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Abstract

According to the Sharpe-Lintner capital asset pricing model, expected rates of return on
individual stocks differ only because of their different levels of non-diversifiable risk (beta).
However, Fama/French (1992) show that the two variables size and book-to-market ratio cap-
ture the cross-sectional variation of US stock returns better than other combinations of two
variables. They report also that in the 1963-1990 period beta has virtually no explanatory
power. This paper looks at a comparable data set for Germany for the time period 1968-1990.
We analyze this data set in order to identify a “best” nonlinear model for the relationship
between rates of return, beta, size and book-to-market. The model and corresponding re-
gression estimates are chosen by “cross-validation” among a very rich class of parametric,
semiparametric and nonparametric alternatives. The coefficients in the model are estimated
each year.

The major result is that the parametric model proposed by Fama/French for US stock
returns is almost the best one in Germany. The book-to-market-ratio turns out to be the vari-
able with highest partial correlation with the stock return. In most of the annual regressions
the corresponding coefficients have the correct sign and are statistically significant.

AMS subject classification: 62G07, 62J05, 62P05.

Keywords and phrases: Model selection, cross-validation, capital asset pricing
model, German stock market, time series of cross-sectional data.

1 Introduction

According to the Sharpe-Lintner capital asset pricing model, expected rates of return
on individual stocks differ only because of their different levels of non-diversifiable
risk (beta). Banz (1981) presents empirical evidence that a negative relationship
exists between firm size, measured by the market value of outstanding stocks, and
the average rate of return on those stocks, even after adjusting for their different

*The research was carried out within the Sonderforschungsbereich 373 at Humboldt University Berlin The paper
was printed using funds made available by the Deutsche Forschungsgemeinschaft



risk characteristics (size or small firm effect), which contradicts the Sharpe-Lintner
model in its narrow sense. Fama/French (1992) conclude that the two variables size
and book-to-market ratio capture the cross-sectional variation of US stock returns
better than other combinations of two variables. They report also that in the 1963-
1990 period non-diversifiable risk (beta) has virtually no explanatory power. In two
subsequent studies Fama/French (1993, 1995) provide supporting evidence for their
1992 conclusions.

Actually, Fama/French use the logarithm of size and the logarithm of the book-
to-market ratio as independent variables in their cross-sectional regression models,
thus assuming a nonlinear relationship between the expected rate of return and
the untransformed values of the independent variables. They use this specific form
of a nonlinear relationship without giving a specific reason and without discussing
alternative nonlinear functions.

This paper looks at a comparable data set for Germany for the time period
1968-1990. Instead of assuming a specific nonlinear relationship between rates of
return, size and book-to-market, a wide range of possible nonlinear relationships is
analyzed in a systematic fashion in order to identify a “best” nonlinear model. In our
analysis we have to ensure a good fit to the data but also to take into consideration
errors in estimating parameters or functions in the models. These errors cannot be
neglected because of the finite number of observed stocks. We also analyze annual
cross-sectional regressions in the traditional way and in the Fama/MacBeth (1973)
framework. The results are compared with a regression, in which time independent
coefficients are assumed, and with non- and semiparametric regression estimates.

The major result is that the model proposed by Fama/French is extremely close
to the best nonlinear model involving beta and the two independent variables. Ad-
ditionally, it is shown in this paper that this nonlinear parametric model performs
better than models based on modern semi- and nonparametric estimators. In most
of the annual regressions, the coefficient of the book-to-market ratio has the expected
sign and is statistically significant. The coefficients of beta and size also have the
correct sign, but they are statistically not significient. This is also an interesting
new insight, since prior studies on the German stock market only focussed on size
and found a strong size-effect in risk-adjusted returns.

The Fama/French results may be interpreted as support for a more general cap-
ital asset pricing model, in which size and book-to-market ratio are proxies for
non-diversifiable risk and / or unknown risk variables. Unfortunately, the exact
functional form of this more general capital asset pricing model is not known. Thus,
the equation

E (Ry) = fi(betay, size,;, book-to-market,,) (1.1)
is the starting point of our analysis. Since theoretical arguments, whether such a
relationship should hold on a daily, monthly, quarterly, or annual basis, do not exist,
we use annual rate-of-return observations as a point of departure. Beta, size, and
book-to-market ratios are observed for each firm ¢ at the beginning of each calendar
year t, the rates of return Ry are calculated for the following year ¢ + 1. As the
structure of the relationship described in equation 1.1 may change over time, it is
natural to estimate the regressions separately for each year.



