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ARTICLE

Is there e-learning penalty on wages?
Francis C. Petterini a, Vinícius L. Almeidaa, Marco T. Françab and Guilherme D. Irffic

aDepartment of Economics, Federal University of Santa Catarina, Florianopolis, Brazil; bDepartment of Economics, Pontifical Catholic University 
of Rio Grande do Sul, Porto Alegre, Brazil; cDepartment of Economics, Federal University of Ceará, Fortaleza, Brazil

ABSTRACT
We investigate whether the wage premium associated with higher education differs between 
e-learning and traditional face-to-face courses. Using Brazilian microdata, we collected information 
on more than 6,000 students, about half of whom earned their degrees exclusively through online/ 
offline study. We then tracked their labour market trajectories before and after earning their 
bachelor’s degrees. We found that the market tends to pay better to people who earned their 
degrees through traditional means. However, our results suggest that this is not some sort of 
e-learning penalty. Rather, these lower wages are likely due to a prior disadvantage that most 
people who study online have.

KEYWORDS 
E-learning; higher education; 
wage penalty; administrative 
microdata

JEL CLASSIFICATION 
J31; J71; O33

I. Introduction

The adoption of e-learning technologies in higher 
education has increased in recent decades, even 
before the COVID-19 pandemic, when many univer
sities made extensive use of these tools. In this con
text, some papers have investigated whether students 
of e-learning programmes (online) would achieve 
different exam scores if they attended traditional face- 
to-face courses (offline), and vice versa – see, for 
example, the literature review of Coates et al. (2004), 
Anstine and Skidmore (2005), Alpert, Couch, and 
Harmon (2016), or Nortvig, Petersen, and Balle 
(2018). When confounding factors are controlled, 
the conclusions seem to more often indicate that the 
factual and counterfactual outcomes of a given stu
dent would be similar. In short, it appears that student 
idiosyncrasies are more important to academic suc
cess than the online/offline teaching approach.

We found few attempts to analyse student out
comes after graduation in terms of salary or employ
ability, similar to Agiomirgianakis et al. (2018b)’s 
efforts. We then contribute to filling this gap by 
investigating whether there are differences in wages 
paid for online/offline degrees in Brazil. Our identi
fication strategy uses administrative microdata in 
some steps. First, we look for institutions that offer 

bachelor’s degrees where all subjects are offered fully 
online or fully offline.

We then select students who actually com
pleted these courses and draw a stratified random 
sample based on the observed characteristics to 
balance similar individuals, whose only apparent 
differences are in their academic degrees. These 
students are tracked among employment con
tracts to tabulate wages in the years before and 
after undergraduate.

Following Kleven et al. (2019)’s seminal study of 
child penalties on the labour market, we test the 
possibility of e-learning penalties on wages using 
an event-study model. In addition, we apply selec
tion corrections and fixed effects as discussed by 
Wooldridge (1995) to control people’s unobserved 
abilities that may bias our estimated results.

For the case examined here, we found that the 
labour market tends to pay better to people who 
graduate in the traditional way. However, our exer
cise suggests that this is not some sort of e-learning 
penalty. Rather, these lower wages are likely due to 
a prior disadvantage faced by most individuals who 
study online. This is a similar point that Dale and 
Krueger (2002) and Brezis (2018) have highlighted 
regarding the impact of college choice on the US 
and Nordic labour markets.
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II. Data

We examined the 2009–2011 editions of the 
Brazilian Census of Higher Education to determine 
which institutions offered bachelor’s degree pro
grammes in which all subjects were offered fully 
online/offline, and which students completed these 
programmes in the expected time. We then drew 
a stratified sample of 6,079 individuals with 
balanced characteristics in terms of age, gender, 
and place of residence, distributed across seven 
programmes at private universities/colleges with 
high/low quality indices in educational rankings: 
Accounting, Business, Computer Systems, History, 
Linguistics, Social Work, and Teaching. Table 1 
shows the number of students observed by pro
gramme and selected statistics. In all cases, the 
mean age at the beginning of the programme was 
about 25 years old, with the percentage of males 
and institutional indicators varying somewhat by 
programme.

We then defined the year when each student 
earned your degree as t ¼ 0 and tracked job out
comes between 2 years before (t ¼ � 2) and 4 years 
after (t ¼ 4), exploring the Annual Social 

Information Reports (RAIS) that map the 
Brazilian labour market based on all formal 
employment contracts.

