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The value premium and uncertainty: An approach 
by support vector regression algorithm
Bui Thanh Khoa1* and Tran Trong Huynh2

Abstract:  Risk premium plays an important role in stock investing. Experiments 
have shown that value stocks typically have a higher average return than growth 
stocks; however, this effect persists indefinitely, even disappearing in some stages. 
Some studies suggested high volatility in the series of returns, broken structures, 
market volatility, or the impact of financial crises. This study aimed to build the 
uncertainty index and control it in the regression analysis model to solve the 
limitations above. The empirical analysis in Ho Chi Minh Stock Exchange (HOSE) 
showed that a value premium exists, and value stocks have a higher average return 
than growth stocks due to the higher overall risk. Furthermore, this study combined 
the Support Vector Regression (SVR) algorithm with the risk premium theoretical 
framework for the forecasting model; consequently, it is the most efficient model.

Subjects: Quantitative Finance; Statistics for Business, Finance & Economics; Machine 
Learning 
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1. Introduction
Researchers and investors often use the Book to market ratio (BM) to sort stocks into growth and 
value categories. Using data from the United States of America m (US market), E. Fama and French 
(1992); E. F. Fama and French (1993) documented that high BM earned higher average returns 
than low BM over the 28 years from July 1963 to June 1991. Some results are similar to Chan et al. 
(1991); Rosenberg et al. (1985); Stattman (1980). E. F. Fama and French (1993) also found that the 
value premium is not explained by the Capital Asset Pricing Model (CAPM). With the evidence from 
previous studies, Fama & French proposed a 3-factor model: market factor, size premium, and 
value premium. Research by Loughran (1997) showed that there is no value premium in large 
stocks, only in small stocks; however, this study only considers stocks in the US after 1963. 
E. F. Fama and French (1998) đconfirms the absence of a value premium in the US and some 
other markets.

There is still debate about the interpretation of the value complement. Some researchers rely on 
behavioral finance, others on risk. Behavioral finance researchers argue that the overreaction of 
naive investors creates disparities in returns between portfolios. Specifically, they rely on the 
business’s past performance; for growth firms they overestimate the price level but underestimate 
the value business (Neves et al., 2021). Furthermore, these studies found that the performance of 
growth and value stocks varied between different periods around the global financial crisis. 
Furthermore, investor sentiment is important in growth and value stock returns.

Some researchers interpreted risk premiums as risk compensation. Value stocks are riskier than 
growth stocks, which a higher expected return should offset—case studies such as E. F. Fama and 
French (1993); Qadan and Jacob (2022). N. F. Chen and Zhang (1998) used several risk character
istics related to firm characteristics, such as firm distress, financial risk, and the riskiness of future 
cash flows, to support the risk premium argument.

Studies in non-US markets such as China also have conflicting results. Gang et al. (2019) did not 
find a valuable complement in the Fama-French 3-factor model. Clark and Qiao (2020) also gave 
similar results; however, they found that value premiums are related to macro policies. Meanwhile, 
Liu et al. (2019) proved that the value factor is important in the Fama-French 3-factor model.

In Vietnam, Anh (2017) used data from 313 companies listed on the Ho Chi Minh Stock Exchange 
(HOSE) from October 2011 to October 2016 to evaluate the 3-factor model. The results showed 
that 6 out of 7 categories have a value effect for the linear regression method. However, the 
percentile regression results indicated that all categories have a value effect. The study also found 
that the value complements in the periphery percentiles are stronger than those in the central 
percentiles. The limitation of the study is that it has not considered the uncertainty affecting the 
model and has not evaluated the error in the forecasting model. Estimating the value premium by 
determining the difference in fertility rates of the value portfolio and the growth portfolio, accord
ing to E. F. Fama and French (2021), has many limitations; instead, they determine the value 
premium by comparing a portfolio against the market portfolio. This method works for several 
reasons: the market portfolio has always been the focus of pricing models; it indicates whether 
a category is in the growth or value category.

E. F. Fama and French (2021) tested the US market and showed a diminishing value- 
compensation effect. However, high volatility in monthly value premiums is an irrefutable cause 
of different hypotheses of the value premium at two periods. Several previous and subsequent 
studies have also demonstrated the effect of the uncertainty principle, such as Freyberger et al. 
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(2020); Gagliardini et al. (2016); Smith and Timmermann (2022). Therefore, this study constructed 
an uncertainty principle similar to the study of Ismailov and Rossi (2018); Rossi and Sekhposyan 
(2015). The advantage of this index is that when macroeconomic instability occurs, such as 
a financial crisis, oil price shock, etc., the uncertainty index will be high.

