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ABSTRACT
Mining industries are the backbone of Indian economy. Considering the role of mining in
India, investing on mining industries will be highly profitable. The financial, technical
analysis and price forecasting techniques help the people in clearing the ambiguity between
different portfolio options for investment. These traditional techniques are more of theoretical
derivation from the results so there is a need for a strong mathematical modelling of the past
behaviour of the portfolio options which can then predict the future behaviour. Artificial
neural network is one of the best choices available in such conditions. The main objective of
any investor being to maximize the returns from his portfolio, artificial neural networks will
play an important role in the portfolio analysis.
The project work involved comparison of financial and technical analysis and use of
Artificial Neural Network approach for analysing a portfolio in order to select a portfolio
option to invest in near future. Here the portfolio options for three mining companies were
pre-decided i.e. Coal India Limited, NMDC Limited Enterprises Limited. Then the financial
and technical analyses were applied on the stocks of above mentioned companies. Trend lines
were also fitted as per the past stock prices and forecasted over to the future. Next the
artificial neural network models for each company were modelled over their daily and weekly
data sets from October 2011- October 2014. The models were then tested on unknown data
sets. An accuracy in the range of 86% - 93% was achieved on the testing data. Predictions
were more accurate for a daily basis instead of weekly prediction. At last the results from
traditional and ANN methods were combined. Financial ratios implied CIL and NMDC to be
the preferable choice while technical indicators supported CIL and AEL. Finally the results
from ANN were inferred and it was derived that the CIL stock could be the most preferable
choice for investment in near future.
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ACRONYMS

CIL

Coal India Limited

NMDC

National Mineral Development Corporation

AEL

Adani Enterprises Limited

ANN

Artificial Neural Networks

RSI

Relative strength index
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CHAPTER–1
INTRODUCTION
1.1

INTRODUCTION

A portfolio is referred to as a collection of financial assets like stocks, mutual funds, bonds
etc. It may be managed by an individual, financial professionals, banks or financial
institutions. It can be varied enough to include financial assets of more than one company.
This depends on the risk that the investor is ready to take. Therefore before making
investments portfolio holders carry out an analysis of the behaviour of the assets of each
company within their portfolio. This analysis is called portfolio analysis. Such analysis builds
up a clear idea about how much money one should spend and on which assets. The analysis
process includes financial and technical analysis. These two methods are widely known and
are applied by every financial professional to get an insight about his portfolio.
1.2

MOTIVATION OF THE PRESENT RESEARCH WORK

Mining industries are the backbone of Indian economy. If these industries perform well and
are profitable then India will develop and ultimately the people are benefitted. Considering
the role of mining in India, investing on mining industries will be highly profitable. For this
reason three major mining industries CIL, NMDC and AEL were considered to be present in
a portfolio. The main objective of any investor will be to maximize the returns from his
portfolio. And through the traditional techniques only a theoretical model about the future
trend can be developed. Here there is a need to implement a mathematical model which can
read the past performance of the assets and on that basis make a prediction about its future.
Artificial neural networks are one of the best choices in such conditions. Thus developing
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ANN models for each company in the portfolio and using them for predicting the future trend
is highly essential in portfolio analysis.
1.3

OBJECTIVES OF THE PROJECT


To carryout portfolio analysis of three major mining industries: CIL, NMDC and
AEL, using financial ratios and technical analysis.



To develop artificial neural network models using stock data of CIL, NMDC and AEL
for the period October 2011- October 2014.