Given a dummy ¼ 1 if there is a contract, we 
defined the employment rate as its mean multiplied 
by 100. Figure 1(a) shows the trajectories of this 
indicator by online/offline group. In both, about 
20% of individuals had a contract at t ¼ � 2, almost 
all had a contract at t ¼ 0, and there is a slight 
negative trend after this.

The outcome we are interested in is the mean 
monthly wage per hour based on the months 
worked in the year. To avoid problems related to 
inflation, we use the current legal minimum wage 
as an offset variable and multiply the ratio by 100.

Figure 1(b) shows the wage trajectories by 
group, where the grey areas represent 95% con
fidence intervals. There are three points to high
light. First, all trajectories show an upward 
trend, not only because people have become 
more educated but also because they gain 
experience over time, which translates into bet
ter wages. Second, the mean wage for 
a conventional course is persistently and 

Table 1. Number of students observed by programme and selected statistics.
Observations Statistics

Programme Online Offline Total Mean Age % Men % Universities % High Quality

Accounting 167 286 453 25.7 38.4 48.5 14.7
Business 984 1,600 2,584 25.6 35.8 51.6 15.1
Computer Systems 26 52 78 25.9 76.9 55.1 23.1
History 76 99 175 25.7 47.4 57.7 32.6
Linguistics 100 153 253 25.8 27.7 43.4 20.2
Social Work 211 204 415 25.8 13.5 64.1 18.3
Teaching 1,029 1,092 2,121 25.7 7.7 54.3 11.9

Figure 1. Employment rate and mean wage by group and year after graduation (t). The associated t-statistics (with unequal variances) 
on the equality of wage means for each of the seven periods are, successively: 4.09, 7.48, 7.98, 8.03, 5.88, 4.62, and 3.95.
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statistically higher than that for e-learning. 
Third, those who graduated online earned less 
before and after graduation.

Since all observed characteristics are balanced 
between groups, these points suggest that there is 
something unobservable that favours those who 
learn face-to-face in the traditional way. In the 
Brazilian context, we believe that these unobserva
ble predictors are related to family income, which 
unfortunately cannot be observed.

In fact, in Brazil and other countries, tuitions for 
offline courses are higher than for online pro
grammes – see, for example, McPherson and Bacow 
(2015), Deming et al. (2015), Agiomirgianakis et al. 
(2018a,a,b), or Hanson (2022). In addition, face-to- 
face courses may have additional costs for transporta
tion, food, clothing, and so on. These cost differences 
suggest that offline students are more likely to come 
from higher-income households. Assuming that 
higher-income families (with potentially better- 
educated parents) provide to their children more 
skills in the early stages of their studies, these differ
ences in abilities would explain the difference in 
wages before and after graduation.

III. Methodology

We use an event-study model to estimate potential 
e-learning penalties11: 

ln wg
ist ¼

X

j�0
αg

j � 1ðj ¼ tÞ þ
X

k
βg

k � 1ðk ¼ ageisÞ

þ
X

l
γg

l � 1ðl ¼ sÞ þ ηg � m̂g
it þ f g

i þ ug
ist (1) 

where: ln w represents wage (in logarithm) of an 
individual i employed in the calendar year s in the 
career year t; g indicates if i is from the online/ 
offline group; Greek letters are parameters; 1 is the 
indicator function; m̂ is an estimated inverse Mills 
ratio; f is a fixed effect to capture unobserved 
idiosyncrasies (constants in the observed period); 
and u is the error.

The first sum on the right of Equation 1 contains 
event-time dummies. We omit the dummy at 
t ¼ 0, implying that the respective α measures an 
impact of graduation relative to the beginning of 
the career. Running the model separately between 
online/offline groups, each α̂online�α̂offline (hats 
indicate estimates) is interpreted as a penalty 

percentage difference in the expected wage – in 
fact, each α is a semi-elasticity in relation to the 
pre- and post-graduation periods.

The second and third sums on the right of 
Equation 1 contain age and year dummies, respec
tively. By including them, we attempt to control for 
potential experience as in the Mincer earnings 
function and time trends such as business cycles – 
details in Kleven et al. (2019).

Notably, only workers’ wages are observed, and 
workers may have better unobserved skills than job
less individuals, independently if they are from the 
online/offline group. This nuance can cause 
a selection bias. For this reason, we include m̂ as 
a Heckman correction following Wooldridge 
(1995)’s Procedure 3.2.

