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ABSTRACT
Strong empirical links exist between the number of years spent schooling and earnings. How-
ever, the relationship may be masked due to the effect of unobserved factors that influence 
both wages and schooling. Two of the main econometric models, namely fixed-effects and se-
lection-effects, used to analyse returns to schooling were compared using monozygotic and di-
zygotic twins’ datasets in Ghana. The efficiency of the models was assessed based on the stan-
dard errors associated with the return to schooling estimates. Goodness of fit measures were 
used as a basis for comparison of the performance of the two models. The results revealed that 
based on their standard errors, the regression estimates from the selection effects model (MZ 
= 0.1014±0.0197; DZ = 0.0947±0.0095) were more efficient than the regression estimates 
from the fixed-effects model (MZ = 0.1115±0.0353; DZ = 0.082±0.0127). However, the AICc 
values of the fixed effects model (MZAICc = 57.8 and DZAICc = 105.4) were smaller than the 
AICc values of the selection effects model (MZAICc = 151.6 and DZAICc = 221.6). Findings from 
the study indicate that, although, both models produced consistent estimates of the economic 
returns to schooling, the fixed effects model provided a better fit to the twins’ data set.

Keywords: Returns to schooling, fixed effects model, selection effects model, ability bias, 
twins.

Introduction
Education plays a central role in modern la-
bour markets and is fundamental in promoting 
economic development and growth. Empirical 
evidence has over the years shown that an in-
crease in workers’ educational level improves 
their human capital, increasing the productiv-
ity of these workers and the economy’s output 
(Canals, 2017; WEF, 2016). One of the most 
important economic decisions that individuals 
and policy makers are confronted with is how 
much to invest in education in order to improve 
the quality of life of people. Evidence shows 
that, on average, each additional year of edu-
cation boosts a person’s income by 10% and 
increases a country’s GDP by 18% (UNICEF, 

2015; Montenegro & Patrinos, 2014).                                                                                                                                         
Typically, the economic value of invest-

ment in education has been estimated in terms 
of rates of return (Orhan, 2010). The concept 
of the “rate of return to schooling” has been 
the subject of continued interest for over fifty 
years in economics and statistics, and quan-
tifying the returns remains an open question 
(Broome, 2012). This is because the empirical 
link between education and earnings may be 
confounded due to the effect of unobserved 
factors related to schooling and earnings and 
failing to account for these factors may result 
in a biased estimate of the rate of return to 
schooling. The difficulty in untangling the in-
fluence of education on earning outcomes lies 

GJS is an Open Access Journal and distributed under the terms of the 
Creative Commons (CC) License [CC BY 4.0]

https://dx.doi.org/10.4314/gjs.v61i1.2Ghana  J. Sci. 61 (1), 2020,  15 - 30

brought to you by COREView metadata, citation and similar papers at core.ac.uk

provided by AJOL - African Journals Online

https://core.ac.uk/display/478333671?utm_source=pdf&utm_medium=banner&utm_campaign=pdf-decoration-v1


GHANA JOURNAL OF SCIENCE VOL. 6016

in the fact that an individual’s decision 
about their education is potentially related to 
their unobserved abilities, tastes or social in-
fluences and, in turn, these unobserved quali-
ties have an impact on the individual’s earning 
(Heckman, 2010; Broome, 2012). 

A number of empirical methods have 
been adopted by economists and statisticians 
to estimate the rate of return to schooling and 
notable among them is Mincer’s 1974 human 
capital model. Studies using Mincer’s model 
usually report standard estimates of the return 
to a year of schooling in developed countries 
of 8-10%, with higher estimates for devel-
oping countries and low levels of schooling 
(Krueger & Lindhl, 2001; Psacharopoulos, 
1994). However, in spite of its wide-rang-
ing applications, the model’s simple estima-
tion using the Ordinary Least Squares (OLS) 
technique may be biased due to the presence 
of unobserved ability. The differences in the 
average earnings of workers with different 
levels of education may partly reflect the in-
herent differences in unobservable character-
istics (Willis & Rosen, 1979; Griliches (1977). 
For example, some evidence for South Africa 
suggests that OLS estimates of the returns to 
schooling are likely to suffer from a significant 
bias due to omitted variables, especially from 
the omission of ability measures (Hertz, 2003; 
Case & Yogo, 1999). Consequently, when the 
unobserved ability differences among workers 
are correlated with their levels of education 
(popularly known as ability bias), relying on 
OLS estimates for the average individual will 
not be enough to make informed decisions on 
the percentage of earnings associated with ac-
quiring more education. As specified by Kay-
mak (2009), it is not clear whether the rising 
earnings ratio between more educated workers 
and those with less education reflects a higher 
return to formal education or a larger ability 
bias. The distinction he indicates is essential 
for human capital policy. 

“Ability bias” may bias upwards the ob-
served returns to schooling because high-abil-
ity people find it easier to take on more educa-
tion or bias downwards the observed returns 
to schooling if low-ability people compensate 
by completing more education (Leigh & Ryan, 
2008). The problem of ability bias arises basi-
cally from the fact that people with high ability 
are more likely to pursue more schooling be-
cause they are more academically capable and 
will therefore benefit more from studying and 
are more likely to earn more money (Bonjour 
et al., 2002).  Failing to control for ability bias 
therefore, will cause the earnings-education 
regression model to attribute all wage differ-
ences to schooling and none to ability and this 
will ultimately lead to an overestimate of the 
effect of an additional year to schooling. It is 
important therefore, to control for ability bias 
in order to have a better understanding of the 
“true”, unbiased returns to education.