Since we cannot observe expected rates of return, we use actual rates of return as
dependent variable. The residuals may be interpreted as the deviations of the actual
returns from their expected values. In an efficient capital market these deviations
must have an expected value of 0. As a starting point we assume that the corre-
sponding errors are uncorrelated and homoscedastic with respect to firms. That is,
we start our analysis with the assumption

E(ei) =0, Var(ey) =07} (1.2)

where
€1 := Ry — fi(betay;, size,;, book-to-market,;)

In section 2, the methodology used is discussed in detail. In section 3, the em-
pirical results are presented. An analysis which considers possible time dependent
variances and correlations is beyond the scope of this paper. It requires the de-
velopment of additional statistical procedures and is an objective of our current
research.

2 Model Choice Methodology

One of the aims in analyzing time series of cross sectional data is to find a de-
scription of the dependence of a variable Y on other independent (explanatory)
variables Xi,..., X} which are suspected to have an influence on Y. This depen-
dence may be described by a regression function f(X7,..., X;) which is interpreted
as the expected value of YV for fixed values Xy,..., X (see equation (1.1)). As the
structure of this dependence could change (gradually or even suddenly) over time,
it is natural to estimate the regression separately at each time period ¢, using all
observations at ¢ to estimate the parameters in a convenient model. We propose to
estimate the regression function by the ATFR (Adaptive Time Dependent Fitting of
Regression Models) procedure of Bunke (1997), which systematically tries numerous
models of different forms and alternative transformations of the variables including
observations of neighboring time periods within a given time horizon.

We consider variables Xy, ..., X;, Y with the aim of identifying a dependence of

Y on some of the variables Xi,..., X, which have influence on Y. For each time
period t = 1,...,T we have observations
Xt = (Xvtis ooy X)), Y (2.3)

of these variables for firms indexed by 1 = 1,...,n;. We assume that for fixed X}
the observations Y;; are realizations of uncorrelated random variables which follow
a regression model

Vi = fi(Xu) + eu, (2.4)
E(ei) =0, Var(e;) = a;.

The regression functions f; and the variances o7 are unknown.

~ ATFR is a procedure for estimating the regression function f; by an estimate
ft based on fitting in each time period t the same semiparametric model M, using



observations of time period ¢ and possibly of neighbouring time periods ¢ +£ 1,¢ +
2,...,t £ r, within a "horizon” r. The model M and the horizon r are chosen by
cross-validation with the aim of a small average mean squared error in estimating
the regression function, that is by minimizing

T ne . 2
MSE = 23 B|f(Xa) — X (2.6)

t1 41

n = ;nt. (2.7)

The admitted values for the horizon r are r = 0 (only observations at ¢ are used for
fitting) and r = 1,2,...,r, where r, = min[t — 1,7 — t].

The admitted models are elements of a rich class of parametric, nonparametric
and semiparametric models. This class consists in 5 subclasses of models. Fach
model leads to corresponding estimates of regression functions f;.

1. Parametric estimators

We consider parametric models M of the form

Fur(alp) = T3 [py(Talwa), - Tl T1D)| (2.8)

where Ty, T, . .., T} are transformations from a conveniently chosen class 7; of trans-
formations and

pq(tl,...,tk;ﬂb) (2.9)

k k k
= bo+ Y by Tiltal+ Y. binTialtatal 4+ D by, Tieg i -1,

nl J1,J21 J1seensdql

is a nonlinear transformation of a polynomial of order ¢ in the variables #y,...,#
with T = (TOlTlv ceey Tk, T117 Tlg, ce ,Tkk, ceey T1~~~17 ce ,Tk...k), Til"'il € 7; Each
choice M = (T, p,) of transformations and of the polynomial p, of order ¢ deter-
mines a specific model M. Transforming 2.8 by Ty corresponds to a model for the
transformed dependent variable To[Y] which is linear in the parameter vector b.

