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 This paper investigates the impact of investor sentiment on asset pricing 

in Kenyan equity markets. The study aims to explore whether the effect 

of profitability risk on stock returns varies with the level of investor 

sentiment in the Kenyan equity market. The results show that the 

profitability risk factor significantly predicts stock returns at a 5% level. 

However, the coefficient on profitability risk factor is negative, 

indicating that a high exposure to profitability risk leads to low returns. 

The study also reveals that incorporating sentiment variables to the 

main effects model would enhance the significance of the profitability 

risk factor. The findings contribute to investment strategies, 

determining required rates of return, and evaluating portfolio 

performance of collective investments. The study's evidence provides 

insights for individual and institutional investors and financial 

regulators in understanding the dynamics of asset pricing in the Kenyan 

equity market. 
 

 

INTRODUCTION  

The question as to why returns vary across stocks continues to draw attention among academics and practitioners 

alike (Taha & Elgiziry, 2016). A section of asset pricing studies shows that variation in stock returns can be 

explained by exposure to macroeconomic factors and firm-level fundamental characteristics that proxy for 

systematic risk (Karp & Vuuren, 2017). Other studies underscore the role of market imperfections in the study of 

equilibrium models (Li & Zhang, 2010; Chae & Yang, 2016). Whereas traditional finance theorists assume 

rational investors, behaviorists maintain that investors are not fully rational and that stock returns may be affected 

by irrational investor behavior (Schmeling & Shiller, 2009). However, it is not established how investor 

irrationality would influence the relationship between profitability risk factors and stock returns in Kenya.   

The theory of market efficiency supports the argument that firms should provide returns to investors in terms of 

risk exposure. Consequently, profitable firms should yield higher returns than less profitable firms since they are 

deemed riskier. According to the dividend valuation model, high expected future earnings would warrant higher 

expected returns after holding constant the net book value of equity, equity's market value, and growth in total 

assets (Fama & French, 2008). These profits are the reward for growth and innovation, which exposes 
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entrepreneurs to greater risk, thus warranting a higher required rate of return (Fama & French, 2008). Novy-Marx 

(2013) and Mosoeu and Kodongo (2017) also support the existence of profitability factors across selected 

emerging markets. However, contrasting results by Faff (2004) show that profitability does not add much 

explanatory power to asset pricing in Brazil, particularly when the model does not control for trading frictions. 

Research documenting the effect of firm profitability as a determinant of expected stock returns in Kenya is 

scanty, thus justifying the current study.  

The Kenyan equity market is gaining extreme importance as an avenue for new opportunities for global 

diversification. As an emerging market, the NSE poses a peculiar market to investigate because it is the largest, 

best regulated and most advanced in East and Central Africa, with higher relative trade volumes (Coffie & 

Chukwulobelu, 2013). The rationale for studying the Kenyan equity market lies in the inherent nature of the 

market characterized by higher volatility, thin trading, illiquidity, mispricing of assets, and non-normally 

distributed equity returns (Coffie & Chukwulobelu, 2013). Some theorists suggest that global capital markets are 

significantly integrated and propose using a global or international asset pricing model to estimate return. 

However, Ayrapetova and Larionova (2016) maintain that applying the global version of the asset pricing model 

in emerging capital markets has proved impractical and controversial since these markets are highly segmented 

and have countryspecific barriers. Hence, investors looking to diversify their portfolios globally find it difficult 

to estimate the cost of equity for their investment decisions using asset pricing models that have been tested in 

developed markets. A renewed interest has since developed among practitioners and academics in searching for 

context-specific models for the portfolio construction process. The attention has come about because of the largely 

positive and sometimes very large negative returns realized in these markets.  Evidence exists that firm-level 

fundamental variables may proxy systematic risk (Karp & Vuuren, 2017) and that market conditions may 

influence stock returns (Chae & Yang, 2016). However, there are gaps in the literature concerning the selection 

of predictor variables and methodological considerations. The risk-return relationship has been investigated 

extensively across global markets over a wide spectrum of sample periods. However, research findings differ due 

to the diversity of context focus, variable selection, and methodology adopted. Like other emerging markets, the 

Kenyan equity market is characterized by information inefficiencies and segmentation causing significant 

constraints to effective diversification (Hiremath, 2014). A survey conducted by Alexander Forbes Consulting 

Actuaries Schemes shows that returns on the Kenyan equity market are influenced by investor sentiment, which 

may oscillate between bullish or bearish cycles. There is, however, no existing study to explain the risk-return 

relationship adjusting for realities in emerging markets. This study sought to bridge the gap in asset pricing 

literature by investigating the role of investor sentiment in the relationship between profitability risk and stock 

returns in Kenya, controlling for premium on market, size, value and asset growth risk factors.  

This study provides insightful information to various market players, which could enhance their understanding of 

asset pricing dynamics. Asset pricing models are used to guide individual and institutional investors in decisions 

involving security selection which could affect their investment choices and profit opportunities. It also provides 

useful information that could serve as the basis for advising investors on how to formulate financial goals and 

create strategies to achieve the goals considering financial risks. The information on asset pricing is very useful 

for guiding the capital markets regulator in formulating policy for effective monitoring of the markets to protect 

market players.  

