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Abstract

In this study, I try to test the capital asset pricing model (CAPM), three-factor Fama-French
(8F-FF) model and five-factor Fama-French (5F-FF) model for the Turkish stock market.
The sample is from June 2000 to May 2017. My results show that the five-factor model
explains better the common variation in stock returns than the three-factor model and
capital asset pricing model. Moreover, the CAPM has no power in explaining monthly
excess returns of sorted portfolios. Although three-factor model seems to have significant
coefficients, intercepts in this model have significant t-values indicating that the model has
problems in explaining the portfolio returns. I use equal weight market portfolio for all the
models in order to explain the cross-sectional variations in the stock returns.

Keywords: CAPM, three-factor Fama-French model, five-factor Fama-French model,
Turkish stock market, size, book to market, profitability, investment

1. Introduction

Borsa Istanbul (BIST) stock exchange was established in 1985 and commenced stock trading on
3 January 1986. Acceptance of BIST as a full member to the World Federation of Exchanges
(WFE) was in 1992. As elsewhere, obviously for all investors (institutional or individual), the
main goal is to get the highest possible return in a stock market.

This study tests the capital asset pricing model (CAPM hereafter), the three-factor Fama-
French model (3F-FF hereafter) and the five-factor Fama-French model (5F-FF hereafter) in
the case of the Turkish stock market. This study extends the asset pricing tests in three ways:
(a) this study is the first application of the 5F-FF Fama-French model for the Turkish stock
market. (b) It expands the test of the 3F-FF model to the Turkish market for a longer period,
and this is the first study that covers 17 years of the Turkish data. The main result is that the
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5F-FF model explains better the common variation and the cross section of stock returns than
the 3F-FF model and the CAPM. (c) I test all the models (CAPM, 3F-FF and 5F-FF) with 48
different market portfolios. 5F-FF model portfolios capture the common variation in stock
returns and can explain the cross section in returns.

In Section 2, I give a literature review on asset pricing models and applications. In Section 3,
data selection, variable definitions, return periods and filtering data issues are given. Section 4
explains the methodology to apply the CAPM and Fama-French factor models to the Turkish
stock market. In this section, explanatory variables and dependent variables are defined. First
of all, Fama-French factors are constructed. Then, regression portfolios are constructed by
sorting the stocks by their size, book-to-market ratios (B/M), profitability (OP) and investment
(INV). In Section 5, I give regression portfolio statistics to see patterns in the behaviour of
portfolios. Section 6 defines and estimates factor spanning regressions, which are important to
see if an explanatory factor can be explained by a combination of other factors. Having
estimated and tested factor spanning regressions, I go on testing of hypothesis of joint signif-
icance of portfolio regressions’ alphas in Section 7. In this section, I conduct Gibbons-Ross-
Shanken (GRS) test for the regression portfolios and give preliminary results of the perfor-
mance of the CAPM, the 3F-FF and the 5F-FF models for the Turkish case. Section 8 is devoted
to the detailed analysis of regressions, and the main messages of these regressions are
presented. Section 9 concludes and presents the main findings of the study.

2. Literature review

What kinds of factors determine the price of an asset? Since Markowitz formulated a model of
asset pricing [1], the debate on this question continues. The main determinants of asset prices
and risk factors that affect the demand for assets and asset prices have been an important issue
in finance theory and practice. One can find enormous number of studies on this issue. Earlier
studies in this area are by Markowitz, Sharpe, Ross, Fama and French [1-4].

Since the literature on asset pricing model (APM) is very well known and can be reached easily
in finance textbooks, I do not go into a detailed explanation of evolution of APM. However, I
would like to briefly state that all the asset pricing models developed so far have included risk
as the most important determinant. For example, [1] defines the expected return and variance
of returns on a portfolio as the basic criteria for portfolio selection.

Markowitz’s model requires large data inputs. Because of input drawback, new models have
been developed to simplify the inputs to portfolio analysis. William Sharpe’s market model [2]
is as follows:

Rit = a; + B, R + ey, (1)

where R;; is the return of stock i in period ¢, a; is the unique expected return of security i, §; is
the sensitivity of stock i to market movements, R, is the return on the market in period t and
et is the unique risky return of security 7 in period t and has a mean of zero and finite variance
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0%, uncorrelated with the market return, pairwise and serially uncorrelated. This equation
explains the return on asset i by the return on a stock market index. p in Eq. (1) is a risk
measure arising from the relationship between the return on a stock and the market’s return.

Later on, the equilibrium models have been developed. The difference between the market
model and the equilibrium model was that asset returns are related to excess market return
rather than market return. The first and basic form of the general equilibrium model, which
was developed by Sharpe, Lintner and Mossin [2, 4, 5] called capital asset pricing model
(CAPM), is given in Eq. (2):

Rit = Ry + Bi* (Rmr — Ry) + ex (2)

where R;; is the return of stock 7 in period ¢, Rris risk free rate, f3; is the sensitivity of stock i to
excess return on a market portfolio, R, is the return on the market in period t and e;; is the
unique risky return of security i in period t and has a mean of zero and variance 0°,,.

Black et al. [6] derived a new model of the CAPM by relaxing the assumption of risk-free
lending and borrowing. Basu [7] considers a different time series model, which is written in
terms of returns in excess of the risk-free rate Ry and shows that returns are positively and
linearly related to 5, as follows:

Ryt — Ry = & + B; (Rmt — Rg) + et 3)

While the CAPM is still the most widely accepted description for security pricing, empirical
studies found contradicting evidence (see [7-14]). Therefore, researchers concentrated on find-
ing better models for the behaviour of stock returns and added more explanatory variables
into CAPM.

In the early 1990s, one of the most influential researches was by Fama and French [15, 16].
Fama and French [15] reject the market beta associated with the CAPM and instead find that
stock size and book-to-market (B/M) ratio better capture the cross-sectional variation in aver-
age stock returns. One year later the same researchers proposed that a 3F-FF asset pricing
model augmenting the CAPM with size and book-to-market proxies for risk might be a
superior description of average returns [16]. After these two influential studies, along with
earlier evidence against the CAPM drove the finance community into investigating the reasons
behind the anomalies found in [10-14].

Recent studies have found additional factors that seem to exhibit a strong relationship with
average returns. Novy-Marx [17] finds that firms with high profitability generate significantly
higher returns than unprofitable firms. Aharoni et al. [18] find that a statistically significant relation
exists between an investment proxy and average returns. In the wake of these findings, Fama and
French [19] expanded the 3F-FF model with profitability and investment. They reveal that the 5F-FF
model performs better than the 3F-FF model in explaining average returns for their sample. The
same model was tested using international data [20, 21], and they have found similar results.

This study adds to research conducted on CAPM, three-factor model and the new 5F-FF model
by testing all these models on the Turkish stock market.
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3. Data selection and issues

3.1. The sample

The data sample used in the analysis consists of monthly price, total return and accounting
data downloaded from ‘Finnet Data Yayimcilik’. The data set contains nonfinancial 263 firms
listed in BIST (Borsa Istanbul or Istanbul stock exchange) for the period between 31.12.1999
and 30.05.2017. The collected accounting data includes total assets, total liabilities, outstanding
shares, owner’s equity and operating income, where operating income is defined as ‘net sales
minus operating expenses’ and operating expenses is defined as the ‘sum of all expenses
related to operations’. Data was collected for all available active and dead stocks in Istanbul
stock exchange totalling 204 observations. The data was quoted in the Turkish Lira (TRY
hereafter).