To predict the future stock behaviour of CIL, NMDC and AEL based on the financial
ratios, technical analysis and ANN models.
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CHAPTER-2
LITERATURE REVIEW
Chan et al. (2000) implemented a neural network model using the technical variables for
listed companies in Shanghai stock market. In this paper performance of two learning
algorithm and two weight initialization methods are compared. The results reported that
prediction of stock market is quite possible worth both the algorithms and initialization
methods [12].
Siekmann et al. (2001) used fuzzy rules to split inputs into increasing, stable and decreasing
trend variables. He implemented a network structure that contains the adaptable fuzzy
parameters in the weights of the connections between the first and second hidden layers [14].
Kim & Han (2000) used a genetic algorithm to transform continuous input values into
discrete ones. The genetic algorithm was used to reduce the complexity of the feature space
[15].
Chenweth (1996) used specialized neural network as pre-processing component and a
decision rule base. The pre-processing component determine the most relevant features for
stock market prediction, remove the noise, and separate the remaining patterns into two
disjoint sets. Next the two neural networks predict the market's rate of return, with one
network trained to recognize positive and the other for negative returns [13].
Some work has also been reported in portfolio construction, like the one by Jovina and
Akhtar (1996) in their paper proposed a new technology to aid in designing a portfolio of
investment over multiple stock markets. For that they used back propagation and recurrent
network and also the contextual market information. They developed a determinant using the
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accuracy of prediction of the neural network and stock return of the previous year and used it
to select the stock market among other markets [16].
Panda and Narasimhan (2005) used the artificial neural network to forecast the daily returns
of BSE, Sindex. They compared the performance of the neural network with performance of
random walk and linear auto regressive models. They reported that neural network
outperforms linear autoregressive and random walk models by all performance measures in
both in sample and out sample forecasting of daily BSE Sensex returns [17].
Bary (2003) discusses the importance of the cash ratio. Cash earnings will become the key
measure of financial performance for many companies [18].
Wiersema (1998) discusses the importance of inventory turnover ratio in his article. He
suggests that a high inventory turnover ratio indicates that cash flow is high and business is
thriving. He does not directly relate the inventory turnover ratio and stock return, rather he
relates the ratio to several other factors that indicate speedy cash flow [19].
Trevino (2002) acknowledges that price earnings ratio is highly correlated with future stock
returns. While the cash and inventory turnover ratios are fully objective measures of the
company’s success, price-earnings ratio is somewhat more subjective in that it provides a
picture of investor’s confidence on the company. He found that a high price earnings ratio
indicates that investor feels very good about the company’s direction [20].
Arnott (2003) in his article has mentioned that dividends yield greater returns. His study
found future earnings trend to be greater when current dividend payout is greater. This ratio is
another subjective measure of financial success. He found there is a high correlation between
increasing earnings per share and increasing payout ratios over period of time [21].

-4-

Mining industries are one of the major sectors for investment, but application of ANN in this
field is limited and there was a need for a study to be done in this sector. ANN along with
financial and technical analysis can help a large mass in realizing the approximate behaviour
of stock prices within a portfolio. This in turn can guide their buy or sell of stocks. An
attempt has been made by picking three major mining industries in the portfolio. They are:
Coal India Limited, NMDC and Adani Enterprises limited.
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CHAPTER–3
BASIC METHODS FOR ANALYSIS AND INTERPRETATION
3.1 FINANCIAL RATIOS
3.1.1 INTRODUCTION
The significance of ratio analysis lies in the way that it displays information on a near
premise and empowers the drawing of inductions with respect to the execution of the firm.
Ratio analysis helps in deciding the liquidity position of the firm. A firm can be said to be
able to meet its present commitments when they get to be expected. It is measured with the
assistance of liquidity ratios. It likewise evaluates the long haul budgetary suitability of a
firm. Long- term dissolvability measured by influence/capital structure and benefit ratios. It
can focus on the level of effectiveness of administration and use of assets. It is measured by
the action ratios. The administration of the firm is worried about the general gainfulness of
the firm which guarantees a sensible come back to its proprietors and ideal usage of its
benefits. This is conceivable if an incorporated perspective is taken and all the ratios are
viewed as together. It can compare different parts of one firm with the other.

3.1.2 SELECTED FINANCIAL RATIOS AND THEIR INTERPRETATION
Table 3.1 Financial Ratios and their interpretations
Ratio

Interpretation

Cash Ratio

The cash proportion shows expanded future profit. More is the
ratio, more is the chance that company will survive in any
event of short runs. Higher future income brings about an
increment in stock cost [1, 2].
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Inventory-turnover Ratio

A low stock turnover implies that the company is not
delivering at its potential level of effectiveness [1, 2].

Price-earnings ratio

A higher value for ration suggests that the company’s direction
is convincing to the investors and they will therefore tend to
invest more and thereby demand for the stock will increase
[1,2].

Dividends-payout ratio

There is a high correlation between increasing earnings per
share and expanding payout proportions over time. More is the
dividend payout ratio, more will the investors be interested to
invest [1, 2].