EMPIRICAL LITERATURE Profitability Risk Factor and Stock Returns   

The question as to whether profitability is a priced factor has been at the center stage of recent studies on asset 

pricing. Kubota and Takehara (2018) tested the validity of the FF5F model in Borsa Istanbul using excess returns 

of 14 portfolios sorted based on firm size. The sample comprised all non-financial firms trading on Borsa Istanbul, 

according to the approach suggested by Fama and French (1992). The study employed 132 monthly data between 

July 2005 to June 2016 as the sample period with a sample size range of between 174 and 281 firms. Firm 

Profitability was measured as EBIT to book value of equity ratio (Fama & French, 2015). The profitability factor 

was computed as the return difference between robust and weak profitability portfolios (RMW). Results of the 
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analysis showed a higher premium on market portfolios over the profitability factor, implying that maximum 

return premium can be obtained from the market portfolio.  

Mosoeu and Kodongo (2017) also examined the association between firm profitability and stock returns in 

selected emerging markets using the FF5F model. The study utilized weekly stock return data between January 

2010 and December 2016. Generalized Method of Moments (GMM) was used to run regressions and GRS tests 

to measure how well the model fits data. The results from RMW regressions showed that the profitability factor 

is a statistically significant-priced factor across all countries examined except South Africa and Singapore. The 

intercepts for these countries were positive, with an average standard error of 3.08 from zero. Fama and French 

(2016) observed similar results with a significant profitability factor and standard error of 3.95 from zero in the 

same context. Further evidence of the profitability-return relationship is reported in Novy-Marx (2013).  

Basiewicz and Auret (2010) compared the performance of a three-factor model developed by Chen, Novy-Marx, 

and Zhang (2011) against that of Fama and French (1993) in South Africa. The former model augments the CAPM 

market factor with profitability and investment. The period of study spanned 9 years, from 2002 to 2011. The 

authors argue that the profitability variable, ROE, explains the variance of returns since shocks to profitability are 

positively related to contemporary shocks to returns, an aspect not present in the FF3F model. The ROE factor 

was derived by dividing the quarterly net profit (NP) with one-quarter-lagged book equity (BE). The book-equity 

was defined as the shareholders' equity plus deferred taxes reported in the financial statements and investment tax 

credit less book value of the preferred stock. The results obtained a negative coefficient for ROE, which implies 

that companies were less profitable during the period of study, especially those in the high profitability ratio 

portfolios. This indicates a potential for lower returns because, quite intuitively, companies that are expected to 

be relatively less profitable will most likely deliver lower returns than their profitable counterparts.  

Building on evidence by Novy-Marx (2013) and Aharoni et al. (2013), Fama and French (2015) examined the 

explanatory power of a five-factor model using US data. The FF5F model extends the three-factor model that 

accounts for the effect of firm profitability and investment on expected returns. The profitability factor was 

measured as the spread of returns on a portfolio of stocks with high operating profitability and low operating 

profitability. The study used 606 monthly observations for data from 1963 to 2013. Return on one-month treasury 

was used to estimate the risk-free rate of interest. The portfolios of portfolios were constructed based on the Fama-

French (1993) approach, using a 2x3 annual sorting procedure. The results showed a negative correlation between 

profitability factor, market and size factor, providing important information regarding potential benefits from 

portfolios that diversify exposures across these factors.  

A comparative study on the pricing effect of Fama-French anomalies on excess returns of sizeprofitability stocks 

in Nordic markets was investigated. The theoretical intuition in variable conceptualization was connected to the 

DDM model. The study employed monthly price data and total return downloads from Thomson Datastream over 

a period spanning from 1999 to 2015. The pricing factors were constructed following the description in Fama and 

French (2015) framework on a 4x4 sorting criterion in order to keep portfolios well diversified. The dependent 

variables were the excess returns on 48 sample portfolios. Monthly returns on stocks, market premium, and the 

risk-free interest rate were calculated as mean returns from the asset's total return indices. Operating profit was 

computed by dividing operating income by the book value of equity. The GRS statistics and model regression 

intercepts were analyzed to measure the performance of each model. The intercepts in the FF5F model were 

mostly jointly indistinguishable from zero on the GRS test, implying that the FF5F model was closest to a 

complete description of average returns. Overall, the study observed significant loadings of RMW on all, but size-

profitability sorted portfolios.   

Faff (2004) investigated whether profitability is priced and partially explains the mean return of stocks in the 

Brazilian stock market under the model framework developed by Fama and French (2015). The study employed 

both time series and cross-sectional regression on sample data spanning 1st June 1997 to 30th June 2014. The 

study included data on both active and inactive stocks in the Brazilian capital market to minimize survivor bias 

error. Financial firms were excluded from analysis following the argument by Fama and French (1992) that the 

B/M ratio for financial firms is influenced by their degree of leverage. Also excluded were firms with negative 
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equity. For purposes of portfolio sorting, profitability was calculated as earnings before interest and tax divided 

by the operational assets. Models were formed from a combination of risk factors. The study further examined if 

the method of factor premium construction has implications on asset pricing. The study found that regardless of 

how factors are constructed, models with no HML have the highest GRS statistic and absolute intercept, which 

implies that HML is important in explaining returns. Additionally, profitability does not add much asset pricing 

explanatory power in Brazil, possibly because the model does not control trading frictions, a common feature in 

developing countries. Against this background, the current study sought to establish the pricing effect of a 

profitability risk factor at the NSE controlling for investor sentiment.  Based on an exposition of the literature, it 

was hypothesized that:  

H01: The profitability risk factor does not significantly explain stock returns at the NSE.  

