Chapter 1 Introduction

Market prediction is the obsession of both pratitionner and researchers. Even though numerous efforts have been made, the difficulty has been the inability to capture the irrationality of investors with rational mathematical modelisation. Stock market is more difficult to predict than fixed-income, commodity or derivative markets due to the presence of investors of various categories. Information is the key to investment decisions.

The Market Efficiency Theory states that financial market prices should reflect all information and that consistent alpha generation is impossible. The development of natural language processing methods provides us with tools to analyse textual information. Inspired by Fama-French model, according to which stock return can be explained with a linear combination of different factors, we think that market mouvement can be explained by categorized news topics, such as politics, macroeconomic policies, private investment ect. Latent Dirichlet Allocation allows us to extract the evolution of topic distributions. Thus, we propose to verify the semi-efficient form of market efficiency of the French stock market CAC 40 by analysing daily news in French media with LDA model. More precisely, our objective is to obtain better performance in volatility prediction by using topic distributions in addition to numerical market data. We chose to predict volatility instead of return because Atkins et al. [START_REF] Atkins | Financial news predicts stock market volatility better than close price[END_REF] proved that financial news predict stock market volatility better than close price. We modelised the Garman-Klass Volatility and Rough Volatility of the French CAC 40 index using topic distribution by investigating linear regression, Random Forest and LSTM models.

Despite of low data quality, we showed that using distribution of topics discussed in the media can improve the accuracy of predicted volatility.

Chapter 2

NLP Methods

Text data preprocessing

Words are not understandable information for computers. We transformed text data into machine readable format using the following techniques of natural language processing.

• Tokenization

Tokenization means splitting tweets into units called tokens that generally correspond to words, numbers and symbols. They are typically separated by space in western languages. Tokenization is essential for every linguistic processing application, for example part-of-speech taggers (it tags the grammatical nature of a word) only take tokens as input. Text tokenized is then transformed in lower-case.

• Stop Words Removal Stop words are words that are removed before processing natural language data. They are the most common words in a language. Any group of words can be chosen as stop words for a given purpose.

• Lemmatization

In linguistic morphology, stemming is the process that reduces words to their word stemmer. Stemming groups words that have the same meaning under the one form. However, stemming is not enough to determine correctly the unique feature dimension of certain words, as exemplified by "good","better","best", because stemming operates on a single word without knowledge of the context, and therefore it can not discriminate between words of different meanings depending on the context. In this step, we reduce words into their lemmas by using the nltk lemmatize function.

• TFIDF TFIDF, short for term frequency-inverse document frequency, is a numerical statisctics intended to count the frequency of a stem in a given corpus. Some words such as "the" apprears frequently. The inverse document frequency factor is conceived by Karen Spärck Jones in 1972 in order to diminish the weight of terms that occur very frequently in the document set and increase the weight of terms that occur rarely.

Topic Modeling

2.2.a Probabilistic latent semantic analysis (PLSA) Model

The disadvantage of Unigram Model is that it doesn't take words of topic into consideration. We use words in the given topic to write an article. The PLSA model follows this intuition:

• Document-topic dice: each document-topic dice has K faces, each face corresponds to the id of topic-word dice which has V faces and each face corresponds to a word

• In order to write an article, firstly we should determine the topic -Throw the document-topic dice ( -→ φ 1 ,..., -→ K ) to choose a topic z -Throw the topic-word dice ( -→ θ 1 ,...,

-→ θ M ) z many times to get words to use

In PLSA model, the probability of each word in the m t h document is

p(w|d m ) = K ∑ z=1 p(w|z)p(z|d m ) = K ∑ z=1 φ zw θ wz
The probability of generating a specific document is :

p( -→ w |d m ) = n ∏ i=1 K ∑ z=1 p(w|z)p(z|d m ) = n ∏ i=1 K ∑ z=1 φ zw ∆ wz

2.2.b Latent Dirichlet Allocation (LDA)

The PLSA model uses determined probabilist distribution of words and topics; this distribution is unique. In order to better modelize the fact that distributions are not determined in human language, Blei at al. use the Bayesian theorem and consider that words and topics follows multinomial distribution Appendix. Since Dirichlet distribution is conjugate to Multinomial distribution, LDA model uses Dirichlet Distribution.