The downloaded sample included a large amount of stocks, which were already dead at the
beginning of the research period, as well as some missing data types and data errors, which
ought to be removed.

3.2. Variable definitions

This subsection defines the variables needed in the factor creation process. Market
capitalisation or market cap was used as a measure of size for each stock and was calculated
by multiplying the price (P) at the 31st of December each year with outstanding shares at the
31st of December for the same year. The price data was obtained from FDY. Book equity was
calculated as yearly total assets minus total liabilities from FDY. Book-to-market ratio (B/M)
was calculated from the previous two variables by dividing book equity by market cap.
Operating profitability (OP) was calculated by dividing operating income by book equity
following [22]. Finally, investment (Inv) was calculated as in Eq. (4):

Total Assets;_1 — Total Assets;_»
Total Assets;_»

(4)

TRY 3-month Libor rate is used as a proxy of risk-free rate (Ry), while market return (R,,) is
approximated by natural log difference of BIST-100 Index of the Istanbul stock exchange. It
consists of 100 stocks, which are selected among the stocks of companies listed on the national
market (excluding list C companies). Monthly returns for stocks are all calculated as natural
log difference of monthly stock data.

3.3. The return period

Fama and French use 6-month gap between the ends of the fiscal year and the portfolio
formation date can be considered as convenient and conservative. Since all the accounting data
in BIST is available by the end of May of each year, I use 5-month gap. Hence, to ensure that all
accounting variables are known by investors, I assume that all accounting information is made
public by the end of May, and I use monthly returns from the beginning of June to the end of
the following year in May. And, each year at the end of May, I sort the portfolios.
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Fama and French [15, 16] used value-weighted returns in their study; however, they also
stressed that equal-weighted returns do a better job than value-weighted returns in explaining
returns by 3F-FF model. Lakonishok et al. [23] also suggest to use equal-weighted portfolios to
investigate the relationship between risk factors and stock returns. Hence, the equal-weighted
monthly returns on each portfolio were used in this study.

3.4. Filtering data

At the end of each year, I eliminated firms that have the following specifics: (1) negative book-
to-market values were removed, and (2) the companies with yearly increase in their invest-
ment, as defined in Eq. (4), which is either less than —50% or higher than 100% in a certain year
were eliminated. This would imply that the company in question lost half of its assets, or more
than doubled its assets in the given year, which seems very unlikely during normal recurring
circumstances.

4. Methodology

4.1. Model definitions

In this study, I test three models, namely, CAPM, 3F-FF model and 5F-FF model for BIST. The
model definitions are given below:

Rit — R = a; + (Rme — Rp) + ei—carm ®)
Ry — th =a; + (RMt — th) + $;SMB; + h;HML; + e; (3F-FF model) (6)

Rit — R = a; + (Rme — Rg) + 5iSMB; + lHML; + r,RMW, + ¢;CMA; + e;(5F-FF model) (7)

where R;; is the return of portfolio i at time ¢ (portfolio creation procedure is given in the
following topic); Ry is the risk-free rate approximated by 3-month TRY Libor rate at time ¢;
Ri—Rp is the excess return of portfolio i at time t; Ry, is the monthly market return approx-
imated by natural log difference of BIST-100 Index at time t; SMB;,, HML;, RMW; and CMA;,
are defined in details in the following topic; 4; is the intercept; f; is the coefficient of Ry, —Rg
for portfolio i7; s; is the coefficient of SMB; for portfolio 7; h; is the coefficient of HML; for
portfolio i; 7; is the coefficient of RMW, for portfolio 7; and c; is the coefficient of RMW, for
portfolio i.

4.2. Construction of Fama-French factors

The next step in the analysis is to create sorted portfolios from which the Fama and French factor
return series could be calculated. The factors used in the analysis were constructed in a manner
similar to the process described in [19], relying solely on 2 x 3 sorts for creating the factors.
Other sorting choices might have been used; however, [19] finds no differences in model
performance when testing differing sorting methods.
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My first data point is at the 31st of December 1999, and the investment variable is calculated as
in Eq. (4); the first available year of accounting data used in the sorting process is at the end of
fiscal year 2000. The portfolios were sorted at the end of May each year, and therefore the first
available return observation in the final analysis is the return of June 2000, sorted according to
accounting data at the end of fiscal year 1999. Thus, the time period for the actual analysis is
June 2000 to May 2017 or 204 months of return data.

The sorting process is as follows:

(1) First of all, stocks are sorted according to their market cap to define small-sized and big-
sized stocks. Fifty percent of the market cap was used as the breakpoint for size. (2) For all
other factors, yearly sample 30th and 70th percentiles were used as breakpoints in the sorting
method. (3) After the determination of the breakpoints, the stocks in the sample were
independently distributed for every year into six size-B/M (where B/M is book-to-market
ratio) portfolios, six size-OP (where OP is operational profits divided by book equity show-
ing profitability) portfolios and six size-Inv (where Inv is yearly increase in total assets)
portfolios created from the intersections of the yearly breakpoints. (4) All portfolios are
value-weighted according to their market cap. (5) Monthly returns were calculated for each
of the 18 portfolios. (6) After calculating the sorted portfolio returns, the actual factor returns
were calculated.

There are two size groups and three book-to-market (B/M), three operating profitability (OP)
and three investment (Inv) groups. The resulting groups are labelled with two letters. The first
letter describes the size group, small (S) or big (B). The second letter describes the B/M group,
high (H), neutral (N) or low (L); the OP group, robust (R), neutral (N) or weak (W); or the Inv
group, conservative (C), neutral (N) or aggressive (A). Stocks in each component are value-
weighted to calculate the component’s monthly returns (Figure 1).

Book to Market High (SH)

Neutral (SN)
B 5 (B/M) Low (SL)
- S I I Profitability Robust (SR)
9 9_) l I l a (OP) Neutral (SN)
o w Weak (SW)
o2 © - Investment ;O”SEFT'?;:;? (sc)
b eutra
g % 8 (INV) Agressive (SA)
L
S w © Book to Market  High (BH)
bt = s Neutral (BN)
r= (B/M)
= & Low (BL)
2 1 Profitability Robust (BR)
£ Y B I Neutral (BN)
€% (OP)
o ¥ Weak (BW)
o- o Investment Conservative (BC)

Neutral (BN)
( ! NV) Agressive (BA)

Figure 1. Sorted portfolio groups to construct Fama-French factors.
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Egs. (8)—(14) define calculations of the Fama-French factors:

4.3. Regression portfolios and other data used in the regression analysis

SMBop = (SR + SN + SW)/3 — (BR + BN + BW)/3

SMBgy,y = (SH + SN + SL)/3 — (BH + BN + BL) /3

SMBy,, = (SC + SN + SA)/3 — (BC + BN + BA) /3
SMB = (SMBg/y + SMBop + SMBjy, ) /3
HML = (SH + BH)/2 — (SL + BL) /2
RMW = (SR + BR)/2 — (SW + BW)/2

CMA = (SC + BC)/2 — (SA + BA) /2

8)

©)
(10)
(11)
(12)
(13)
(14)

Regressions were run on three sets of 16 left-hand-side regression portfolios. Monthly returns
for the portfolios were calculated in a manner similar to constructing the factor portfolios;