Finally, this study considers the predictive model under the machine learning approach. 
Specifically, the value premium and the uncertainty index were applied to forecast portfolio 
returns. The algorithm is Support Vector Regression (SVR). The SVR is one of the most powerful 
algorithms widely applied in continuous output variable prediction. Many studies have shown its 
effectiveness in finance compared to traditional econometric models. Specifically, Zheng et al. 
(2021) used the SVR to forecast stock indexes in China from 1/2016 to 12/2020. The results show 
that, in general, SVR is more efficient than ANN (Artificial Neural Network) and RF (Random Forest) 
algorithms. Khoa and Huynh (2022a) have used SVR under the CAPM framework and obtained 
positive HOSE market results. Khoa and Huynh (2022b) used SVR in forecasting the movement of 
securities in the VN30 portfolio in the HOSE market, from which this study proposes a short-term 
trading method to obtain outstanding profits (Henrique et al., (2018); Huang et al., (2016); Pan 
et al., (2017); Y. Chen & Hao, (2017); Zhang et al., (2021)).

The limited empirical study of value premiums and uncertainty is the main motivation for this 
research. This study focuses on three main objectives:

● To test the existence of value premium in the HOSE market according to the method of E. F. Fama 
and French (2021).

● To analyze the impact of uncertainty on the value premium.
● To use value premium and SVR algorithm to forecast portfolio return.

2. Theoretical framework

2.1. Value premium
Early studies showed a gap between value stocks and growth stocks (Capaul et al., (1993); E. F. Fama & 
French, (1993); E. Fama & French, (1992)). In particular, value stocks appear to have higher average 
returns than growth stocks. This difference is called the value premium. There are two possible 
explanations for the value premium: behavioral finance and risk premium. Studies using behavioral 
finance suggested that market underperformance stems from the overwhelming majority of investors 
being too excited about growth companies. As a result, they overvalue growth firms and undervalue 
value firms (Lakonishok et al., (1994); Skinner & Sloan, (2002)). Jaffe et al. (2020) split the BM ratio into 
mispricing and growth option. This study identified that the mispricing component is stronger in 
explaining the value premium. Qadan and Jacob (2022) used data from 1965 to 2019 to show that 
value premiums are correlated and can be predicted by investors’ risk appetite. Specifically, investors’ 
appetite for risk translates into increased demand for value stocks over growth stocks.

The other explanatory branch supports the efficient market hypothesis and arbitrage returns caused 
by risk arbitrage (Avramov & Chordia, (2006); E. F. Fama & French, (1998)). These studies suggested that 
higher-risk value stocks should be offset with a high expected return. The value premium is, therefore, the 
compensation for taking on more risk that the CAPM model has passed. Furthermore, this line of research 
also finds that value premiums are positively correlated with some forms of systematic risks, such as 
aggregate labor income (Jagannathan & Wang, (1996)), economic growth (Kirby, (2019); Koijen et al., 
(2017)), cash flow risk (Campbell & Vuolteenaho, (2004)), technological shocks (Berk et al., (1999)). Value 
premium relates to the firm’s characteristics, such as leverage (Doshi et al., (2019)) and growth firms 
(Ebrahim et al., (2014)). Angelidis et al. (2015) provided evidence that the dispersion of returns can serve 
as a variable indicative of the state of the economy since it is a reliable predictor of the value premium. 
Specifically, high volatility predicts a worsening economic situation and higher expected value premiums.
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Most studies focus on the difference between the value portfolio and the growth portfolio to 
account for the value premium. The Fama-French 3-factor model used three factors in the pricing 
model, including the market factor, the factor related to the size and value premium (E. Fama & 
French, (1992)). Some empirical evidence revealed that the 3-factor model needs to be completed; 
E. F. Fama and French (2015) proposed a 5-factor model by adding two factors related to invest
ment and profit. Following this line of research, E. F. Fama and French (2021) used the market 
portfolio as the basis because the author argues that the market portfolio is always central in most 
pricing models. Furthermore, for a particular portfolio, a comparison with the market portfolio 
indicated whether it is in the value or growth category; they defined it as the excess return value to 
the market portfolio (BM—BMM), in which they used US data from June 1963 to June 2019 and did 
not include two samples. Research has found that the value premium tends to decrease from the 
early stage to the later period. Furthermore, the high volatility of the value premium is an 
irrefutable cause of the difference between the two periods.

