27 -0.21
MDD (%) 29.72 29.72 | 33.86 31.82 33.86 56.13 | 79.72
RoMaD 0.39 0.35 0.38 0.31 0.3 0.16 -0.09
HitRatio (%) | 57.49 57.03 | 57.98 56.57 56.67 54.79 | 52.30
% L 25.67 26.05 | 23.37 26.25 24.52 52.49 | 100
% N 52.68 52.30 | 50.77 51.92 54.02 0 0
% S 21.65 21.65 | 25.86 21.84 21.46 4751 |0

Level of Conviction

Table 4: 1 year fitted distribution statistics

The final stage of the model calibration process is to optimise the signal thresholds for our fitted

distribution. To achieve this goal, we test strategies employing buy and sell signals at three different

percentiles, 70:30 , 80:20 and 85:15.
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Figure 6: Conviction level for single asset strategy
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2015
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Metric 70:30 80:20 85:15 Momentum B&H
BBeH -0.19 -0.17 -0.14 0.08 1
PMom 0.34 0.30 0.33 1 0.08
7 an. (%) 7.84 11.52 10.20 9.20 -7.11
o an. (%) 28.37 24.51 22.60 34.65 34.73
SR 0.28 0.47 0.45 0.27 -0.2
MDD (%) 60.89 29.72 27.89 56.13 79.72
RoMaD 0.13 0.39 0.37 0.16 -0.09
HitRatio (%) | 54.99 57.49 60.42 54.79 52.30
% L 36.59 25.67 18.77 52.49 100
% N 32.76 52.68 63.22 0 0

% S 30.65 21.65 18.01 47.51 0

Table 5: Single asset level of conviction

Considering the metrics in Table [5, we conclude that making use of the 80% (20%) percentiles
of our fitted distribution for our buy (sell) signals produces the best risk-adjusted returns, as

indicated by the RoMaD metric.

Optimal extreme sentiment strategy

In summary, when optimising our Extreme Sentiment strategy on a single commodity, we have
concluded that the optimal trading strategy is achieved by fitting a normal distribution to a 1-week

rolling window, allocating positions to the long (short) portfolio using the risk-adjusted method.

5.3 Regression Derived strategy

When validating the regression models, we consider the coefficient of determination, R? coefficient,
to select our optimal regression model. The R? is calculated as the average of the k R? coefficients
output by our k-fold cross validation. When calibrating the two models, we considered a finite list
of values for our regularisation parameter, and use k = 10 for our validation process. Results of
the Ridge and LASSO regression fitting can be found in Tables [12] and [13] respectively.

With reference to our R? metrics, the best fit model for LASSO occurred when all regression
parameters are set to 0, while the Ridge regression continued to improve as the regression coeffi-
cients shrink towards 0. Therefore, we conclude that the feature matrix input has no predictive
power, when using a linear regression model, with respect to the commodity future return series.
We abandon our regression approach to modelling the futures return, and do not present the

performance of the model in Section [6]
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6 Results

6.1 In-sample results

6.1.1 Ranked Sentiment strategy

Cumulative Returns

21 womentum
— B&H
2
2 1
1]
2005 2007 w03 2o 2013 2015
Figure 7: Ranked Sentiment strategy - Cumulative returns
Metric Ranked Sentiment Momentum B&H
Bpen -0.06 -0.06 1
PMom. 0.20 1 -0.04
T an. (%) 13.51 0.55 -0.99
o an. (%) 27.56 30.44 17.80
SR 0.49 0.02 -0.06
MDD (%) 31.24 53.58 47.96
RoMaD 0.43 0.01 -0.02
HitRatio (%) | 51.34 50.00 52.30

Table 6: Ranked Sentiment strategy - return statistics

Comparing the return statistics in Table [6] the Ranked Sentiment strategy has outperformed
both benchmarks on an absolute and risk-adjusted basis. Turning our attention to the cumulative
return graph, Figure [7] reveals some interesting characteristics about the strategy. While both
the sentiment strategy and momentum benchmark suffer losses in 2005, the losses observed in

the sentiment strategy are muted compared to those of the momentum benchmark. In addition,
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Figure 8: Ranked Sentiment strategy - Distribution of returns

when commodity prices slumped in 2008, the Ranked Sentiment strategy achieved its best period

of performance, lending credibility to the findings of Garcia [I5], that investor sentiment has a

prominent effect during bad times. This is made more clear in the aggregated returns shown in

Figure [§] where the strategy consistently generated excess returns in the last four months of 2008

and into the beginning of 2009.
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Figure 9: Ranked Sentiment strategy - 1-year rolling pasom.

Turning our attention to the rolling correlation of our strategy with the momentum benchmark,

we can see that our strategy consistently has a rolling 1-year correlation with momentum in the

corridor of 0.1-0.4, except in the period of 2012-2013 when it briefly falls into negative territory.