Shortly, when d ¼ 1 indicates employed, and 
u and v represent the unobserved factors that 
determine wage and employment status, 
respectively, under the hypotheses of joint nor

mal distribution of ðu; vÞ, we can write ln w ¼

X2
0θ2 þ ρσv � ϕ X1

0θ̂1

� �
=Φ X1

0θ̂1

� �
þ

u ¼ X2
0θ2 þ η� m̂þ u, where: X2 and X1 are 

controls for Equation 1 and a probit d ¼ 1, 
respectively; ρ is the correlation between u 
and v; σv is the standard deviation of v; and 
ϕ and Φ are the normal p.d.f. and c.d.f., 
respectively. Consequently, η ¼ 0 occurs only 
if ρ ¼ 0, and η̂�0 implies that we cannot reject 
the selection bias hypothesis. On the other 
hand, the presence of m̂ mitigates an eventual 
bias – details in Wooldridge (1995).

Operationally, we run this probit in the first 
stage for each t and g, where X1 are dummies for 
cohorts, courses, age, gender, university/college, 
and high/low quality. Then, we compute m̂ and 
run Equation 1. Finally, it is important to note 
that the standard errors for θ̂2 and η̂ need to be 
correct using additional procedures described by 
Wooldridge (1995) or using a bootstrap.

IV. Results

Figure 2(a) shows all α̂g and the corresponding 
95% confidence intervals calculated using boot
strap procedures – see details and other results 
in the supplementary material of the article. The 
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event-time dummies for both groups are statis
tically equal to zero for t ¼ � 1 and t ¼ � 2, 
indicating that expected wages before gradua
tion are not different from those in the year of 
graduation. This reflects a good fit of the mod
els, as these individuals have not yet benefitted 
from the wage premium for higher education. 
After t ¼ 0, the effects of higher education on 
wages for both groups grow equally within the 
margin of error. Thus, there is no evidence to 
support the e-learning penalty hypothesis.

Figure 2(b) shows the kernel densities for fixed 
effects between groups, f , which represent the idio
syncratic component of wages (or, the premium for 
a potential skill) that is constant in the observed 
period and independent of predictors. The mean 
value is significantly higher among those who stu
died in the traditional face-to-face way.

This pattern is very similar to what Dale and 
Krueger (2002) and Brezis (2018) found when they 
investigated whether the market pays different 
wages for graduates of elite colleges compared to 
graduates of non-elite colleges. As in these papers, 
we believe that a regular student using traditional 
methods tends to earn more than a regular e-learn
ing student, not necessarily because the first degree 
has more prestige, but simply because it is chosen by 
the most able.

V. Conclusion

We found a wage gap in Brazil between graduates of 
e-learning programmes and graduates of traditional 

programmes that disadvantages the former. 
However, since students from high-income back
grounds would predominate in face-to-face courses, 
this gap would not be discrimination based on 
online/offline degrees, but on pre-academic skills 
that wealthier families can offer their children.

Naturally, for future research, the confounding 
factor discussed here would be clearer if parental 
wealth/income could be included in Equation 1. 
Or, alternatively, college entrance exam scores or 
other controls for pre-academic skills. If these vari
ables positively affect earnings, and to a different 
extent between online and offline students, our 
conjectures may become evident.

Finally, as argued by Agiomirgianakis et al. 
(2018bb), considering that it is cheaper to offer 
online courses than offline courses, and if the 
labour market does not really discriminate against 
the type of graduate in this sense (given pre- 
academic skills), governments could, for example, 
redesign support programmes for low-income 
students, increase funding for online courses, 
and consequently produce more human capital 
with less financial resources. Of course, improving 
the pre-academic skills of low-income students 
would also be a policy proposal, but perhaps 
a longer-term one.

Acknowledgements

We would like to thank the anonymous reviewers and the 
editor for their careful reading and very important 
comments.

Figure 2. Main estimated results.

4 F. C. PETTERINI ET AL.



Disclosure statement

No potential conflict of interest was reported by the authors.

Funding

The work was supported by the The National Council for 
Scientific and Technological Development (CNPq).

ORCID

Francis C. Petterini http://orcid.org/0000-0003-4410-0970

References

Agiomirgianakis, G., G. Bertsatos, F. Makantasi, A. Mihiotis, 
N. Tsounis. 2018a. “Studying from Home? Do Private and 
Public Benefits Go Side by Side?” Modern Economy 9 (8): 
1423. https://www.scirp.org/html/3-7201900_86598.htm 

Agiomirgianakis, G., T. Lianos, N. Tsounis. 2018b. “Returns 
to Investment in Higher Education: Is There a Difference 
Between Distance Learning and Traditional Universities in 
the Fields of Physics, Mathematics, Social Studies, 
Computer Science and Economics?” Creative Education 
9 (16): 2920. https://www.scirp.org/journal/paperinforma 
tion.aspx?paperid=89518 

Alpert, W. T., K. A. Couch, and O. R. Harmon. 2016. 
“A Randomized Assessment of Online Learning.” The 
American Economic Review 106 (5): 378–382. doi:10.1257/ 
aer.p20161057.