The LDA model for topic distribution of documents is presented by Blei and al [2] at NIPS in 2001. For a ensemble of documents, it can compute topics to which one document belongs as well as their corresponding probabilities. This model has meet with great success in document classification.

LDA model is a generative process that allows a set of observation of words in a document to be explained by unobserved groups of topics that can explain why some part of data are similar. For a given document, topics are chosen via the multinomial distribution with a given prior. Based on the chosen topic, we choose words in this topic based on multinomial distribution using the frequency of these words in a topic.

The concept of Dirichlet prior is introduced because document is covered by a small number of topics and topics use only a small set of words. Topics and words are under a uniform Dirichlet prior distribution.

In the following plate, the outer plate represents documents, and the inner represents words in a document. The process in LDA to generate a model is as follow:

• choose a document d i with the prior p(d i )

• The distribution θ i of topic i is generated by Dirichlet Distribution with parameter α

• get the topic of word j in document i using parameter of topic distribution θ

• Generate the word distribution of topic z i,j , and topic z i,j is obtaine via the parameter β of Dirichlet distribution

• Generate words w i,j using multinomial distribution of the word distribution of topic z i,j

2.2.c NLP in stock analysis

Tetlok et al. [START_REF] Paul | Giving content to investor sentiment: The role of media in the stock market[END_REF] studied the interaction between the US stock market and daily news from Wall Street Journal in 2007. They showed that negative sentiment from these articles may be predictive of future downwards changed in firm value. Genin et al predicted the crude oil price using headline and abstract of articles containing the words "oil price". Their model (Linear Regression combined with Polynomial) captures 55% of variations of oil prices using 60 topics. Huang et al. built a leading indicator for recessions using LDA model. Nguyen et al. [START_REF] Thien | Topic modeling based sentiment analysis on social media for stock market prediction[END_REF] built a TSLDA model that combined social media topic sentiment and LDA model to predict stock markets and achieved an acccuracy of 61% on individual stock of Ebay.

Resulting topics

After applying Latent Dirichlet Allocation algorithm on the preprocessed textual data, we can extract the main topics of a text. As an example, we calculated the main topics over the year of 2018. We see that we can indeed assign a meaning to each topic, such as finance, cinema, sport or geography. 

3.1.a Garman-Klass Volatility

As our goal is to study intraday volatility and measure the correlation between topics in the journals and the stock market, we chose to use Garman-Klass volatility [3] as a proxy of volatility. It has the following formula:

σ t = N n N ∑ i=1 [ 1 2 log( H i L i ) 2 -(2log(2) -1)log( C i O i ) 2 ]
Where:

• N = number of closing prices in a year

• n = number of historical prices used for the volatility estimate

• H i High price at date i

• L i Low price at date i • C i Closing price at date i • O i Open price at date i
The Garman-Klass volatiilty has the advantage to incorporate intraday information on price variability.

Because of the amount of outliers and the small scale of the volatility, we decided to operate on a logarithmic range. The dependent variable we try to predict is hence the logarithm of Garman-Klass intraday volatility between January 2007 and November 2018.

3.1.b NLP features

In order to make a prediction of volatility on a daily basis, we calculated computed the topic distribution of each business day between January 2007 and November 2018. The topics are based on the previous calendar year: for example, to predict the volatility of 2014, we would take as NLP input the topic distributions of the previous years based on topics calculated with textual data of 2013. This way, we never peek into the future and all data used for machine learning are obtained from the past.

In reality, the topics and their distribution should be updated on a daily basis. However, such an operation would take too much computation time given that the sole calculation of topic distribution takes up to 30 minutes. We made the assumption that composition of topics stay stable within the year, while the more precise methodology can still be applied in real life.

In order to take into account the eventual surge of volatility when a certain sensitive topic such as war or crisis is mentioned more often than the previous days, we also computed the running difference between the current distribution and the mean distribution over last weak and last month as additional input features.

3.1.c Other features

On top of the text features from Natural Language Processing, a few other features were added to improve the performance of the algorithm:

• The lagged values of the volatility over the last 10 business days (10 features)

• The moving average of the volatility over a window of 10 business days

• Difference between the present value and past 10 days (10 features). This is because Random Forest cannot learn the dynamic of the difference between two columns by itself.

