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Abstract
We estimate the long-run causal effect of information technology, i.e., Internet 
and powerful computers, as measured by the adoption of teleworking, on average 
commuting distance within professions in the Netherlands. We employ data for 
2  years—1996 when information technology was hardly adopted and 2010 when 
information technology was widely used in a wide range of professions. Variation 
in information technology adoption over time and between professions allows us 
to infer the causal effect of interest using difference-in-differences techniques com-
bined with propensity score matching. Our results show that the long-run causal 
effect of information technology on commuting distance is too small to be identified 
and likely to be absent. This suggests that, contrary to some assertions, the advent 
of information technology did not have a profound impact on the spatial structure of 
the labor market.

JEL Classification J22 · R23 · R41

1 Introduction

John Maynard Keynes in 1930 (see Keynes 2010) infamously envisioned the 
future in which, thanks to technological progress, a 15-h working week would be 
the norm. While for many individuals who currently endure a 40-h working week 
this prediction might stand as wishful thinking, it is widely accepted that techno-
logical progress positively affects productivity and output growth (Jorgenson et al. 
2008; Commander et  al. 2011) although not necessarily hours worked (e.g., Pis-
sarides 2000). Ongoing advancement in information technology which is probably 
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the most spectacular technological development over the past two decades strongly 
affects how people perform their job duty. This paper takes a closer look at one such 
aspect by examining the causal long-run effect of the growth in adoption of infor-
mation technology on average commuting distances within professions, challeng-
ing the assertions made by authors such as Cairncross (1997) and Friedman (2006) 
that commuting distances should increase because of the advent of information 
technology.

It is nowadays quite common that a job duty is subdivided into separate job tasks 
which might be performed at locations other than the conventional workplace. Resi-
dential location is one of the places where employees might carry out job tasks by 
engaging in teleworking, an out-of-office work arrangement, for some days of the 
week or hours of the day. Until the 1990s, teleworking was mainly associated with 
(low-paid) manual jobs (see IDS 1996). However, it has become increasingly rel-
evant for other types of jobs as well, largely due to the continuing technological pro-
gress with regard to telework enabling technology, such as e-mail, smartphones and 
the Internet. For example, EU average incident rates of teleworking among employ-
ees were around 4% and 7% in, respectively, 2000 and 2005, but with large varia-
tions between countries and industries (Paoli 2001; Welz and Wolf 2010). Poten-
tial benefits from increased teleworking adoption, which include, among others, 
reduced congestion, better work-life balance (James 2014), improved job matching 
and higher productivity (while the latter might be debatable due to shirking although 
Bloom et al. (2015) provide quasi-experimental evidence of a positive effect of tel-
eworking on routine tasks’ performance), have led many governments to develop 
friendly policy measures toward adoption of information technology. For instance, 
the US Telework Enhancement Act of 2010 endorses teleworking among public 
employees, while the European Framework Agreement on Telework in 2002 pro-
motes telework-friendly policies in the EU.1

Despite strong policy support for information technology adoption, not least on 
the ground of its mitigating effects on the negative externalities of transport, such 
as congestion and pollution (De Borger and Wuyts 2011), the possible countervail-
ing causal effect of improved information technology on commuting distance trav-
elled has never been convincingly estimated. The previous research has been largely 
descriptive, mostly due to lack of data [see discussions on causality identification in 
Mokhtarian et al. (2004) and Moos and Skaburskis (2008)]. It is neither straightfor-
ward to anticipate the sign of the technology effect based on socioeconomic theory. 
If an employee works from home for some days during the week, then the number 
of trips to work is reduced.2,3 However, teleworking might in the long run also result 

1 Several governments have official Internet pages that endorse teleworking, for example http://www.
telew ork.gov.au in Australia and http://www.telew ork.gov in the USA.
2 In a similar fashion, an employee who teleworks part-time during the day, to avoid peak period conges-
tion, experiences a lower generalized commuting cost as well.
3 As a referee noted, a priori it is difficult to tell whether workers with short or long commutes will take 
up teleworking. The former group might feel a strong disutility from commuting in general, while the lat-
ter group might want to avoid the long commuting time.

http://www.telework.gov.au
http://www.telework.gov.au
http://www.telework.gov
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in a relocation of residential and employment sites which changes the commuting 
distance per trip.