This indicates that the driver of returns in our strategy may be intrinsically linked to that of

momentum, lending credibility to the underreaction based explanation for the momentum effect
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(021, B1] & [19]).

6.1.2 Extreme Sentiment strategy
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Figure 10: Extreme Sentiment Strategy - Cumulative returns

Metric Extreme Sentiment | Momentum B&H
Bpen -0.17 -0.05 1
PMom. 0.22 1 -0.04
7 an. (%) 10.43 0.55 -0.99
o an.(%) 27.44 30.44 17.80
SR 0.38 0.02 -0.06
MDD (%) 43.52 53.58 47.96
RoMaD 0.24 0.01 -0.02
HitRatio (%) | 52.68 50.00 52.30

Table 7: Extreme Sentiment strategy - In-sample return statistics

From Table [7] we can see that the Extreme Sentiment strategy also outperforms both bench-
marks from both an absolute and risk adjusted perspective, but not to the same extent as the
Ranked Sentiment strategy. When analysing the best periods of performance for this strategy, we
can see that, similar to that of the Ranked Sentiment strategy, the period of best performance
was at the end of 2008. The Extreme Sentiment strategy also generated strong returns at the

end of 2014, another bad period of performance for the Buy & Hold benchmark. This finding
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indicates that Net Sentiment Score observations in the lower tail of the distribution may have the

best predictive power with regards to asset returns, and that the Extreme Sentiment strategy is

better positioned to exploit this relationship. However during the period of greatest drawdown for

the momentum strategy, 2005, our Extreme Sentiment strategy participates to a far greater extent

than the Ranked Sentiment strategy, with monthly aggregated returns displayed in Figure [T1}
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Figure 11: Extreme Sentiment strategy - Distribution of returns
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When looking at the rolling correlation with graph in Figure the strategy demonstrates

a similar relationship to that of the Ranked Sentiment strategy, although demonstrating larger

deviations from the average.
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Figure 12: Extreme Sentiment Strategy - 1-year rolling pasom.
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6.2 Out-of-sample results

6.2.1 Ranked Sentiment strategy
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Figure 13: Ranked Sentiment strategy - Out-of-sample Cumulative returns

Metric Ranked Sentiment Momentum B&H
BpaH -0.14 0.01 1
PMom. 0.11 1 -0.04
7 an. (%) -13.44 -41.47 -2.61
o an. (%) 26.25 30.38 11.56
SR -0.51 -1.37 0.23
MDD (%) 43.62 84.68 20.52
RoMaD -0.31 -0.49 -0.13
HitRatio (%) | 46.63 37.08 51.69

Table 8: Ranked Sentiment strategy - return statistics

In contrast to our in-sample period, the out-of-sample period is a period of low volatility for
the Buy & Hold benchmark, where returns were largely flat over the period. While the Ranked
Sentiment strategy outperformed the Momentum benchmark, which lost nearly 85% of its value

over the period, it underperforms the Buy and Hold portfolio.
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6.2.2 Extreme Sentiment strategy
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Figure 14: Extreme Sentiment Strategy - Out-of-sample Cumulative returns

Metric Extreme Sentiment | Momentum B&H
BBeH -0.18 0.01 1
PMom. 0.19 1 0

7 an. (%) -1.09 -41.47 -4.52
o an. (%) 27.70 30.40 12.70
SR -0.04 -1.36 0.04
MDD (%) 38.99 84.68 23.74
RoMaD -0.03 -0.49 -0.19
HitRatio (%) | 48.90 37.10 50.00

Table 9: Extreme Sentiment strategy - Out of sample return statistics

The Extreme Sentiment strategy outperforms both benchmarks, as well as the the Ranked
Sentiment strategy in the out-of-sample period, restricting losses to 1.09% per annum, and reducing

the maximum drawdown observed.
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7 Discussion

We have implemented several systematic trading strategies, in an attempt to exploit market inef-
ficiencies, born from investor reaction to market sentiment. In doing so, both strategies responded
quickly in times of market distress, producing their best periods of returns during a market down-
turn, lending credibility to the findings of Garcia [I5], that people react more to information when
primed into negative mood states. In addition, the correlation metric of our strategies with the
Momentum benchmark hint that the driver of returns may be intrinsically linked to that of momen-
tum. This finding is most evident in the single asset Extreme Sentiment strategy, which exhibited
a correlation of 0.34 with a momentum strategy based on crude oil. This result lends credibility
to the under-reaction based explanation for the momentum effect ([12], [31] & [19]).

