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Investing in stock market requires in-depth knowledge of finance and stock market
dynamics. Stock Portfolio Selection and management involve complex financial analysis
and decision making policies. An Individual investor seeking to invest in stock portfolio is
need of a support system which can guide him to create a portfolio of stocks based on sound
financial analysis. In this paper the authors designed a Financial Decision Support System
(DSS) for creating and managing a portfolio of stock which is based on Artificial
Intelligence (Al) and Machine learning (ML) and combining the traditional approach of
mathematical models. We believe this a unique approach to perform stock portfolio, the
results of this study are quite encouraging as the stock portfolios created by the DSS are
based on strong financial health indices which in turn are giving Return on Investment
(ROI) in the range of more than 11% in the short term and more than 61% in the long term,
therefore beating the market index by a factor of 15%. This system has the potential to help
millions of Individual Investors who can make their financial decisions on stocks and may

eventually contribute to a more efficient financial system.

1. INTRODUCTION

The stocks markets have become an important investment
activity around the world and the proliferation of internet and
online trading systems have drawn millions of small individual
investors in to the stock market [1]. For many small time
individual investors it is beyond their budget and time to take
the help of good financial advisors who can guide them in
stock market investments. There is strong need for an
Automated Decision Support System which can help
individual investors to accurately predict stock prices and
automatically create a good portfolio of stocks to diversify risk
and earn premium returns.

While Machine learning and Al models have been applied
in the financial domain for predicting stock prices [2], but
there is a lack of quality literature and research in the
application of AI/ML techniques for stock portfolio selection
[3]. Decision Support Systems (DSS) to make financial
decisions are based on many techniques like Mean Variance
(MV) Markowitz method [4], Fuzzy logic based stock
selection methods [5], Data Mining based Evolutionary
systems [6], Fuzzy Clustering Rule-Based Expert System for
Stock Price Movement Prediction [7], Fuzzy Inference
systems based on Technical Indicators, Stock Selection based
on knowledge discovery rules [8], all these techniques are
depended on technical indicators or market statistics which are
error prone for long term portfolio selection. Financial DSS
based on Fundamental analysis techniques [9] have been
proven to be more efficient and accurate [10] when portfolio
selection pertains to long term time frame.

In this study, we propose a financial decision support
system (DSS) which can automatically predict stock prices

and perform stock financial health analysis with a reasonable
degree of accuracy to automatically create a portfolio of top
performing stocks for risk diversification and earning
premium returns compared to average market return. The
Financial DSS is based on Al and ML Systems Architecture
which establishes the relationship between fundamental
financial variables and the stock price and calculates the
Intrinsic Value of the stock and also performs a comprehensive
financial health and risk analysis based on Expert Knowledge
rules for analyzing critical financial attributes of the stock. The
Financial DSS in this study was tested using open source
financial data of various stocks listed on the National Stock
Exchange of India (NSE) [11].

2. LITERATURE REVIEW

The authors have done performed a review of existing
literature in the domain of AI/ML and DSS used for the
financial domain particularly the systems used for stock
portfolio selection. The major goals of the literature survey are:

e Review the existing AI/ML methods used for stock

price prediction and portfolio selection

e Review the methods and models used in design of

financial DSS for stock portfolio selection

e Review the input variables for the financial DSS for

stock portfolio selection

e Review the output accuracy of the AI/ML models for

stock price prediction and portfolio selection

In the recent times, with the proliferation of Machine
learning algorithms in the financial domain, many studies have
focused on the usage of various machine learning algorithms
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including ANNs for stock price prediction, however there are
many limitations in the current application of ANNs which
have mostly focused on the technical parameters which result
in inaccurate and unusable prediction by investors [12]. Many
of the AI/ML models used in the domain of stock price
prediction and portfolio selecton are purely based on the
technical indicators which are basically time series variables
and not based on the fundamental value of the stock. These
types of models are suitable for Intraday trading [13] and
cannot be used for value investing or long term investments
[14]. The models that are based on time series data to predict
long term stock behaviour and hence the selection of stocks
are prone to wide variances [15, 16].

There are many studies available in the literature that
discuss the comparison of various Al/ML techniques in terms
of their inputs and output prediction accuracy, even though
these studies have varying degree of prediction accuracies, one
common theme is that the accuracy and reliability of the model
increases when fundamental financial variables [17] are used
for the establishing the relationship between input variables
and stock price [18]. Literature available in the field of Al/ML
applications for stock price prediction are based on the popular
ML models such as Artificial Neural Networks (ANN),
Support Vector Machines (SVM) and Decision Tree
techniques such as Model Trees and Random Forests have
technical indicators as inputs [19]. There are studies on
comparison of various ML techniques used for stock price
prediction and have indicated that linear regression models
cannot capture the complex non-linearity in the stock prices
and have also indicated that ANNs along with Decision trees
have better performance when fundamental financial variables
are chosen as the model inputs [20].