Subsequent work by Smith and Timmermann (2022) suggested that there exists a plucking 
structure that E. F. Fama and French (2021) have not considered. This study showed four breaks 
from 1950 to 2018 in the 6-factor model; these breaks occurred at some special events, such as 
the oil price shocks of the early 1970s, the change in the US Federal Reserve (FED) monetary policy 
regime, the collapse of the dot-com bubble, and the Global Financial Crisis (GFC). Previous studies 
have also noted a significant impact of variation in typically expected returns, such as Freyberger 
et al. (2020) or the effect of crises on traditional econometric models (Gagliardini et al., (2016)).

Thus, the empirical evidence that the value complement remains a challenging problem for 
researchers. There exist two streams of explanation around the value premium, the behavioral 
asset and the risk premium. In some studies, the existence/disappearance of value premiums has 
been explained by causes of uncertainty principles such as economic fluctuations, crises, and even 
broken structures in the valuation models

2.2. Linear ε- support vector regression (linear ε-SVR)
Support vector regression (SVR) is an algorithm to predict the continuous output. SVR is built on the 
idea of a Support Vector Machine (SVM) algorithm developed by Cortes and Vapnik (1995). SVM is 
a classification algorithm (supervised learning) in statistics. Assume a layered hyperplane perfectly 
separates the data. Each point in space will be assigned by −1 or 1. The SVM problem is finding 
a subclass H so that the margin between the two classes is maximum.

If the subclass H hyperplane has the equation: wTxþ b ¼ 0 and without loss of generality, this 
result can assume that for the points closest to H, and have: wTxþ b ¼ 1 for the point to be 
subclassed one, and wTxþ b ¼ � 1 for the point to be subclassed −1. Then, the distance between 
the two classes is: margin ¼ 2

w . The SVM problem becomes: 

min
w;b

1
2

wTw  

s:t:yi wTxi þ b
� �

� 1 

In some cases of complex distributed data, the method works poorly; the original data set is 
mapped to a more dimensional space where the classification is obvious, and the kernel function 
defines the mapping (Benkraiem & Zopounidis, (2021)). The technique used after the transforma
tion is similar to the case where a perfectly classed hyperplane or the soft margin case exists. With 
the same idea as SVM, instead of locating an optimal classifier hyperplane, the SVR problem is to 
find a regression function f xð Þ ¼ wTxþ b such that most of the observed points lie in the interval 
� ε; ε½ �. This problem is called linear ε-SVR (Thomas et al., (2017)).
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However, linear ε-SVR is very sensitive to outliers. Specifically, when outliers are present, ε will be 
larger, making the error based on the report higher. To overcome this, an offset parameter �i; �

�
i is 

added to limit the effect from outliers, allowing these outliers’ values to lie outside the boundary 
(Dhiman et al., (2019)). The ε-SVR problem becomes: 

min
w

1
2
kwk2 þ C ∑

n

1
�i þ �

�
i

� �
subject to � εþ ��i

� �
� yi � wTxi � b � εþ �

Where C > 0 is a regularization parameter, defining the trade-off relationship between the flatness 
of function f and the prediction errors.

3. Methodology

3.1. Data description
The data are all stocks listed on Ho Chi Minh City Stock Exchange, period January 2012 to June 2022. At 
the end of 30 June 2022, there were 546 listed securities codes, including 403 stocks, two closed-end 
fund certificates, 9 ETF certificates, 128 covered warrants, and four bonds. The total volume of listed 
shares reached over 130 billion shares. This study kept only 403 stocks and grouped them into six 
categories by BM. Stocks with high BM are called value stocks (30%) and are grouped into two categories; 
stocks with low BM are called growth stocks access (30%). 2 portfolios, the remaining stocks (accounting 
for 40%) are grouped into two categories. The categories are sorted each year after the end of June 
(E. F. Fama & French, (2015)). The VN-index was analyzed to represent the market portfolio.