During the in-sample period, both strategies were able to capitalise on market distress, with
the Extreme Sentiment portfolio being slightly more responsive, generating significant returns in
both 2008 and 2015. Meanwhile the Ranked Sentiment strategy demonstrated better downside
protection during the largest drawdown for the momentum strategy, losing 31% compared to 44%
for the Extreme Sentiment strategy. While neither strategies were able to generate strong returns
during the out-of-sample period, when volatility was low and the commodity futures market was
flat, both demonstrated protection against the losses incurred by the momentum portfolio.

Although our results are inconclusive regarding which strategy is preferable, the results are
still encouraging with regards to a sentiment derived trading strategy. To improve these strategies
there are a number of avenues we would like to explore further. The first is to include a sentiment
dispersion factor into our models, in an attempt to forecast periods of higher market volatility,
and position the portfolio accordingly. In addition, further efforts are required to measure the
sentiment-momentum effect over varying time horizons and market conditions, with a view to
further strengthen our evidence that the underreaction to news articles is also apparent in the

commodities futures market.
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A Data

Sentiment Dataset Features

Feature Details

Timestamp The publication time stamp of the news item

StorylD Unique ID assigned to every news item that the sentiment engine
processes

Commodity The commodity that the article concerns

Sentiment Trinary score - the highest probable state of sentiment found in
the news item

Confidence The probability of the trinary sentiment score (above) matching
a known sentiment state alone

Novelty Identifies new stories: 1 = new story, 2 or greater means the item
is linked to a previous story that was published within the last 24
hours

HeadlineOnly Identifies if the item is headline only or if there is a body as well

AutoMessage Identifies if the story is generated as part of a schedule delivery

Events Identifies the subject or topic of the news item

Source A tag that identifies the publication name or source type

Prob_POS The raw probability that the article sentiment is positive

Prob_ NEU The raw probability that the article sentiment is neutral

Prob_NEG The raw probability that the article sentiment is negative
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Commodity return

series

Commodity Ticker

Coffee KC1 A:00_.0_R Comdty
Copper HG1 A:00_.0_R Comdty
Corn C 1 A:00.0_R Comdty
Cotton CT1 A:00.0_R Comdty
Gold GC1 A:00.0_R Comdty
Natural Gas NG1 A:00_.0_R Comdty
Silver SI1 A:00_.0_R Comdty
Sugar SB1 A:00-0_-R Comdty
Wheat W 1 A:00_.0_R Comdty
Oil CL1 A:00.0_R Comdty

B Model Calibration

B.1 Extreme Sentiment Strategy

Rolling window length

Metric Normal | T Power Johnsons | Weibull Mom. | B&H
Normal U min
Bpen -0.09 -0.09 -0.10 -0.09 -0.10 0.08 1
PMom 0.32 0.33 0.33 0.33 0.32 1 0.08
7 an. (%) 7.18 6.35 5.78 6.35 6.01 9.20 711
o an. (%) 24.18 24.38 | 24.34 24.38 24.19 34.65 | 34.73
SR 0.3 0.26 0.24 0.26 0.25 0.27 -0.21
MDD (%) 52.04 52.04 | 52.04 52.04 53.22 56.13 | 79.72
RoMaD 0.14 0.12 0.11 0.12 0.11 0.16 -0.09
HitRatio (%) | 58.72 58.40 | 57.98 58.40 58.77 54.79 | 52.30
% L 31.61 31.80 | 31.61 31.80 30.27 52.49 | 100
% N 54.98 54.41 | 54.41 54.41 56.32 0 0
% S 13.41 13.79 | 13.98 13.79 13.41 4751 |0

Table 10: 5 year fitted distribution statistics
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Portfolio Value

Portfolio Value

Cumulative Returns
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Figure 15: Fitted distribution - 5 year rolling window
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Figure 16: Fitted distribution - 3 year rolling window
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Metric Normal | T Power Johnsons | Weibull Mom. | B&H
Normal U min

Bp&H -0.16 -0.16 -0.16 -0.16 -0.16 0.08 1
PMom 0.30 0.30 0.30 0.30 0.30 1 0.08
7 an. (%) 1.35 0.82 1.84 0.82 2.21 9.20 -7.11
o an. (%) 24.23 24.32 | 24.22 24.32 24.18 34.65 | 34.73
SR 0.06 0.03 0.08 0.03 0.09 0.27 -0.21
MDD (%) 61.80 61.80 | 60.61 61.80 58.73 56.13 | 79.72
RoMaD 0.02 0.01 0.03 0.01 0.04 0.16 -0.09
HitRatio (%) | 56.22 55.93 | 56.65 55.93 57.21 54.79 | 52.30
% L 26.82 27.01 | 26.82 27.01 26.63 52.49 | 100
% N 55.36 54.79 | 55.36 54.79 56.13 0 0
% S 17.82 1820 | 17.82 18.20 17.24 4751 |0

Table 11: 3 year fitted distribution statistics

B.2 Regression derived strategy
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B.2 Regression derived strategy
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