
Abstract

The financial market influences personal corporate 
financial lives and the economic health of a country. 
Price change of stock market is not a completely 
random model. The pattern of financial market has 
been observed by some economists, statisticians 
and computer scientists. This paper gives a detailed 
idea about the sequence and state prediction of stock 
market using Hidden Markov Model and also making 
inferences regarding  stock market trend. The one day 
difference in close value of stock market value has 
been used for some period and the corresponding 
transition probability matrix and emission probability 
matrix are obtained. Seven optimal hidden states and 
three sequences are generated using MATLAB and 
then compared.
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Introduction

The most of the trading in Indian stock market is classified 
in two categories, the Bombay Stock Exchange (BSE) and 
the National Stock Exchange (NSE). The BSE has been 
functioning since 1875. The NSE was founded in 1992 and 
started trading in 1994. Even though both exchanges have 
the same trading mechanism, trading hours, settlement 
process, etc., they are having high demand from people. 
The two prominent Indian market indices are Sensex and 
S&P CNX Nifty.

Financial market (Stock Market) is a platform for 
investors to own some shares of a company. Investors will 
then become a part of the company members and share in 
both gains and losses of that particular company. This is a 
better way for the investors to get extra income apart from 

their regular salary. Changes of share prices on every day 
make it more volatile and difficult to predict the future 
price. When purchasing a stock, it does not guarantees 
to give anything in return. Thus, it makes stocks risky in 
investment, but investors can also get high profit return. 
When investors take wrong decision in choosing the 
counters, it may end up in capital loss. The behavior of 
stock market returns has been deeply discussed over some 
years. In this paper, the hidden states and sequence are 
generated for stock market values using Hidden Markov 
Model (HMM) through software. 

Review of related works

There are so many researches going on stock market 
analysis. Rabiner (1989) used precise HMMs, in which 
the state sequence estimation problem can be solved very 
efficiently by the Viterbi algorithm whose complexity 
is linear in the number of nodes, and quadratic in the 
number of states. However, this algorithm only emits a 
single optimal (most probable) state sequence, even in 
cases where there are multiple (equally probable) optimal 
solutions. Hassan and Baikunth Nath (2005) used HMM 
to predict next day closing price for some of the airlines. 
They considered four input attributes for a stock, and they 
were the opening price, highest price, lowest price and 
closing price. These four attributes of previous day were 
used to predict next day’s closing price. Hassan (2009) 
introduced the new combination of HMM and Fuzzy 
model to forecast the stock market data. He classified the 
data set as daily opening, high, low and closing prices to 
predict the next day’s closing price. HMM-fuzzy model is 
more reliable and profitable than the other model. 

Jyoti Badge (2012) used Macro-Economic factor as a 
technical indicator, which is used to identify the patterns 
of the market at a particular time. For selecting technical 
indicator author was applying principal component 
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analysis. Luca et al., (2013) investigated the dynamic 
patterns of stock markets by exploiting the potential 
of the HMM for defining different market regimes and 
providing transition probabilities for regime-switching. 
Tuyen (2013) used HMM to estimate the parameter of the 
Markov Black-Sholes model to predict the option prices 
in the stock market. The historical data of daily VN-Index 
(Vietnam Stock Market) were taken from 2009 to 2011 
for finding the four hidden states corresponding to the 
Normal distribution ),( iiN σµ for i = 1,2,3,4 with the 
help of HMM. Kai Cui (2014) explained that, the variation 
of financial time sequence for Shangai composite index 
was predicted by introduction of a dual state HMM. He 
also justified that the HMM was the best tool to predict 
the variation of financial time sequence. Somani et al., 
(2014) surveyed support vector machine, neural network 
and HMM in the area of stock market forecasting. HMM 
is more efficient in getting information from the result, 
showing future behavior of stock market valuesand 
fluctuations.

Methodology

Hidden Markov Model

HMM has been successful in analyzing and predicting 
phenomena’s relying on a time dependence or time 
series. It is very effective and intuitive approach to 
many sequential pattern recognition tasks, such as 
speech recognition, protein sequence analysis, machine 
translation, pair wise and multiple sequence alignments, 
gene annotation, classification and similarity search. 

A HMM is a doubly stochastic process in which an 
underlying stochastic process is unobservable, which 
means that the state is hidden. This can only be observed 
through another stochastic process that produces a 
sequence of observations. Thus, if S = {Sn, n=1, 2,...} is 
a Markov process and F = {Fk , k=1, 2, …} is a function 
of S, then S is a hidden Markov process or HMM that 
is observed through F, and S is also known as the state 
process that is hidden and F as the observation process 
that can be observed. The observed event is called 
as a “symbol” and the invisible factor underlying the 
observation a “state”.

A HMM is usually defined as a 5-tuple (S, F, P, ψ, π), 
where 

S = {s1, s2, …,sn} is a finite set of n states.

F = {o1, o2, …,om} is a finite set of m possible symbols.

P = {pij} is the set of state-transition probabilities, where 
pij is the probability that the system goes from state si to 
state sj.

ψ = {ψi(ok)} are the observation probabilities, where 
ψi(ok) is the probability that the symbol ok is emitted when 
the system is in state si. 

π = {πi} are the initial state probabilities; that is the 
probability that the system starts in state si.

 As the states and the output sequence are understood, it 
is usually denoted by the parameters of a HMM by λ = 
(P, ψ, π).

Figure 1:    General Structure of a Hidden Markov 
Model

From the Figure 1, the Siare the hidden states that is to be 
estimated and the Fi are the observation of the random 
variables from which the Si are to be estimated. The letters 
B and E indicate the beginning and end of the sequence of 
states. 	