Book to market (sorted from low to high (BM1 (lowest); BM4 (highest))

BM1 BM2 BM3 BM4
S1 S1BM1 S1BM2 S1BM3 S1BM4
S2 S2BM1 S2BM2 S2BM3 S2BM4
S3 S3BM1 S3BM2 S3BM3 S3BM4
54 S4BM1 S4BM2 S4BM3 S4BM4

Profitability (sorted from robust to weak: PO1 (robust profitability); PO4 (weak profitability))

or1 OP2 oPr3 Or4
S1 S10P1 S10P2 S10P3 S10P4
S2 S20P1 S20P2 S20P3 S20P4
S3 S30P1 S30P2 S30P3 S30P4
S4 540P1 S40P2 S40P3 S40P4
Investment (sorted from conservative to aggressive: INV1 (conservative); INV4 (aggressive))

INV1 INV2 INV3 INV4
S1 S1INV1 S1INV2 S1INV3 S1INV4
S2 S2INV1 S2INV2 S2INV3 S2INV4
S3 S3INV1 S3INV2 S3INV3 S3INV4
S4 S4INV1 S4INV2 S4INV3 S4INV4

For example, SIBM1 shows average of the monthly excess returns of stocks included in the smallest size and lowest book-

to-market portfolio.

Table 1. Construction of dependent variables: each notation of a dependent variable in this table shows the monthly
excess return of the corresponding sorted portfolio.
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Panel A BM1 (low) BM2 BM3 BM4 (high)
S1 (small) 7 12 14 19

S2 10 11 14 19

S3 8 8 8 7

S4 (big) 21 15 12 6

Panel B OP1 (robust) or2 (0) 1] OP4 (weak)
S1 (small) 10 9 13 22

52 11 12 16 15

S3 12 15 12 11

S4 (big) 14 15 11 3

Panel C INV1 (conservative) INV2 INV3 INV4 (aggressive)
S1 (small) 17 12 12 12

S2 15 15 12 12

S3 14 14 13 12

S4 (big) 8 14 17 14

Table 2. Average number of stocks in regression portfolios.

equal-weighted portfolios were created from independent 4 x 4 sorts with 25th, 50th and 75th
yearly sample percentiles as breakpoints for both sorting variables. Table 1 shows the
constructed dependent variables.

Panels A through C in Table 2 show the average number of stocks in each of the regression
portfolios. It is evident from Panel A that high B/M companies are often smaller companies,
while low B/M is tilted towards bigger companies. A similar phenomenon can be observed in
Panel B, where low operating profitability is a feature of smaller companies and high operating
profitability is more often found in stocks with higher market capitalisations.

5. Regression portfolio statistics

In this section, I give descriptive statistics for the regression portfolios and explanatory factors
used in the regressions.

The main aim of this research is to see if well-targeted regression models can explain average
monthly excess returns on portfolios with large differences in constituent size, B/M, profitabil-
ity and investment. In Table 3, the standard deviations of monthly excess return of portfolios
seem to be very high. One of the explanations is that portfolio groups include small numbers of
stocks. The second explanation could be the economic crisis experienced in 2001 in Turkey:.
This crisis created very high volatility in the financial markets, and the daily change in stock
market index (viz. BIST-100) reached to 30%. When I exclude data covering the years from
2000 to 2003, standard deviations decrease by 35% on average. On the other hand, it should
also be noted that global crisis in 2008 and Greece’s haircut in 2010-2011 created very high
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Excess returns (%) Standard deviation (%)

Panel A: size/BM portfolios

BM1 (low) BM2 BM3 BM4 (high) BM1 (low) BM2 BM3 BM4 (high)
S1(small) 0.40 0.35 035  0.66 S1 (small) 10.34 11.64 1057 10.93
S2 —-0.03 0.69 032  0.67 S2 9.69 9.64 10.19 1142
S3 0.46 0.75 0.28 1.12 S3 10.52 1094 9.71 9.21
S4 (big) 0.43 0.89 076  1.09 54 (big) 10.12 11.43 1055 10.84
Panel B: size/OP portfolios
OP1 (robust) OP2 OP3  OP4 (weak) OP1 (robust) OP2 OP3  OP4 (weak)
S1(small) 1.40 0.48 0.89 —043 S1 (small) 10.66 1125 10.38 10.45
S2 0.28 0.34 124  0.67 S2 9.52 9.71 10.53  11.05
S3 117 -0.32 072 049 S3 10.50 1040 923 952
S4 (big) 1.27 1.10 155  —0.01 54 (big) 10.54 11.09 1042 1041
Panel C: size/Inv portfolios
Invl (consv.) Inv2  Inv3 Inv4 (aggr.) Invl (consv.) Inv2 Inv3 Inv4 (aggr)
S1(small) 0.22 0.44 042 052 S1 (small) 10.97 10.67 9.96  10.55
S2 0.63 0.92 043 046 S2 9.33 9.63 1091 10.70
S3 0.72 0.59 0.80 1.13 S3 9.94 1042 934 971
S4 (big) 0.73 0.73 093 093 54 (big) 10.69 1056 998  10.42

Table 3. Average monthly excess returns and standard deviations (for definitions of variables, see Section 4.3).

volatility in many stock markets. In normal circumstances, I would expect the standard devi-
ations to be half of the figures in Table 3.

Table 3 shows that big-sized portfolios tend to benefit from high book-to-market ratios. On the
other hand, small portfolios tend to benefit from high profitability, while the effect is weak on
big portfolios. In Panel A, we see size and book-to-market (B/M hereafter) pairs of portfolios.
The highest average monthly excess return portfolios are S3BM4 and S4BM4 with 1.12% and
1.09%, respectively. The Turkish data reveals that big-sized companies (in groups S3 and S4)
with high B/M ratios have the highest monthly excess returns. Worst performers are small-
sized companies with low B/M ratios.

In Panel B, returns of portfolios sorted and grouped according to their size and profitability are
given. The highest returns in the table belong to SIOP1, S40P1 and S40OP3. In the Turkish
stock market, the highest monthly returns coincide with the high profitability. As you will see
in the remainder of the study, I think the most important factor determining the returns of
stocks is profitability. The main message is that, even if a company is grouped in the smallest
size, if its profitability is high, its return is expected to be high. But one peculiar result is that
S40P3, which represents a portfolio with low profitability and the biggest size, has a monthly
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excess return of 1.55%. One explanation could be that even if the biggest-sized companies have
low profitability, if it is an aggressive investing company and the expectation of the market
participants is positive, then a monthly average return of 1.55% would be justified. As you may
see in Panel C of Table 3, big companies with aggressive investing have the highest returns.

6. Factor spanning regressions

Factor spanning regressions are a means to test if an explanatory factor can be explained by a
combination of other explanatory factors. Spanning tests are performed by regressing returns of
one factor against the returns of all other factors and analysing the intercepts from that regression.

Table 4 shows regressions for the 5F-FF model’s explanatory variables, where four factors
explain returns on the fifth. In the RM-Rf regressions, the intercept is not statistically signifi-
cant (t = —0.55). Regressions to explain HML, RMW and CMA factors are strongly positive.
However, regressions to explain SMB show insignificant intercept, with intercept of —0.27%
(t = —1.34). These results suggest that removing either the RM-Rf or SMB factor would not hurt
the mean-variance-efficient tangency portfolio produced by combining the remaining four
factors.