Anstine, J., and M. Skidmore. 2005. “A Small Sample Study of 
Traditional and Online Courses with Sample Selection 
Adjustment.” The Journal of Economic Education 
107–127. https://www.jstor.org/stable/30042641 .

Brezis, E. S. 2018. “Elitism in Higher Education and Inequality: 
Why are the Nordic Countries so Special?” Intereconomics 
53 (4): 201–208. doi:10.1007/s10272-018-0750-7.

Coates, D., B. R. Humphreys, J. Kane, and M. A. Vachris. 
2004. ““No Significant distance” Between Face-To-Face 
and Online Instruction: Evidence from Principles of 
Economics.” Economics of Education Review 23 (5): 
533–546. doi:10.1016/j.econedurev.2004.02.002.

Dale, S. B., and A. B. Krueger. 2002. “Estimating the Payoff to 
Attending a More Selective College: An Application of 
Selection on Observables and Unobservables.” The 
Quarterly Journal of Economics 117 (4): 1491–1527. 
doi:10.1162/003355302320935089.

Deming, D. J., C. Goldin, L. F. Katz, and N. Yuchtman. 2015. 
“Can Online Learning Bend the Higher Education Cost 
Curve?” The American Economic Review 105 (5): 496–501. 
doi:10.1257/aer.p20151024.

Hanson, M. 2022. Cost of Online Education Vs. Traditional 
Education. Education Data Initiative. https://education 
data.org/cost-of-online-education-vs-traditional-education 

Kleven, H., C. Landais, J. Posch, A. Steinhauer, and 
J. Zweimuller. 2019. Child Penalties Across Countries: 
Evidence and Explanations. In AEA Papers and 
Proceedings, volume 109, pages 122–126. https://www.aea 
web.org/articles?id=10.1257/pandp.20191078 

McPherson, M. S., and L. S. Bacow. 2015. “Online Higher 
Education: Beyond the Hype Cycle.” Journal of Economic 
Perspectives 29 (4): 135–154. doi:10.1257/jep.29.4.135.

Nortvig, A. -M., A. K. Petersen, and S. H. Balle. 2018. 
“A Literature Review of the Factors Influencing 
E-Learning and Blended Learning in Relation to Learning 
Outcome, Student Satisfaction and Engagement.” 
Electronic Journal of E-Learning 16 (1): 46–55. https://aca 
demic-publishing.org/index.php/ejel/article/view/1855 

Wooldridge, J. M. 1995. “Selection Corrections for Panel Data 
Models Under Conditional Mean Independence 
Assumptions.” Journal of Econometrics 68 (1): 115–132. 
doi:10.1016/0304-4076(94)01645-G.

APPLIED ECONOMICS LETTERS 5

https://www.scirp.org/html/3-7201900_86598.htm
https://www.scirp.org/journal/paperinformation.aspx?paperid=89518
https://www.scirp.org/journal/paperinformation.aspx?paperid=89518
https://doi.org/10.1257/aer.p20161057
https://doi.org/10.1257/aer.p20161057
https://www.jstor.org/stable/30042641
https://doi.org/10.1007/s10272-018-0750-7
https://doi.org/10.1016/j.econedurev.2004.02.002
https://doi.org/10.1162/003355302320935089
https://doi.org/10.1257/aer.p20151024
https://educationdata.org/cost-of-online-education-vs-traditional-education
https://educationdata.org/cost-of-online-education-vs-traditional-education
https://www.aeaweb.org/articles?id=10.1257/pandp.20191078
https://www.aeaweb.org/articles?id=10.1257/pandp.20191078
https://doi.org/10.1257/jep.29.4.135
https://academic-publishing.org/index.php/ejel/article/view/1855
https://academic-publishing.org/index.php/ejel/article/view/1855
https://doi.org/10.1016/0304-4076(94)01645-G

	Abstract
	I. Introduction
	II. Data
	III. Methodology
	IV. Results
	V. Conclusion
	Acknowledgements
	Disclosure statement
	Funding
	ORCID
	References