Investor Sentiment and Stock Returns  

Chuang et al. (2010) employed a generalized autoregressive conditional heteroskedasticity in mean (GARCH-M) 

model to study the impact of the movement in investor sentiment on stock returns in Taiwan. The sample period 

for the study spanned 14 years from 1990 to 2004, with 779 weekly observations. The study was premised on the 

hypothesis that trading volume change represents movement in investor sentiment. The results show that 

contemporary sentiment proxy has better explanatory power on excess return and conditional volatility. 

Supporting the same proposition, Baker and Wurgler (2007) concluded that a change in trading volume could 

reflect some degree of investors' expectations in the Taiwan stock market.   

Bathia and Bredin (2012) examined whether incorporating investor sentiment, as conditioning information, can 

help to capture the predictive ability of firm size, value, liquidity and momentum in explaining risk-adjusted 

returns of individual stocks at the New York Stock Exchange (NYSE). The study incorporated different investor 

sentiment measures in different asset pricing models to determine if they enhanced the performance of these 

models. The study employed two-pass time-series regression of excess monthly returns on individual stocks from 

1981 to 2010. Results showed that sentiment augmented asset pricing models often capture the predictive power 

of firm fundamental attributes. Furthermore, the study found that the value and momentum effects are effectively 

captured in the sentiment augmented conditional version of the Fama and French (1993) three-factor model.  

The effect of investor sentiment on stock returns was highlighted by Tran and Nguyen (2013) in the Norwegian 

and Vietnamese markets from 1991 to 2013. They employed Brown and Cliff's (2005) ADR Index and Consumer 

Confidence Index as additional components to improve the predictive power of the sentiment index. The study 

concluded that the effect of sentiment on stock returns is more pronounced in small, volatile, value stocks that do 

not pay dividends. The results further revealed a negative association between sentiment and stock returns, 

particularly for firms with negative returns in Norway and volatile ones in Vietnam. However, these results are 

consistent with the findings in Baker and Wurgler (2007), in which study the sentiment effect was found to be 

more profound in stocks that are not easy to value and arbitrage.   

Dalika and Seetharam (2015) investigated the impact of investor sentiment on stock returns in the South African 

market from 1999 to 2009. The study was premised on the assumptions that mispricing is caused by both an 

uninformed demand shock and limits to arbitrage. The authors adopted the methodology of Baker and Stein 

(2004) to develop the sentiment index. The sentiment series was estimated as the first principal component in the 

orthogonalized sentiment proxies. A set of portfolios was formed according to Fama and French's (1993) 

methodology. The results indicated that investor sentiment strongly impacts share returns in the South African 

market. During low sentiment periods, subsequent returns were relatively high, especially among low market cap, 

highly volatile, growth and start-up firms. These patterns, however, were observed to reverse when sentiment was 

high. From the analysis of prior literature, we formulated the hypothesis that:  

H02: The effect of profitability risk on stock returns independent of the NSE's investor sentiment.   

Research Gaps  

Most studies on asset pricing are confined to global markets (Hearn & Piesse, 2009). In many African equity 

markets, the return generating process is not well established, making it difficult to identify components for risk 
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premia due to a lack of reliable historical data (Basiewicz & Auret, 2010). A study of this nature would therefore 

bridge an important contextual gap. Past studies have often neglected the role of different states of investor 

sentiment in explaining risk-adjusted returns (Lind & Sparre, 2016). However, the current study considers that 

asset pricing in emerging markets is more likely to be influenced by either category of investors. Further, a 

significant contribution of this article is in the use of robust estimation methods in the analysis of associations.  

DATA AND METHODOLOGY  

This study was anchored on a positivist philosophical perspective whereby the established theoretical linkage 

between profitability risk factor and variation in cross-section of stock returns was used to develop the hypothesis 

tested and validated against empirical observations. A causal research design was employed to explain the cause-

effect relationship between profitability risk factors and stock returns in Kenya. A time-series study design was 

also adopted to analyze patterns and identify short-term and long-term trends in the data. The study utilized 

secondary data obtained from audited annual company reports, reports and publications of the central bank of 

Kenya, the Capital Markets Authority, the NSE annual investor handbook and daily equity price lists. The 

availability informed the analysis period from  

January 2011 to December 2019 of data on variables. A census of firms listed at the NSE was conducted but the 

final sample frame comprised 60 firms that met the selection criteria commonly used in asset pricing literature.  

Portfolio and Factor Construction  

At the end of December each year, stocks were distributed into two size groups and independently allocated to 

two groups of market valuation, asset growth and operating profitability using median breakpoints. Profitability 

effect (OPROF) was measured as the excess of operating income over a firm's operating expenses at the end of 

December in year t-1. Size (SIZE) was measured as the market capitalization of equity stock at the end of 

December in year t-1. The value effect (VALUE) was computed as the book to market capitalization ratio at the 

end of December in year t-1. Asset growth (ASTG) proxy for firm investment was computed as an annual 

percentage change in total assets at the end of year t-1 (Fama and French, 2015). The intersection of the 

independent 2x2 sorting yielded 12 portfolios. Investor Sentiment (SENT) was measured as the bull-bear spread, 

obtained by subtracting the proportion of stocks that closed lower from the proportion that closed higher than 

their previous period's closing prices. A positive (negative) spread implies a bullish (bearish) trend in the market, 

while a zero difference is an indicator of a market correction (Brown & Cliff, 2005; Dash & Mahakud, 2013). 