This research built the uncertainty index Iit based on the CAPM model; the idea is based on the 
previous studies of Ismailov and Rossi (2018); Rossi and Sekhposyan (2015). Accordingly, this study 
forecast error eit ¼ pit � Et pitð Þj j, in whichEt pitð Þ ¼ rft þ βit rMt � rft

� �
(the expected rate of return is 

calculated by the CAPM model with a beta coefficient estimated from over 36 months of data). 
Next, the error to [0,1] is normalized by using the formula: 

Eit ¼
eit � Min eitð Þ

Max eitð Þ � Min eitð Þ

A large value of Eit implies that the observed rate of return is very different from the expected 
value. Specifically, the uncertainty index was constructed as follows: 

Iit ¼
0; if0:25 � Eit � 0:75

1; elsewhere

�

Table 1. Variable description
Name Variable Description
rft 1-Year Government Bond Yield

rMt The return rate of the VN-index portfolios

BMit Book value over the market value of portfolio i

BMMt Book value over the market value of the market 
portfolio

Iit Uncertainty index. Iit = 0 implies that the portfolio is 
stable relative to the market.

pit Weighted rate of return

pit � rmt Outstanding rate of return of the portfolio

BMit � BMMt Book-to-market ratios in excess of market
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Some of the variables in the study are summarized in Table 1.

3.2. Data processing

3.2.1. Testing the relationship between the value premium and book-to-market ratios in excess 
of market
The portfolio’s expected return always fluctuates due to different impacts from company-specific 
factors and macroeconomic variables (Khoa & Huynh, (2022c)). Measuring volatility (risk) is 
a challenge. Previous studies used lagged dividend-to-price (DP ratio) to predict and report the 
stock’s rate of return (Lettau & Ludvigson, 2005; Yin & Nie, (2021)). The logic of this argument is 
that the value of the stock is the present value of the expected stream of future dividends by the 
Gordon model (Gordon, (1959)). Fluctuations in expected return negatively impact the stock price. 
Because the present value of a stock is the present value of the expected future stream of 
dividends, the use of a dividend lag would be a poor proxy for the expected dividend. This can 
be seen in startups, always prioritizing growth overpaying dividends, or dividends are always 
negative. Furthermore, dividends can be affected by financial decisions more than the stock’s 
book value.

For the above reasons, this study uses the lag of the BM outperforming the market ratio, 
BM—BMM, to forecast the outperforming market rate, R-RM. The regression Eq.1 has the form: 

Model1ð Þ : pit � rMt ¼ αi þ βi BMit� 1 � BMMt� 1ð Þ þ εit (1) 

Where: αi: the intercept coefficients; βi: the slopes; εit: error terms

The hypothesis was performed to test H0: “The value complement does not exist”; the assump
tion is that the regression coefficients are constants over time.

3.2.2. The value premium and uncertainty index
Assuming constant regression coefficients is a challenge. There are many reasons to reject this 
assumption, such as an increase in the supply of stocks, even shocks in the economy, such as the 
financial crisis, the oil price crisis, and the COVID-19 pandemic, can create a broken structure 
(E. F. Fama & French, (2021)). The regression equation with dummy variable It as Eq.2 was 
established: 

Model2ð Þ : pit � rMt ¼ β0i þ β1iIit þ β2i BMit� 1 � BMMt� 1ð Þ þ β3iIit BMit� 1 � BMMt� 1ð Þ þ εit (2) 

Where Iit = 1 if volatility in the portfolio’s return to the market is high and I it = 0 otherwise.

3.2.3. The value premium and support vector regression
The SVR algorithm is one of the most powerful output prediction algorithms in machine learning 
and is widely used in finance (Ma et al., (2021)). The greatest difficulty in using these algorithms is 
using the appropriate inputs. Fortunately, the theoretical framework of value complements helps 
in this regard. A useful theoretical framework combined with a powerful prediction algorithm is 
expected to bring positive results. Model 3 used the SVR algorithm based on Eq.2, and the 
parameters include the radial kernel function, cost = 1, and gamma = 0.5. 

Model3ð Þ : pit � rMt ¼ f Iit;Mit� 1;MMt� 1ð Þ (3) 

This study divided the research data into two sets: training and testing at the ratio of 7:3 to 
evaluate the model. Specifically, the period from January 2012 to December 2017 is used for 
training, and the remaining period is used for testing. The evaluation criterion is a deviation 
(Ouerhani et al., (2022)). 
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Deviation ¼ Y � Ŷ
�
�
�

�
�
�

Where: Y: observed values, Ŷ : predicted values

3.2.4. F test for predictive models
Statistically, the mean of deviation cannot conclude whether one model is more efficient. In other 
words, this study needs a formal test to increase the reliability of the conclusion. This research 
uses the null hypothesis H0: “The forecast deviation in the models is the same,” and analysis of 
variance (ANOVA) was used for this test. The following assumptions are (1) normal distribution, (2) 
homogeneous variance, and (3) independent observations.