The heuristical background of such a model is the approximation of the regression
of the variable Tp[Y] on the transformed independent variables T1[X1], ..., Tx[X%] by
a (possibly nonlinearly transformed) polynomial of order ¢q. The choice Ty = Ty =
oo =T, =Ty =+ =Ty, = I (identical transformation /[z] = ) is admitted in
7;, that is a direct approximation of the original dependent variable by a polyno-
mial in the original influential variables, but the possibility of alternative nonlinear
variable transformations may lead to a better approximation and consequently to
more accurate estimates of the regression. The classes 7T; consists of the identical
transformation I and the three standard transformations

1
aj

Tilas) = { Wnfe; + d;)/s;)] (2.10)

exp(c;z;)




The constants a;, ¢j, d; (see Bunke, Droge & Polzehl, 1995) have to be conveniently
chosen (possibly a; = d; =0, ¢; = 1), while

]tz Z X]tz

denotes the empirical variance of the variable X;. We remark that leaving out some
of the terms in the polynomial 2.9 leads to a lower dimensional parametric model.
In our model selection procedure we also admit a convenient hierarchical class of

such models (see Bunke, 1997).

(2.11)

£y

In the time period ¢ the model M = (T,q) is fitted by least squares using all
observations of the time periods t —r,t —r +1,....¢t,...,t + r, that is, minimizing

Supald) = 3 SV fulXalb)P (2.12)

Tt—r 11

with respect to b: )
SM,r,t(bM,r,t) — mbin SM,r,t(b)- (213)

2. Nonparametric kernel estimators

We also consider kernel estimates ftB’h (see Hardle, 1990) of the regression function
defined by a kernel function A and a bandwidth A and based on the observations of
the transformed variables T1[z4], ..., Tx[z] and of Y in the time periods t—r, ... t+r
within a horizon r.

We consider the following semiparametric extensions of the model 2.8.

3. Semiparametric estimates based on the additional estmation of a smooth link
function g

Furllb,g) = g [py(Talea]. ... Tklwnl: T1b)] (2.14)
The estimation is performed iteratively by a kernel method for g and by least squares
for the parameter b.

4. Estimates based on additive models
fu(zlg) = a(hifed]) + - + gi(T[ze])
Fg12(T 2], Tolxa]) + -+ + gro1 ke (Thet[wr—1], Thl2r])  (2.15)

where g1, g2, .. ., gk—1% are assumed to be smooth functions. Here we consider all hi-
erarchical models with interactions up to order 2. We remark that leaving out some
of the terms in 2.15 leads to models of lower complexity. In our model selection pro-
cedure we admit also a convenient hierarchical class of such models. The estimation
is done by backfitting (see Hastie & Tibshirani, 1990) and leads to estimates

fe = Fa(@lgnre). (2.16)

5. Partially parametric estimates
We consider the combinations of the models 2.8 and 2.15:

Fu(alb,g) = T3 [py(Ti[aa], - Tilenls TID)| + g (Ti[2a]) + -+ + ga(Tilwi)). (2.17)
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The estimation is done iteratively by backfitting and least squares.

If we select a certain model M or estimator in the above defined class and use
in the time period ¢ observations within a time horizon r to estimate the regression
function f; we arrive at an estimator ft, e.g. in the class 1. of parametric estimators

ft = fM($|[;M,r,t)7 M = (T7 Q) (218)

(or e.g. in the class 2. of kernel estimates ft = tB " with selected kernel K and

bandwidth #). The cross-validation criterion for such an estimator ft

1 T Tt

C= S - )P (2.19)

tl i1

is defined by the values of estimates ﬁ? of the regression function f; at X3;, where ﬁ?
is the estimator ft leaving out the observation (X, Yy). The criterion (2.19) is an
almost unbiased estimate of the MSE (2.6) (up to a term independent of the model
and the horizon). The adaptive regression estimate is given by a (M, ) minimizing
the cross-validation criterion (2.19).