The market risk factor (MKT) is the excess expected return on the diversified risky market portfolio over the 

Kenyan T-bill rate with a duration same as that of the market portfolio (Berk & Van Binsbergen, 2016).  

Correlation Analysis  

Table 1. Correlation Analysis (Pearson Corr. Coef)    

 MKT  SIZE    VALUE 

   

OPROF 

   

ASTG    OPROF*SE 

MKT   1.0000   
      

NT    

SIZE     -0.2318**  1.0000          

  [−2.4539]  -----          

 0.0158  -----   
    

  

VALUE     0.0037  -0.1206  1.0000        

  [0.0382]  [−1.2510]  -----        

 0.9696  0.2137  -----   
  

  

OPROF     0.0627  0.1697  0.2446**  1.0000      

  [0.6463]  [1.7726]  [2.5972]  -----      

 0.5195  0.0792  0.0107  -----     
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ASTON     -0.0942  -0.0431  0.0196  -0.2453**  1.0000    

  [−0.9741]  [−0.4442]  [0.2021]  [−2.6046]  -----    

 0.3322  0.6578  0.8402  0.0105  -----    

SENT  0.6582**  -0.0377  -0.0402  -0.0013  -0.0991  1.0000  

  [9.0005]  [−0.3881]  [−0.4147]  [−0.0131]  [−1.0254]  -----   

  0.0000  0.6988  0.6792  0.9896  0.3075  -----   

OPROF*SENT  0.0361  0.0831  0.2188**  0.1893  0.0507  -0.0001  

  [0.3718]  [0.8584]  [2.3083]  [1.9852]  [0.5231]  [−0.0014]  

  0.7108  0.3926  0.0229  0.0497  0.6020  0.9989  

Table 1 displays a pair-wise correlation matrix of main effects predictor variables. Underneath each coefficient 

are the t-values in square brackets (based on the Newey-West adjusted standard errors) and p-values at a 5% level 

of significance. The table generally shows the low and insignificant correlation among the main effects variables. 

There was however significant but less low correlation between MKT and SIZE (r = -0.2318, p<0.05), OPROF 

and VALUE (r = 0.2446, p<0.05) and OPROF and ASTG (r = -0.2453, p<0.05). The table further shows that 

market risk premium (MKT) and sentiment (SENT) are moderately positively correlated (r = 0.6582), implying 

that market risk and investor sentiment variables have a positive co-movement at the Kenyan equity market. In 

general, the low-to-moderate correlations help mitigate any potential multicollinearity issues that could impact 

our empirical specifications. 

Times Series Assumptions  

Stationarity and Cointegration  

This study utilized the ADF and P-P unit root tests to examine the stationarity of the variables at a 5% level of 

significance. The unit root test results are shown in Tables 2a and 2b.  

Table 2a. Unit Root Test for Predictor Variables 
Series  Augmented  

Dickey-Fuller t-

Stat  

MacKinnon  

Crit. (5%)  

p-Value  Phillips- 

Perron  

Adj. t-Stat  

(At Level)  

Test Crit.  

Values.  

(5%)  

p- 

Value  

MKT  -9.5690  -2.8887  0.0000  -9.6643  -2.8887  0.0000  

SIZE  -9.5690  -2.8895  0.0126  -11.2721  -2.8887  0.0000  

VALUE  -3.4143  -2.8895  0.0126  -11.2721  -2.8895  0.0000  

OF  -11.2252  -2.8887  0.0000  -11.2309  -2.8887  0.0000  

ASTON  -11.0085  -2.8887  0.0000  -10.9907  -2.8887  0.0000  

SENT  -5.0304  -2.8889  0.0000  -8.3948  -2.8887  0.0000  

OPROF*SENT  -11.7842  -2.8887  0.0000  -11.7392  -2.8887  0.0000  

Table 2b. Unit Root Test for Dependent Variables  

EX-RET  ADF Fisher  MacKinnon  p-Value  Phillips- Test  Crit.  p-Value  

Port. 1  -8.5160  -2.8887  0.0000  -8.8092  -2.8887  0.0000  

2  -4.0849  -2.8892  0.0016  -9.4303  -2.8887  0.0000  

3  -5.5349  -2.8889  0.0000  -9.2893  -2.8887  0.0000  

4  -9.4924*  -2.8898  0.0000  -8.3183  -2.8887  0.0000  

5  -4.1382  -2.8892  0.0013  -10.5892  -2.8887  0.0000  

6  -11.1917*  -2.8898  0.0000  -30.7178  -2.8889  0.0001  

7  -10.3239  -2.8887  0.0000  -10.4455  -2.8887  0.0000  

8  -5.4335  -2.8889  0.0000  -10.2600  -2.8887  0.0000  
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9  -5.3925  -2.8889  0.0000  -9.8483  -2.8887  0.0000  

10  -11.7273  -2.8887  0.0000  -11.8159  -2.8887  0.0000  

11  -5.6378  -2.8889  0.0000  -9.5862  -2.8887  0.0000  

12  -4.4265  -2.8892  0.0005  -10.9756  -2.8887  0.0000  

*Denotes variable stationary at 1st difference 

From the results in Table 2(a), the null hypothesis of the unit root was not supported for all predictor variables 

and interacting terms at the level. Hence all the predictor variables and interacting terms were stationary at level. 