Transition Probability Matrix

The transition probability Pjk,where Pjk ≥ 0, for all j. These 
probabilities may be written in the matrix form,
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This is called the transition probability matrix (tpm). P is 
a stochastic matrix ie.a square matrix with non-negative 
elements and row total is equal to one.
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Materials and Methods

In this paper, Oil India Ltd is sample share, its daily 
close value data for two months period is considered. 
Three observing symbols I, N and D are indicated. The 
symbol I-indicates Increasing, N-indicates No change and 
D-indicates Decreasing. If nth day’s close value – (n-1)
th day’s close value > 0, then observing symbol is I. If 
nth day’s close value – (n-1)th day’s close value < 0, then 
observing symbol is D. If nth day’s close value – (n-1)th 
day’s close value = 0, then observing symbol is N. 

Seven hidden states are assumed and are denoted by the 
following symbols S1, S2, S3, S4, S5, S6, S7

where,	

S1 - very low
S2 - low
S3 - moderate low
S4 - no change
S5 - moderate high

S6 – high
S7 – very high

Since the above mentioned states are not directly 
observable, in this situation the stock market values are 
considered as hidden. From the hidden state sequences, it 
is possible to produce the observations.

The various probability values of tpm and emission 
probability matrix (epm) for difference in one day, two 
days and three days close values are calculated as follows: 
tpm and epm for one day close value difference

Figure 1(a):    tpm

Table 1:    The Closing Value of a Stock Market Tpm and Epm for two Day Close Value Difference

S. No Close  Value Diff in  1 day Observation Symbol Diff in 2 day Observation Symbol Diff in  3 day Observation Symbol
1 458.00            
2 465.70 7.70 I      
3 469.00 3.30 I -4.40 D    
4 467.35 -1.65 D -4.95 D -0.55 D
5 469.90 2.55 I 4.20 I 9.15 I
6 473.65 3.75 I 1.20 I -3.00 D
7 466.00 -7.65 D -11.40 D -12.60 D
8 487.20 21.20 I 28.85 D 40.25 I
9 501.00 13.80 I -7.40 D -36.25 D
10 518.85 17.85 I 4.05 I 11.45 I
11 508.60 -10.25 D -28.10 D -32.15 D
12 500.15 -8.45 D 1.80 I 29.90 I
13 478.45 -21.70 D -13.25 D -15.05 D
14 478.45 0.00 N 21.70 I 34.95 I
15 467.50 -10.95 D -10.95 D -32.65 D
16 456.30 -11.20 D -0.25 D 10.70 I
17 451.95 -4.35 D 6.85 I 7.10 I
18 457.05 5.10 I 9.45 I 2.60 I
19 459.25 2.20 I -2.90 D -12.35 D
20 458.50 -0.75 D -2.95 D -0.05 D
21 458.50 0.00 N 0.75 I 3.70 I
22 458.50 0.00 N 0.00 N -0.75 D
23 453.65 -4.85 D -4.85 D -4.85 D
24 457.00 3.35 I 8.20 I 13.05 I
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Figure 1(b):    epm

Figure 2(a):    tpm

Figure 2(b):    epm

tpm and epm for three day close value difference

Figure 3(a):    tpm

S. No Close  Value Diff in  1 day Observation Symbol Diff in 2 day Observation Symbol Diff in  3 day Observation Symbol
25 456.75 -0.25 D -3.60 D -11.80 D
26 467.65 10.90 I 11.15 I 14.75 I
27 470.10 2.45 I -8.45 D -19.60 D
28 470.95 0.85 I -1.60 D 6.85 I
29 483.30 12.35 I 11.50 I 13.10 I
30 481.30 -2.00 D -14.35 D -25.85 D
31 483.45 2.15 I 4.15 I 18.50 I
32 478.65 -4.80 D -6.95 D -11.10 D
33 480.65 2.00 I 6.80 I 13.75 I
34 477.50 -3.15 D -5.15 D -11.95 D
35 485.95 8.45 I 11.60 I 16.75 I
36 487.55 1.60 I -6.85 D -18.45 D
37 486.00 -1.55 D -3.15 D 3.70 I
38 492.60 6.60 I 8.15 I 11.30 I
39 491.15 -1.45 D -8.05 D -16.20 D
40 493.70 2.55 I 4.00 I 12.05 I
41 493.70 0.00 N -2.55 D -6.55 D
42 488.35 -5.35 D -5.35 D -2.80 D
43 490.00 1.65 I 7.00 I 12.35 I
44 499.00 9.00 I 7.35 I 0.35 I
45 501.25 2.25 I -6.75 I -14.10 D
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Figure 3(b):    epm

From the above TPM and EPM hidden states and 
sequence have been generated using MATLAB software. 
Difference of one day, two day and three day hidden 
states and sequence are given below respectively. From 
the sequence and states we can predict the future values 
of stock value.

1 Sequence: D I D I I D D I D I
States: S4 S2 S7 S6 S5 S5 S5 S3 S5 S3

2 Sequence: D I D I D I  D I I I
States: S5 S3 S5 S3 S6 S3 S5 S2 S3 S3

3 Sequence: I I I D D I D I I I
States: S5 S5 S3 S5 S5 S2 S6 S2 S5 S3

Conclusion

Stock market values are unpredictable because of the 
variation of several factors. So there is no single method 
which can perfectly forecast the stock price values, HMM 
is no exception. Even though through this paper, the HMM 
model easily recognized three states of the stock market 
and also it was used to forecast the future values. In this 
paper, hidden states and sequences have been generated 
to identify, so that, we can easily identify the future states 
and also easily identify the sequence whether the next 
day value is increasing or decreasing and increasing/
decreasing level can also be observed. We can identify 
whether the increasing level is moderate, high or high or 
very high and also decreasing level whether moderate or 
low or very low. This is very useful for short term as well 
as long term investors. 
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