Intercept RM-Rf SMB HML RMW CMA R?
RM-Rf
Coefficient ~0.45 0.34 ~0.41 ~0.29 ~0.21 0.20
t-Stat ~0.55 1.17 ~1.81 ~1.33 ~1.02
SMB
Coefficient -0.27 0.02 0.00 0.07 0.01 0.12
t-Stat ~1.34 1.17 0.07 1.32 0.29
HML
Coefficient ~0.55 —0.04 0.01 0.06 0.10 0.19
t-Stat ~2.19 ~1.81 0.07 0.82 1.50
RMW
Coefficient ~1.06 ~0.03 0.12 0.06 0.07 0.17
t-Stat ~418 ~1.33 1.32 0.82 1.01
CMA
Coefficient ~1.04 ~0.02 0.03 0.11 0.07 0.16
t-Stat ~3.95 ~1.02 0.29 1.50 1.01

RM-Rf is the equal-weighted return on BIST-100 Index minus the 3-month Tryribor rate. SMB is the size factor, HML is the
value factor, RMW is the profitability factor, and CMA is the investment factor. The factors are constructed using
individual sorts of stocks into two size groups and three B/M groups, three OP groups or three Inv groups. Bolded and
shaded t-statistics indicate the significance at the 5% level.

Table 4. Factor spanning regressions on five factors: spanning regressions using four factors to explain average returns
on the fifth (June 2000-May 2017, 204 months).
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7. Hypothesis tests of joint significance of the regressions” alphas and
regressions

Having presented the methodology and statistical results, in this part, I present an answer to
important question if the estimated models can completely capture expected returns. To obtain
a more absolute answer to this question GRS f-tests were conducted on results obtained from
the first hypothesis” portfolio regressions. The GRS statistic is used to test if the alpha values
from regressions are jointly indistinguishable from zero.

If a model completely captures expected returns, the intercept should be indistinguishable
from zero. Hence, the first hypotheses are:

Ho: al=a2=...=a16 =0 (the regression alpha is not significantly different from zero).
Hy: al, a2, ..., a16 # 0 (the regression alpha is significantly different from zero).

The second hypotheses for all equations are:

Hp: al=a2=...=a48 =0 (the regression alphas are jointly indistinguishable from zero).
Hi: al, a2,..., @48 # 0 (the regression alphas are jointly distinguishable from zero).

Finally, average individual regression alphas and joint GRS regression f-values were used
together in order to compare the performance between the tested models.

7.1. The GRS regression equation

The GRS test was developed by Gibbons et al. [24] and serves as a test of mean-variance
efficiency between a left-hand-side collection of assets or portfolios and a right-hand-side
model or portfolio. The following regression defines the GRS test:

N-—L a' xXrXlxa

T —
X - ~FN,T-N-L 15
T—-L-1T 1+ xQ'xq@ ( ) (15

T
fGRS = £

where & is a Nx1 vector of estimated intercepts, > an unbiased estimate of the residual

covariance matrix, i a Lx1 vector of the factor portfolios’ sample means and Q an unbiased
estimate of the factor portfolios” covariance matrix.

The GRS test is used in this study to determine whether the alpha values from individual
model regressions are jointly non-significant and hence to find out if a model completely
captures the sample return variation. As intercepts from individual regressions approach zero,
the GRS statistic will also approach zero. However, since the GRS statistic derives its results
from comparing the optimal LHS and RHS portfolios, the resulting statistic is not strictly
comparable between models.

7.2. Model performance

A set of several summary metrics were deployed in order to compare the performance of the
asset pricing models. GRS statistics and average alpha values were used as the main two
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statistics in order to determine how good the different asset pricing models performed in
explaining portfolio returns. In addition to these statistics, average absolute alpha spread was
added for a more complete picture of the alpha results. Furthermore, different models” explan-
atory power was measured using R values.

If a capital asset pricing model (CAPM, three-factor model or five-factor model) completely
captures expected returns, the intercept (alphas) is indistinguishable from zero in a regression
of an asset’s excess returns on the model’s factor returns.

Table 5 shows the GRS statistics of [24] that tests this hypothesis for combinations of LHS
portfolios and factors. The GRS test easily rejects all models considered for all LHS portfolios
and RHS factors. The probability, or p-value, of getting a GRS statistic larger than the one
observed if the true intercepts are all zero is shown in column “pGRS’. One can see from Table 5
that except CAPM in Panel A and Panel C, sets of left-hand-side returns, the p-values round to
zero to at least three decimals. Only five-factor model in Panel C has a p-value of 0.30, and it is
still significant at the 5% level.

fGRS PGRS Avg lal Avg |a — @ Avg R?
Panel A: size-B/M portfolios
CAPM 0.95 2.74 0.57 0.25 0.06
Three-factor (5/BM) 213 0.00 1.32 0.31 0.34
Five-factor (S/BM) 247 0.00 0.73 0.72 0.49
Panel B: size-OP portfolios
CAPM 4.23 0.00 0.77 0.49 0.07
Three-factor (S/OP) 5.63 0.00 1.41 0.44 0.33
Five-factor (S/OP) 6.15 0.00 0.91 0.87 0.50
Panel C: size-Inv portfolios
CAPM 0.94 2.66 0.66 0.18 0.06
Three-factor (S/Inv) 2.93 0.00 1.38 0.19 0.33
Five-factor (S/Inv) 1.33 0.30 0.73 0.74 0.50
Panel D: all portfolios
CAPM (all) 3.20 0.00 0.67 0.30 0.06
Three-factor (all) 13.37 0.00 1.15 0.57 0.39
Five-factor (all) 2.66 0.00 0.79 0.78 0.49

The table tests the ability of CAPM, 3F-FF and 5F-FF models to explain monthly excess returns on 16 size-B/M portfolios
(Panel A), 16 size-OP portfolios (Panel B), 16 size-Inv portfolios (Panel C) and a joint sample of all 48 portfolios (Panel D).
For each panel, the table shows the tested model; the GRS statistic testing whether the expected values of all 16 or 48
intercept estimates are zero; the p-value for the GRS statistic; the average absolute value of the intercepts, Avg |al; the
average absolute deviation from the average intercept; and the average R”. Bolded and shaded GRS statistics indicate the
significance at the 5% level.

Table 5. Summary of statistics for model comparison tests: summary of statistics for tests of CAPM, 3F-FF and 5F-FF
models (June 2000-May 2017, 204 months).
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Fama and French [19] state that they want to identify the model that is the best (but
imperfect) story for average returns on portfolios formed in different ways, and they use
absolute value of average alphas (la|) and two more statistics (for a detailed description of
these statistics, see ([21], pp. 10). Following [22], in this study I use only average absolute
values of alphas (lal) and the average absolute deviation from the average intercept
(Avg |a@ — @l). Both [19, 22] pay specific importance of the absolute values of alphas. Rela-
tively, small values of Avgla| or Avg |@ — @] in equations are regarded as better in identify-
ing the best model. However, as is seen in Table 5, Avgla| of CAPM model in Panel A has
the lowest value, but f{GRS and pGRS show that we cannot reject the hypothesis that the
regression alpha is significantly different from zero. The same case is valid for the CAPM in
Panel C in Table 5. Therefore, I think concentrating on the magnitude of the alpha values or
absolute deviation from the average intercept (Avg |a — @) in the equations to decide on the
best performing model may not be a healthy approach. Keeping this in mind, my main
conclusion from the model comparison tests follows.