• ROW NUMBER which indicates the progression in time, as algorithms such as Random Forest cannot take this aspect into account

• The weekday as a one-hot encoded feature.

Backtest scheme

In the case of time-series data, the standard machine learning backtest methods such as k-fold cross validation or simple train-test splits do not work because they do not take into account the temporal component inherent to the problem. We cannot randomly split the data because we must respect the temporal order in which values are received.

Instead, we used a walk-forward, rolling window validation model as follows:

1. Starting at the beginning of our time-series, we chose a minimum number of samples (window size) to train our model.

2. The machine learning model makes a prediction for the next day.

3. The prediction and true value of next day are stored for comparison.

4. The window moves forward to include the next day and remove the oldest day.

5. Repeat the process until the end of time-series. For this project, we chose a rolling window size of 3 years which allows to take into account the dynamics of the volatility within an extended period of time while keeping the computation time relatively low.

Machine Learning Methods

3.3.a Random Forest and Linear Regression

Random Forest is an ensemble decision-tree supervised learning algorithm. It builds multiple decision trees and merges them together to get a more accurate and stable prediction. Random Forest has the advantage of being more resistant to outliers and its randomness prevents overfitting. We used an out-of-box random forest regressor with the following parameters:

Linear Regression attempts to predict the dependent variable by finding a linear relationship between the input variables while minimising the prediction error. It is simple and faster than other algorithms but it is limited to linear relationships and is sensitive to outliers.

3.3.b LSTM

A Recurrent Neural Network is a class of artificial neural network designed to recogonize patterns in sequences of data and has a temporal dimension. It is one of the most powerful types of neural networks.

A standard feed forward neural network works as follows (Figure 3.5).

It is trained on some labelled outputs until it minimizes the error. However, it has no notion of order in time.

A reccurent neural network (RNN) tackles this problem by including a feedback loop that takes into account the recent past. The prediction that a recurrent net made at timestep t-1 will affect its prediction at timestep t. Therefore, a recurrent network 

h t = φ(Uh t-1 + Wx t )
Where U is the matrix of weights based on the previous hidden state, W matrix of weights based on the current output, h t-1 the previous output and φ an activation function. However, the RNN faces the vanishing gradient problem: because of the complexity of the network, the information passes through many stages of multiplication. The gradient measures the change in all weights with regards to the change in error and is the key value a learning algorithm needs to calculate in order to learn and improve its performance. When the complexity increases, the derivatives are susceptible to exploding or vanishing. When the vanishing gradient happens, the gradient becomes too small for computers to work and for networks to learn. Therefore, an standard RNN will have trouble learning the long-term dependencies.

In the mid-90s, Hochreiter and Schmidhuber [START_REF] Hochreiter | Long short-term memory[END_REF] proposed a variant of recurrent network called Long Short-Term Meomory units, or LSTMs. Instead of a simple feedback structure, LSTMs use a more complex repeating module. The feedback structure is composed of:

• A forget gate layer that decides how much information to retain from the previous states.

• An input gate layer that decides what new information we store in the cell state.

• An output gate layer that decides what information to feed to the next state. 

Machine Learning Results

As benchmark, we chose two trivial algorithms: The table below summarizes the scores we obtained for the following models: Comments:

• All our algorithms out-perform the algorithm that consists of using the previous day's data, however they do not beat the running average algorithm.

• If we use only data from newpapers without time-series features, we would achieves a performance comparable to the benchmarks. This shows that our textual data has already some predictive power.

Chapter 4

Application: Rough Volatility

Rough Volatility: Presentation

Rough volatility is a new area of research emerging in 2014 proposed by [4]. It is an estimate of the integated variance over various short-term periods for the whold day which are used as proxies for the unobservable spot volatility process. It relies on the availability of high-frequency data nowadays. It is based on the dynamic:

log σ t+∆ -log σ t = ν(W H t+∆ -W H t )
Where W H is a fractional Brownian motion. A fractional Brownian motion W H t is the unique Gaussian process with mean zero and autocovariance

E[W H t W H s ] = 1 2 {|t| 2H + |s| 2H -|t -s| 2H } .
The price model can be written as:

dS t = √ v t dZ t v t = v 0 + λ Γ(α) t 0 θ -v s (t -s) 1-α ds + λν Γ(α) t 0 √ v s dW s (t -s) 1-α (4.1) with d Z, W t = ρdt
Where Z and W are brownian motions. Rough volatility can be understood as relating to the persistence of order flow and the high degree of endogeneity of liquid markets.