Among the recent approaches that have 
been proposed for addressing the problem of 
ability bias are the Fixed Effects (FE) and the 
selection-effects models on a sample of twins.  
‘Twins’ studies exploit the idea that it is possi-
ble to estimate the “true” effect of schooling on 
earnings by comparing the earnings received 
by twin pairs who obtain different amounts 
of schooling, but are assumed to have similar 
ability levels. Identical twins are assumed to 
have the same inherent ability and share the 
same family background and non-identical 
(fraternal) twins share on average, 50% of their 
inherent ability and if reared together will have 
a common family background (Miller et al., 
1995). By comparing the results from identical 
twin pairs and fraternal twin pairs, it is possi-
ble to separately parse out the components of 
ability bias that are due to genetic character-
istics and family background (Leigh & Ryan, 
2008). While, the fixed-effect approach relates 
the differences in the earnings of a set of twins 
to differences in characteristics of the same 
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individuals in a regression framework, the se-
lection effects model (Ashenfelter & Krueger, 
1994) alternatively incorporates unobservable 
family effects in the earnings equation and the 
unmeasured family effects are modelled as de-
pending on the educational accomplishments 
of each twin member (Miller et al., 1995). 
Yet, amongst these two models, it is essential 
to compare their relative performance, given 
a common data set to obtain robust or consis-
tent and unbiased rates of return to schooling 
estimates. The best model should be able to 
effectively reduce or eliminate the unobserved 
differences that bias a cross-sectional relation-
ship between education and earnings in order 
to obtain a “true” or “pure” return to schooling. 
In a study on returns to schooling, Nakamuro 
& Inui (2012), employed the fixed-effects and 
the selection effects models by making use of 
data from a sample of twins in Japan to con-
trol for ability bias in returns to schooling es-
timates. Their findings indicate that the OLS 
estimate of the return to schooling (10%) is 
about twice that of the fixed effect (FE) and 
generalised least squares (GLS) estimates of 
between 4.5 and 5.4%, suggesting that their 
standard OLS estimate is upward biased. 
However, the within-twin pair differences in 
their FE and GLS rate of return to schooling 
estimates were less than 1%. According to a 
1999 study by David Card, studies of identical 
twins suggest that standard OLS estimates of 
education’s returns are ability-biased upward 
by 10%. Similarly, Taubman (1976), exam-
ined within-pair differences in annual earn-
ings and schooling among male twin veterans 
in the NAS-NRC dataset and found evidence 
of substantial upward ability bias in tradition-
al cross-sectional estimates of the returns to 
schooling. His estimates decreased from 8.8 
to 4.8% when the OLS regression and the 
fixed-effects models were compared, suggest-
ing that the OLS estimate is biased upward by 
the omission of family and ability effects. In 

another related study, Behrman et al. (1977), 
analysed data from a sample of male World 
War II veteran twins and observed that, of the 
overall rate of return to schooling of 8%, about 
2.7% could be attributed to schooling, 3.2% to 
genetic factors and 2.1% to shared family en-
vironment. This is a confirmation that genetic 
and family factors explain a portion of the ef-
fect of education on earnings. 

Contrary to these findings, empirical 
evidence from studies using a sample of young 
twins from Ohio in the United States and Aus-
tralia by Ashenfelter & Krueger (1994); Miller 
et al. (2006, 1995) indicate that estimates of 
the rate of return to schooling obtained using 
conventional models such as OLS regression 
model are similar to that of either the fixed-ef-
fects or the selection effects models. Accord-
ing to a study on the return to an additional 
year of schooling for identical twins in the US 
labour market, Ashenfelter & Krueger (1994) 
concluded that family and genetic effects 
make virtually no contribution to the returns 
to schooling. Bound & Solon (1999) and Neu-
mark (1999) however, suggest that Ashenfelter 
& Krueger’s (1994) findings may stem from 
ability differences between twins that are not 
removed in the fixed effects model, and from 
between-twin’s differences in schooling that 
are chosen endogenously (Miller et al., 2006). 
Notwithstanding, Miller et al. (2006) found out 
from their selection effects model estimates 
that, family background and genetic factors 
account for around one-half a percentage point 
of the total return to education of between 6.5 
and 7% and genetic factors account for a fur-
ther one-half of a percentage point. 

This study seeks to compare two econo-
metric models of the return to an additional 
year of schooling, highlight their strengths 
and weaknesses and discuss how these factors 
might relate to obtaining a consistent and un-
biased estimate of the return to an additional 
year of schooling. We hope the findings will be 
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able to provide an appropriate basis for 
further empirical research. 

The objectives of this study are, there-
fore, (i) to estimate the returns to education 
using the twins fixed-effects approach and 
selection-effects approach, (ii) to compare the 
efficiency of the regression estimates and the 
performance of the fixed-effects model and 
the selection-effects model (iii) to assess the 
robustness of the estimates of the returns to 
schooling to the choice of estimating model 
and (iv) to provide an overall view of the rel-
evance of standard estimates of rates of return 
to schooling for education policy and linking 
this policy to labour market outcomes.