The relationship between the stock’s fundamental financial
variables and the stock price is complex and a key indicator of
the intrinsic or fundamental value of the stock [21]. There are
instances in the literature where DSS have been built using
various ML techniques where mostly the technical indicators
in general and in few cases fundamental variables like
Earnings per share (EPS) and profitability have been used to
train the ML models but the accuracy of these DSS is
questionable and only indicates the general trend of the stock
price [22]. The reason for such inaccuracies can be attributed
to the architecture of the ML models which work accurately
on the training data, but perform poorly on the real world data.
After performing the literature survey, the key inferences that
can be made are:

e Most of the AI/ML models are using technical

indicators as its inputs

e The stock price prediction techniques are mostly used

for intraday trading and short term predictions

e There is wide usage of Decision Support systems for

long term stock prediction

Based on the above inferences, we believe that there are no
comprehensive machine models currently to predict long-term
movements of stock prices and select stocks to build top
performing portfolios. We conclude that the Decision Support
System based on Al and ML Systems Architecture is the best
approach for stock price portfolio selection that offers
premium results and better Risk and Reward analysis.

3. RESEARCH MODEL AND METHODS

The System Architecture of the Financial DSS for Stock
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Portfolio Selection is based on Hybrid Al and ML model. The
Acrchitecture of the DSS consists of 4 main Subsystems:
e Stock Price Prediction Model based on Machine
Learning
e Mathematical Model for Calculating the Intrinsic
Value of the Stock
e  Model for Comprehensive Financial Health analysis of
the stock
e Inference Engine
The above subsystems are integrated to form a robust
financial DSS that can be used by stock investors. The
accuracy and reliability of the DSS is built in to the systems
by incorporating multiple levels of checks in the form of
AIl/ML, independent mathematical stock intrinsic value model
and comprehensive health check.

3.1 Architecture of financial DSS for automated stock
portfolio selection

Figure 1 shows the Architecture of Financial Decision
Support System for Automated Stock Portfolio Selection
based on Al and ML Systems.
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Figure 1. Architecture of financial DSS for automated stock
portfolio selection

The Financial DSS can be mathematically represented as
follows:

SPortfolio
T

= J-lp(sml'SIntrinsic'SHealth' FinHist' FinCurr) (1)
0



where, S,,; is the Stock Price prediction Model using Machine
learning, Spp¢rinsic 1 the Stock Intrinsic Value Model, Syeqien
is the Stock Health Model, Fing;,; is the historical financial
data about stocks and Fing,,, is the current financial data
about stocks.

3.2 Stock price prediction model based on machine
learning

In the domain of Machine learning, the stock prediction is a
regression problem as it requires numerical prediction. The
ML model chosen for this study is based on the M5P model
tree algorithm [23] which combines the power of classification
and regression to predict stock prices. Model trees are just like
ordinary decision trees, except that at each leaf they store a
linear regression model that predicts the class value of
instances that reach the leaf. This model is chosen because
financial data is complex which needs to be classified and then
numerical data can be predicted.

The Tree splitting criterion is used to determine which
attribute is the best to split that portion T of the training data
that reaches a particular node. It is based on treating the
standard deviation of the class values in T as a measure of the
error at that node, and calculating the expected reduction in
error as a result of testing each attribute at that node. The
attribute that maximizes the expected error reduction is chosen
for splitting at the node. The expected error reduction, which
we call SDR for standard deviation reduction, is calculated as
below:

IT:

e sd(T;) ()

SDR = sd(T) — Z

As noted earlier, a linear model (LM) is needed for each
interior node of the tree; the model takes the form as show
below:

Wo+ Wy *¥aqy + wy xaq + -+ wy xay 3)

where, a,,a,,..,a;, are the financial attributes and
wy, Wy, ..., W, are the weights calculated using standard
regression. The financial attributes considered for the Machine
learning are as follows:

e Book Value
Dividend per Share
Revenue per Operations
PBDIT (Profit before Depreciation, Interest and Taxes)
Margin
Net Profit Margin
Total Debt to Equity
Current Ratio
Dividend Payout Ratio
Earnings Retention Ratio
Basic EPS
EPS Growth Rate
Growth Rate

The Machine learning algorithm selects the attributes which
have a direct effect on the share price, the model tree for this
model is represented below Figure 2, the linear models at the
end of each node of a tree is represented by LM1 to LM7.