Gatheral et al. provided a python notebook allowing for the use of the rough volatility model. We obtained the following results using the rough volatility model as prediction: 

Residuals

However, we can try to improve the rough volatility model by predicting the residuals with our NLP data. Rough volatility being a mathematical model, it does not take into account the market sentiment. Therefore, our NLP data can provide additionnal information and may, combined with rough volatility, achieve better predition.

4.2.a Methodology

Just as in the previous chapter, we used the daily topic distribution as input variables. However, to isolate the impact of NLP, we only took the topic distribution data as input and removed the time series data.

4.2.b Results

FIGURE 4.3: Improvement of rough volatility

We see that using NLP data allowed to improve the performance of the standard rough volatility model by a relative percentage of 15%.

This shows that data extracted with NLP from newpapers conceal information that are not taken into account by rough volatility model. This shows the relevance of our work: NLP can act as a tool to improve the accuracy of volatility prediction.

Conclusion Discussion

During this project, we applied the techniques of topic modelling using Latent Dirichlet Allocation to a large volume of new articles. We understood the factors that lie between the volatility of French stock market and newspapers. We successfully computed the daily distribution of topics of Les Echos from 2007 to 2018 so as to predict the daily volatility. Although the model does not perform very well as a stand-alone algorithm, it does provide information that other cutting edge models such as Rough Volatility do not understand, therefore can act as an improvement of these models.

The model that perfomed the best is a LSTM network with 32 hidden layers performed with 20 topics calculated upon the news articles of the previous calendar year. It obtained a RMSE of 0.21 against 0.24 obtained by standad rough volatility model.

Future works

There are several ways to improve this model:

• associate an opinion with extracted topics

• Integrate sequential aspect in topic modeling: update the topics on an online fashion with new press releases

• Perform feature selection to find the optimal number of topics

• Use our model to create a trading strategy on volatility It has the following properties:

Γ(x + 1) = xΓ(x) Γ(n) = (n -1)! n ∈ N or Γ(x) = x 0 f (t; α, β)dt = x 0 β α x α-1 e -βx Γ(α) = γ(α, βx) Γ(α) with x > 0, α > 0, β > 0 A.

Beta Distribution

The Beta Distribution is similar to the Gamma Distribution, except that x ∈ [0,1]. Its probability density distribution function is written as:

f (x; α, β) = Γ(α + β) Γ(α)Γ(β) x α-1 (1 -x) β-1 ; x ∈ [0, 1], α > 0, β > 0 with x ∈ [0, 1], α > 0, β > 0 The term Γ (α+β) 
Γ(α)Γ(β) ensures that the total probability equals to 1.

A.5 Conjugate Prior

In Bayesian probability theory, if the posterior distributions p(θ|x) are in the same probability distribution family as the prior probability distribution p(θ), the prior and posterior are then called conjugate distributions, and the prior is called a conjugate prior for the likelihood function.1 P(θ|x) = P(θ, x) P(x)

For example, Beta distribution is conjugate to binomial distribution and Dirichlet distribution is conjugate to Multinomial distribution. It means that,when data fits binomial distribution, its prior and posterior conserve the Beta distribution.

A.6 Dirichlet Distribution

The density function of Dirichlet Distribution is:

f (x 1 , ..., x k ; α 1 , ..., α k ) = 1 B(α) k ∏ i=1 x α i -1 i with Beta(α) = ∏ k i=1 Γ(α i ) Γ(∑ k i=1 α i ) k ∑ i=1 x i = 1

A.7 Characteristics of Beta and Dirichlet Distribution

Given p = Beta(t|α, β),

E(p) = 1 0 t * Beta(t|α, β)dt = 1 0 t Γ(α + β) Γ(α)Γ(β) t α-1 (1 -t) β-1 dt = Γ(α + β) Γ(α)Γ(β) 1 0 t α-1 (1 -t) β-1 dt = Γ(α + β) Γ(α)Γ(β) * Beta(t|α + 1, β)
and,