Results in Table 2(b) show that excess return on portfolio 4 (t = -9.4924, p-value = 0.0000) and portfolio 6 (t = -

11.1917, p-value = 0.0000) are stationary at first difference on the ADF test while the rest of the series are 

stationary at level on both tests. Thus, the dependent variables display a mix of the I(0) and I(1) series. Narayan 

(2005) recommends the performance of bounds test of co-integration in circumstances where variables display a 

combination of I(0) and I(1) series.  

Table 2c. F-Bounds Co-integration Test  

Series  F-Stat  Sig.  Lower  Upper Bound I(1)  Null Hyp.  

Port 1.   97.58107  5%  Bound 2.45 

 I(0)  

3.61  Reject  

2   49.93288  5%  2.45  3.61  Reject  

3  54.40527  5%  2.45  3.61  Reject  

4   7.528333  5%  2.45  3.61  Reject  

5   64.05054  5%  2.45  3.61  Reject  

6   89.65671  5%  2.45  3.61  Reject  

7   101.7796  5%  2.45  3.61  Reject  

8   67.39544  5%  2.45  3.61  Reject  

9   257.4762  5%  2.45  3.61  Reject  

10   83.94939  5%  2.45  3.61  Reject  

11  107.9854  5%  2.45  3.61  Reject  

12  135.8706  5%  2.45  3.61  Reject  

Results in Table 2c show that all regressions on the twelve portfolios have F-statistic greater than the upper critical 

bounds value. Consequently, the null hypothesis of no co-integration was rejected, and hence it was concluded 

that there is co-integration. From the above analysis, we estimated both the ARDL and VECM models for short-

run and long-run relationships among the variables. 

Lag Length Selection  

The need to select an optimal number of lags for each model used in time series analysis is premised on the 

assumption that regressand will tend to respond to regressor variables with a lapse of time (Pesaran, Shin, & 

Smith, 2001). Adding lagged terms can eliminate the influence of uncontrollable factors, thereby increasing the 

credibility of the regression results. However, including too many lagged values in a model can consume degrees 

of freedom and might introduce the likelihood of multicollinearity. In this study, optimal lag length selection was 

based on the lower value of Akaike information criterion (AIC), Schwarz information criterion (SIC) and 

Hannan–Quinn (HQ) information criterion computations. Hence, the appropriate lag is one according to AIC, 

SIC, and HQ criteria.  

Residual Diagnostics  

Multicollinearity assumption was assessed using the Variance Inflation Factor (VIF). All variables yielded VIF 

less than 10 suggesting the absence of multicollinearity as recommended in Field (2009). The null hypothesis of 

homoscedastic data was supported in all regressions on test portfolios using the  

Breusch-Pagan Godfrey test and White's General Heteroscedasticity test at a 5% level of significance. 

Autocorrelation assumption was tested using Breusch-Godfrey (BG) Lagrange Multiplier since the models 
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contain non-stochastic lagged values of the regressand (Gujarati, 2003). The BG LM test supported the null 

hypothesis of no serial correlation, implying that the models were properly specified and that the OLS standard 

errors and statistics were reliable and consistent. Normality of residuals was tested using histogram and normal 

probability Q-Q plots following recommendations by (Nguyen, 2016). 

Model Specification 

The ARDL short-run Main Effects model   

The main effects model was used to check the amount of variation in stock returns accounted for by profitability 

risk factor without influence of sentiment.  

 𝑝 𝑞1 𝑞2 

∆(𝑅𝑗 − 𝑟𝑓)𝑡 = 𝛼0 + ∑ 𝛿i∆(𝑅𝑗 − 𝑟𝑓)𝑡−𝑖 + ∑ 𝛽i∆(𝑀𝐾𝑇)𝑡−𝑖 + ∑ 𝑟i∆(𝑂𝑃𝑅𝑂𝐹)𝑡−𝑖 + 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑡−𝑖 

 𝑖 𝑖 𝑖 

+ 𝑒1𝑡  
The Error Correction Main Effects Model Representation  

 𝑝 𝑞1 𝑞2 

∆(𝑅𝑗 − 𝑟𝑓)𝑡 = 𝛼0 + ∑ 𝛿𝑖∆(𝑅𝑗 − 𝑟𝑓)𝑡−𝑖 + ∑ 𝛽𝑖∆(𝑀𝐾𝑇)𝑡−𝑖 + ∑ 𝑟𝑖∆(𝑂𝑃𝑅𝑂𝐹)𝑡−𝑖 + 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑡−𝑖 

 𝑖 𝑖 𝑖 
+ 𝜑𝐸𝐶𝑇𝑡−1 + 𝑒2𝑡  

The ARDL short-run Interaction Model   

 𝑛 𝑛 𝑛 

∆(𝑅𝑗 − 𝑟𝑓)𝑡 = 𝛼0 + ∑ 𝛿i∆(𝑅𝑗 − 𝑟𝑓)𝑡−𝑖 + ∑ 𝛽i∆(𝑀𝐾𝑇)𝑡−𝑖 + ∑ 𝑟i∆(𝑂𝑃𝑅𝑂𝐹)𝑡−𝑖 + 𝑐𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑡−𝑖 