3.2 TECHNICAL ANALYSIS
3.2.1 INTRODUCTION
Technical Analysis as per the famous Dow Theory, three theorems stand out. They are Price
Discounts Everything, Price Movements Are Not Totally Random and “What” is more
important than “Why”. It plays an important role in understanding and identifying the
overbought and oversold price levels as derived from using all the historical data available.
The stock price is a combined knowledge of all participants including investors, traders,
analysts, market strategists, portfolio managers and many others. Technical analysis uses the
information within the price to interpret the market in the future [3, 4].
Price Movements are not absolutely irregular. Most experts agree that prices trend. On the
other hand, most professionals likewise recognize that there are periods when price don't
drift. The price is the finished after-effect of the fight between the strengths of supply and
interest for the organization's stock. The target of investigation is to forecast the direction of
-7-

the future price. By concentrating on price, technical analysis is a direct approach. The reason
why values go up, it is basic, more buyers (i.e. demand) than sellers (i.e. supply) [5].
3.2.2 METHODS
Chart Analysis: Chart analysis (Chartism), as one of the methods for executing technical
analysis, incorporates execution of graphs which present business value developments amid a
certain period before, as a method for gaining a thought of the conduct of specific securities,
and a probability to distinguish a certain guideline in such conduct in light of this example. It
includes Support and resistance, pattern lines, Patterns [31].
Technical indicators: Technical indicators, incorporate certain proportions which are
utilized for giving grounds and potential outcomes to identifying expected developments of
security business sector costs. Huge quantities of specialized indicators are utilized as a part
of practice, and individual experts settle on their own decision of these which they consider to
be most sufficient at expectation of future price. These markers are estimations which
consider price and volume of individual securities. They present money streams, patterns,
instability and force. These are utilized as a part of two ways. They are to affirm the value
developments through a fitting diagram and to caution for purchase or offer flags in this
manner being called leading and lagging indicators [32].
3.2.3 SELECTED TECHNICAL INDICATORS AND THEIR INTERPRETATION
Table 3.2 Technical Indicators and their interpretations
Indicators

Interpretations

Linear weighted Moving Average

It is a type of moving average that assigns a higher
weighting to recent prices. This indicator usually follows
the trend and price movements [6].
-8-

Bollinger Band

The interval between upper and lower bands with the
middle band is determinate by volatility, typically the
standard deviation of the same data that were used for
the average. Closer the average line is to the upper band
signifies demand is outperforming supplies. And if it is
closer to lower band, supplies outperforming demand
[7].

Relative strength index

If RSI is greater than 50, average gains are higher than
average losses and a value below 50 indicates average
losses are winning over average gains. Thus with
positive and negative divergences, buy and sell signals
can be generated [7].

Momentum

High momentum readings either positive or negative
occur when trend is at its strongest. Lower readings are
found at the start and end of the trend [7].

DPO indicator

It marks the change of current price with the last closing
price. If it is keeping itself well above zero then
company stock is doing well and vice versa [7].

3.3 TREND ANALYSIS
3.3.1 INTRODUCTION
Trend analysis helps in finding out the general pattern of a relationship between associated
factors or variables. It is also used to forecast the future direction of this pattern for example
stock prices.
-9-

3.3.2 BEHAVIOUR OF TREND LINES

Patterns are frequently indicated graphically (as line diagrams) with the level of a needy
variable on the y-axis and the time period on the x-axis. There are diverse sorts of patterns,
including the following: constant, linear, exponential, damped and polynomial.

Constant patterns are those where there is no net build or diminishing. Notwithstanding, there
may be regularity or an intermittent variance. Linear patterns demonstrate a consistent,
straight-line build or decline. So the pattern line may go up or down, and the point may be
steep or shallow. Exponential patterns are those where the information rises or falls not at a
relentless rate, but rather at an expanding rate. The x-value (plotted horizontally) is a type of
the pattern line recipe to infer the y-value. Damped patterns are those that approach a
horizontal asymptote. Polynomial trends are those best modelled by a polynomial equation.
They may be second-order (quadratic) equations of the form y = ax2 + bx + c, resulting in a
parabolic shape. Polynomial trend lines may also be third order (y = ax3 + bx2 + c) or higher
[23, 32, 33].

3.4 ARTIFICIAL NEURAL NETWORK
3.4.1 INTRODUCTION
The concept of Artificial Neural Networks (ANN) has a biological background. ANNs
imitate closely the way that the neurons in human brain function. An ANN is consisted of a
set of interconnected processing units, neurons.
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Fig. 1 Basic structure of a single neuron
A neuron is a processing unit that takes a number of inputs and gives a distinct output in Fig.
1
Oj = σ (W1 * I1 + W2 * I2 + θ1)

(1)

σ(x) = 1/(1+e-x)

(2)

Each neuron apart from the number of its inputs is characterized by the function f(S) known
as activation function.

