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ABSTRACT 
To outperform the NIFTY 50 index of the national stock exchange of India, the present study is devoted for 

obtaining portfolios using Principal Component Analysis. Portfolio has been constructed on each of the 10 

principal components termed at Principal portfolios. A very high number of principal components are used for 

the identification of linearly correlated stocks and stock selection procedures under the correlation structure. 

The performance of principal portfolios in covid 19 period is also discussed. The benchmark index NIFTY 50 is 

observed as an impressive performance. 
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I. INTRODUCTION 
Today investors are generally assumed to be at risk for averse wanting to maximize their expected 

investment return, generally agreed to be the total of income and capital gain over a particular period, for a 

given level of risk. Jules Regnault (1860)[9] laid the basis of modern stochastic models of price behaviour and 

Henry Lefever (1870)[3] discussed with consistent graphs representing financial payoffs under the “canonical” 

history of financial economics. Markowitz (1952)[5] developed model portfolio theory by applying a mean-

variance model for the portfolio selection model. James Tobin (1958)[10] concluded that investment portfolios 

differ only in their relative proportions of stocks and bonds. Markowitz (1991)[6] introduced a formalized model 

of portfolio selection combining the statistical definition of risk with the risk averse assumption of investor 

behavior. The study of Lowenfeld in (1907)[3] and (1909)[10] shows portfolio diversification with practical 

applications of how to internationally spread portfolio risks. A recent study by Edlinger and Parent (2014)[1] 

has established that similar insights can also be found in France around the same time. 

The objective of diversification is to maximize returns and minimize risk by investing in different 

assets that would each react differently to the same event. For instance, negative news related to the Indian debt 

crisis generally causes the stock market to move significantly lower. At the same time, the same news has had a 

general positive impact on the price of certain commodity such as gold. Diversification Effect refers to the 

relationship between correlations and portfolios. When the correlation between assets is imperfect 

(positive/negative), the result is the diversification effect. It is an important and effective risk reduction strategy 

since risk reduction can be achieved without compromising returns and we say the diversification effects in the 

results if correlation (either positive or negative) between assets is imperfect. Markowitz Efficient Frontier 

(MEF) is a key concept of MPT represents the best combination of securities those producing the maximum 

expected return for a given risk level within an investment portfolio.  

 

It describes the relationship between expected portfolio returns and the riskiness or volatility of the 

portfolio. Portfolios lying on the ‘Efficient Frontier’ represent the best possible combination of the expected 

return and investment risk. The relationship between securities within a portfolio is also an important part of the 

Efficient Frontier. Partovi and Caputo (2004)[8] showed that principal component analysis  

can be used to extract uncorrelated synthetic portfolios which represent uncorrelated risk sources in the 

stock market. Meucci (2009)[7] stated that maximum diversification is achieved when a portfolio has equal 

exposure to all uncorrelated risk sources. Principal component Analysis is a statistical method of dimension 

reduction. The present paper is focused on the potential use of PCA in portfolio management. Portfolio only 

with stocks has been taken into account under this study. PCA can reduce the complexity of a stock portfolio by 

transforming the stocks into a new set of uncorrelated principal components that represent . 

uncorrelated risk sources and it also allows us to identify the stocks that can be used as a representative 

of the whole data set and find the number of stocks which is sufficient to diversify a portfolio.  
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II. DATA AND METHODOLOGY 

Data and Descriptive Statistics 

The constituents of the NIFTY50 index from MAY 2012 to April 2022 has been retrieved from the Indian stock 

exchange. Here the NIFTY50 index is a market capitalization weighted index of the50largest shares by 

capitalization listed on the National Securities Exchange (NSE), that starts from7 May 2012.  

 

For this Index the Following eligibility criteria for a stock has been taken into consideration: 

 

 It considered that an average impact cost of 0.50% or less during the last six months for 90% of the 

observations, for the basket size of Rs. 100 million. 

 

 Data have been retrieved from the companies having listing history of six months. 

 
 Only those companies have been selected that are allowed to trade in F&O segment. 