The GRS test in Panel D clearly rejects the second hypothesis for all models tested. Further-
more, the GRS test in Panel D suggests that the 5F-FF model is the model closest to a complete
description of asset returns. Beware that, as discussed in [19], f{GRS values between models
cannot be strictly compared. Instead, the f{GRS is mainly interpreted as a test to reject or accept
a model’s explanation of returns on a set of left-hand-side portfolios. The fGRS in [21, 22] is
used in comparisons between models only in combination with a comparison of average alpha
values. Fama and French [19] instead use the numerator of a GRS regression as a comparison
value when choosing which factors to include in a model. In every panel of Table 5, explana-
tory power measured by average R” clearly improves with the inclusion of more factors. For
this reason, metrics for explanatory power are important in providing additional help to
compare these types of asset pricing models.

The main conclusions from the performance comparison tests can be summarised as fol-
lows. A GRS test on the joint set of all tested portfolios clearly rejects all tested models as
complete descriptions of average returns. The CAPM model elicits the lowest average
absolute alpha values of the three tested models throughout all tests but shows a statisti-
cally insignificant f{GRS value compared to other models. Considering all the evidence in
Table 5, it is clear that the 5F-FF model shows the strongest performance out of the three
models for the sample. In the following section, I provide alpha values from individual
left-hand-side portfolio regressions, and I re-examine the alpha values from a different
perspective.

8. Regression details

In this part, I give individual regression alphas, the coefficients that were defined in Egs. (5)—(7),
their corresponding t-values and R-squared values in order to provide a more detailed picture
of model performance. I concentrate on the significance of alphas. Significant alpha patterns
between models are compared and further analysed by looking at regression slopes in
Tables 6-8.
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Dep. variables Five-factor size-B/M models Three-factor size-B/M models CAPM
a Rm-Rf SMB HML RMW CMA R? @ Rm-Rf SMB HML R? o Rm-Rf R?

S1BM1 Coeff. 1.26 —0.07 1.73 0.39 —024  0.15 045 118  —0.06 1.20 0.58 044 042 —0.06 0.06
t-Stat 1.69 -1.15 6.58 1.88 -1.18  0.79 1.74  —0.88 6.60 2.79 0.58 —0.84

SIBM2 Coeff. 1.42 —0.06 2.13 0.78 -0.33  0.06 051 150 —0.03 1.46 0.99 051 036 —0.05 0.04
t-Stat 1.76 —0.85 7.50 3.48 -150 028 205  —0.46 7.46 443 0.45 —-0.61

S1BM3 Coeff. 1.46 —0.05 1.45 0.99 -030  0.15 047 151  —0.04 1.05 1.15 048 037 —0.07 0.07
t-Stat 1.94 —0.83 5.47 4.72 -150 077 223  —0.58 5.81 5.54 0.50 —0.94

S1BM4 Coeff. 1.76 —0.04 1.55 0.86 -031 020 045 175 —0.03 1.13 1.04 046  0.68 —0.05 0.05
t-Stat 2.23 —0.61 5.57 3.91 -1.46 097 247  —0.37 5.95 4.77 0.88 —0.66

S2BM1 Coeff. 0.37 —0.07 1.51 0.19 -033 007 041 055 —0.05 1.12 0.35 043  —0.02 —0.05 0.05
t-Stat 0.52 -1.20 6.00 0.97 -1.74 037 0.86  —0.89 6.55 1.80 -0.02  —0.73

S2BM2 Coeff. 1.40 —0.07 1.54 0.48 -0.19  —0.01 044 151 —0.05 1.18 0.65 048 071 —0.06 0.06
t-STAT  2.00 —~1.14 6.24 2.45 —0.99  —0.04 243  —0.88 7.13 3.41 1.04 —0.88

S2BM3 Coeff. 0.35 —0.04 1.57 0.73 -0.65 —025 048 1.02 0.01 0.51 0.75 028 033 -0.02 0.02
t-Stat 0.49 —0.64 6.19 3.65 -338 132 143 011 2.68 3.41 0.46 —0.23

S2BM4 Coeff. 0.41 —0.03 1.98 1.00 -1.09 -033 058 159 0.04 0.65 1.00 033  0.67 0.01 0.00
t-Stat 0.55 —0.48 7.51 4.81 -5.44 171 202 050 3.10 415 0.83 0.07

S3BM1 Coeff. —0.14  0.00 1.43 0.84 -1.19  —023 054 121 0.06 0.54 0.82 030  0.44 0.03 0.03
t-Stat —0.19  0.00 5.67 4.24 -618  —1.26 1.64 086 2.75 3.67 0.60 0.47

S3BM2 Coeff. 0.24 0.02 1.44 0.84 -107 -027 050 148 0.8 0.52 0.82 028 073 0.05 0.05
t-Stat 0.32 0.29 5.37 3.97 -524 137 1.94  1.06 2.55 3.52 0.95 0.68

S3BM3 Coeff. 0.22 0.02 1.32 0.73 -051  —037 045 086 0.07 0.29 0.70 025 026 0.04 0.04
t-Stat 0.32 0.34 5.37 3.73 —271 —2.02 126  1.01 1.61 3.35 0.38 0.60

S3BM4 Coeff. 1.20 —0.01 1.48 0.88 —076 —016 055 195 0.04 0.59 0.91 037 111 0.01 0.01
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Dep. variables Five-factor size-B/M models Three-factor size-B/M models CAPM

o Rm-Rf SMB HML RMW CMA R? a Rm-Rf SMB HML R? o Rm-Rf R?

t-Stat 1.93 —-0.10 6.76 5.11 —457  —098 312 0.68 3.52 4.76 1.72 0.18

S4BM1 Coeff. —046  0.05 1.14 0.57 —074 —065 045 075 0.1 0.03 0.45 017 0.40 0.09 0.09
t-Stat —0.64 078 4.46 2.79 -3.80  —3.46 1.03 157 0.15 2.03 0.57 1.30

S4BM2 Coeff. -0.39  0.08 1.40 0.91 -099 -1.00 056 146 0.16 0.15 0.76 024 085 0.13 0.11
t-Stat -051 118 5.20 4.28 —4.82  —5.02 1.80  2.05 0.71 3.07 1.06 1.64

S4BM3 Coeff. -051  0.10 1.06 0.73 —066 —1.10 053 119 017 0.18 0.59 023  0.70 0.14 0.14
t-Stat —0.70  1.63 418 3.63 -3.38  —5.86 159 236 0.91 2.58 0.96 2.04

S4BM4 Coeff. —0.15  0.03 1.08 0.79 -080 -1.01 051 158 0.10 0.13 0.65 020  1.07 0.07 0.07
t-Stat —020 046 4.04 3.78 -393  -5.15 204 133 0.61 2.74 1.40 0.97

At the end of May each year, stocks are distributed into four size groups using sample quartile breakpoints. Stocks are independently allocated to four B/M groups, using
sample quartile breakpoints. The RHS variables are RM-Rf for the CAPM; RM-Rf, SMB and HML for the 3F-FF model; and RM-Rf, SMB, HML, RMW and CMA for the 5F-
FF model. The intersections of the two sorts produce 16 size-B/M portfolios. The LHS variables in each set of 16 regressions are the monthly excess returns on the 16 size-B/M
portfolios. The factors are constructed using independent 2 x 3 sorts on size and each of the B/M, OP and Inv portfolios. Shaded t-statistics indicate the significance of
coefficients at the 5% level of significance. (For the definitions of dependent variables, see Table 1).