Experimental 
Survey data                                                                                                                                            
 In the absence of a national twins’ database 
in Ghana, the study used data from a labour 
market survey, which was carried out by a 
team of five questioners in December 2007 
and January 2008 in three cities in Ghana, 
namely Accra, Kumasi and Takoradi. Based 
on a modification of existing twins’ question-
naires by Ashenfelter & Krueger (1994) and 
others, the survey covered a unique and rich 
source of information on the socio-econom-
ic characteristics (age, gender, marital status, 
earnings, education, family background char-
acteristics such as sibling education, father’s 
and mother’s education etc.) of ‘twins’ in Gha-
na. Questionnaires were administered through 
face-to-face personal interviews to gainfully 
employed adult twins aged between 18 and 65. 
Twins were identified through various chan-
nels including twins registered at the twin’s 
clubs, various work places, markets, shops, 
colleagues, friends, relatives, and households. 
Overall, these channels permitted a roughly 
equal probability of contacting most of the 
twins in the three cities. In Kumasi 404 re-
spondents were identified, whereas in Accra 
and Takoradi a total of 96 respondents were 

identified. Altogether, 500 respondents were 
identified. Fifty percent (50%) of twins iden-
tified were randomly selected and interviewed 
giving a total of 250 respondents made up of 
125 twin pairs. Out of the 250 respondents, 
144 individuals were dizygotic (DZ) twins and 
106 were monozygotic (MZ) twins. Data anal-
ysis is performed using three samples of twins 
(Pooled, Monozygotic and Dizygotic) to con-
trol for genetic and other family background 
unobserved factors in the rate of the economic 
return to schooling.

Models for estimating the returns to schooling 
- statistical approach                                                     
The association between educational attain-
ment and annual earnings were investigated 
using the ordinary least squares, fixed-effects 
and the selection-effects estimating equation 
models. STATA 14.0 (StataCorp LP, 2015) 
programmes were used to analyse the data. 

Ordinary Least Squares (OLS) regression 
model
The Ordinary Least Squares regression model 
in this study was based on the human capital 
model by Mincer (1974). In Mincer’s model, 
the natural logarithm of earnings is expressed 
as a linear function of years of schooling and a 
quadratic function of potential experience:
                                                          

iiiii XXSLnY εββββ ++++= 2
3210   (1)

where LnYi is the natural logarithm of the ob-
served earnings for individual i, β0is a constant 
term, Si is the number of years of schooling for 
individual i and β1 is the average rate of return 
to one additional year of schooling, 2

iσ poten-
tial experience (age and its square) of the indi-
vidual worker i which is entered in linear and 
quadratic forms, ε is assumed to be normally 
distributed with mean zero and variance 2

iσ
. 
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Fixed-effects model
The return to education was estimated based on 
a linear model by Chamberlain (1982) which 
has also been frequently used in the twins’ lit-
erature as the “within-twins” model (Ashen-
felter & Krueger, 1994; Ashenfelter & Rouse, 
1998). In this model, the difference in the earn-
ings between two twins in a pair is related to 
differences in the educational attainment and 
other observable characteristics of each twin. 
This fixed effects model provides an estimate 
of the impact of education on the outcome 
variable which is not biased by the omission of 
family background variables (Miller, Mulvey 
& Martin, 1995). The earnings equations for a 
pair of twins are specified as follows: 

ijiiiLnY 222 εµβα ++Ζ+Χ=
          

                       (2)

ijiiiLnY 222 εµβα ++Ζ+Χ=
       

                       (3)
where, LnY ji  (j = 1, 2) represents the natural 
logarithm of the earnings of both twins in the 
pair. These earnings are assumed to depend 
on an unobservable component that varies by 
family, µi, observable components, such as age 
and gender (difference is 0 in each pair of twins 
except for dizygotic twins), that vary by fam-
ily but not across twins, Zji , observable com-
ponents, such as schooling and marital status, 
that may vary across the twins in a pair, Zji (j = 
1, 2), unobservable individual components, Ɛ1i 
and Ɛ2i which are assumed to be independent 
of Zji  and µi . The terms  β  and β  are the 
common intercept and the return to education 
respectively.
In order to estimate the return to schooling ef-
ficiently, the difference between equations (2) 
and (3) are taken and both the observable and 

unobservable family effects (i.e., iX and iµ ) 
are eliminated resulting in the first differenced, 
or fixed-effects model. This is specified as:

iiiiii ZZLnYLnY 212121 )( εεβ −+−=−    ( 4 )  

        The fixed-effects model is estimated by 
the Ordinary Least Squares (OLS) method. 
The within-pair difference in earnings is re-
lated to differences in observable components 
that vary across the twins in a pair. The major 
feature of the fixed effects model is that ge-
netic resemblance and common environment 
influences are reduced or eliminated.