Basic
EPS

LM 7
(25/32.76%)

LM 1
(85/3.18%)
LM 2
(141/3.14%)
LM 3
(88/4.06%)
LM 4
(45/3.94%)
LM 5
(60/5.94%)
LM 6
(16/12.86%)

Figure 2. M5P model tree for stock price prediction
3.3 Mathematical model for intrinsic value of a stock

Intrinsic value refers to the value of a stock determined
through fundamental analysis without reference to its market
value. It is also frequently called the fundamental value of the
stock. A mathematical model of calculating the intrinsic value
based on the complete lifecycle of stock and the associated
cash flows is depicted below in Figure 3.

Phase 3

EPS

Phase2 Phase4

. Phasel PhaseS

T1 T2 T3 T4 TS
Time (t)

Figure 3. Valuation life cycle of a stock

The model takes in to account 5 phases of the stock namely:

Phase 1: High Growth

Phase 2: Low Growth

Phase 3: High Constant earnings and no growth

Phase 4: Decline

Phase 5: Low Constant earnings Phase and no growth
Based on the Figure 3, the intrinsic value of any stock can

be calculated by the below equation.

TS i1
Sinervatue = ' f(EPS;) 4)
i=T1"!

where, S;,trvame 18 the Intrinsic Value of the Stock and EPS;
is the earnings per share at the start of the i Phase.



3.4 Model for comprehensive financial health analysis of
the stock

The model for Stock analysis and Portfolio selection
consists of critical financial attributes as inputs and consists of
the Expert Knowledge base rules for analyzing each of the
financial attributes. The Model is described in the below
Figure 4 consists of two distinct phases, firstly each of the
attribute is passed through a Knowledge base rules and given
a rating, the second phase consists of summing up all the
ratings and forming an index value that is given as input to the
inference engine of the DSS. The output of this subsystem is
integrated with the overall DSS for choosing stocks not only
based on price predictions but also based on sound financial
health of the stock for long term reliability and safety of the
investments.

The stocks chosen for financial DSS testing and validation
are chosen specifically to give a broad based representation of
all kinds of stocks in terms of market capitalization and
industry segments. Therefore, the stocks chosen for evaluation
are NIFTY50, NIFTY MIDCAP and NIFTY SMALLCAP.

Stocks = {S15, S5, ... Sn} (5)
S; € Nifty50 U MIDCAP U SMALLCAP (6)
NIFTY50 = {S}/® sy ghIwy | shiey (7)
MIDCAP = {S{m’dCap Sé\/lid(:ap S?I)VlidCap SMidCap (8)
, , ) Sy
SMALLCAP
9

) ue

_ SmallCap cSmallCap SmallCap SmallCap
- {Sl ’ 52 4 53 ' STL }

where, S; represents the i stock.
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Figure 4. Model for stock financial health analysis
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The health for each stock is given by the following equation:

i _ i i i
Sn = f(@per Apeg, Aper Xkpscrs ANetprofitars (10)

L L L L L
Xcurrratior XstockGrr XRevGr» Xndper aCompAdv)

where, S,il is the health index of the i stock, a}, is the Price
to Earnings ratio of the i stock, ap, is the Price to Earnings
to Growth (PEG) ratio of the i stock, a}, is the Debt to
Equity ratio of the i stock, @6, is the EPS growth rate of
the i stock, @¥eepro ritr 18 the Net profit growth ratio of the

ith

stock, @lyrrratio 1 the Current Ratio of the i stock,
OSeockar 18 the Stock Price growth rate of the it stock, Xevr
is the Revenue growth rate of the i stock, aj,gpe is the
Industry PE ratio of the i stock, @¢ompaqy is the Competitive
Advantage rating of the i stock.

The health index equation can be computed as follows:

n

= > [ Faten

attr=1

Sk (11

where, ., is the attribute feature considered for the health
index of the i stock and f (af,’lm) is the functional output of
each attribute evaluation function.

3.5 Inference engine

The inference engine is the brain of the DSS depicted in
Figure 5 which combines various inputs and makes inferences
and outputs the stock portfolio. The core logic involves
mathematical rules to make decisions.

Financial DSS Inference Engine
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Figure 5. Inference engine of DSS

The stocks for the portfolio are selected based on the below
logic.