 𝑖=1 𝑖=0 𝑖=0 

 𝑛 𝑛 

+ ∑ 𝜉i∆(𝑆𝐸𝑁𝑇)𝑡−𝑖 + ∑ 𝛾i∆(𝑂𝑃𝑅𝑂𝐹 ∗ 𝑆𝐸𝑁𝑇)𝑡−𝑖 + 𝑒3𝑡  

 𝑖=0 𝑖=0 

The Error Correction Interaction Model Representation  

 𝑛 𝑛 𝑛 

∆(𝑅𝑗 − 𝑟𝑓)𝑡 = 𝛼0 + ∑ 𝛿i∆(𝑅𝑗 − 𝑟𝑓)𝑡−𝑖 + ∑ 𝛽i∆(𝑀𝐾𝑇)𝑡−𝑖 + ∑ 𝑟i∆(𝑂𝑃𝑅𝑂𝐹)𝑡−𝑖 

 𝑖=1 𝑖=0 𝑖=0 

+ 𝑐𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑡−𝑖 

 𝑛 𝑛 

+ ∑ 𝜉i∆(𝑆𝐸𝑁𝑇)𝑡−𝑖 + ∑ 𝛾i∆(𝑂𝑃𝑅𝑂𝐹 ∗ 𝑆𝐸𝑁𝑇)𝑡−𝑖 + 𝜑𝐸𝐶𝑇𝑡−1 + 𝑒3𝑡  

 𝑖=0 𝑖=0 

Where:  

Note: The short-run model terms go with difference operator     

𝑅𝑗 − 𝑟𝑓: Excess return on portfolio 𝑗    
𝛼0 ∶ Intercept of the model. If the predictors in a model capture adequately stock returns, 𝛼0 should be 

indistinguishable from zero  

 : The coefficient loading for the lagged value of the dependent variable  

𝛽𝑖: The coefficient loading for the market risk factor (MKT)   

𝑟i: The coefficient loading for the profitability risk factor (OPROF)  

𝜉i: The coefficient loading for investor sentiment (SENT)  

𝛾i: The coefficient loading for the interaction between Profitability and sentiment (OPROF*SENT) 𝜑: Speed of 

adjustment to long-run equilibrium.   

ECT: Error Correction Term  
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𝐸𝐽, : The random error term capturing other systematic risk factors influencing portfolio returns besides the 

explanatory variables. The random error term is assumed to be identically and independently distributed of the 

dependent variable and normally distributed with zero expectation and constant variance 𝜎2.    

Controls: Include the size risk factor (SIZE), value risk factor (VALUE) and asset growth factor (ASTG). 

RESULTS AND DISCUSSION Profitability Risk Factor and Stock Returns  

Table 1 reports the results of the time-series regression for the mains effects model conducted to establish whether 

profitability risk factor predicts monthly stock returns on the NSE. The dependent variables in this regression 

were the monthly excess returns on 12 equity portfolios for the nine years (2011–2019). The table illustrates the 

estimated intercepts, the error correction term and factor loadings. In circumstances where there was at least one 

lag for an independent variable, a joint F-test of their coefficients was performed to determine their statistical 

significance. 

Table 3a. ARDL Error Correction Regression-Main Effects Model 

  SIZE-INV   SIZE-B/M   SIZE-OP   

  RBA  RBC  RBH  RBL  RBR  RBW  

RET(-1)  0.1158**  0.02415   0.0198  -0.1153  0.0385  0.0440  

tMKT-stat.   0.8340**  0.7808**   0.9485**   0.7775**   0.8524**   0.8149**  

OF   -0.0138   -0.1502**   -0.0364   0.0059   0.0768  -0.7887**  

Intercept   0.0035   0.0036    -0.0015   0.0058   0.0035   -0.0018  

ECT(-1)*   -0.8842**  -0.9802**   -0.9802**   -1.1153**   -0.9615**   -0.9560**  

Adj. R2   0.7515   0.7013   0.7292   0.7950   0.8447   0.6368  

SE  0.0259  0.0254  0.0288  0.0204  0.0180  0.0448  

F-stat.  41.0634  32.1160  41.7839  46.6811  83.3937  27.5442  

Pr(F-stat)  0.0000  0.0000  0.0000  0.0000  0.0000  0.0000  

D-W stat.  2.0817  1.9059  2.0569  2.1077  2.0885  1.7715  

Table 3b. ARDL Error Correction Regression-Main Effects Model (cont..) 

  SIZE-INV   SIZE-B/M   SIZE-OP   

  RSA  RSC  RUSH  RSL  RSR  RSW  

EX-RET(-1)  -0.0251  0.0980  0.0583  0.2173**  0.0414  0.1626**  

MKT  0.6085**  0.8577**  0.7549**  0.7234**  0.8023**  0.79601**  

OF  -0.2359**  -0.2292**  -0.1934**  -0.2660**  0.5613**  -0.3769**  

Intercept  0.0009  0.0023  0.0029  0.0047  -0.0080  -0.0059  

ECT(-1)*  -1.0251**  -0.9020**  -0.9324**  -0.7827**  -0.9586**  -0.8374**  

              