Selection-effects model 
Although the fixed effects model provides a 
simple and intuitive framework for estima-
tion, it does not allow us to directly estimate 
the correlation between the unobservable fam-
ily effects and schooling. It is this correlation 
which may cause usual estimates of earnings 
equations to suffer omitted variables bias. 
The “selection effects” model, introduced by 
Ashenfelter & Krueger (1994), does allow 
explicit consideration of the correlation with 
unobservable family effects in the earnings 
equation. If the correlation between the unob-
servable family effects µi  and the observables 
is:

  iiiij ZZ ωδγγµ +Χ++= 21   (5)
where, the common γ shows that the correla-
tion is the same with each twin’s observables, 
and ωi  is an uncorrelated, random error, then 
substituting the µi  term into (2) and (3) results 
in equations (6) and (7):

iiiiiLnY 2212 ][][ εγβγδα ′+Ζ++Ζ+Χ+=  (6)

and

iiiiiLnY 2212 ][][ εγβγδα ′+Ζ++Ζ+Χ+=   (7)
      

where, iii 11 εωε +=′ and 212 εωε +=′ ii .
                                                                                                                                                                   
The selection-effects model is estimated by 
the feasible generalised least squares (FGLS). 
FGLS estimates are the seemingly unrelated 
regression method (Zellner, 1962). We use 
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FGLS to increase efficiency by exploiting 
cross-equation restrictions and to ensure cor-
rect computation of sampling errors.

In this framework, the coefficient on 
the co-twin’s observable characteristics γ  
provides an estimate of the impact of family 
effects (Miller, Mulvey & Martin, 1995) (i.e., 
the earnings of twin 1, depends on the ob-
servable characteristics of the other twin, Z2i 
because those co-twin characteristics act as 
an indicator of the unobserved family back-
ground that is common to the two twins). The 
estimated coefficients on own-education are 
comprised of two parts [β + γ]  , where β cap-
tures the returns to schooling and γ captures 
the effect due to family unobservable charac-
teristics. Ordinarily, these two effects cannot 
be untangled, so the estimated coefficient will 
be a biased estimate of β  unless γ = 0. The 
coefficient on the co-twin’s educational level 
can be subtracted from the coefficient on the 
own-education variable to derive an estimate 
[ ] γγβ −+ of the pure effect of schooling for 
monozygotic twins, or of the effect of school-
ing biased by the omission of a direct measure 
of ability for dizygotic twins (Miller, Mulvey 
& Martin, 1995).

Model Selection and Inference 
Measures of goodness of fit statistics: the 
corrected Akaike information criteria (AICc) 
(Hurvich & Tsai, 1989), the Bayesian infor-
mation criterion (BIC) (Schwarz, (1978), and 
the likelihood ratio test were used to establish 
model credibility and confidence. The formu-
lae for goodness of fit statistics are as follows:

( )
1
122)log(2
−−
+

++−=ΑΙ
kn
kkkLCc , and  

         (8)

( )nkLC log)log(2 +−=ΒΙ                                                           (9)  
where, n is the number of observations, k is the 
number of model parameters and - 2 log (L)  is 

the model log-likelihood estimate.
The likelihood ratio test (LRT) which is 

presented as the difference in the log likeli-
hoods was also used to compare the goodness 
of fit of the fixed-effects and selection-effects 
models. The likelihood ratio test is

( )
( )se

fe

l
l
β
β

τ =      
                  (10)
Under the null, 

( ) ( ) ( )}ln{2ln2 fese llLRT ββτ −=−=  (11)
          
The test is chi square distributed. Standard er-
rors denoted as

were also used to evaluate the efficiency of the 
regression estimates. The STATA 14.0 statis-
tical and economic software was used for the 
data analysis. The post-estimation procedure 
of STATA 14.0 reported goodness of fit statis-
tics (e.g., AICc, BIC and -2LL).   

Results
Descriptive statistics 
Summary descriptive statistics of monozygot-
ic and dizygotic twins are presented in Table 
1. On average, the twins had almost 13 years 
of education (Table 1). This indicates that a 
good number of the twins in this study did 
not have very high educational qualifications. 
MZ twins have 14 years of education, which is 
about three extra years of education on aver-
age than DZ twins (Table 1). On average, DZ 
twins were almost 2 years older than MZ twins 
(Table 1). Monozygotic twins earned more on 
average than DZ twins, a difference of about 
460 US dollars (Table 1). This might probably 
be due to the fact that MZ twins in this study 
were more highly educated than DZ twins.

SE
n

SE σ
=
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TABLE 1                                                                                                                                            
Descriptive Statistics of Selected Variables: Sample of Twins in Ghana

Variable

Means and Standard Errors

Pooled sample Monozygotic twins Dizygotic twins

Own education (years) 12.576
(0.343)

14.009
(0.535)

11.521
(0.427)

Co-twins education (years) 12.692
(0.345)

13.840
(0.550)

11.847
(0.429)

Male (proportion) 0.488
(0.032

0.509
(0.049)

0.472
(0.042)

Age (years) 32.816
(0.649)

31.887
(0.905)

33.500
(0.907)

Married (proportion) 0.432
(0.031)

0.321
(0.046)

0.514
(0.042)

Log of annual income GH¢7.184  (0.054) GH¢7.368 
(0.084)

GH¢7.049
(0.068)

Sample size 250 106 144

Note: Standard errors in parentheses below the means. Average exchange rate of GH¢0.94 to the 
US dollar prevailing in June 2007.