4. Results
In Figure 1, at the end of the last trading session of June 2022, the VN-Index reached more than 
1,197 points, down 7.36% compared to May 2022, equivalent to a decrease of more than 20% 
compared to the end of 2021. Stock market liquidity in June, compared to May, the average trading 
volume and value reached over VND 14,529 billion and 547.70 million shares, respectively, down 
2.8% in value and up 1.38% in average volume. In the second quarter of 2022, the average trading 
value of shares reached more than 17,113 billion VND, with the average trading volume reaching 
more than 589.15 million shares; respectively, down 20.02% in value and 18.33% in average 
volume over the same period in 2021. By the end of June 2022, on HOSE, there are 42 enterprises 
with a market capitalization of more than 1 billion USD, of which three enterprises have 
a capitalization of over 10 billion USD, including Joint Stock Commercial Bank for Foreign Trade 
of Vietnam (VCB), Vinhomes Joint Stock Company (VHM) and Vingroup Corporation (VIC).

From 1/2012 to 6/2022, the VN-index and BMM tend to increase, as shown in Figure 1. However, 
at the beginning of 2018, end of 2019, and end of 2022, the market volatility in these periods is 
very large. The HOSE market increased by 48% in 2017. The VN-index is ranked among the indexes 
with the most impressive gains globally. The “miracle story” of securities is expected by market 
participants to be continued in 2018. Therefore, assessment reports on the market outlook also 
lean towards possible VN-index, which continued double-digit growth to reach 1,120 and then 
even 1,250 points. Vietnam has become the stock market with the strongest increase in the world, 
ahead of Brazil, Russia, and Argentina, and nearly three times the increase of the NASDAQ index 
(National Association of Securities Dealers Automated Quotation System). However, the “hot rise” 

Figure 1. The VN-index point 
(divided by 1000) and the BMM 

ratio for the market portfolio.
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of the index and the price of stocks becoming expensive are visible cracks in the seemingly stable 
shape of the market. In addition to uncertainties from the international market, such as the 
escalating trade war, FED raised interest rates, causing capital flows to reverse and the greenback 
to appreciate uncertainties in the commodity markets, especially crude oil, which reversed all 
previous forecasts. From the best index in Asia—Pacific in the first three months of the year, all 
efforts of Vietnamese stocks were wiped out only three months later. VN-index became the index 
with the deepest drop from the peak compared to other regional markets. The nearly 18 percent 
drop in the three months of the second quarter also marked the market’s worst period since the 
fourth quarter of 2008.

At the end of 2019 and the beginning of 2020, the Vietnamese stock market faced the COVID-19 
pandemic that originated in China. Due to the heavy impact of the pandemic, especially companies 
related to import and export and services. Domestic production stagnated, most services stopped 
providing, import and export were blocked, . . . the stock market began to plunge. Investors 
preferred to hold cash, thus contributing to an increase in the supply of securities. Finally, in late 
2022, many scandals involved some large corporations. The Government has taken many mea
sures to purify the market, such as tightening credit for the real estate sector, comprehensive 
inspection of enterprises that issue bonds themselves, etc. The risk of securities investment in this 
period is relatively high, so investors tend to move cash flow out of the stock market. As a result, 
VN-index tends to decrease.

Table 2 describes the basic statistics of the returns in excess of Market, R—RM, from 
January 2012 to June 2012 (126 months). Categories are grouped by decreasing BM ratio and 
reordered every year (E. F. Fama & French, (2015)). P1, P2, and P3 are value portfolios, whereas P4, 
P5, and P6 are growth portfolios.

Overall, the average returns excess of value portfolios are higher than growth portfolios, 
and the overall risk of value portfolios is also higher than that of growth portfolios. 
Specifically, portfolio P1 has a mean of 0.54 and a standard deviation of 2.791; P1 has the 
highest mean and standard deviation of the six portfolios. The lowest is portfolio P6, with the 
lowest mean and standard deviation of −0.32 and 1.351, respectively. This result is consistent 
with previous studies by E. F. Fama and French (1993); E. F. Fama and French (2021) that 
value portfolios have higher expected returns than growth portfolios due to the portfolio’s 
risk characteristics.

Shape-specific, all six categories tend to skew left due to negative Skewness. Furthermore, 
these categories all have a more pointed shape than the normal distribution due to positive 
Kurtosis, except for the P3 category. Among the six categories, P3 has the closest confirmation 
to the standard lung segment with Kurtosis and Skewness of approximately 0. This result 
demonstrates the existence of a risk associated with the higher-order moments of the 
portfolios.