Fig. 2 Artificial neural network showing Input, hidden and output layers with random
weights and biases
- 11 -

Each network has got exactly one input layer, zero or more hidden layers and one output
layer. All of them apart from the input layer consist of neurons. The number of inputs to the
NN equals to the dimension of input samples, while the number of the outputs from the NN
defines the number of neurons in the output layer as shown in Fig. 2. The mass of hidden
layers as well as the mass of neurons in each hidden layer is proportional to the ability of the
network to approximate more complicated functions [11].
3.4.2 TRAINING ALGORITHM
Steps involved in Back propagation algorithm:


Assign random weights and biases to the connections between nodes.



Run the network forward with the input data and get to the output.



For each output node calculate the
Δk = Ok(1- Ok)( Ok – tk)





(3)

For each hidden node calculate the
Δj = Oj(1- Oj) ∑ Δk * Wk

(4)

ΔW = - η * Δk * Ok-1

(5)

Δθ = - η * Δk

(6)

W + ΔW  W

(7)

θ + Δθ  θ

(8)

Run the above steps in a loop till minimizing the derivative of error function over
connective weight factors. Error function is given by
E = ½(Oj – tj) 2

- 12 -

(9)

CHAPTER–4
PORTFOLIO ANALYSIS AND TREND ANALYSIS
MATLAB R2013b version (financial analysis app and technical analysis app) and Microsoft
excel 2007 were used for carrying out the analysis and forecasting of the stock price.
4.1 DATA SET
Data set includes the stock data from Yahoo Finance for the three industries Coal India
Limited, NMDC limited and Adani Enterprises Limited. The data set considered for financial
analysis was annual financial sheets of the companies. The data set considered for technical
indicators was daily data of each company. The data set considered for Trend analysis was
monthly and weekly data of each company. The data set included Opening, Closing, highest,
lowest value of the stocks. And volume of the stocks transaction that took place for the time
period. The data was taken for three years from 4th Oct. 2011- 4th Oct. 2014 [34, 35, and 36]
and was used for analysing their behaviour and makes an approximate prediction of future
period price.
4.2 RESULTS OF FINANCIAL RATIOS
The financial ratios which were taken into consideration were:


Cash ratio



Inventory turnover ratio



Price-Earnings Ratio and



Pay-out ratio

Annual financial sheets of the three companies were observed and the above ratios were
computed. These sheets were publicly available in Yahoo finance website [34, 35, 36].
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Table 4.1: Annual Financial Ratios from March 2010-14 for Coal India Limited

Mar’14-

Mar’13-

Mar’12-

Mar’11-

Mar’10-

Apr’13

Apr’12

Apr’11

Apr’10

Apr’09

12 months

12 months

12 months

12 months

12 months

Cash ratio

0.59

0.84

0.73

0.61

0.01

Inventory

7.88

22.49

22.47

11.47

18.58

90.28

78.31

52.45

58.46

turnover ratio
Price-

14.06

earnings ratio
Payout ratio

122.04

Table 4.2: Annual Financial Ratios from March 2010-14 for Adani Enterprises Limited
Mar’14-

Mar’13-

Mar’12-

Mar’11-

Mar’10-

Apr’13

Apr’12

Apr’11

Apr’10

Apr’09

12 months

12 months

12 months

12 months

12 months

Cash ratio

0.016

0.12

0.008

0.009

0.05

Inventory

11.03

16.14

8.26

6.19

42.96

-

29.61

30.40

40.86

19.57

turnover ratio
Priceearnings ratio
Payout ratio
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Table 4.3: Annual Financial Ratios from March 2010-14 for NMDC Limited

Mar’14-

Mar’13-

Mar’12-

Mar’11-

Mar’10-

Apr’13

Apr’12

Apr’11

Apr’10

Apr’09

12 months

12 months

12 months

12 months

12 months

Cash ratio

0.62

0.76

0.83

0.89

-

Inventory

17.70

16.79

24.54

27.37

-

43.75

24.55

20.13

20.12

turnover ratio
Price-

9.39

earnings ratio
Payout ratio

52.49

From the ratios for all three companies shown in the Tables 4.1 to 4.3, it can be observed that,