Ordinary Least Squares (OLS) estimates of the 
returns to schooling
Twins studies of the returns to schooling typ-
ically begin with OLS estimates as a way of 
replicating conventional cross-sectional es-
timates.  A benchmark set of results of the 
OLS regressions using the pooled, MZ and 
DZ twins’ data are set out in Table 2. The re-
sults for the pooled sample of twins showed a 
strong and positive association between earn-
ings and education for the pooled, MZ and 
DZ twins (Pooled = 10.1%; MZ = 9.4%; DZ 
= 10.4%, p < 0.0001) and also revealed that 
the return to schooling was quite high accord-
ing to average world estimates. However, OLS 
return to schooling estimates for MZ twins, 
were smaller than that of DZ twins. Average 
occupational earnings also increased with age 

(0.05, p = 0.028) and this result was statistical-
ly significant at 5% level indicating that expe-
rienced workers earn more as productivity-re-
lated skills are improved. Male workers were 
found to be at a substantial 10.3% earnings ad-
vantage compared with female workers for the 
pooled sample of twins (Table 2). Although, 
the effect of the proportion of married twins on 
earnings was negative, it was however signif-
icant (-19.4%, p < 0.05), indicating that being 
married does not guarantee an individual an 
increase in earnings. Education, potential ex-
perience, gender, and marital status explained 
about 49% of the variance (R-Squared) in the 
log annual earnings for all twins (Table 2). This 
indicates that about half of the variance in the 
OLS regression model may be attributable to 
other factors such as family background (e.g., 
parental education and income) and unobserv-
able genetic traits. 
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TABLE 2                                                                                                                                                    
OLS estimates of Equation (1) for Pooled, MZ and DZ Twins

Parameter Pooled MZ DZ

Intercept 4.8132***
(0.4094)

4.0642***
(0.6553)

5.5757***
(0.5228)

Years of Schooling 0.1014***
(0.0074)

0.0943***
(0.0107)

0.1038***
(0.0104)

Age 0.0515**
(0.0233)

0.0936**
(0.0363)

0.0078
(0.0302)

Age squared -0.00049
(0.0003)

-0.00083*
(0.00048)

-0.000036
(0.00039)

Male 0.1033
(0.0777)

0.030069
(0.1185)

0.2102
(0.1023)

Married -0.1936**
(0.0789)

-0.2634**
(0.1215)

0.1457
(0.1020)

R2 0.4913 0.5542 0.4636

N 250 106 144

Note: **=p < 0.05, ***=p < 0.001. Standard errors in parentheses below means 

Fixed-effects analysis
A regression of the within-twin difference in 
earnings on the within-twin difference in ed-
ucation levels (i.e. fixed effects estimate) was 
estimated for the MZ and DZ twins’ sam-
ples.  The results in columns 3 and 4 of Table 
3 corresponds to fitting equation 4 under the 
Materials and Methods Section using the Or-
dinary Least Squares (OLS) estimator. These 
are the results where unobserved and family 
characteristics such as innate ability and fami-
ly background shared by twins are differenced 
out. Estimates of the return to schooling in this 
study revealed that the “true” impact of educa-
tion was 11% and 8% for MZ and DZ twins’, 
respectively (Table 3). These estimates are 
also highly significant (p < 0.0001) suggesting 
that an additional year of schooling increases 
an individual’s earnings on average by about 
8% or 11%.  It is however noted that, the fixed 
effect estimate of the return to schooling for 
MZ twins was about three percentage points 
higher than the estimate for DZ twins (Table 

3). This difference may be due to the explicit 
control for both ability and family background 
in the estimations for MZ twins, but only for 
family background in the estimations for the 
DZ twins who share 50% of genes and were 
reared together.                                                                                                               

Using the fixed effects approach to ad-
dress the problem of ability bias in returns to 
schooling, the OLS estimates for the returns 
to schooling for MZ and DZ twins in Table 
2 were compared with the fixed effects OLS 
(FEOLS) estimates in Table 3. The results re-
vealed that the OLS return to schooling esti-
mate was less than the fixed-effects OLS es-
timate for MZ twins by about 0.02% points, 
indicating a downward ability bias to the OLS 
estimate. The return to schooling for MZ twins 
increased by almost 15% in the fixed effects 
regression model and remained highly signif-
icant (p < 0.01). The results further revealed 
that the constant term of the fixed effects OLS 
regression was significant (p < 0.05), indicat-
ing the presence of unobservable fixed effects. 
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This is a confirmation that OLS squares re-
turns to schooling for MZ twins may be bi-
ased. On the other hand, OLS return to school-
ing (10.4%) for DZ twins (Table 2) was higher 
than the fixed effects OLS estimate (8.2%, 
Table 3), indicating an upward ability bias to 
OLS estimate for DZ twins.  This positive abil-
ity bias suggests that higher ability individuals 
invest more in schooling and also have higher 
earnings.

Selection-effects analysis
Estimates from the selection effects model 
using the model proposed by Ashenfelter & 
Krueger (1994) are also presented in Table 3. 
This alternative model provides a means for 
assessment of the robustness of the findings 
obtained from the fixed-effects model. The re-
sults in Table 3 correspond to fitting equations 
(6 and 7), under the Materials and Methods 
Section, using the feasible generalised least 
squares (FGLS) estimator. These are the re-
sults that include the sibling’s education level 
as an additional regressor to control for any 
“family” effects that affect the absolute level 
of earnings in each twin’s wage equation. The 
coefficient of this variable is a measure of the 
selection effect, (γ ). These estimates take ac-
count of the cross-equation restrictions appar-
ent in Equations (6 and 7), which can directly 
estimate both the return to education and the 
ability or family background effect. 