 

 In the index company which comes out with an IPO is considered as eligible for inclusion if it fulfills 

the normal eligibility criteria for the index for a 3-month period instead of a 6 month period.  

 

 Index is re-balanced on semi-annual basis. The cut-off date is January 31 and July 31 of each year, i.e., 

for semi-annual review of indices, average data for six months ending the cut-off date is considered. 

 

  The three-tier governance structure comprising the Board of Directors of NSE Indices Limited, the 

Index Advisory Committee (Equity) and the Index Maintenance Sub-Committee is adopted while retrieving 

data. 

 
Fig 1:  NIFTY50 from 2012-2022 

            

The weight percent from various sector have been considered as follows 

Table 1: Sector Representation: 

Sector Weight (%) Sector Weight 

(%) 

Financial Services 35.66 Metals & Mining 2.76 

Information Technology 15.89 Construction 2.75 

Oil, Gas & Consumable Fuels 14.26 Telecommunication 2.28 

Fast Moving Consumer Goods 8.25 Power 2.12 

Automobile and Auto Components 5.64 Construction Materials 2.11 
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Healthcare 3.91 Service 0.73 

Consumer Durables 3.05 Chemicals 0.59 

 

Table 2: Constituents by Weightage: The following companies/industries have been taken into consideration 

under different sectors with the weights as under noted 

S. No. Constituent Industry Weightage (%) 

1 Reliance Industries Ltd. Oil and Gas 12.86 

2 HDFC Bank Ltd. Financial Service 8.10 

3 Infosys Ltd. IT 7.66 

4 ICICI Bank Ltd. Financial Service 6.90 

5 HDFC Ltd. Financial Service 5.39 

6 TCS Ltd. IT 4.91 

7 Kotak Mahindra Bank Ltd. Financial Service 3.51 

8 ITC Ltd. FMCG 3.03 

9 Larsen & Toubro Ltd.  Construction 2.74 

10 Hindustan Unilever Ltd.  FMCG 2.67 

11 Axis Bank Ltd. Financial Service 2.57 

12 State Bank of India Financial Service 2.54 

13 Bajaj Finance Ltd. Financial Service 2.37 

14 Bharti Airtel Ltd. Telecom 2.33 

15 Asian Paints Consumer Durables 1.95 

16 HCL Technologies Ltd. IT 1.53 

17 Titan Consumer Durables 1.37 

18 Tata Steel Ltd.  Metals & Mining 1.37 

19 Maruti Suzuki India Ltd.  Automobile 1.37 

20 Sun Pharmaceutical Industries Ltd. Healthcare 1.34 

21 Bajaj Finserv Ltd. Financial Service 1.20 

22 Mahindra & Mahindra Ltd. Automobile 1.18 

23 Tech Mahindra Ltd. IT 1.05 

24 Tata Motors Ltd. Automobile 1.05 

25 Power Grid Corporation of India 

Ltd. 

Power 1.04 
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26 Ultratech cement Ltd. Construction Materials 1.02 

27 Wipro Ltd.  IT 1.01 

28 NTPC Ltd. Power 0.99 

29 Hindalco Industries Ltd. Metals and Mining 0.94 

30 JSW Steel Ltd. Metals and Mining 0.94 

31 Nestle India Ltd. FMCG 0.87 

32 Grasim Industries Ltd. Construction Materials 0.85 

33 IndusInd Bank Ltd. Financial Service 0.85 

34 Adani Ports Ltd. Services 0.82 

35 ONGC Ltd. Oil and Gas 0.78 

36 Divi’s Laboratories Ltd. Healthcare 0.77 

37 HDFC Life Insurance Co. Financial Service 0.72 

38 Cipla Ltd. Healthcare 0.68 

39 Dr. Reddy’s Laboratories Ltd. Healthcare 0.67 

40 Tata Consumer Products Ltd. FMCG 0.66 

41 SBI Life Insurance Co. Financial Service 0.65 

42 Bajaj Auto Ltd. Automobile 0.65 

43 Apollo Hospital Healthcare 0.61 

44 UPL Ltd. Chemicals 0.60 

45 Britannia Industries Ltd. FMCG 0.52 

46 Coal India Ltd. Oil and Gas  0.51 

47 Eicher Motors Ltd. Automobile 0.49 

48 Bharat Petroleum Corp. Ltd. Oil and Gas 0.46 

49 Shree Cement Ltd. Construction Materials 0.46 

50 Hero MotoCorp Ltd. Automobile 0.43 
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Fig 2: The daily returns of NIFTY 50 over time 