The quality of the selected model and horizon (or of the bandwidth &), that is

of the estimator ft, may be also measured by a standardization of cross-validation
with values in the interval [0, 1]:

C(M, 7
B:B(Y,Xl,,Xk):l—%

with

This value has the same interpretation as a coefficient of determination and we call it
”cross-validated coefficient of determination”. In comparison to the usual coefficient
of determination R* but also to the ”adjusted coefficient of determination” (adjusted
by ”degrees of freedom”) the coefficient B takes directly into consideration the errors
committed in estimating the parameters for functions leading to the estimators ft.
Therefore it gives a more realistic evaluation of the quality of the corresponding
simultaneous selection of a model M and a horizon r.

The value B may be compared with the cross-validated coefficient of determi-
nation for any competitive model M and horizon r, e.g. a linear model M given

by
k
r) =) bjx;
i1

and r = 0, that is, fitting only with the observations of the corresponding time
period t. Such a comparison may be very useful to asses the goodness of some
modification M of the optimal model M which is especially simple, has only few
terms or parameters, or which has a better economic interpretation than M. This



model M will be acceptable if its cross-validated coefficient of determination is only
slightly smaller than the optimal one.

It is possible to assess separately the influence of each variable X; on the depen-
dent variable Y by the cross-validated partial coefficient of determination:

Bj = B(YvX]|X17--'7Xj—17Xj1 7"'7Xk) (220)
B Xi X = BY.Xo X, Xy X
=B, X1 X1 X1 00 Xn)

where B(Y, Xi,..., Xg) denotes the maximal value of B(Y, Xy,..., Xj), that is, the
cross-validated coefficient of determination for the optimal simultaneous choice of a
model (that is, of the estimator) and of a horizon.

X X

3 Empirical Results

In this study we use annual data for all non-financial German firms listed on the
Frankfurt stock exchange in the time period 1968-1990.! For each firm included in
the sample we calculated the annual rates of return on the firms common stocks, the
beta values (equity betas), the market value of the equity, and the market-to-book
ratio. The annual rates of return include dividends, stock splits, rights issues etc..
German stockholders not only obtain a cash dividend, but also a tax credit in the
amount of the corporate income tax on distributed profits, which is included in the
rate of return calculation. Thus rates of return are calculated from the perspective
of a German stockholder facing a marginal income tax rate of 0 %. In a first step,
monthly rates of return were calculated, which susequently were compounded. Betas
are normally based on the 60 monthly rates of return prior to the date to which they
are assigned. To obtain the market values of the equity of the included companies,
the market value of all outstanding common stocks were added, because in Germany
common stocks and preferred stocks are close substitutes. Similarly, the book-to-
market ratio was calculated. The number of data sets differs slightly from year to
year, the total number of observations is 3329. The independent variables are the
beta value 3, the market value MV and the book-to-market ratio B/M of a firm at
the end of year t. The dependent variable is the asset return R in the year ¢ + 1.

A good model is one that describes the regression function
EIR|B, MV, B/M] = f(3, MV, B/M) quite well in the sense of a large cross-validated
coefficient of determination. On the other hand, this model should not have too
many explanatory variables and a simple structure in order to have a sound eco-
nomic interpretation. Therefore, we have run the ATFR procedure for different
situations. We have chosen the polynomial order in the model 2.9 as ¢ = 3, but
additionally we limited the maximum number of terms in the model formula to 4
and 12, respectively. For these cases we selected (in the ATFR sense) best models in

IBanks and insurance companies are excluded because the typically have much higher debtequity ratios than
nonnancial rms which may eect the relationship among the variables we include in this study



the class M of parametric models using transformations with and without transfor-
mation constants a;, ¢;, d;, s;. That is, additionally to the case with transformation
constants we selected the model using the transformations

Ti[z] = =
Tylz] = é
] = exple)

Tylz] = In(x)

where the transformation T, for the dependent variable Y, was omitted because
of the frequent negativity of asset returns.? In this way we obtain four models.
The reason for this multiplicity is that we are interested in a simple model that
has a sound economic interpretation, which is better achieved by a model without
transformation constants. We obtained that the cross-validated coefficients of deter-
mination corresponding to these four models differ only very slightly. Additionally,
we compared these models for the time horizons r = 0,1,2. We get the "almost best
parametric model™

E Ry =b1g+ b + bs In(M Vi) + by In(B/My;) (3.1)

with the characteristics (averaged over all years)

model 3.1 model 3.2 best model

cross validation value 0.0849 0.0852 0.0844
coeflicient of determination 0.1056 0.0886 0.1129
cross-validated coefficient of determination 0.0482 0.0448 0.0538

and coefficients given in table 3.1. The selected best time horizon is 7 = 0 which
means that the best fitting procedure consists in estimating the coefficients solely with
the data of the corresponding year.