Based on the selection effects model 
and using the FGLS estimator, the education 
coefficient which comprises of the returns 
to education and the family effect or ability 
[β + γ], the results revealed that, for each 
additional year of schooling, the rate of return 
to schooling for MZ twins was large (10.1%, 
p < 0.05, Table 3). The results in Table 3 also 
show that the coefficient (γ = -0.007; p>0.05)   
on the co-twin’s educational attainment was 
negative and not significant. This coefficient 
is the estimated ability or family effect and 

also provides an estimate of the correlation 
between the education levels of the twins 
and the unobserved family background effect 
(residual). The negative coefficient (selection 
effect) is an indication that ability or family 
effects are either negligible or uncorrelated 
with educational decisions for MZ twins.  The 
negative effect also suggests that using the MZ 
twins sample, the better educated families may 
receive a slightly lower benefit to education. 
This result also implies that a regression 
estimator of the returns to schooling that 
does not adjust for the selection effect might 
be downward biased. Average occupational 
earnings also increased with age and was 
statistically significant (p < 0.05) indicating 
that experienced MZ twin workers earn more 
as productivity-related skills are perfected. 
The results further revealed that, the effect 
of socio demographic characteristics such as 
gender (i.e., male or female) and marital status 
(i.e., married) on earnings of MZ twins was 
not significant (p>0.05, Table 3).

Results from the FGLS estimation 
showed that the return to an additional year 
of schooling for the DZ twins was 9.5% and 
also highly significantly (p < 0.05, Table 3).  
This estimate is however about 0.6 percent 
points lower than that of the MZ twins. The 
results also showed that the selection effect 
for DZ twins was small (0.02%) but positive 
(Table 3). Contrary to the results of the selec-
tion effect for MZ twins, the highly educated 
families of DZ twins were those who would 
be the most highly compensated in the labour 
market (i.e., highly educated DZ twins would 
receive higher returns to schooling). This re-
sult also implies that a regression estimate of 
the returns to education that is not adjusted for 
the selection effect may be upward biased for 
individuals that are not genetically identical. 
The effect of an additional year of schooling 
using the selection effects model was highly 
(p < 0.05) significant for male DZ twins, how
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ever, age and subsequently experience 
did not have any significant impact on earn-
ings. 

The structural or net effect of school-
ing which is given by the coefficient on own 
years of education minus the coefficient on 
sibling’s years of education in the selection 
effects model was estimated to be about 11% 
for MZ twins (Table 3).  This was achieved by 
subtracting the coefficient (-0.007) of the co-
twin’s educational attainment from the struc-

tural estimate (0.1014) of the return to school-
ing that controls for omitted variables bias (i.e. 
the coefficient on the own education variable). 
The net effect of schooling (0.1115) was sim-
ilar to the fixed effects schooling estimate for 
MZ sample of twins (Table 3). This estimate of 
the net effect of schooling gives an indication 
of the robustness of the selection effects mod-
el. A similar trend was also observed for DZ 

twins in the selection effects model. 
TABLE 3                                                                                                                                                                

Estimates of Twins Models of Log Annual Earnings
Monozygotic Twins Dizygotic Twins

Variable Selection effects Fixed effects Selection effects Fixed effects
Intercept 5.0683***

(0.3695)
0.1146**
(0.0538)

5.500***
(0.2772)

0.0602
(0.0599)

Own Education 0.1014***
(0.0197)

0.1115***
(0.0353)

0.0947***
(0.0095)

0.0820***
(0.0127)

Co-twin’s Education -0.0071
(0.0197)

0.0160
(0.0096)

Age 0.0321***
(0.0099)

0.0038
(0.0071)

Male -0.0301
(0.1649)

0.2181***
(0.0689)

Married -0.0969
(0.1689)

0.0215
(0.1243)

R2 0.3908 0.1664 0.4505 0.3768
N 106 53 144 72

Note: **=p < 0.05, ***=p < 0.001. Standard errors in parentheses below means 

Model Efficiency and Comparison - Goodness 
of fit Statistics
The results in Table 3 also show the standard 
errors associated with the return to schooling 
estimates. The standard errors of the return to 
schooling estimates obtained using the FGLS 
equations (MZ = 0.0197; DZ = 0.0095) were 
lower than the standard errors obtained us-
ing the fixed-effects OLS estimations ((MZ 
= 0.0353; DZ = 0.0599), Table 3). In other 
words, FGLS coefficients were seemingly 

more accurate and offered better estimates. 
This confirms the fact that FGLS estimates im-
prove the efficiency of regression estimates by 
exploiting cross-equation restrictions and en-
suring correct computation of sampling errors.
To select the best fitting model which is able to 
effectively reduce or eliminate the unobserved 
differences that bias a cross-sectional relation-
ship between education and earnings, the fixed 
effects and selection effects models were com-
pared using three measures of goodness of fit 
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statistics namely, the Akaike information cri-
terion with a correction for small sample siz-
es (AICc), the Bayesian information criterion 
(BIC) and the likelihood ratio test (LRT). The 
AICc, BIC and the log likelihood function are 
calculated for both the fixed-effects and the 
selection effects model and the results are pre-
sented in Table 3. The results revealed that the 
AICc values of 57.8 and 105.4, for MZ and DZ 
twins respectively in the fixed effects model 
were smaller than that of the selection effects 
model (MZ = 151.63; DZ = 221.59). Based 
on the concept that ‘smaller AICc values are 
better when comparing two or more models’, 

the smaller AICc values in the fixed effects 
model suggest that for both sets of twins the 
fixed effects model effectively controlled for 
unobserved factors such as genetic ability and 
family background than the selection effects 
model. A similar pattern was also observed us-
ing the BIC and log likelihood values for both 
MZ and DZ twins. The smaller AICc, BIC and 
loglikelihood values of the fixed-effects model 
is a clear indication that it is the best fitting 
model in this study. The likelihood ratio test 
however, indicated that both models were not 
statistically different (p>0.05) from each other, 
(Table 4).