Table 6. CAPM, 3F-FF and 5F-FF regressions for 16 value-weighted size-B/M portfolios (June 2000-May 2017, 204 months).
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Dep. variables Five-factor size-OP models Three-factor size-OP models CAPM
a Rm-Rf SMB HML RMW CMA R? a Rm-Rf SMB  HML R? a Rm-Rf R?

S10P1 Coeff.  2.85 —0.06 1.83 0.79 0.03 0.09 050 251  —0.04 1.26 1.00 050 143 —0.06 0.06
t-Stat  3.83 —0.89 6.99 3.82 0.13 0.49 372 —0.69 6.98 4.84 1.91 —0.89

S10P2 Coeff.  1.81 —-0.11 1.86 1.04 —041 027 053 180 —0.09 1.30 1.24 053 052 —-0.12 0.11
t-Stat  2.36 —1.64 6.86 4.85 -198 134 258 —1.33 6.98 5.81 0.66 —-1.55

S10P3 Coeff.  1.81 —0.04 1.21 0.70 -0.39 033 040 176  —0.03 0.81 0.84 036 091 —0.05 0.05
t-Stat  2.36 —0.66 4.47 3.28 -1.87 164 249  —045 4.28 3.89 1.25 -0.73

S10P4 Coeff.  0.38 —0.03 1.69 0.74 —0.40  0.09 047 055 —0.01 1.13 0.89 045 —042 —0.03 0.03
t-Stat  0.51 —-0.53 6.46 3.56 -199 045 0.81 —0.14 6.19 4.29 -057 —0.38

S20P1 Coeff.  1.13 —0.08 1.42 0.55 —0.09  0.00 042 112  —0.06 1.08 0.71 046  0.30 —0.07 0.08
t-Stat  1.62 -1.25 5.80 2.82 —0.49  0.00 1.81  —1.05 6.53 3.74 0.45 -1.12

S20P2 Coeff.  1.33 —0.11 1.42 0.88 —020  0.00 048 144  —0.09 1.07 1.03 051 038 -0.11 0.12
t-Stat  1.93 -1.79 5.88 4.60 -1.07  —0.01 235 —154 6.54 5.51 0.56 —~1.74

S20P3 Coeff.  1.09 —-0.03 1.59 0.80 -1.09 001 054 196  0.02 0.45 0.80 027 124 0.00 0.00
t-Stat  1.52 —0.49 6.29 3.99 —5.66  0.03 265 035 2.28 3.55 1.67 —0.03

S20P4 Coeff.  0.08 —0.02 1.76 0.73 -124  —023 056 138 0.04 0.64 0.73 028  0.67 0.02 0.02
t-Stat  0.10 —0.36 6.76 3.57 -621 1.8 1.79 0.8 3.10 3.09 0.86 0.30

S30P1 Coeff.  0.53 —-0.03 1.06 0.84 -093  —043 046 188 0.2 0.42 0.79 027 118 —0.01 0.01
t-Stat  0.71 —0.53 4.00 4.00 —4.60  —2.17 255 025 212 3.51 1.59 -0.13

S30P2 Coeff.  —074  —0.01 1.44 0.93 —094  —040 053 043 005 0.36 0.89 029 —033 0.2 0.02
t-Stat  —1.03  —0.18 5.74 4.70 -4.89 216 059  0.70 1.85 3.98 -045 023

S30P3 Coeff.  0.68 0.03 1.32 0.62 —0.80  0.00 048 130  0.08 0.46 0.64 028  0.70 0.06 0.06
t-Stat  1.04 0.60 5.76 3.40 -456  0.01 201 123 2.68 3.23 1.08 0.89

S30P4 Coeff.  0.07 0.00 1.39 0.82 -1.09 —-016 056 126 0.6 0.63 0.83 035 048 0.03 0.04

78

9A1323dsIad 1934l bulbisw3 ue wouj juswabeue|y |eldUBUI



Dep. variables Five-factor size-OP models Three-factor size-OP models CAPM

o Rm-Rf SMB HML RMW CMA R? o Rm-Rf SMB HML R? o Rm-Rf R?

t-Stat  0.11 0.07 6.22 4.67 -639  —0.99 1.94 093 3.59 417 0.71 0.50

S40P1 Coeff.  —0.07  0.06 1.11 0.68 -080 —-1.01 052 160 0.13 —0.04 051 019 123 0.10 0.10
t-Stat  —0.09  0.88 4.32 3.33 —4.09  —5.34 212 1.76 -0.19 219 1.67 1.44

S40P2 Coeff.  —029 0.4 1.30 0.69 —072  -116 056 142 022 0.02 0.52 023 103 0.20 0.18
t-Stat  —0.38  2.21 4.94 3.33 -3.63  —6.02 1.81 292 0.10 2.15 1.34 2.63

S40P3 Coeff.  0.40 0.07 0.88 0.54 —068 —0.83 043 185 0.2 0.11 0.42 017 151 0.11 0.11
t-Stat  0.52 1.03 3.29 2.57 -332 —4.21 247 174 0.53 1.83 2.07 1.52

S40P4 Coeff.  —-135 0.01 1.03 0.58 -086 —0.88 048 033 0.8 0.11 0.45 015 —0.03 0.06 0.06
t-Stat  —1.83  0.15 3.98 2.86 —4.38  —4.61 045  1.06 0.56 1.94 -0.04 081

At the end of May each year, stocks are distributed into four size groups using sample quartile breakpoints. Stocks are independently allocated to four OP groups, using
sample quartile breakpoints. The RHS variables are RM-Rf for the CAPM; RM-Rf, SMB and HML for the 3F-FF model; and RM-Rf, SMB, HML, RMW and CMA for the 5F-
FF model. The intersections of the two sorts produce 16 size-OP portfolios. The LHS variables in each set of 16 regressions are the monthly excess returns on the 16 size-OP
portfolios. The factors are constructed using independent 2 x 3 sorts on size and each of B/M, OP and Inv portfolios. Shaded t-statistics indicate the significance of
coefficients at the 5% level of significance (for the definitions of dependent variables, see Table 1).

Table 7. CAPM, 3F-FF and 5F-FF regressions for 16 value-weighted size-OP portfolios (June 2000-May 2017, 204 months).
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Dep. variables Five-factor size-Inv models Three-factor size-Inv models CAPM
a Rm-Rf SMB HML RMW CMA R® a Rm-Rf SMB HML R’ a Rm-Rf R?