Table 2. Descriptive statistics returns in excess of the market
Portfolio P1 P2 P3 P4 P5 P6
Mean 0.540 0.402 0.316 −0.348 −0.375 −0.320

Median 0.260 0.564 0.731 −0.315 −0.269 −0.520

St. Dev. 2.791 2.133 2.076 1.928 1.879 1.351

Kurtosis 0.379 0.748 −0.083 0.485 0.254 0.365

Skewness −0.240 −0.228 −0.020 −0.101 −0.061 −0.032

Minimum −12.862 −12.546 −11.546 −11.431 −13.004 −12.382

Maximum 7.378 10.399 9.950 10.964 9.126 12.381
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The correlation between portfolios and markets is very high, the lowest is 0.751 in portfolio P1, 
and the highest is 0.896 in portfolio P4. Therefore, P4 can be considered a representative of the 
market portfolio. Portfolios P1 and P6 have a lower market correlation than the rest because of the 
value premium involved. The value premium difference is responsible for the portfolio and the 
market correlation. In Table 3, the P1, P2, and P3 value portfolios are strongly correlated and 
weakly correlated with growth portfolios. Specifically, P1 has a strong positive correlation with P2 
and P3 with values of 0.925 and 0.785, respectively, and a weak negative correlation with 
portfolios P4, P5, and P6 with values of −0.32, −0.242, respectively. −0.318. The strong correlation 
between the portfolio and the market is expected to yield positive results in the forecast model.

4.1. Regression analysis
Stationarity in a time series is very important in forecasting; analysis and prediction problems are more 
difficult for nonstationary series. A commonly used unit root test is the basic Augmented Dickey-Fuller 
test. Accordingly, the regression model: Δyt ¼ αþ βtþ γyt� 1 þ εt. Under hypothesis H0: γ ¼ 0 (in favor of 
the string ytf g as a nonstationary), the corresponding p-value was computed. The forecast series P1, P2, 
P3, P4, P5, and P6 all have very small p-values, less than 0.01, which is enough to conclude that the series 
is stationary at a 1% significance level. The results of regression analysis Eq.1 are summarized in Table 4.

Regression results in Table 4 showed that the slopes of portfolios from P1 to P5 are all 
statistically significant at the 10% level, but portfolio P6‘s slope is not statistically significant. 
Otherwise, all slopes are positive; however, signed intercepts vary by category. Specifically, the 
value portfolio has a negative intercept, but the growth portfolio has the opposite sign. 
Furthermore, the intercepts in the non-zero categories are statistically significant (5% level), and 
the intercepts in the unproven growth categories are non-zero (with p-values greater than 10%).

The coefficients R2 in the regression models range from 0.175 to 0.532, which is relatively low. 
Value portfolios have a higher R2 than growth portfolios; the model explains better for the value 
portfolio. Finally, the Durbin—Watson is far from 2, showing that the models show autocorrelation. 

Table 3. Correlation between portfolios
P1 P2 P3 P4 P5 P6

P1 1 0.925 0.785 −0.320 −0.242 −0.318

P2 1 0.877 −0.531 −0.315 −0.168

P3 1 −0.423 −0.445 −0.287

P4 1 0.893 0.773

P5 1 0.930

P6 1

Cor(P, rMt) 0.751 0.785 0.884 0.896 0.832 0.771

Table 4. Regression of return premium on market excess BM ratio
Portfolio Coefficients P value R

2
Durbin– 
Watsonα β α β

P1 -1.231 2.395 0.002 0.001 0.421 1.41

P2 -1.516 2.547 0.007 0.001 0.518 1.35

P3 -1.486 1.983 0.011 0.001 0.532 1.48

P4 0.355 0.798 0.121 0.069 0.328 1.55

P5 0.218 1.116 0.218 0.095 0.211 1.47

P6 0.162 0.129 0.351 0.522 0.175 1.68
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This result could be due to the uncertainty’s effect, so this study included a measure of uncertainty 
in model 1 to control for this effect. The regression results of model 2 are summarized in Table 5.