Ssetect (1) = g(aFi’redPrice! alintrValue: Sflz) (12)
(Si ) Si Si ) _
) Pred'Prwe' IntrValye' h
(SllntrValue = StliurrPrice )A
BUY, (SFl’redPrice < SéurrPrice )
A(SE > K) (13)
Sintrvae < SéurrPrice v
SELL' (S}l’redPrice = Sé‘urTPrice)
v(S; < K)



where, Sserect = {51,52,53_ .Sn_}, a},redprice is the predicted
price of the i stock calculated by ML model, &t} ¢ryque is the
intrinsic value of the i stock calculated by the Mathematical
model and S} is the health index of the i stock.

Portfolio equations are as given as follows:

SPortfolio @ =
. (14)
{SPortfolio € SSelect: SSelect (l) = BUY}
The selected portfolio of stocks will be a subset of the
overall stocks considered for evaluation.

g: SSelect - SPortfolio (15)
SPortfolio c SSelect (16)
The Portfolio Return of a combination of ‘n’ stocks is
calculated using the below equations:
SPortfolio = {S;,Sg, Sg} (17)
n
Rp = Z X1 (18)
i=1

where, Sy is the n™ stock in the portfolio, R, is the Portfolio
Return, x; is the proportion of funds invested in each security,
1; is the expected return of a particular Stock S; and ‘n’ is the
number of Stocks in the Portfolio.

4. DATA ANALYSIS AND RESULTS

In this section, we discuss the data analysis, validation of
models and results. As a first step the details of historical data
collection for AI/ML model training is explained and then in
the later part the real-time data required for intrinsic value
calculations and the health analysis model are discussed long
with the validation results.

4.1 Data collection

The Financial DSS has three core models for selection of
stocks, as first step the data AI/ML model has to be trained
using historical data. For the purposes of this research the
authors have chosen the data of last 15 years for the top 50
stocks listed on the NSE. This data consists of fundamental
variables of the particular stock; a snapshot of such data can
be seen in Table 1. Since the data is voluminous in nature, an

automated software program called web crawler was
developed to fetch the data from open source websites for
accuracy and reliability of the data compared to manual data
collection techniques. The Data for DSS was collected using
many open source financial data websites [24, 25]. All the data
collection activities are automated and built on VBA
programming language to collect process and analyze the data.
For the purposes of this research, financial data of stocks listed
in the NSE [11] was collected. The data was chosen to give a
broad based representation of stocks listed on the NSE which
cover a variety of market capitalization stocks and represent
various industry segments.

After ML stock prediction models are trained, the second
stop involves the collection of real-time stock information for
intrinsic value calculation and performing comprehensive
health analysis. A snapshot of the data for stock health analysis
is depicted in Table 2.

A partial snapshot of the financial data collected for the
inference engine of the DSS is as shown below in Table 2.

4.2 Data validation methodology and results

The three models namely the AI/ML stock price model,
Intrinsic value model and the health analysis model along the
Inference engine of the DSS shall be validated. The major
steps in validating the integrated financial DSS used for stock
portfolio selection are:

e Validation of the ML stock price model

e Validation of the overall Financial DSS

The first step in validating the DSS is the analysis of
Machine learning stock prediction where the dataset was
divided in to training and validation sets. The validation
methodology for Machine learning model is based on the
correlation coefficients and the relative absolute error. The
below table shows the results of validation based on a high
correlation coefficient and low relative error values validating
the accuracy of the ML based stock prediction model. The
results are shown in Table 3.

The validation methodology of the DSS is based on
subjecting the DSS to past year data (i.e. 2019) and analyzing
the portfolio results based on actual returns that have been
achieved through the last year (i.e. 2020). A desktop based
DSS SW was developed and validated with the historical and
current data that was collected as part of this study. The UI of
the DSS is shown in Figure 6, the DSS has screen to showcase
the rationale behind selecting a particular stock and also gives
detailed analysis in the form of a Radar chart.

The Financial DSS provides data visualization for easy
analysis as shown in Figure 7.

Table 1. Snapshot of historical financial data of a stock for ML model training

Stock Code: TCS.NS 31-Mar-2018 | 31-Mar-2017 | 31-Mar-2016 | 31-Mar-2015 | 31-Mar-2014 | 31-Mar-2013

Basic EPS (Rs.) 131.2 120 117.1 98.31 94.15 65.22

Book Value/Share (Rs.) 397.2 396.1 330 231.9 224.9 165.9
Dividend/Share(Rs.) 50 47 435 79 32 22

Revenue from Operations/Share (Rs.) 509.7 470.5 435.9 375.7 330.2 247.4

PBDIT/Share (Rs.) 176 160.7 156.4 130.2 125.8 84.49

Net Profit/Share (Rs.) 132.2 120.1 117.1 98.32 94.32 65.33

PBDIT Margin (%) 34.52 34.15 35.88 34.65 38.11 34.14

Net Profit Margin (%) 25.92 25.51 26.87 26.17 28.56 26.4
Total Debt/Equity (X) 0 0 0 0 0 0