Note: In our study we use 48 stocks out of given 50 from NIFTY index. We are not using ‘HDFC Life 

Insurance Company’ and ‘SBI Life Insurance Company’ here, as these two constituents of NIFTY50 were listed 

at Stock Market on Nov 2017 and Oct, 2017 respectively and we used past 10 year’s data in this study from 

May 2012 to April 2022. We have taken here weekly data and done analysis with 523 data points or weeks. 

        The box polt and Q-Q plots of NIFTY 50 returns can be viewed as 

 

 

 

 

     Fig 3.1: box polt of NIFTY 50 returns                            Fig 3.2: box polt of NIFTY 50 returns 

 

METHODS 

Kaiser-Meyer-Olkin (KMO): KMO measure of sampling adequacy to test the shortest length of sliding 

window that a PCA could be efficiently applied to. The KMO statistic compares the value of correlations 

between stocks to those of the partial correlations. If the investigated stocks share more common variation, the 

KMO will be close to 1. On the other hand, a KMO near 0 indicates the PCA will not extract much useful 

information. 

 

Bartlett’s test of Sphericity: Bartlett’s test is used to test the null hypothesis that the correlation matrix is an 

identity matrix  

 

Principal Component Analysis:  
Principal component analysis on the correlation matrix of the return series taking into consideration that 

dividends are negligible as compared to returns. Formula for applying the PCA using returns of the stocks is 

given by: 

 

𝑹𝒊(𝒕) =  
𝑷𝒓𝒊𝒄𝒆𝒊(𝒕 + 𝟏) − 𝑷𝒓𝒊𝒄𝒆𝒊(𝒕)

𝑷𝒓𝒊𝒄𝒆𝒊(𝒕)
 

here 𝑡 denotes time (in week). 

 

The PCA is aimed to determine the threshold for cutting off the random part of stock price fluctuation and 

preserve the major risk sources in the data set. There is not a fixed number of principal components to retain. 

Many rules can be applied to determine the number of principal components to retain.  

The data set we used in this study was the 48 stocks with complete price for the sample period of 10 years. We 

applied PCA to the correlation matrix of the 156 stocks and used three rules  

 

The three rules together with bi-plots of the coefficients in each principal component to determine the threshold 

for cutting off rather irrelevant principal components may be considered as define below 
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A. The First rule in determining the number of components to retain is deciding the cumulative variance desired. 

The actual amount of variation explained by any given principal component is given by 

𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒 𝐸𝑥𝑝𝑙𝑎𝑖𝑛𝑒𝑑 𝑏𝑦 𝐶𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡 𝑗 =
𝜆𝑗

∑ 𝜆𝑖
𝑛
𝑖=1

× 100 

 

Where, 

𝜆𝑖 = 𝐸𝑖𝑔𝑒𝑛𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡 𝑖 
 

The cumulative percentage variance explained by the first m components is given by 

 

𝐶𝑢𝑚𝑢𝑙𝑎𝑡𝑖𝑣𝑒 𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒 =  ∑ 𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒 𝑒𝑥𝑝𝑙𝑎𝑖𝑛𝑒𝑑 𝑏𝑦 𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡 𝑘

𝑚

𝑘=1

 

 

The number of components to retain is then the smallest number, m, which exceeds the desired percentage 

variance explained.  

 

B. Kaiser’s rule (Kaiser, 1960)[11], retaining principal components that have an eigenvalue greater than 1. The 

idea behind this rule is that if all the stocks were uncorrelated, then the principal components are the same as the 

original stocks and all have unit variance in the case of a correlation matrix. So any principal components with 

eigenvalue less than 1 contains less information than one of the original variables and so is not worth retaining. 