Overall, the Durbin—Watson statistics for all categories are close to 2, indicating a controlled 
series correlation problem. The coefficients R2 và Adjusted R2 are higher than model 1. Therefore, 
model 2 explains better than model 1. Specifically, the intercept coefficients P1 to P5 are statis
tically significant at the 10% significant level, but the intercept coefficient of P6 is not statistically 
significant. All slopes of β2 are statistically significant at the 10% level, demonstrating that the 
outperforming BM ratios of the portfolios to the market impact the risk premium. Furthermore, this 
effect is largely positive, with only portfolio P6 being the opposite. The Interaction Effects between 
uncertainty and the dominant BM ratio are mostly statistically significant at the 10% level, except 
for category P6, which demonstrates that uncertainty affects the value premium.

4.2. Forecast error
Data were collected from January 2012 to December 2017 for the training set and from 
January 2018 to June 2022 for the testing set (there are 54 observations/portfolio). Each model 
forecasts 6 portfolios; after that, the deviation was calculated from the difference between the 
predicted value and observed value; hence, there are 324 deviations for each model. The deviation 
is the criteria to evaluate the error of all three models. The deviation results are summarized in 
Table 6.

Model 3 predicts the best with an average of 1.8, and model 1 is the worst predictor, with an 
average of 2.83. Forecast errors in the volatility models are relatively low, ranging from 0.23 to 
0.43. The F-test results in the ANOVA analysis in Table 7 are sufficient to prove that there is no 
equality in the deviation expectations of the models (p-value = 0.0001, which is less than 0.05). 
Consequently, the null hypothesis was rejected; in other words, the three models’ effectiveness is 
different.

For more clarity, the boxplot chart in Figure 2 pointed out that model 3 is more effective than the 
other models (model 1, model 2). The deviation distribution of model 3 is relatively lower than that 
of models 1 and model 2. Furthermore, the boxes are approximately symmetric, and the box 

Table 5. Regression results of model 2

Portfolio Coefficients R
2

Adj. R
2

Durbin— 
Watson

β0 β1 β2 β3
P1 −0.511** −0.241 1.521*** 0.873* 0.643 0.614 2.01

P2 −0.328** −0.612* 1.438*** 0.629* 0.724 0.639 1.94

P3 −0.271** −0.386* 1.332*** 1.125* 0.612 0.593 2.11

P4 0.167* −0.218 0.327** 0.763* 0.524 0.469 2.07

P5 0.217* −0.071 0.375** 0.213* 0.596 0.541 1.92

P6 0.087 0.116* −0.105* 1.141 0.538 0.493 1.89

Notes: (Significant level: 0.01“***”, 0.05“**”, 0.1“*”). 

Table 6. The deviations of 3 models
Model Count Sum Average Variance
Model 1 324 917.6 2.83 0.23

Model 2 324 753.12 2.32 0.39

Model 3 324 583.1 1.80 0.43
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lengths are relatively equal, so the distribution is very close to the normal distribution with equal 
variances, but the distribution centers differ.

5. Discussion
The expected rate of return of a portfolio fluctuates over time. One challenge is measuring this 
volatility. Previous studies often use lagged DP ratio to forecast return. This argument is based on 
the current stock price as the expectation of the future dividend stream and discounted to present 
value (E. F. Fama & French, (2015); Gordon, (1959); Kudar & Sayılgan, (2021)). However, the 
volatility of the return series has the opposite effect on the stock price since the volatility in the 
return series reflects the overall risk of the security. Risk-averse investors tend to choose lower-risk 
stocks with the same expected rate of return. As a result, the stock price will fall if the stock 
fluctuates a lot. Furthermore, dividends can be affected by the firm’s financial decisions (Varela, 
(2022)).

Here, this study chose the lag of the BM in excess of the market, BM—BMM, to forecast the 
portfolio’s excess return, R—RM. Like stock prices in the DP ratio, the market cap in BM reacts to 
fluctuations in dividend expectations similarly to changes in expected returns. However, financial 
decisions affect the book value less than the dividend. Therefore, the choice of the BM ratio for the 
forecasting model is completely justified. This choice of ours is also consistent with the argument 
of E. F. Fama and French (2021).

The model 1 results prove that a value premium exists in the HOSE market during this research 
period. However, the phenomenon of serial correlation exists, making the problem of statistical 
inference unreliable. This result is consistent with the previous study by Stambaugh (1999). 
Moreover, the coefficient R2 in the regression results is also relatively low; the highest value is 
only 0.532. This result suggests that the model is missing another important explanatory factor, 
specifically, it is uncertainty.