In case of cash ratio – NMDC > CIL > AEL



In case of IT ratio – NMDC > AEL > CIL



In case of PE ratio – CIL > NMDC > AEL



In case of Pay-out ratio – CIL > NMDC > AEL

The above comparison shows that NMDC or CIL can be the best choice for investment in the
near future. They are performing well in terms of production comparatively. They are
providing good dividends to the shareholders and have high per share income. Better insights
on the behaviour of the stocks can be obtained from the application of technical indicators in
the next section.
4.3 RESULTS OF TECHNICAL INDICATORS
The indicators taken into consideration were


Linear weighted moving average
- 15 -



Bollinger band



Relative Strength index



Momentum



DPO indicator

Technical analysis app of MATLAB was used for plotting these indicators for daily data of
the three companies.
Technical Indicators for Coal India Limited from October 2011- October 2014 are given
in Figure 4.1(a)-4.1(c).

Fig. 4.1(a): Showing the weighted moving average line as red colour almost matching up to the
close value of the stock in the high-low chart which has stock values in y-axis and date in x-axis

Fig. 4.1(b): Showing the Bollinger band and the RSI chart. In the Bollinger band chart, the
green lines represent the upper and lower bands while the linear average as blue.
- 16 -

Fig. 4.1(c): Showing the momentum and DPO (price oscillator) indicator.

The use of linear weighted moving average helped in clearly signalizing the trend and price
movements with red lines in for CIL Fig. 4.1(a). Then on using the Bollinger band over it
helped in getting some hint about the relation between supply and demand. In Fig. 4.1(b),
middle band was closer to the lower bound implied a buy signal. The upper and lower bands
came closer for CIL, thus decrease in the width of the Bollinger bands represented lower
volatility and buy signal. RSI was computed and it was found that RSI varied from 50-60%
for CIL Fig. 4.1(c) which implied buy signal. DPO was less than zero for CIL which implied
sell signal.
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Technical Indicators for NMDC limited from October 2011- October 2014 are given in Figure
4.2(a)-4.2(c).

Fig. 4.2(a): Showing the weighted moving average line as red colour almost matching up to the
close value of the stock in the high-low chart which has stock values in y-axis and date in x-axis

Fig. 4.2(b): Showing the Bollinger band and the RSI chart. In the Bollinger band chart, the
green lines represent the upper and lower bands while the linear average as blue.
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Fig. 4.2(c): Showing the momentum and DPO (price oscillator) indicator.

The linear weighted moving average in Fig. 4.2(a) signalized the trend and price movements
with red lines in for NMDC. On using the Bollinger band in Fig. 4.2(b), middle band was
closer to the lower bound implied a buy signal. RSI was computed and it was found that RSI
varied from 45-55% for NMDC, it is fluctuating between buy & sell signal in Fig. 4.2(c)
which implied buy signal. DPO was less than zero for NMDC which implied sell signal.
Technical indicators for Adani Enterprises Limited for October 2011-2014 are given in Figure
4.3(a)-4.3(c).

Fig. 4.3(a): Showing the weighted moving average line as red colour almost matching up to the
close value of the stock in the high-low chart which has stock values in y-axis and date in x-axis
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Fig. 4.3(b): Showing the bollinger band and the RSI chart. In the bollinger band chart, the
green lines represent the upper and lower bands while the linear average as blue.

Fig. 4.3(c): Showing the momentum and DPO (price oscillator) indicator.

The use of linear weighted moving average helped in signalizing the trend and price
movements with red lines in Fig. 4.3(a). The middle band was closer to the lower bound for
AEL showed a buy signal in Fig 4.3(b). The upper and lower bands came closer for CIL and
NMDC, it was comparatively wider in case of AEL. Thus wider Bollinger bands represented
higher volatility and sell signal. RSI was computed and it was found that RSI varied from 50-
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55% for AEL implied buy signal. DPO was greater than zero for AEL which implied buy
signal.
4.4 RESULTS OF TREND ANALYSIS
Microsoft excel was used for fitting the monthly and weekly stock price data from October
2011 – October 2014 of CIL, NMDC and AEL. Then the equation obtained was used to
forecast prices from 4th October 2014 – 25th October 2014 and from 4th October 2014 – 1st
January 2015. The equations obtained by best fitting the price trends for monthly and weekly
data are shown in the figures for each company in Fig. 4.4(a) &(b) and Fig. 4.5 (a) &(b)
respectively. Polynomial equation best fitted the data with R2 values shown in respective
figures.