 

C. Scree graph introduced by Cattell (1966)[12], and log-eigenvalue diagram (LEV diagram) introduced by 

Farmer, (1971)[13]. The scree graph is a plot of eigenvalue against component number. The log-eigenvalue 

diagram is an alternative to the scree graph and plots the log of the eigenvalue rather than eigenvalue against the 

component number. The decision is made based on finding the point in the graph where the slopes of lines 

joining the plotted points are ‘steep’ to the left and have a linear decay to the right. 

 

Constructing Principal Portfolios 

1. Apply PCA and get the coefficients of the principal components. 

 

2. A positive coefficient indicates a long position while a negative coefficient indicates a short position. 

The weights of investment in each stock are the stock coefficient divided by the sum of all positive coefficients 

(if it is positive) or divided the absolute value of sum of all negative coefficients (if it is negative). This gives a 

set of weights in which both the long positions sum to 1 and the short positions sum to −1 respectively. The 

portion of short positions is the ratio of the sum of all negative coefficients to the sum of all positive 

coefficients. The funds obtained from the short positions are assumed to be invested in an average risk-free rate 

over the last 10 years. 

 
3. The PPs returns are then the sum of the weighted returns of each stock plus the product of risk-free rate 

and the ratio of the short position. 

 

The relative performances =
𝑷𝑷𝒏(𝒕)−𝑵𝑰𝑭𝑻𝒀𝟓𝟎(𝒕)

𝑵𝑰𝑭𝑻𝒀𝟓𝟎(𝒕)
, 

 

Where 𝑃𝑃𝑛(𝑡) is the principal portfolio n value at time 𝑡, 𝑁𝐼𝐹𝑇𝑌50(𝑡) is the index value at time 𝑡 and 𝑡 is in 

units of one trading week. 

ANALYSIS AND RESULTS 

 

The “psych” package of R software is used to analyze the data set given in section 3.2, the codes for the analysis 

has been designed as: 

 

Data imported in R: 
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Correlation matrix: 

 

KMO statistics:  

 

We calculated KMO statistic in window of 10 years for all 48 stocks. A window size of 10 years had KMO 

value 0.94 which is quite enough for factor analysis to commence. This indicates that the degree of information 

among the variable overlap greatly, i.e., the presence of a strong partial correlation. Hence it is plausible to 

conduct Principal Component Analysis.  

Bartlett’s test of Sphericity 
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We have value of test statistic 1872.867 with 1128 degrees of freedom and p-value 7.051 × 10−40. A 

significant statistical test shows that the correlation matrix is indeed not an identity matrix as we reject null 

hypothesis here. 

 

Principal Component Analysis: 

 

 

 

Fig 4: Screen plot for correlation matrix of 48 stocks               Fig 5: LEV diagram for correlation matrix of 48 

stocks  

From the R-report we can observe each component explains a percentage of the total variance in the data set. In 

the Cumulative Proportion section, the first principal component explains almost 30% of the total variance. This 

implies that almost two-fifth of the data in the set of 48 variables can be represented by just the first principal 

component. The second one explains 06.6% of the total variance.  

The cumulative proportion of Comp.1 to Comp.10 explains nearly 60% of the total variance. This means that 

the ten principal components can accurately represent the data. 

We filtered out the random part of the stock risks and retain the first 10 principal components that represent the 

market risk and each risk group. The original set of 48 stocks was transformed to a principal system which 

included 48 uncorrelated principal components in which the first 10 principal components identify the major 
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risk drivers of stock returns. Essentially, the portfolios constructed based on the principal components were 

treated as individual investment assets with no correlations. 

 

Investors can choose to hold any principal portfolio to get exposure to a single risk source that is uncorrelated 

with the other risks in the market. The performances of principal portfolios also provide means of monitoring 

single risk exposures. The investment universe is simplified in the sense that the choices are among assets with 

uncorrelated risks. One can decide whether to include an asset solely based on its variance and return without 

concern about its co-movements with the others in the portfolio. We refer to the 10 PPs that represent the major 

risk sources.  

