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h i g h l i g h t s

• We considered market environment corresponding to driving processes.
• We focused on the systems driven by a sentiment process of the Markov chain type.
• We showed the Baum–Welch algorithm recovers the transition probabilities.
• The Recurrent Neural Network is applied for reconstructing the specific sentiment.
• We discussed applicability of HMM & RNN to the sentiment reconstruction.
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a b s t r a c t

In this paper we continue the study of the simulated stock market framework defined
by the driving sentiment processes. We focus on the market environment driven by the
buy/sell trading sentiment process of the Markov chain type. We apply the methodology
of the Hidden Markov Models and the Recurrent Neural Networks to reconstruct the
transition probabilitiesmatrix of theMarkov sentiment process and recover the underlying
sentiment states from the observed stock price behavior. We demonstrate that the Hidden
Markov Model can successfully recover the transition probabilities matrix for the hidden
sentiment process of the Markov Chain type. We also demonstrate that the Recurrent
Neural Network can successfully recover the hidden sentiment states from the observed
simulated stock price time series.

© 2017 Elsevier B.V. All rights reserved.

1. Introduction

A typical stock market simulation framework considers a discrete-time evolution of a system of agents, each possessing
shares of stock and units of cash, who submit orders to the stock exchange, see [1–13] for some of the original papers. One
can assume that at each time step each agent participates in a trade with some probability, which in the simplest models is
identical for all of the agents, and is a constant in time. If the agent decides to participate in a trade then it needs to decide
on the side of the trade (buy or sell), the limit price (for which it is willing to buy or sell the shares of stock), and the size of
the order.

In the simplest models the buy/sell side is determined by a flip of a fair coin, the limit price is normally distributed
around the value related to the most recent stock price, and the size of the order is drawn uniformly between a zero and
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all-in [5]. Under such conditions the stock price time series will exhibit a mean-reverting behavior around the equilibrium,
Pe = M/S, determined by the total amount of cashM and the total number of shares S in the system. This relation is a simple
consequence of the balance of an expected cash flows to and from the stock market capitalization. Similarly, the volatility
σe around the mean price Pe is determined by the standard deviation σ of the limit orders submitted by the agents, σe ≃ kσ ,
for a certain value of k [5].

The real world stock prices time series are far from being simple mean-reverting processes. In order to obtain interesting
stock price dynamics one needs to incorporate a non-trivial behavior of the agents, rather than a random behavior described
in the previous paragraph. Variousmodels have been proposed in the literature, incorporating a sophisticated strategies into
the behavior of agents, such as trend-following, contrarian, fundamental, utility optimization, etc., see [14] for a review. The
common feature of those models is that the agents apply a specified strategy to the observed stock price behavior to make
a purposeful decision about their trading actions. Such models have been rather successful in explaining stylized facts of a
stock price behavior, such as fat tails of logarithmic returns [15] and volatility clustering.

Another way to model the stock price behavior in a simulated setting has been proposed in [13]. The starting assumption
adopted in [13] was to consider a stock market framework in which the strategies of the agents are in one-to-one
correspondence with a set of processes, called sentiments. (An interesting review of the sentiment analysis in stock market
can be found in [16].1) Examples of such sentiment processes include the perceived volatility sentiment, determining the
standard deviation of the submitted limit price, the buy/sell attitude, determining the willingness to buy rather than sell a
stock, and the participation sentiment, determining the trading volume. All or large groups of the agents receive sentiments
from the same source, probably with some noise around it. For instance, half of the agents might receive an information that
a stock has been assigned a positive rating, and therefore the agents in that group will be, e.g., thirty-percent more willing
to buy that stock rather than to sell it.

One could ask what would be the reason to model the behavior of the stock market participants using the driving
sentiment processes. Indeed, it is likely to expect that the agents participating in the market will readjust their trading
decision basing on the observed stock price behavior, rather than persist following the pre-specified sentiment. We answer
this question by pointing out that the sentiment processeswhichwe discuss in this paper are emergent rather than imposed,
in the sense that the collective behavior of the agents, in the framework considered in this paper, can be described via
sentiment states.

We do not address the question of intelligence of the agents in our stockmarket simulation framework. Our stockmarket
framework models the situation in which the (large groups of) agents have some trading guidelines which we propose to
model by a set of sentiments. This is contrasted with most of the agent-based stock market simulations, ranging in their
degree of sophistication in modeling the agents’ intelligence: starting from the model [5] of agents with low intelligence
(where agents only look at the most recent stock price and stock volatility to decide on the limit orders they submit), to
the sophisticated model of [4] with agents shaping their trade decisions using genetic algorithms. The major postulate of
our sentiment-driven stock market framework is that all of the intelligent decision-making by the agents has happened
elsewhere, and that the outcome of it can be concisely formulated in terms of the driving sentiment processes.

Therefore the sentiment trading conditions discussed in this paper define amarket framework as the starting assumption.
In a sentiment-driven stock market framework the stock price dynamics is largely determined by the properties of the
underlying sentiment processes. Once all the sentiments have been specified we can predict well what will come out of the
simulation. We can ask the opposite question: if we observe a stock price behavior and we know that it has originated in
a sentiment-driven framework, how do we determine the underlying sentiment processes? This paper is concerned with
such a question.

Notice that above we are talking about attempting to explain a stock price behavior using sentiment driving processes
when we know for sure that the observed stock price time series has been simulated in a sentiment-driven market
simulation. One can ask a question of whether the real-world stock data can be analyzed in a similar way, starting from
the assumption that the behavior of the real market participants boils down, within a certain degree of approximation, to a
few driving sentiment processes. In this spirit it would be interesting to explore how the sentiment market framework can
account for the real market behavior. We will not be addressing this question in this paper, leaving it for future work.

The simplest sentiment-driven stock market environment is defined by a few well-separated sentiment regimes. By
calculating the mean stock price in each of those regimes we can derive the corresponding sentiment. The probability to
switch between the regimes is then small (of order of an inverse number of steps the market spends in the given sentiment
state). We discuss such a situation in Section 2, where we consider the market environment in which various groups of
agents follow the buy/sell sentiment which changes twice over the time of the simulation. We demonstrate explicitly that
the resulting mean stock price in each of the sentiment regimes is consistent with the cash flow balance equation.

Amore sophisticated situation is to consider a non-trivial sentiment time series, switching regularly between states with
different sentiments. A simple example of such a process, which we will be focusing on for the most part of this paper, is
given by aMarkov chain,with a certain transition probabilitymatrix. The problem is then to recover the transition probability
matrix of the sentimentMarkov process from the observed stock price time series. Wewill address this problem in Section 3

1 There are subtle specifics as to how this one-to-one correspondence is to be understood. For instance, we do not distinguish between market
frameworks in which a subgroup of agents follows a particular strategy, or each agent in the whole system adopts that strategy with the corresponding
probability.
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