Table 3.2 contains the corresponding standard deviations.* It turns out that in
most of the years book-to-market is statistically significant at a 5 per cent level.
Table 3.1 analyzes the data also by the procedure suggested by Fama/MacBeth
(1973). Once performed the OLS [;1,7:, . ,1347,5 of the coefficients of the independent
variables beta, market value and book-to-market ratio, in a second step they analyze
the time series of these estimated coefficients. Following this procedure, it turns out
that only the book-to-market ratio coefficient is statistically significant at a 5 per
cent level (t-value = 2.91). A more quantitative evaluation by P-values is given in
the appendix.

The mean of the coefficients (written at the end of table 3.1) have the following
simple economic interpretation. If we increase the beta value of a firm from 1 to 2

2 Additionally we tted 1 R as dependent variable in order to include the transformation 7, in the model choice
procedure Thereby note that for small R it holds that In1 R~ R
3The best parametric model is

ER“‘ bl,t b2,tﬁti bgyt IHMV“‘ b47t lnB/M“ b57t IHMV“‘ lnB/Mt, bG,t ln{ﬁ“‘ IHMV“‘ lnB/M“}

4Signicance levels and standard deviations are calculated under the assumption of an adequate normal ho
moscedastic regression model 31



(which corresponds to a higher correlation of the rate of return of this firm with the
rate of return of the market portfolio), the rate of return of that firm (averaged over
all 23 years) increases by 1.77%. If we increase the market value from 10 million to
1 billion DM then the rate of return of the firm’s stock decreases by

0.011(In(1, 000, 000,000) — In(10,000,000)) = 0.0111n(100) = 0.051,

that is, it decreases by 5.1%. If we increase the book-to-market ratio from 1/2 to 1
then the rate of return of a corresponding asset increases by 4%.

The influence of the different variables is described by the corresponding partial
coefficients of determination

model (3.1) B In(MV) In(B/M)
partial coefficient of determination 0.0191 0.0331 0.0457
cross-validated partial coefficient of determination 0.0102 0.0212 0.0343

Recall that we choose this “almost best parametric model” because the best para-
metric model has a complex structure and does not allow a sound economic inter-
pretation.

As an alternative method to asses the influence of beta we fitted model (3.1)
without the independent variable (3:

Rn’ = bl,t —|— 62775 IH(M‘/M) —|— 63775 IH(B/M“) (32)

The characteristics of this model are given above in comparison with the character-
istics of model (3.1).

The coefficients of model (3.1) vary quite significantly over time. For a stability
analysis, we fitted model (3.1) for the data of all 23 years together, that is, we use
pooled data of all 23 years. The obtained results are given in the following table
(t-values in parentheses).

coefficient of Intercept 0.2818  (6.02)
coefficient of 3 -0.0053  (-1.29)
coefficient of In(MV') -0.0073  (-0.83)
coefficient of In(B/M) 0.0975  (9.23)
cross validation value 0.1234
coeflicient of determination 0.0278

cross-validated coefficient of determination 0.0248

As the cross-validated coefficient of correlation for these averaged data is small in
comparison with the averaged coefficient 0.0482, one could interprete this as that
there is a real time dependent structure, that means that the variations in the
coefficients are not only caused by random perturbations. The higher t-values for
the above model with pooled data in comparison with the t-values appearing in the
Fama/MacBeth procedure (see the last line of table 3.1) can be explained as follows.
In the latter case we admit different coefficients for each year. Thus we obtain a
time series of estimated coefficients which vary strongly over the different years. On
the other hand, in the pooled data model we force the coefficients to be constant