Principal component one is constructed slightly differently than the others. In our findings all coefficients of 

PC1 are positive. PCA by design is such that the direction of the principal components has no effect on their 

variances (the eigenvalues). As a consequence, one can change all negative coefficients to be positive, which is 

equivalent to rotating the principal component one by 180 degrees.  

 

 
Fig 6.1: Graph Year wise Risk-free rate in India 

 

The following Figures given presents the trajectory of Principal Portfolios against NIFTY50 index value and 

their relative performance. All the portfolios are assumed to have an initial wealth position equal to INR4928.9. 
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Fig:6.1(a) 

 Fig:6.1(b) 

 
Fig:6.1(c) 

 
Fig:6.1(d) 

 
Fig:6.1(e) 

 
Fig:6.1(f) 

 

 
Fig:6.1(g) 

 
Fig:6.1(h) 

 
Fig:6.1(i) 

 
Fig:6.1(j) 

 
Fig:6.1(k) 

 
Fig:6.1(l) 

 
Fig:6.1(m) 

Fig:6.1(n) 

Fig:6.1(o) 

Fig:6.1(p) 

Fig:6.1(q) 

Fig:6.1(r) 

Fig:6.1(r) 

 
Fig:6.1(r) 
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The Data set used is the 48 Stocks for the study period of 10 years. The area plot below every PP, 

shows the relative performance of PPs and index NIFTY. 

 

𝐹𝑖𝑔6.3: 𝑃𝑙𝑜𝑡 𝑜𝑓 𝑎𝑙𝑙 10 𝑟𝑒𝑡𝑎𝑖𝑛𝑒𝑑 𝑝𝑟𝑖𝑐𝑖𝑝𝑎𝑙 𝑝𝑜𝑟𝑡𝑓𝑜𝑙𝑖𝑜𝑠 𝑤𝑖𝑡ℎ 𝑁𝐼𝐹𝑇𝑌50 

 
The graph shows PP1, PP4 and PP10 is closely related to Nifty50 index especially after beginning of 2016. PP1 

has its special role among all the other PPs. It is a market component that has approximately equal contribution 

of all stocks and typically all the stocks have same sign of coefficient. This suggests PP1 is essentially an equal 

weighted portfolio of the underlying stocks. It also shows PP1, PP4, PP8 and PP9 were the only portfolios 

among all PPs which consistently outperformed the Nifty50 over the full study period. The outperformance of 

PP1 increased slightly until 2020 and increased gradually after pandemic in 2020. 

 

5.PP’s Performance during CoVID-19 situation 

The rapid spread of the unprecedented CoVID-19 pandemic has put the world in jeopardy and changed the 

global outlook unexpectedly.  In this situation of pandemic, the financial performance of the stock market is 

deteriorated due to public fears of declining economic activity, reduced disposable income and investor’s 

negative sentiments. The general market benchmark reflects these effects in the form of reduced liquidity as 

well as returns. Indian stock market started fall very rapidly in March 2020. If we take Feb17, 2020, as reference 

point then NIFTY50 fall in next couple of weeks were.  

 

Table 6.1: Change in NIFTY50 during CoVID-19 situation 

Date NIFTY50 % Weekly return % Change from Feb17,2020 

Feb17, 2020 12080.85   

Feb24, 2020 11201.75 -7.27% -7.27% 

Mar02, 2020 10989.45 -1.89% -9.03% 

Mar09, 2020 9955.2 -9.41% -17.59% 

Mar16, 2020 8745.45 -12.1% -27.60% 

Mar23, 2020 8660.25 -0.97% -28.31% 

Mar30, 2020 8083.8 -6.65% -33.08% 

 

From 𝐹𝑖𝑔6.3 it is evident that three principal components PP2, PP3 and PP5 are not much affected by CoVID-

19 pandemic hence have very less effect of that situation.  
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Table 6.2: Change in portfolio value of PP2 during pandemic situation with respect to reference point Feb17, 

2020 is given by. 