Thus, the possibility to telework may induce individuals to choose their residen-
tial locations further away from the workplaces or, alternatively, choose workplaces 
which are further from home (see for an exposition of the strength of these two 
mechanisms de Vos et al. 2018), so the commuting distance (per trip) increases [see 
as well Kim (2016), for an empirical path analysis on the relation between telecom-
muting, job and residential location]. Lund and Mokhtarian (1994), Safirova (2002), 
Rhee (2008) and Glaeser (2008, p. 41) provide urban economic models on the relo-
cation of households due to information technology, which show that commuting 
distance might be longer for employees who telework (hereafter, teleworkers) than 
for other commuters. Technological progress not only has allowed workers to per-
form tasks at home, but also from other locations, which provides an even stronger 
incentive to workers to lengthen their commute. Thus, such long-run behavioral 
response of employees to information technology might, in principle, be detrimental 
for social welfare, as negative transport externalities, for example congestion and 
pollution, might aggravate.

In these models, however, it is ignored that the information technology might also 
affect non-teleworking employees (hereafter, non-teleworkers) within firms where 
relatively many people telework.4 This might happen for various reasons. First, 
workers who prefer to work from home in the near future (e.g., as they expect chil-
dren) are more likely to move their residence further away from the job (e.g., to the 
suburbs) when this job allows for teleworking (Van Ommeren et al. 1999). Impor-
tantly, this possibility is consistent with several studies that point out that many 
employees iterate short periods of teleworking with prolonged periods of conven-
tional working, which is often driven by the nature of a particular job task at hand 
(Bailey and Kurland 2002). Secondly, due to new technology, firms might find it 
profitable to locate away from central urban places with high land rents and instead, 
to save on land costs, locate in cheaper but more accessible places that might be 
closer to residential locations. Finally, and perhaps most importantly, progress in 
information technology in general and teleworking in particular most likely changes 
agglomeration economies. Some research suggests that agglomeration economies 
might decrease because face-to-face interactions of workers employed by differ-
ent firms are less frequent and thus might be less valuable [see, for example, litera-
ture surveys by Anas et al. (1998) Audirac (2005)]. However, most theoretical and 
empirical research suggests exactly the opposite: Information technology increases 
agglomeration economies (see, among others, Gaspar and Glaeser 1998; Storper and 
Venables 2004). Therefore, we focus on the empirical question of the long-run effect 
of technology adoption on the average commuting distance of both teleworkers and 
non-teleworkers combined.

To answer this question, one has to estimate the information technology effect 
on commuting distances of both teleworkers and non-teleworkers within the same 

4 A similar argument has been given for households by Hu (2016), where the commuting distance of 
teleworkers automatically affects the commuting distance of non-teleworkers within the same household.
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profession (we define profession as a particular job within a given industry), while 
accounting for reverse causality and omitted variable bias.5 The issue of reverse cau-
sality is fundamental in the estimation of the effect of technology adoption on com-
muting distance, as employees who commute long distances might have stronger 
incentives to telework. Thus, a naïve OLS approach of explaining employees’ 
commuting distance by teleworking would produce biased estimates (likely to be 
overestimates). An experimental setup, in which the opportunity to use informa-
tion technology would be provided to only one of two otherwise identical groups of 
employees, is one of the ways to avoid this bias and estimate the average causal effect 
(see, e.g., Angrist and Pischke 2008). The major disadvantage of this approach, pro-
vided that it is feasible, is the short-run nature of a typical experiment in comparison 
with the effect of teleworking on commuting distances which manifests itself over 
the long term through changes in workplaces and home locations. An instrumental 
variable approach is another alternative. However, an instrument for the use of infor-
mation technology that does not correlate with commuting distance is hard to find, 
as commuting distance and teleworking are both related to behavior in labor and 
housing markets.6

In this study, we introduce an innovative methodology that uses information from 
2 to 1 year when information technology was scarcely adopted for teleworking and 
a more recent year when teleworking is technologically possible and adopted in a 
wide range of professions. We employ cross-sectional Dutch labor force surveys for 
the years 1996 and 2010, which provide relevant data on teleworking activities of 
workers. The information technology of 2010, such as high-speed Internet and pow-
erful computers, was generally not widely available in 1996.7 In contrast, high-speed 
Internet and powerful computers were pervasive in 2010. We also note that tech-
nological progress affects production functions of various professions in a different 
way, making telework a more feasible arrangement in some professions, but less so 
in others.8 Such variations in teleworking adoption over time and professions will 
allow us to infer the causal effect of interest for professions through difference-in-
differences after applying propensity score matching.