Adj. R2  0.5647  0.7523  0.7025  0.5861  0.5850  0.8106  

SE  0.0317  0.0268  0.0257  0.0337  0.0445  0.0224  

F-stat.  20.6428  36.7666  0.0000  13.2718  22.3460  65.8232  

Prob(F-stat)  0.0000  0.0000  0.0000  0.0000  0.0000  0.0000  

D-W stat.  2.1249  2.1702  2.0599  1.8885  1.9188  1.7163  

Source: Author’s own calculations in Eviews 10  

**Denotes variable is significant at 5% level 

Tables 3a and 3b display results of ARDL regression conducted to test the null hypothesis of no significant effect 

of the profitability risk factor on stock returns at the NSE. It is noticeable that when portfolios sorted on size and 

profitability are considered, robust portfolios RBR (𝑟 = 0.0768, p-value = 0.1337) and RSR (𝑟 = 0.5613, p-value 

= 0.0000) have largest coefficients while weak portfolios RBW (𝑟 = -0.7887, p-value = 0.0000) and RSW (𝑟 = -
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0.3769, p-value = 0.0000) have least coefficients. The same result was consistent with Mosoeu and Kodongo 

(2015) in South Africa and Novy-Marx (2013) in the US. It is also observed that nine (9) portfolios have negative 

loadings on the profitability factor. This implies that the higher the operating profitability premium, the lower the 

stock excess returns. Overall, the profitability factor was statistically significant at a 5% level in eight (8) out of 

twelve (12) test portfolios, six (6) of which were small-sized. Therefore, it was concluded that the profitability 

risk factor has a negative statistically significant effect on stock excess returns at the NSE. These findings, 

however, contrast with fundamental valuation postulations and empirical evidence by Faff (2004), who did not 

find pricing effect of profitability in the Brazilian market and Ngumi and Njogo (2017), who observed a weak but 

positive profitability effect in Kenya. 

Investor Sentiment, Profitability Risk and Stock Returns  

Tables 4a and 4b display the ARDL time-series regression results performed to establish the effect of sentiment 

variable in the relationship between profitability risk and stock returns at the NSE on each set of the 12 portfolios. 

The regressors in the interaction model comprise the lagged value of excess portfolio returns, the market, 

profitability, sentiment and the interaction between profitability and sentiment. It was conceptualized that the 

influence of sentiment could either be direct or through interaction, controlling for market risk, size, value and 

asset growth factor. The multivariate regression model representation is as shown in the figure below.  

∆(𝑅𝑗 − 𝑟𝑓)𝑡 = 𝛼0 + 𝛿i∆(𝑅𝑗 − 𝑟𝑓)𝑡−𝑖 + 𝛽i∆(𝑀𝐾𝑇)𝑡−𝑖 + 𝑠i∆(𝑂𝑃𝑅𝑂𝐹)𝑡−𝑖 +  

 𝜉i∆(𝑆𝐸𝑁𝑇)𝑡−𝑖+𝛾i∆(𝑂𝑃𝑅𝑂𝐹 ∗ 𝑆𝐸𝑁𝑇)𝑡−𝑖 + 𝐶𝑂𝑁𝑇𝑅𝑂𝐿𝑆𝑡−𝑖 + 𝜑𝐸𝐶𝑇𝑡−1 + 𝑒4𝑡     

The sentiment effect was established by assessing the change in adjusted 𝑅2 and significance of the sentiment 

variable and its interaction with profitability risk factor in the interaction model.   

Table 4a. ARDL Error Correction Regression-Interaction Model   

  SIZE-INV   SIZE-B/M   SIZE-OP   

Variable  RBA  RBC  RBH  RBL  RBR  RBW  

EX-RET(-1)  0.0794**  0.1578**  0.0184  0.0098  0.0373  0.0934  

MKT   0.6907**   0.5329**   0.9396**   0.5556**   0.7238**   0.6651**  

OF   -0.0141   0.0987   -0.0360   0.0286   0.0968**   -0.7730**  

SENT   0.0183**   -0.0222**   0.0002   0.0270**   0.0156   0.0167  

OPROF*SENT   0.2173**   0.0439   0.0809   0.0917   -0.0082   -0.0235**  

Intercept   0.0074   0.0065   -0.0019   0.0108**   0.0069   0.5823**  

ECT(-1)*   -0.9212**   -0.8422**   -0.9816**   -0.9902**   -0.9627**   -0.9066**  

Adj. R^2   0.7645   0.7200   0.7245   0.8113   0.8517   0.6565  

SE  0.0252  0.0246  0.0290  0.0195  0.0175  0.0436  

F-stat.  39.2321  28.2555  31.9672  51.6340  68.6523  21.2583  

Prob(F-stat)  0.0000  0.0000  0.0000  0.0000  0.0000  0.0000  

D-W stat.  2.0277  2.0626  2.0396  2.2392  1.9737  1.8781  

Table 4b. ARDL Error Correction Regression-Interaction Model (cont.)   