Date PP2 % Weekly return % Change from Feb17,2020 

Feb17, 2020 15391.91   

Feb24, 2020 14527.08 -5.61% -5.61% 

Mar02, 2020 15041.03 3.53% -2.28% 

Mar09, 2020 13623.98 -9.42% -11.48% 

Mar16, 2020 13024.11 -4.40% -15.38% 

Mar23, 2020 13246.99 1.71% -13.93% 

Mar30, 2020 13205.14 -0.31% -14.20% 

 

Table 6.3: Change in portfolio value of PP3 during pandemic situation with respect to reference point Feb17, 

2020 is given by. 

Date PP3 % Weekly return % Change from Feb17,2020 

Feb17, 2020 9920.98   

Feb24, 2020 9177.52 -7.49% -7.49% 

Mar02, 2020 9364.74 2.04% -5.60% 

Mar09, 2020 8582.73 -8.35% -13.48% 

Mar16, 2020 8173.14 -4.77% -17.61% 

Mar23, 2020 8031.667 -1.73% -19.04% 

Mar30, 2020 8076.098 0.55% -18.59% 

 

Table 6.4: Change in portfolio value of PP5 during pandemic situation with respect to reference point Feb17, 

2020 is given by, 

Date PP5 % Weekly return % Change from Feb17,2020 

Feb17, 2020 16924.44   

Feb24, 2020 16133.97 -4.67% -4.67% 

Mar02, 2020 16574.25 2.72% -2.06% 

Mar09, 2020 15157.75 -8.54% -10.43% 

Mar16, 2020 14346.49 -5.35% -15.23% 

Mar23, 2020 14932.55 4.08% -11.76% 

Mar30, 2020 14848.92 -0.56% -12.26% 
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𝐹𝑖𝑔6.4: 𝑃𝑙𝑜𝑡 𝑜𝑓 𝑃𝑃2, 𝑃𝑃3, 𝑃𝑃5 𝑎𝑛𝑑 𝑁𝐼𝐹𝑇𝑌50 𝑖𝑛 𝑝𝑎𝑛𝑑𝑒𝑚𝑖𝑐 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛𝑠 

 

𝑇𝑎𝑏𝑙𝑒 6.1 𝑡𝑜 6.4  Representing downfall of share market in pandemic era. If we take NIFTY50 index from 

Feb17, 2012, to Mar30, 2020, it decreased very sharply that is -33% in just 6-week time period. If we take our 

principal portfolios 2, 3 and 5; which were able to tackle these downfalls on an average extent. PP2 decreased 

by 14.20% in those 6 weeks, PP3 decreased by 18.59% in 6 weeks and PP5 decreased by 12.26%, having 

significant difference with fall of NIFTY50 Index.  

𝐹𝑖𝑔6.4 Compares PP2, PP3 and PP5 with NIFTY50 Index for Covid’s downfall period from Feb17, 2020, to 

Mar30, 2020, assuming all portfolios had equal value on Feb17, 2020, as equal to that of NIFTY50, i.e., 

12080.85 

III. CONCLUSION 

A principal portfolio is constructed based on the first component, which is a market component 

contains the most systematic risk compared to all other components. Before applying PCA applied for KMO test 

of sampling adequacy and Bartlett’s test of spehericity and obtained sufficient results from them to conduct 

principal component analysis for the week wise data of past 10 years. The graph presented here for portfolio 

value of each principal portfolio in comparison with NIFTY50 index. More than half of principal portfolio 

outperforms the NIFTY index in terms of overall returns. Our results also revealed that it is not just any 

combination of stocks which can used to represent the whole data set. It must be a group of carefully selected 

stocks using the PCA selection procedure. The variance explained by principal component one was an effective 

measure of the level of systemic risk and served as a leading indicator of financial crisis. We also found the 

KMO measure of sampling adequacy was highly correlated with the variance explained by principal component 

one and hence could be used in the same role. The benchmark index of Indian stock market had heavy downfall 

during CoVID-19 crisis period. Moreover, we observed  that three principal portfolio which had very less 

downfall as compared to benchmark Index indicating usefulness of those portfolios having greater return as 

compare to that index as well as ability to tackle the crisis situation present in the market. Thus, it is not only the 

first ten principal components which have greater returns as compare to market indices but also have important 

applications in market crisis management.  
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