Current Ratio (X) 4.85 6.4 4.72 2.46 2.84 2.43

Dividend Payout Ratio (NP) (%) 36.78 38.73 34.63 80.35 33.92 33.67

Earnings Retention Ratio (%) 63.22 61.27 65.37 19.65 66.08 66.33
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Table 2. Snapshot of input financial data for DSS

8 Debt / .
Revenue Net Profit . Net Profit Current Current
Sippcliane e = Growth Rate Growth Rate E(gl;llzt)y Margin (%) Ratio Share Value
TECHM 4724 | 16.76 6.27 -11.33 0.12 10.84% 3.16 768.15
TCS 81.66 | 30.52 4.47 -3.12 0 19.87% 3.3 2,488.40
HCLTECH 35.14 23.1 14.47 18.58 0.1 16.32% 1.69 812.75
INFY 3752 | 26.87 8.56 9.68 0 18.35% 2.88 1,009.00
WIPRO 15.5 20.23 2.85 4,79 0.14 15.88% 2.78 311.50
DRREDDY 200.87 | 25.83 16.16 -9.63 0.14 10.35% 2.42 5,084.20
BAJAJ-AUTO | 155.59 | 18.52 -17.64 -3.96 0.01 17.23% 1.55 2,897.50
ZEEL 3.12 66.96 -9.01 -98.37 0.07 0.35% 3.84 207.80
POWERGRID | 19.81 8.2 5.65 2.93 3.01 27.89% 0.71 163.3
HDFCBANK 4969 | 21.71 13.6 15.74 1.9 39.84% 15.35 1,062.55
KOTAKBANK | 29.46 | 43.05 7.56 18.38 2.05 26.72% 12.25 1,263.25
BAJFINANCE | 76.77 | 42.71 33.72 15.54 28.96% 1.28 3,294.75
COALINDIA 18.19 6.38 -10.78 -22.73 0.2 16.42% 7.7 117.65
AXISBANK 4.47 95 10.93 17.48 0.22 8.78% 1.91 426.85
ASIANPAINT | 23.49 | 84.56 -9.74 1.27 0.04 12.68% 1,959.95
BRITANNIA 7272 | 52.23 9.89 47.1 0.35 13.81% 1.45 3,736.85
LT 4124 | 21.86 -0.56 -13.66 2.13 6.00% 1.18 895.45
BAJAJFINSV | 4194 | 139.54 22.04 17.51 6.65% 98.41 5,876.70
ITC 11.63 | 14.76 -2.81 11.38 0 30.84% 4.02 169.40
TITAN 9.88 | 121.59 -12.69 -41.21 0.35 4.72% 1.82 1,167.30

Table 3. Validation results of ML stock price model

Validation Parameter

Value

Correlation coefficient
Mean absolute error
Root mean squared error
Relative absolute error
Root relative squared error

0.9934
156.0648
384.6342

10.99%

12.42%

The Validating the Financial DSS, the data from 2019 was
provided as input and its predictions were validated from the
data collected for the year 2020. The results of the portfolio

generation are compared with the actual returns achieved by

the stocks in the last 1 year is shown below. Return on

Investment (ROI) in the range of more than 11% in the short
term and more than 61% in the long term, therefore beating the

Financial DSS For Stock Portfolio Selection
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Figure 6. Financial DSS user interface
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Figure 7. Financial DSS data visualization

5. CONCLUSIONS

The implications of this study for predicting the Stock
Prices, Selection of Automatic Stock Portfolios and assisting
individual investors with decision support are multi-fold:

e A hybrid DSS combining Machine learning and
Mathematical Health analysis of stocks is a novel way
to build accurate and reliable financial systems

e Automatic Generation of stock portfolios will become
efficient as the selection will be based on machine
learning risk analysis and reduces the human error

e The Financial Decision Support Systems benefits
individual investors with little knowledge of the
dynamics involved in stock markets, any reasonable
prediction can enable common investors to invest in
stock markets and enable the growth of the economy.

The authors have designed and developed the financial DSS
based on Al and ML Systems architecture. The Financial DSS
was empirically tested on real-time data from collected from

92



open source financial data websites. The results have proved
that the DSS is performing well giving a portfolio return of
Return on Investment (ROI) in the range of more than 11% in
the short term and more than 61% in the long term, therefore
beating the market index by a factor of 15%. The Financial
DSS will benefit small time individual investors in providing
accurate portfolio decision support for portfolio selection and
earning premium returns.
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