9



year Intercept 5 In(MV) In(B/M)
1968 0.8114* -0.0792 -0.0308 0.0884
( 5.0205) (-0.8401) (-1.7686) (L.7177)
1969 0.0677 -0.1511* -0.0058 0.0538%*
(0.6821) (-3.3534) (-0.6794) (2.1147)
1970 0.1214 0.1076 -0.0133  -0.0726*
(1.2415) (1.9574) (-1.3797)  (-2.3700)
1971 2.1086* 0.2127  -0.1554* 0.1971*
(6.6676) ( 1.3045) (-5.0036) (2.2808)
1972 0.0672 -0.0394 -0.0124 -0.0118
(0.6159) (-0.8332) (-1.2558) (-0.4512)
1973 -0.4825%* -0.0648  0.0437* 0.1204*
(-4.0819) (-1.4092) (4.1097)  (4.4362)
1974 -0.3582*%  0.1248*  0.0473* 0.1839*
(-2.5728) ( 2.0800) ( 3.8035) (4.9345)
1975 -0.0223 -0.0595 0.0051 0.1000%*
(-0.2089) (-1.2699) ( 0.5193) (3.2568)
1976 0.4359%* 0.0743 -0.0196 0.1207*
(3.1423) ( 1.1928) (-1.5250)  (3.0251)
1977 0.7663* 0.0871  -0.0526* -0.0001
(6.0182) (1.5865) (-4.5399) (-0.0020)
1978 0.0027 -0.0632 0.0000 0.0332
(0.0222) (-1.3580) (-0.0047) (0.9834)
1979 -0.1574 0.0025 0.0139  -0.0978*
(-1.1598) ( 0.0535) ( 1.1877) (-2.6434)
1980 -0.2517 -0.0206 0.0231 -0.0328
(-1.8259) (-0.4210) ( 1.9143) (-0.9595)
1981 0.1397 -0.0060 0.0057 0.0624
(0.8610) (-0.0985) ( 0.3928) (1.6471)
1982 0.3226 0.0995 -0.0023 0.1520%*
(1.6366) (1.6146) (-0.1336) (3.5788)
1983 0.5328%* 0.0384  -0.0324* 0.0731
(3.0610) (0.7268) (-2.1599) (1.6547)
1984 -0.2110 0.2479* 0.0418* 0.1526*
(-1.0802) ( 3.3296) ( 2.4920) (3.5123)
1985 0.0439  0.2239* -0.0153  -0.1773*
(0.1619) (2.1112) (-0.6519) ( -2.7319)
1986 0.3264* -0.0957  -0.0316* 0.0369
(1.8527) (-1.5597) (-2.0765) (0.9460)
1987  0.7774* 0.0386 -0.0235 0.1909*
(3.8514) (0.8810) (-1.4708) (5.1455)
1988 1.0019* -0.0210 -0.0306 0.0748
(3.0311) (-0.1894) (-1.1709) (1.0497)
1989 0.5366*  -0.2011* -0.0299 0.0187
(2.6106) (-3.1427) (-1.8814)  (0.4440)
1990 -0.2213 -0.0493 0.0221 0.0587
(-1.2837) (-0.8983) ( 1.6644) (1.8913)

mean 0.276 0.0177 -0.011 0.0576*
standard deviation 0.568 0.116 0.041 0.095
t-value 2.33 0.729 -1.276 2.916

Table 3.1: Coefficients of model 3.1 which is selected by the ATFR procedure (t statistics in
parenthesis). The values designed with * are significant at a 5 per cent level.
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year Intercept S In(MV) In(TOB)
1968 0.1616  0.0942 0.0174 0.0515
1969 0.0846 0.0451 0.0085 0.0255
1970 0.0978  0.0550 0.0096 0.0306
1971 0.3162 0.1630 0.0311 0.0864
1972 0.1091 0.0473 0.0099 0.0262
1973 0.1182 0.0460 0.0106 0.0271
1974 0.1392  0.0600 0.0124 0.0373
1975 0.1068 0.0468 0.0098 0.0307
1976 0.1387 0.0623 0.0129 0.0399
1977 0.1273  0.0549 0.0116 0.0392
1978 0.1209 0.0465 0.0102 0.0337
1979 0.1357 0.0476 0.0117 0.0370
1980 0.1378  0.0490 0.0121 0.0342
1981 0.1623 0.0605 0.0145 0.0379
1982 0.1971 0.0616 0.0175 0.0425
1983 0.1741 0.0528 0.0150 0.0442
1984 0.1953 0.0745 0.0168 0.0434
1985 0.2708 0.1060 0.0234 0.0649
1986 0.1762 0.0614 0.0152 0.0390
1987 0.2018 0.0438 0.0160 0.0371
1988 0.3305 0.1110 0.0262 0.0712
1989 0.2055  0.0640 0.0159 0.0422
1990 0.1724 0.0549 0.0133 0.0310