S1INV1 Coeff. 1.28 —0.06 1.79 0.62 —0.43 0.36 0.47 1.20 —0.04 1.27 0.83 0.46 0.24 —0.05 0.05
t-Stat 1.64 —0.83 6.50 2.84 -2.07 1.77 1.69 —0.55 6.67 3.80 0.31 —0.66

S1INV2 Coeff. 1.31 —0.05 1.76 0.76 —0.53 0.22 0.49 1.46 -0.02 1.13 0.93 0.45 0.46 —0.04 0.04
t-Stat 1.75 —0.73 6.65 3.67 —2.63 1.14 2.10 —0.31 6.06 4.37 0.61 —0.55

S1INV3 Coeff. 1.70 —0.08 1.45 0.78 —0.08 0.18 0.46 1.46 —0.07 1.07 0.97 0.48 0.45 —0.09 0.10
t-Stat 2.38 -1.33 5.78 3.96 —0.43 0.95 2.29 -1.20 6.27 4.94 0.65 -1.41

S1INV4 Coeff. 1.42 —0.10 1.47 0.89 -0.19 —0.10 0.45 1.59 —0.08 0.99 1.02 0.44 0.56 —0.10 0.10
t-Stat 1.88 —1.49 5.49 4.20 -0.92 —0.49 2.30 -1.18 5.36 4.82 0.76 —1.44

S2INV1 Coeff. 1.20 —0.08 1.39 0.67 —0.47 0.09 0.46 1.53 —0.05 1.02 0.81 0.46 0.65 —0.07 0.08
t-Stat 1.80 —1.31 5.91 3.63 —2.63 0.49 2.54 —0.92 6.32 4.39 1.00 —1.09

S2INV2 Coeff. 1.62 —0.06 1.56 0.57 —0.47 0.21 0.47 1.79 —0.04 1.13 0.73 0.47 0.93 —0.05 0.05
t-Stat 2.36 —1.01 6.46 2.97 —2.58 1.19 2.87 —0.65 6.77 3.85 1.38 —0.75

S2INV3 Coeff. 0.01 —0.02 1.64 0.75 —0.88 —0.42 0.50 1.17 0.04 0.67 0.75 0.30 0.42 0.02 0.02
t-Stat 0.01 —0.25 6.12 3.56 —4.29 —2.11 1.53 0.57 3.29 3.24 0.55 0.28

S2INV4 Coeff. —0.19 —0.05 1.56 0.80 -1.02 —0.47 0.53 1.22 0.01 0.63 0.78 0.30 0.46 —0.01 0.01
t-Stat  —0.26 —0.78 6.04 3.95 —5.19 —2.49 1.63 0.19 3.18 3.43 0.61 —0.13

S3INV1 Coeff. 0.37 —0.02 1.42 0.78 -1.14 —0.04 0.55 1.40 0.04 0.44 0.77 0.28 0.71 0.01 0.01
t-Stat 0.55 —0.29 6.02 4.16 —6.34 —0.21 2.02 0.57 2.36 3.61 1.02 0.18

S3INV2 Coeff. 0.14 —0.01 1.26 0.77 -1.05 -0.17 0.48 1.22 0.04 0.31 0.74 0.24 0.59 0.02 0.02
t-Stat 0.19 —0.16 4.85 3.78 —5.29 —0.88 1.65 0.63 1.55 3.27 0.80 0.24

S3INV3 Coeff. 0.19 0.01 1.31 0.85 —0.94 —0.46 0.56 1.52 0.07 0.49 0.82 0.32 0.78 0.04 0.05
t-Stat 0.30 0.25 5.97 4.90 —5.60 —2.85 2.36 1.15 2.83 4.12 1.19 0.69

S3INV4 Coeff. 0.67 —0.02 1.50 0.66 -0.77 —0.45 0.51 1.76 0.03 0.58 0.64 0.28 1.13 0.02 0.02
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Dep. variables Five-factor size-Inv models Three-factor size-Inv models CAPM

a Rm-Rf SMB HML RMW CMA R? a Rm-Rf SMB HML R? a Rm-Rf R?

t-Stat 1.00 —0.35 6.35 3.50 —429  -2.59 2.60 053 3.18 3.10 1.65 025

S4INV1 Coeff.  —0.31  0.08 1.22 0.66 -0.72  -087 049 112 015 0.12 0.53 020 069 0.3 0.12
t-Stat  —0.41  1.27 4.59 3.14 -355  —4.42 146  2.03 0.56 2.28 092 174

S4INV2 Coeff.  —041  0.09 1.12 0.64 -073 —0.89 049 1.07 0.16 0.06 0.50 020 068 0.14 0.13
t-Stat  —055 144 4.27 3.09 -3.65  —4.60 142 220 0.29 2.18 092 191

S4INV3 Coeff.  —049  0.02 1.00 0.67 -0.78 —-107 054 132  0.09 0.12 0.52 018 090 0.7 0.07
t-Stat  —0.72  0.35 4.16 3.54 —426  —6.08 1.84 129 0.63 2.35 129 0.99

S4INV4 Coeff. ~ —0.38  0.11 0.85 0.59 —0.69  —097 048 120 017 —0.03  0.44 020 088 0.15 0.15
tStat  —052  1.65 3.26 2.89 —345  —5.02 1.61 237 -0.14  1.92 122 210

At the end of May each year, stocks are distributed into four size groups using sample quartile breakpoints. Stocks are independently allocated to four Inv groups, using
sample quartile breakpoints. The RHS variables are RM-Rf for the CAPM; RM-Rf, SMB and HML for the 3F-FF model; and RM-Rf, SMB, HML, RMW and CMA for the 5F-
FF model. The intersections of the two sorts produce 16 size-Inv portfolios. The LHS variables in each set of 16 regressions are the monthly excess returns on the 16 size-Inv
portfolios. The factors are constructed using independent 2 x 3 sorts on size and each of the B/M, OP and Inv portfolios. Shaded t-statistics indicate the significance of
coefficients at the 5% level of significance (for the definitions of dependent variables, see Table 1).

Table 8. CAPM, 3F-FF and 5F-FF regressions for 16 value-weighted size-Inv portfolios (June 2000-May 2017, 204 months).
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Looking explicitly at the number of significant alpha values in Tables 6-8 (at the 5% level of
confidence), both the CAPM and the 3F-FF model perform poorly, while 5F-FF model’s perfor-
mance although is not the best but much better. The highest number of significant alpha values
belongs to 3F-FF model. This shows that 3F-FF model leaves a high proportion of unexplained
part in the behaviour of LHS variables. From the regression tables, it seems that CAPM model
has no any significant values for alphas; interestingly enough, none of the coefficients of RM-Rf
is significant at the 5% level of confidence, and R? terms are too low in CAPMs. In addition to
this observation, in none of the models, RM-Rf has no statistically significant coefficient except
in a few models (see rows 13, 14 and 15 in Tables 6-8).

On the other hand, inspection of alphas in 5F-FF models for size-B/M, size-OP and size-Inv
portfolios reveals that very few of alpha values are significant at the 5% level confidence and I
think the best performing model (but imperfect) for the Turkish data is the 5F-FF Fama-French
model.

There is an interesting pattern in the results of the regression tables (Tables 6-8). As the size of
the companies in portfolios increases, more factors become statistically significant, and the
explanatory power of the 5F-FF model rises. This makes me to think that monthly excess
returns of portfolios, covering high-market-cap companies, are more sensitive to SMB, HML,
RMA and CMA factors.

Before I present the regression details, readers should be aware that in an OLS regression, R-
squared values will always increase with the inclusion of more factors. Another point is that R?
increases and become much stronger for almost any explanatory power metric when the
regressions’ explanatory factors are created from return differences in the data itself. In other
words, correlation between explanatory variables, which are created from return differences,
and dependent variables has to be highly correlated. Hence, R’s in the equations become
stronger and true.