  SIZE-INV   SIZE-B/M   SIZE-OP   

Variable  RSA  RSC  RUSH  RSL  RSR  RSW  

EX-RET(-1)  0.0345  0.0713  0.0739  0.2128**  0.0297  0.0452  

MKT   0.3880**   0.6957**   0.5003**   0.6520**   0.5963**   0.4468**  

OF   -0.1906**  -0.2102**   -0.2132**   -0.2202**   0.5965**   -0.3230**  

SENT   0.0282**   0.0253**   0.0309**   0.0122   0.0242   0.0456**  

OPROF*SENT   0.1084     0.1778   0.0040   0.0877   -0.1919  
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Intercept  0.0032  -0.0007  0.0094  0.0033  -0.0050  0.0062**  

ECT(-1)*   -0.9655**   -0.9309**   -0.9261**   -0.7764**   -0.9703**   -0.9548**  

Adj. R^2   0.5752   0.7795   0.7454   0.5765   0.5933   0.8576  

SE  0.0314  0.0252  0.0237  0.0341  0.0441  0.0194  

F-stat.  15.3515  32.2236  24.8720  14.1198  20.3253  80.7819  

Prob(F-stat)  0.0000  0.0000  0.0000  0.0000  0.0000  0.0000  

D-W stat.  2.1105  1.9176  2.0346  1.8665  1.8655  1.8314  

Source: Author’s own calculations in Eviews 10 **Denotes variable significant at 5% level  

Results in Table 4a and 4b show that 8 out of 12 (66.67%) regressions had significant coefficients on profitability 

risk factor in the interaction model, higher than the 58% reported in the main effects model. This result suggests 

that by augmenting the FF5F model with the SENT variable, the predictive significance of the profitability 

variable is enhanced. In 8 out of the 12 test portfolios, the profitability risk factor had negative coefficients, 

implying that a high operating profitability premium would lower stock returns. All coefficients of the variable 

SENT were positive in all portfolios except for large conservative investment portfolios (𝑠𝑒𝑒 = -0.0222, p-value 

= 0.0067). This implies that a unit increase in the bull-bear spread would increase required returns on the 

investment portfolio of stocks by the respective factor loadings except on RBC, whose returns would decrease. It 

is also observed that the sentiment variable had significant coefficients in 58% of the regressions. The coefficients 

of the interaction term (OPROF*SENT) were not significant across 10 portfolios except RBA (𝑖 = 0.2173, pvalue 

= 0.0433) and RBW (𝑖 = -0.0235, p-value = 0.0450). The non-significant coefficients of the interaction term 

OPROF*SENT are interpreted to mean that the effect of profitability risk on stock returns does not depend on the 

level of investor sentiment in the market. Similarly, the effect of the sentiment variable on stock returns does not 

depend on exposure level to profitability risk. Since then (10) in twelve (12) interaction terms had insignificant 

coefficients and 58% of the portfolios had significant loading on the SENT variable, it suffices to conclude that 

the two variables (OPROF and SENT) are independent and that investor sentiment has a direct influence on stock 

under the FF5F model framework at the NSE.  

Main Effects Model Performance  

The intercept value represents the abnormal return that cannot be explained by the factors included in the model. 

The p-values of the intercepts in the main effects model are greater than 5%, suggesting that intercepts of the 

regressions are not significantly different from zero. Hence, the regressors are good proxies for systematic risk. 

The mean adjusted R-square for the main effects model implies that the model without interaction accounts for 

70.73% variation in the stock returns at NSE. The probability values of F-statistics are very small (less than 5%), 

suggesting that the overall model in each portfolio regression is significant. The ECT is negative and significant 

in all error correction regressions. The negative coefficient on ECT signifies evidence of long-run 

convergence/reversion to equilibrium, and thus we can infer a long-run causal relationship.  

Interaction Model Performance  

The lower panel of Tables 4a and 4b show statistics for the model performance of the interaction model involving 

investor sentiment and operating profitability risk factors. The null hypothesis of α = 0 is supported in 9 out of 12 

regressions but rejected on size-B/M sorted portfolios, namely RBL (∝ =  

0.0108, p-value = 0.0409), RBW (∝ = 0.5823, p-value = 0.0145) and RSW (∝ = 0.0062, p-value = 0.0011). This 

implies that the models completely capture the cross-section of returns efficiently. By comparing the estimates of 

adjusted R-square for the main effects and interaction model, it is observed that the addition of SENT and 

interaction variable to the main effects model increases the explanatory power of the model marginally by raising 

the mean adjusted R-square to 72.13%. This implies that the added factors are efficient and better explain stock 

returns. The probability values of F-statistics are very small (less than 5%), suggesting that the overall model in 

each portfolio regression is significant. The ECT is negative and significant in all error correction regressions 

ranging from the lowest (ECT (-1) = -0.7764, p-value = 0.0000) on RSL to the highest (ECT (-1) = -0.9902, p-
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value = 0.0000) on RBL portfolio. The negative coefficient on ECT implies that there is evidence of long-run 

convergence/reversion to equilibrium in that particular regression. Thus we can infer a long-run causal 

relationship. The reversion to long-run equilibrium is at an adjustment speed of 77.64% and 99.02% on the RSL 

and RBL portfolios, respectively.  

CONCLUSION  

This study sought to establish if the profitability risk factor explains stock returns at the NSE. The analysis 

concluded that the profitability factor is a strong predictor of stock returns at the NSE, controlling for other factors 

in the FF5F model framework. A high profitability risk premium lowers the stock excess returns consistent with 

Novy-Marx (2013). The result, however, does not corroborate the postulation in valuation theory which suggests 

that firms with higher profitability have higher expected returns. Therefore, it is implied that investors at the NSE 

do not perceive high profitable firms as risky. Hence, investment strategies based on profitability may not yield 

higher returns on average.  

Further, the addition of sentiment variables to the main effects model enhances the significance of the profitability 

risk factor. Overall, this study concludes that the effect of profitability risk factors and investor sentiment on 

excess returns are independent. The study recommends a model that incorporates investor sentiment as a proxy 

for systematic risk in the investment decisions by market players in Kenya. 
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