Trend analysis and forecasting of the stock price data of Coal India Limited are given in
Figure 4.4(a)-4.4(b).

Fig. 4.4(a): Trend fitting on monthly data within October 2011- October 2014
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Fig. 4.4(b): Trend fitting on weekly data within October 2011- October 2014

It can be seen for CIL in Fig. 4.4(a) and Fig. 4.4(b), the polynomials implied the prices to be
either decreasing or magnitude of change being less in monthly or weekly forecast
respectively.

Trend analysis and forecasting of the stock price data of NMDC are given in Figure
4.5(a)-4.5(b).

Fig. 4.5(a): Trend fitting on monthly data within October 2011- October 2014
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Fig. 4.5(b): Trend fitting on weekly data within October 2011- October 2014

The magnitude of change in price was either less or it increased in case of NMDC in Fig.
4.5(a) and Fig. 4.5(b). Thus it was clear from the forecasted polynomial that investing in
NMDC may bring better returns than CIL in the future three weeks. In this trend fitting the
major problem was that the trends obtained were of 5th order. The R2 values of fit for CIL i.e.
0.70 and 0.71 were comparatively lesser than that of NMDC. This implied that the fitting
obtained might not be a reliable option for investors before investing large sum of money in
any company. Hence ANN modelling was done in order to validate the findings made so far.
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CHAPTER–5
ARTIFICIAL NEURAL NETWORK MODELLING FOR PREDICTION OF STOCK
PRICE FOR CIL, NMDC AND AEL
5.1 METHODOLOGY
From the previous experiments using financial ratios and technical indicators, it was found
that the results still created ambiguity in stock selection. In such situations, ANN come very
handy as a support to these results. ANN has been chosen for this purpose because of its nonlinear modelling. It can catch various kinds of trend in the time series. It is efficient in
learning these trends and it is adaptive.
For developing a neural network model, first of all the input variables were selected. It is a
critical factor in the complex non linear structures of the data. It also facilitates the neural
network to understand the movements in the time series.
The time series data have been collected from open source online Yahoo finance. The data
ranges from October 2011-2014 [34, 35, 36]. It consists of the following fieldsDate; Open, High, Low, Close, Volumes, Adj close
Open, high, low and Volumes were selected as input variables to the neural network.
Close field was selected as output or the variable that would be predicted on the basis of the
above mentioned input variables.
The next step is data pre-processing. The performance and reliability of a neural network
model also to a large extent depend on the quality of the data used. This facilitates detrending of the data and highlight essential relationship, so as to facilitate proper network
learning.
The linear scaling function used for pre-processing, used the maximum and minimum values
of the data series and scaled to an interval of [0,1].
In the next step the processed data were fed as the training set. Out of these data 20% of the
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last observations were used for validating the model which was obtained on training over the
first 80% of the data. Two sets of data for each of the three companies were fed to the system
for prediction. One was a daily data set and the other was a weekly data set. Both ranged
from October 2011- October 2014 [34, 35, and 36]. These two data sets were considered in
order to have better comparison of behaviour of ANN on stock markets for either a short
period or long period prediction.
In the last step two sets of new test data i.e. daily and weekly data were collected from the
same source ranging from October 2014 - December 2014 [34, 35, and 36]. The close value
of the stocks of each company was predicted over this period for both the sets. Then the
actual and predicted close values of stocks were plotted on a graph which can be found in the
following pages.
5.2 RESULTS
ANN modelling of the weekly data set of Adani Enterprises Limited are given in Figure
5.1(a)-5.1(b).

Fig. 5.1(a): 80% of the data for training shown in blue colour and last 20% shows the
validation test shown in red colour
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Fig. 5.1(b) Predicted and actual data given by the above trained model

ANN modelling of the daily data set of Adani Enterprises Limited are given in Figure
5.2(a)-5.2(b).

Fig. 5.2(a): 80% of the data for training shown in blue colour and last 20% shows the
validation test shown in red colour
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Fig. 5.2(b): Predicted and actual data given by the above trained model

ANN modelling of the weekly data set of Coal India Limited are given in Figure 5.3(a)5.3(b).