TABLE 4                                                                                                                                                                                                                                                            
Goodness of Fit Statistics of Fixed-effects and Selection-effects Models

Diagnostics
Monozygotic Twins Dizygotic Twins

Selection Effects Fixed Effects Selection Effects Fixed Effects

AICc 151.6307    57.79685    221.5855    105.3938    
BIC 161.4821 67.64831 232.9688 116.7771
-2LogLikelihood -70.81533      -23.89843      -105.7927      -47.6969      
LRT χ2(4) -93.40,  Prob > chi2 =    1.0000 -110.34 , Prob > chi2 =    1.0000
N 106 106 144 144

Discussion
We provide returns to schooling estimates for 
both MZ and DZ twins in Ghana using regres-
sion models and data that account for unob-
servable differences in returns to schooling. 
Furthermore, we compared the performance 
of the fixed-effects and selection-effects mod-
els based on the informational efficiency of the 
two models and assessed the robustness of the 
returns to schooling regression estimates. The 
returns to schooling are thus discussed under 
the following headings (i) Returns to educa-
tion using the twins fixed-effects approach 
and selection-effects approach, (ii) Robustness 
of the estimates of the returns to schooling to 
the choice of estimating model and (iii) Rele-
vance of standard estimates of rates of return 

to schooling for education policy. Altogether, 
the analyses presented below provide a better 
option of efficiently estimating the returns to 
schooling. 

Returns to education using the twins fixed-ef-
fects approach and selection-effects approach
Fixed-effects and selection-effects regression 
analysis of the returns to schooling produced 
very similar results when applied to the MZ 
and DZ twins’ data sets, though the returns to 
schooling estimates for MZ twins were slight-
ly higher than that of the DZ twins. Either 
model could therefore be used to provide di-
rect estimates of genetic influences in the con-
text of the estimation of the economic returns 
to schooling. However, the estimation of fam
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ily background effect in the selection-effects 
model produced contrasting results for the two 
types of twins’ sets, although both selection 
effects were not statistically significant. While 
the family effect was negative γ = -0.007 for 
MZ twins, it turned out to be positive γ =  
0.016 for DZ twins. For the MZ twins there-
fore, the better educated families are not those 
who will be the most highly compensated in 
the labour market. These returns to schooling 
estimates for MZ twins are similar to results 
by Ashenfelter & Krueger, (1994) who con-
clude from their estimates of the selection ef-
fects model that family background and natu-
ral ability play virtually no role in determining 
earnings. Contrary, to these results, (Taubman, 
1976), examined within-pair differences in an-
nual earnings and schooling among male twin 
veterans in the NAS-NRC dataset and found 
evidence of the importance of family effects in 
his return to schooling estimate of 4.8%. Mill-
er et al. (1995) also found evidence that esti-
mated family effects (γ = 0.025) was positively 
related to the completed schooling levels for 
MZ twins and reported a modest role for abil-
ity and family background in the relationship 
between schooling and income.

Robustness of the estimates of the returns to 
schooling to the choice of estimating model  
Given the similarity of the findings, for the 
purpose of obtaining robust estimates of the 
returns to schooling in the two econometric 
models, special attention is placed on stan-
dard errors of the coefficients of the estimated 
returns to schooling. In both the MZ and DZ 
twins’ samples, the standard errors obtained 
using the FGLS results (SEMZ = 0.0197; SEDZ 
= 0.0095) are lower than the standard errors in 
the FEOLS estimations (SEMZ = 0.0353; SEDZ 
= 0.0127). In other words, FGLS coefficients 
seem to be more accurate and yield better es-
timates. Accordingly, the FGLS returns to 
schooling estimate gained efficiency over that 

of the FEOLS returns to schooling estimate as 
expected. These results are similar to those of 
Ashenfelter & Krueger (1994) and Ashenfelter 
& Rouse (1998) in that they also obtained low-
er standard errors for their FGLS coefficients. 
One possible explanation associated with these 
lower standard errors when using the FGLS es-
timator instead of the FEOLS estimator is that, 
the FGLS estimator is more efficient than the 
FEOLS estimator and this is a consequence of 
the Gauss-Markov theorem which infers that 
when the residuals are correlated across obser-
vations, OLS standard errors can be biased and 
either overestimate or underestimate the true 
variability of the coefficient estimates.