Sundqvist in [22] states that:

‘“The method to construct the factor will hence automatically bring the augmented model’s
explanatory power in small portfolio regressions closer to the R-squared values found in big
portfolio regressions, boosting the average explanatory power more than it would for regres-
sions of randomly picked portfolio sets. This same phenomenon is apparent in all other risk
factors, which are included as sorting variables and simultaneously used as explanatory vari-
ables created from return differences in the sample data’.

When the t-values in Table 6 are analysed, CAPM’s results (column labelled with CAPM) are far
away from being reliable and informative. None of the t-statistic of RM-Rf (except for S4BM3) is
significant at the 5% level of confidence. This might have been due to the fact that BIST-100
Index, which approximates the monthly excess return of the market, is heavily financial stock
weighted. However, using different market indices in all models did not improve the results
(more information on this issue is given in the discussion of the results in Table 7).

In this study, I include only nonfinancial sector stocks registered with the Istanbul stock
exchange since the profitability and investment variables” definition is not comparable to the
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financial stocks. Therefore, I think the coefficient of RM-Rf variable, namely, §; does not reflect
the market risk properly, and CAPM performs poorly.

The 3F-FF regressions find larger intercept t-values on most portfolios compared to the 5F-FF
regressions, of which three are more than five standard errors from zero. I can find no
exceptional characteristics that might shed light into the reasons behind the significant alpha
value.

The 5F-FF regressions show high SMB slopes for the portfolio when compared to 3F-FF
regressions’ slopes. All of the coefficients of SMB variable are statistically significant at the 5%
level of confidence in 5F-FF model, while the same metrics have 11 significant coefficients in
3F-FF models. It is somewhat unusual that none of the coefficients of RM-Rf in 5F-FF model
regressions are significant at the 5% level of significance. However, as I already discussed
above, this may be due to the fact that BIST-100 Index is heavily financially sector stock
weighted.

From Table 6 it is easily seen that (last four rows in the table) excess monthly returns of the
biggest-sized company portfolios are best explained by the 5F-FF model. However, as can be
seen from the t-statistics, when the company size gets smaller (portfolios starting with the
letter S1 and S2), RMW and CMA variables have no effect on excess monthly returns of small-
sized portfolios, while SMB and HML variables have significant t-statistics. Assuming that the
5F-FF model is the true definition of the monthly excess returns of portfolios sorted by size and
B/M, this result may imply that, when constructing portfolios, the market does not take into
account the profitability or investing factors for relatively small-sized companies.

Fama and French [19] note however that one should not expect univariate characteristics and
multivariate regression slopes connected to the characteristic to line up. The slopes estimate
marginal effects holding constantly all other explanatory variables, and the characteristics are
measured with lags relative to returns when pricing should be forward-looking.

The dependent variables are the monthly excess returns of the portfolios sorted by size and
profitability (for the definitions of the variables, see Table 1). The results in Table 7 are not
much different from the ones that are in Table 6. The best performing model is the 5F-FF
model. The CAPM has no power to explain the cross-sectional variance of expected returns for
the size-B/M, size-OP and size-Inv portfolios I examine. Peculiarly enough, as in the case of
Table 6, none of the alphas in CAPM are significant at the 5% level of significance. This result
could have been due to market return data (RM, represented by BIST-100 Index), which is
composed of mainly financial sector companies’ price data. To save space not presented in this
study, I inform the reader that all of the models (CAPM, three-factor Fama-French model and
five-factor Fama-French model) using BIST-TUM Index, which covers all stocks registered
with the Turkish stock market, instead of BIST-100 Index, the power of the models in
explaining the sorted portfolio monthly excess returns, did not improve. This shows that, at
least in the Turkish case, market risk is not a preliminary and strong factor in determining
monthly excess returns of portfolios.

When one concentrates on alpha coefficients of the 5F-FF model, it is seen that only 3 of the 16
alphas are statistically significant. But in the case of the 3F-FF model, 9 of the 16 alpha
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coefficients are significant at the 5% level, showing that three-factor model leaves a high
percentage of unexplained part of cross-sectional variance of expected returns.

One of the main messages of the results of the 5F-FF model is that as the size of the companies
under investigation increases, the explanatory power of the model rises. It seems from the
results of both Tables 6 and 7 that the best explanatory factor for the monthly excess returns of
portfolios is the size factor.

As the size of the companies in portfolios that have been sorted by size and profitability gets
smaller, RMW and CMA become ineffective in determining the monthly excess returns of these
portfolios (see the coefficients of RMW and CMA in the first six rows of Table 7). However,
bigger size portfolios have significant RMW and CMA coefficients.

Table 8 gives the results of CAPM, 3F-FF model and 5F-FF model for portfolios that are sorted
by size and investment. The CAPM has no power in explaining the returns of portfolios, while
the coefficients of the factors in 3F-FF model seem powerful, 8 of the 16 alpha values are
significant at the 5% level. This result indicates that the CAPM and 3F-FF model are not the
true definition of a model to explain the variations in monthly excess returns of portfolios.
However, as in the results of the previous tables (Tables 6 and 7), the 5F-FF model in general
has statistically significant coefficients for the Fama-French factors, namely, SMB, HML, RMW
and CMA. Also, only 2 of the 16 coefficients of intercepts (alphas) are significant at the 5% level
of significance.

Variations of the monthly returns of portfolios constructed by big-sized companies are best
explained by the 5F-FF model. However, CMA factor turns out to be insignificant when
estimating the model for portfolios with relatively small-sized companies.

9. Conclusion

This study adds to the asset pricing literature using the Turkish data. One of the main findings
is that CAPM and 3F-FF model cannot explain cross-sectional variations in portfolio returns
properly. The best suited model (but not perfect) for the Turkish case is 5F-FF model.

As seen elsewhere [17, 19-23], as the number of explanatory variables increases in the regres-
sion portfolios, explanatory power of the equation increases, and the R? rises. In the Turkish
case, although 3F-FF model has high R* compared to the CAPM, more than half of the
intercepts of the 3F-FF model are significant at the 5% level, and this shows that SMB and
HML factors alone do not explain the cross-sectional variations of portfolio returns.

Besides testing all intercepts individually, we also tested whether all the pricing errors were
jointly equal to zero. Gibbons et al. [24] suggested GRS test statistic to test whether all pricing
errors are zero. A GRS test on the joint set of all tested portfolios clearly rejects all tested
models as complete descriptions of average returns. The CAPM model elicits the lowest
average absolute alpha values of the three tested models throughout all tests but shows a
statistically insignificant fGRS value compared to other models. The 5F-FF model shows the
strongest performance out of the three models for the sample.
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When I compare the R?s of all my models (the highest 56%) to the earlier studies done for other
countries [15, 16, 19-22] (the R%s change between 70 and 90%), in general, it is the case that R%s
found in my study are much lower than other R?s found in other studies. This might be due to
the fact that RMW and CMA factors add little in explaining the cross-sectional variations of
portfolio returns in Turkey. It is clear that, in the Turkish case, both SMB and HML factors have
significant effect on monthly excess returns of portfolios, but further research may be carried
on by employing new factors other than RMW and CMA.

Readers should be aware that correlation between explanatory variables, which are created
from return differences (as in the case of definition of Fama-French factors), and dependent
variables has to be highly correlated. Hence, R’s in the equations become stronger and true.

Consequently, our empirical results are reasonably consistent with [19-22] findings, and the 5F-
FF model was found viable and superior to CAPM and 3F-FF model for the Turkish stock market.
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