B(t|α + 1, β) = 1 0 Γ(α + β + 1) Γ(α + 1)Γ(β) t α-1 (1 -t) β-1 dt = 1 thus, E(p) = 1 0 t * Beta(t|α, β)dt = Γ(α + β) Γ(α)Γ(β) Γ(α + β + 1) Γ(α + 1)Γ(β) = Γ(α + β) Γ(α + β + 1) Γ(α + 1) Γ(α) = α α + β For the Dirichlet distribution p Dir(t|α), E(p) = ( α 1 ∑ K i=1 α i ..., α K ∑ K i=1 α i , )

A.8 Markov Chain and Monte Carlo(MCMC) and Gibbs Sampling

Two main approaches can be used to approximate probability distribution.

• Sampling with stochastic approach

• Variational Inference

In topic modeling, we interest in the expected value of probability distribution by computing x i are independent, based on the Law of Large Numbers, the Sampling approach can reach satisfying accuracy. The key is the MCMC used to generate x i . Given x ∈ X, the probability of x in A is :

p(A) = A p(x)dx
and f:X-→ R, the expected value of f(x) is :

E p [ f (X)] = x f (x)p(x)dx
MCMC should be run for a enough large data in order to reach convergence.

Gibbs Sampling is a MCMC.It chooses randomly x i and remove it from X. A new probability p(x i |X) is calculated based on this sample. A new value x i is generated by p(x i |X) to replace x i .

A.9 Document Modeling

A document can be considered as a list of ordered words d=(w 1 , ..., w n ). We can imagine that a document is generated by throwing a dice for n times. Here comes two questions:

• Which kind of dices we have. It means which parameters we have in our model.

• How to throw these dices. It means which rules apply to results generated by throwing dices.

A.10 Unigram Model

Bag-of-words model is used in Unigram model. It assumes that documents are independent, and words in a document are independent too. The documents is generated as follow:

• Let's throw a dice of V faces with difference probability on each face.

• Throwing this dice for n times to build a document. General probability model assumes there is only one dice for all document, this is unrealistic for topic modeling. Bayesian model considers parameters as random variables, the probability distribution -→ p = (p 1 , ..., p V ) Thus, documents are gener- ated as follow:

• There are a box with many different dices, with V faces for each dice • A dice is chosen randomly and is thrown for n times to generate all words needed.

There are dices of different types, and number of dices of each type is different. We have a probability p( -→ p ) to choose a dice. For a given dice, words are generated by p(W| -→ p .Thus the probability of word distribution is:

p(W) = p(W| -→ p p( -→ p )d -→ p
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Appendix

A.1 Binomial Distribution

The Binomial Distribution is a discrete probability distribution of the number of success in a sequence of n independent experiments with p times of success. Each of these experiments asks a yes-no question; the Boolean answer is considered as random variable. It is a sequence of Bernouilli process. Let's suppose X follows the Binomial Distribution with parameter N ∈ N and p ∈ [0,1], we write X B(n,p). The probability mass function,i.e. the probability of getting k success in n trials:

Multinomial Distribution

The Multinomial Distribution is the extension of the Binomial Distribution to multidimension, where answers is no-longer Boolean but a set of discrete values (1,2,3,...,k). For example, it can model the probability of counting a 6-sided die n times, the probability of having each side is fixed. Denotes p i as the probability that a given result will be possible outcome i, the probability mass function can be written as:

Gamma Function

The Gamma Distribution is a continuous probability distribution with two parameters. In Bayesian statistics, where gamma distribution is used as a conjugate prior distribution, which means posterior distributions p(θ|x) are the same probability distribution family as the prior probability distribution p(θ). Given shape parameter α and inverse scale parameter β = 1 θ , a random variable X following the Gamma Distribution can be written as

Its cumulative distribution function is:

Dirichlet distribution is conjugate to Multinomial distribution, thus:

It implies:

The parameter -→ p is estimated with

and pi = n i + al pha i ∑ V i=1 (n i + α i ) α is the prior in Dirichlet Distribution.