Fig. 5.3(a): 80% of the data for training shown in blue colour and last 20% shows the
validation test shown in red colour
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Fig. 5.3(b): Predicted and actual data given by the above trained model

ANN modelling of the daily data set of Coal India Limited are given in Figure 5.4(a)5.4(b).

Fig. 5.4(a): 80% of the data for training shown in blue colour and last 20% shows the
validation test shown in red colour
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Fig. 5.4 (b): Predicted and actual data given by the above trained model

ANN modelling of the weekly data set of NMDC limited are given in Figure 5.5(a)5.5(b).

Fig. 5.5(a): 80% of the data for training shown in blue colour and last 20% shows the
validation test shown in red colour
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Fig. 5.5(b): Predicted and actual data given by the above trained model

ANN modelling of the daily data set of NMDC limited are given in Figure 5.6(a)-5.6(b).

Fig. 5.6(a): 80% of the data for training shown in blue colour and last 20% shows the
validation test shown in red colour
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Fig. 5.6(b): Predicted and actual data given by the above trained model

5.3 DISCUSSION
The graphs in the previous section give a brief insight of the behaviour of the stock prices of
all the three companies. This helped in making a clear comparison between the stocks present
in the portfolio. The Fig. 5.1(a), Fig. 5.3(a) and Fig. 5.5(a) shows the behaviour of the stock
prices on a weekly basis. These weekly ANN models showed R2 values of 0.98, 0.991 and
0.992 respectively for the training set of the three companies. In case of the testing sets, these
models showed R2 values of 0.92, 0.90 and 0.80 for the respective companies in Fig. 5.1(b),
Fig. 5.3(b) and Fig. 5.5(b) whereas the R2 values for the testing of daily datasets based trained
ANN models were 0.94, 0.99 and 0.95 respectively in Fig. 5.2(b), Fig. 5.4(b) and Fig. 5.6(b).
Then the co-efficient of determination of both the testing results i.e. daily and weekly data
sets were compared and it was found that models developed on daily data sets were more
reliable than those developed on the weekly data sets for corresponding companies.
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Fig. 5.7 Actual stock value variation shown in Google Finance for the testing period
(Oct. 2014 – Dec. 2014)
Moreover the analysis that was made using technical and financial measures in the beginning
showed CIL and NMDC stocks to be more preferable for buying, but the predictions made by
ANN in Fig. 5.2(b), Fig. 5.4(b) and Fig. 5.6(b) show that there may be decrease in the stock
price of NMDC which may lead to loss for those who invest on it in the near future. The
predictions show either stable or increasing performance of CIL and AEL stocks in the near
future, thus making them the probable choice for investment. These behaviours of the stocks
can also be verified from the actual statistics shown by Google finance in their chart reports
in Fig. 5.7 [33]. The predicted values of the stocks were compared with the actual values for
the testing period Oct. 2014 – Dec. 2014 [34, 35, and 36]. The accuracy of the models on the
testing data sets varied between 86% and 93%.
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CONCLUSION
The primary objectives of the project were to analyse the behaviour of the portfolio options
using financial ratios and technical variables and to develop ANN models for each portfolio
options so as to predict their future behaviour. From the analysis carried out, the following
conclusions can be drawn:


On comparing the financial ratios, it was found that NMDC and CIL were preferable
choice for investment in near future because of comparatively higher production,
dividends and per income share.



On applying technical analysis, it was found lower volatility for CIL and NMDC and
company share buy signal for all three. RSI showed higher buy signal for CIL and
AEL, but weaker buy signal for NMDC. Hence, CIL and AEL could be preferable
choice for investment.



On applying trend analysis, it was found that the forecasted stock prices of NMDC
remains same or increases while for CIL it decreases. But the polynomials obtained
for the past time series were of 5th order and R2 value were much less than 1. So the
fitting was not strong enough to be relied on for future investment.



On applying artificial neural networks, predictions showed rising stock prices for CIL
and AEL while decreasing in case of NMDC. Accuracy of 86% to 93% was obtained
over the testing data sets.



Combining all above conclusions it was found that CIL may be the most preferable
choice for investment as compared to other portfolio options for incurring investment
in the near future. It was found that ANN models developed over daily data sets
predicted the stock prices with better accuracy than models developed over weekly
data sets. The results depicted that ANN may not be a good choice for predicting
stock price for the long time period rather than the short term.
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