Table 3.2: Standard deviations of the estimated coefficients in model 3.1

over the whole period of 23 years. Thus, we neglect existing structural changes over
time. That is, in order to ensure a simple structure of the model, we use a wrong
model. Hence, the smaller t-values in the former case are more realistic than the
bigger ones in the pooled data case.

Note that model (3.1) gives a remarkable improvement in comparison with the
linear model

Fitting model (3.3) for each year we get the following characteristics (averaged over
all years).

cross validation value 0.0940
coeflicient of determination 0.0548
cross-validated coefficient of determination 0.0

For comparison, a semiparametric analysis was performed while estimating the op-
timal model from the classes My to M5, which are described in 2 to J, respectively.
The corresponding characteristics are
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C B R?

2. kernel estimator 0.0860 0.0359 0.1020
3. smooth link funktion 0.0870 0.0322 0.1120
4. additive model 0.0966 0.0 0.1023
5. semiparametric additive model 0.0929 0.0 0.1121

That is, the functional relationship between the stock returns R and the explanatory
variables 3, MV and B/M is well approximated by the obtained “almost optimal”
parametric model (3.1). Semiparametric modelling does not lead to better results,
because the nonparametric part seems to increase essentially the estimation error.
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Appendix

Usual and cross-validated coefficients of determination for each year of
model 3.1

year usual cross-validated
1968 0.08714 0.0278
1969  0.1469 0.1048
1970 0.0489 0.0
1971 0.2075 0.1058
1972 0.0375 0.0
1973 0.2205 0.1729
1974 0.2982 0.2607
1975 0.0764 0.0046
1976 0.0990 0.0384
1977 0.1348 0.0761
1978  0.0177 0.0
1979 0.0609 0.0049
1980  0.0385 0.0
1981  0.0203 0.0
1982  0.1138 0.0559
1983  0.0621 0.0
1984  0.2383 0.1886
1985  0.0723 0.0
1986  0.0864 0.0485
1987 0.189 0.1046
1988  0.0195 0.0
1989  0.1123 0.0540
1990  0.0406 0.0
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P-values of the estimated coefficients in model 3.1

The following table contains the p-values which are the probabilities that the absolute value of
the estimated coefficients is bigger than the corresponding t statistic. A p-value smaller than 0.01
corresponds to a significant regression coefficient at a 1 per cent level ("strongly significant”). A
p-value between 0.01 and 0.05 corresponds to a ”significant” coefficient and a p-value between 0.05

and 0.1 to a ”weakly significant” one.

year Intercept B In(MV) In(TOB)
1968 0.0000 0.4022 0.0790 0.0879
1969 0.4963 0.0010 0.4980 0.0362
1970 0.2165 0.0523 0.1699 0.0191
1971 0.0000 0.1942 0.0000 0.0241
1972 0.5390 0.4062 0.2112 0.6525
1973 0.0001 0.1610 0.0001 0.0000
1974 0.0111 0.0394 0.0002 0.0000
1975 0.8348 0.2062 0.6043 0.0014
1976 0.0020 0.2350 0.1295 0.0030
1977 0.0000 0.1149 0.0000 0.9984
1978 0.9823 0.1767 0.9963 0.3271
1979 0.2481 0.9574 0.2370 0.0092
1980 0.0701 0.6744 0.0577 0.3390
1981 0.3907 0.9217 0.6951 0.1018
1982 0.1040 0.1087 0.8939 0.0005
1983 0.0027 0.4686 0.0325 0.1003
1984 0.2820 0.0011 0.0139 0.0006
1985 0.8716 0.0365 0.5155 0.0071
1986 0.0659 0.1209 0.0396 0.3457
1987 0.0002 0.3799 0.1436 0.0000
1988 0.0029 0.8501 0.2436 0.2956
1989 0.0100 0.0020 0.0619 0.6577
1990 0.2014 0.3706 0.0983 0.0607
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