Table 7. ANOVA result
Source of 
Variation

SS df MS F P-value

Between Groups 172.69 2 86.34 232.88 0.0001

Within Groups 359.26 969 0.37

Total 531.95 971

Figure 2. Deviation distribution 
in three models.
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The returns of value portfolios were higher than growth portfolios over the entire study period in 
Table 2. This result is consistent with some previous studies such as E. F. Fama and French (1993); 
E. F. Fama and French (2015, 2021); Smith and Timmermann (2022). E. F. Fama and French (1993) 
argue that because value stocks have a higher risk, they should be offset by a corresponding rate 
of return, and the value premium is affected by the high variation of monthly rates of return. 
Meanwhile, Smith and Timmermann (2022) argued that the partial effect is vanished due to 
a plucked structure. This study went in the other direction, adding the uncertainty index. The 
advantage of this approach is that the high-return months mean the uncertainty is high. More 
possible tumbling points, which are high uncertainty points. An even more effective uncertainty 
index covers periods of high economic instability, such as the COVID-19 pandemic, the Russia- 
Ukraine war, etc.

When controlling for uncertainty, the phenomenon of series correlation is no longer serious; 
statistical inferences become reliable. Specifically, the interaction variable is statistically signifi
cant, showing that controlling the uncertainty factor is effective. The coefficient of determination 
R2 and the adjusted coefficient of determination increased significantly compared to model 1. 
Model 2’s regression result implies a value premium in the HOSE market during this period, and 
uncertainty can cause different outcomes if we do not control them. Our proposed methods of 
measuring uncertainty have effectively explained the value complement. This result is also con
sistent with previous studies such as Ismailov and Rossi (2018); Rossi and Sekhposyan (2015). 
However, these studies only measure the uncertainty associated with bilateral exchange rates.

Previous studies have found that value portfolios have a higher average return than growth 
portfolios. To explain this, there are two lines of argument: related to risk premium and behavioral 
finance. The study found that the overall risk of the value portfolio is higher than the overall risk of 
the growth portfolio. It makes perfect sense to offset a corresponding rate of return. The research 
results agree with previous studies, such as Avramov and Chordia (2006); E. F. Fama and French 
(1998).

A fundamental limitation of our study is that it has not considered value premiums from 
a financial behavior perspective. It is a fact that the HOSE stock market is relatively small and 
young, especially in the weak form (Khoa et al., 2021). Recently, algorithms in machine learning 
have emerged thanks to the powerful computing power of computers. An inherent disadvantage 
of these algorithms is the tendency towards data mining if we do not have a corresponding 
supporting theoretical framework. For the SVR algorithm, the input parameter selection is very 
important. This research inherited some previous studies to choose the appropriate input para
meters. Furthermore, model 3 is used the theoretical framework with the input variables in model 
2. With the combination of the explanatory theory framework and the robustness in predicting the 
SVR algorithm, model 3 is the most effective.

6. Conclusion
Value premiums are one of the most controversial topics in the financial sector. Some experiments 
involving value complements have had mixed results. There are two interpretations of value 
premium: related to behavioral finance and risk premium. This study found that the value pre
mium’s cause comes from risk arbitrage. Specifically, value portfolios have a higher overall risk. As 
a result, the rate of return is offset by a corresponding premium.

Some prior studies have no supporting financial theory, so the reproducibility is very low. This 
research is the pioneer in combining the theory of value complement with the SVR algorithm for 
predictive modeling. The main contribution consists of three parts: proving the existence of an 
empirical value premium, constructing an uncertainty index to explain the value premium, and 
combining a theoretical framework and SVR algorithm in the forecasting model. Several research
ers have explained the risk-compensation puzzle’s difficulty for several reasons. By building an 
uncertainty index and controlling for this variable in the model, this research result showed that 

Khoa & Huynh, Cogent Economics & Finance (2023), 11: 2191459                                                                                                                                    
https://doi.org/10.1080/23322039.2023.2191459

Page 12 of 15



the model is significantly improved. Finally, this study combined the theoretical risk premium 
model with the SVR algorithm to obtain the predictive model with the lowest deviation. With this 
result, we suggest that further studies consider using SVR in the forecasting model as an alter
native to the classical econometric model.

Model 2 is incomplete because the coefficient of determination is still low, so it is necessary to 
add some explanatory factors to improve the model. On the other hand, this study has not 
considered explaining the risk premium from a behavioral finance perspective because the HOSE 
market has not yet achieved weak form efficiency; hence, further studies can approach behavioral 
finance in the HOSE market to further clarify the issue.
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