A comparison of the performance 
of the fixed-effects and the selection-effects 
models in their ability to explain unobserved 
effects was measured by goodness of fit sta-
tistics (AICc, BIC, log-likelihood ratio sta-
tistic). According to model fit statistics AICc 
and BIC, the fixed-effects model is preferable 
to the selection-effects model in its ability to 
reduce or eliminate some of the unobserved 
differences that bias a cross-sectional compar-
ison of education and earnings. However, the 
likelihood ratio test indicates that both models 
were not statistically different (p > 0.05) from 
each other. Similar to findings by Ashenfelter 
& Krueger (1994), the inclusion of a sibling’s 
education in the earnings model (i.e. selec-
tion-effects model) make virtually no contri-
bution to the returns to schooling.  Given the 
similarity of the findings in this study and in 
other related studies, it appears that estimates 
of the returns to schooling for both models are 
robust. Contrary to these findings, the results 
of a study on ‘effects of family background on 
the returns to schooling’ by Deschenes (2007) 
indicate that family background variables play 
an important role in generating variation in the 
return to schooling across individuals. Accord-
ing to Deschenes (2007), who used a sample 
size of 17,300, the estimated average causal 
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effect of education reduces by 20% when the 
returns to schooling is allowed to vary with 
family background variables. 

Relevance of standard estimates of rates of re-
turn to schooling for education policy 
Empirical evidence about the economic re-
turns to schooling have important implications 
for policy formulation and decision making 
within the education and labour market sector. 
This information is important for policymak-
ers who must decide on education spending, 
prioritisation of schooling levels, and educa-
tion financing programmmes (Patrinos, 2016). 
The economic rate of returns to schooling can 
inform individuals as to which type of educa-
tion or training investment will yield them the 
highest return. The standard returns to school-
ing estimate in this study is 10%, which is com-
parable to standard world average estimates 
(Patrinos, 2016). The results in this study also 
show that on average the twins have almost 13 
years of education. This indicates that a good 
number of the twins do not have very high ed-
ucational qualifications and might probably 
have completed secondary level of education. 
In most countries, the economic returns to 
schooling are positive for every educational 
level and highest at the tertiary level, mostly 
because of the greater taxes and contributions 
governments receive from the higher salaries 
of more educated people (OECD, 2012). Ac-
cess and quality at the tertiary level should 
therefore be expanded to ensure future high 
returns to schooling. Notwithstanding, poli-
cymakers should continue to invest in primary 
and secondary education so that no one will be 
left behind. For example, in 2017 Ghana intro-
duced a free senior high school (SHS) policy 
to ensure general access to schooling for all 
children. This policy was primarily designed 
to remove financial obstacles to accessing sec-
ondary education especially among the poor. 
The economic returns to schooling can also 

be used by governments and other agencies 
to guide macro-policy decisions about the or-
ganisation and financing of education reforms 
(Psachoropoulos & Patrinos, 2004). For in-
stance, the United Kingdom, through its recent 
educational reforms, discontinued financing 
undergraduate university education in public 
universities and charged tuition fees to all stu-
dents which hitherto was free and introduced 
a loan system that allowed students to (annu-
ally) borrow up to the fee amount and offered 
support to low-income students (Azmat & Si-
mion, 2017). The return to an additional year 
of schooling is therefore a useful indicator of 
the productivity of education and an incentive 
for individuals to invest in their own human 
capital (Patrinos & Psacharopoulos, 2010). 
For instance, the Organisation for Economic 
Co-operation and Development (OECD) has 
adopted the returns to schooling as a key ed-
ucation indicator in their annual Education at 
a Glance series and other policy documents 
(OECD, 2001a). 

Conclusion
The purpose of this paper was to compare the 
relative effectiveness of the fixed-effects mod-
el and the selection-effects model based on 
their ability to reduce or eliminate some of the 
unobserved differences that bias a cross-sec-
tional comparison of education and earnings.  
The return to schooling among a sample of 
twins in Ghana is between 8 and 11% when 
account is taken of genetic and family effects 
using either fixed-effects models or the selec-
tion effects model of Ashenfelter & Krueger 
respectively. Consequently, it is can be de-
duced that modeling the returns to education 
for twins’ in Ghana using the fixed-effects 
and selection-effects models provides a con-
sistent set of findings. The fixed-effects model 
was however, able to effectively reduce unob-
served differences that bias the cross-sectional 
analysis of the returns to schooling by provid-
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better fit to the twins’ data than the selection 
effects model.  Thus, based on AICc estimates, 
the FE model was able to efficiently control 
for genetic and family effects in the returns to 
schooling estimates. 

Using a linear regression approach, 
and controlling for other variables that have 
the potential to affect annual earnings in the 
labour market, indicates that family back-
ground variables such as the education of a 
sibling typically exert a small positive effect 
on earnings for DZ twins and virtually make 
no contribution to the returns to schooling for 
MZ twins, although this might probably be as 
a result of the small sample size. Subtracting 
the coefficient of a sibling’s education from 
the own schooling coefficient is equivalent to 
a fixed-effects or within-family estimator.
A review of the results suggested that although 
the fixed-effects model was able to effective-
ly account for some of the unobserved differ-
ences that bias a cross-sectional comparison 
of education and earnings based on the point 
estimates, the selection-effects model through 
its lower standard errors produced efficient 
estimates.  However, taking into account the 
various measures of goodness of fit statistics, 
the fixed-effects model gave a better fit to the 
earnings-education equations.  Additionally, 
although the selection-effects procedure pro-
vides a less powerful statistical test than the 
fixed-effects model, it provides a check of the 
robustness of the more restrictive fixed-ef-
fects model. Thus, given the limited data, the 
fixed-effects model seemed to be superior to 
the selection-effects model. According to find-
ings from this study, the fixed effects model 
can be considered a better model for estimat-
ing the returns to education since higher re-
turns are obtained when genetic and family 
background factors are considered or taken 
into account.
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