In a nutshell, at first, we consider commuting distances of workers in 2010 who 
work in teleworking professions—we define these professions based on a minimum 
share of teleworkers in 2010, a year when the use of information technology is 

6 Zhu (2012, 2013) analyzed the effect of teleworking adoption on teleworkers and employs “Internet 
use at home” as an instrument for teleworking. However, when unobserved professional abilities of 
employees are correlated with the use of information technology, such as the Internet, then the instru-
ment is not valid. So, this strategy implicitly assumes the absence of such a relation. Our identification 
strategy avoids such a restrictive assumption.
7 Note that we will not assume that the teleworking incidents rate was zero in 1996. Our estimation 
approach allows for the possibility that employees were working from home in 1996.
8 Nonetheless, telework correlates highly with other measures of information technology. A recent sur-
vey in 2015 among Dutch companies across 38 industrial sectors showed that teleworking correlates with 
0.82 with using computers and Internet at work and with 0.85 with have access to mobile Internet.

5 For example, workers with larger residences are more likely to live further away from the workplace 
and are more likely to prefer to work from home.
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common.9 Workers in these professions are considered treated. Then, we compare 
these commuting distances with the ones of comparable employees in the same pro-
fessions in 1996 who, by assumption, did not have access to information technology. 
These employees are considered the non-treated sample. In our preferred specifi-
cation, to find comparable employees across time in treated professions, we match 
employees from 2010 and 1996 within the same industries. The difference in com-
muting distance between these matched employees of 1996 and 2010 is due to infor-
mation technology plus an industry-specific time trend, which we account for. We 
define this trend, which might vary across industries due to, for example, variations 
in demand shocks, by the difference in commuting distances of matched employees 
from 2010 with 1996 within a given industry in non-treated professions. We inter-
pret the resulting difference-in-differences estimate as the average causal effect of 
information technology on commuting.10

While different workers might sort into different types of professions in 1996 and 
2010, our estimation procedure aims to account for this, by comparing similar employ-
ees in terms of their socio-demographic and job-related characteristics (which include, 
among others, age, gender, family size, education, industry, job, firm size and total hours 
of work). Although we cannot fully exclude the possibility that some variables uncor-
related with such characteristics might affect the general trends differential in commut-
ing distances between professions within the same industry, it is not obvious what these 
variables are and how empirically relevant they could be. However, if our main assump-
tion does not hold and thus the within-industry time trends are not similar for treated 
and non-treated profession, our results should be seen as overestimates if, e.g., because 
of increasing workers’ flexibility, the within-industry time trends are steeper for treated 
than for non-treated professions. On the other hand, our results are lower estimates if the 
within-industry time trends are flatter for treated than for non-treated professions. The 
latter might be due to stronger economies of agglomeration for these professions.

We find no evidence that the adoption of information technology causes commut-
ing distances to increase. In treated and non-treated professions, the average com-
muting distance between 1996 and 2010 increased by about 2 km.

The paper is organized as follows. Section 2 presents the identification strategy and 
inference. Section 3 gives an overview of the data, provides definitions of treated and 
non-treated professions and presents results of the matching procedures and differ-
ence-in-differences estimation. Section 4 offers varying robustness checks related to 
our main assumptions. The last section concludes with the discussion of the results.

9 Multiple factors affect technology adoption by an employee, including idiosyncratic distaste for tel-
eworking, managerial practices (for example, Yahoo! forbade teleworking in 2013) or certain characteris-
tics of the labor market (see Mokhtarian 1998).
10 As we explain later, our method differs from “difference-in-differences propensity score matching” 
methodology (see, e.g., Hijzen et al. 2013), which relies on panel data to observe the same individuals or 
firms over time. We observe the same professions over time but use propensity score matching to account 
for differences in labor force composition within professions over time.
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2  Methodology

2.1  Identification strategy

This paper aims to estimate the long-run change in average commuting distances 
caused by the availability of information technology by profession. An ideal exper-
imental study to uncover the causal effect of interest would be to randomly sup-
ply this technology to some professions, so there is a group of treated professions 
with and a group of untreated professions without technology (Angrist and Pischke 
2008). Then, after a certain time period, a comparison of both groups’ average com-
muting distances would identify the causal effect. This hypothetical experiment must 
take a considerable period of time as changes in home and work locations induced 
by workers occur infrequently (e.g., Zax 1991). Also changes in distance due to 
workplace relocations induced by employers who have an incentive to change the 
workplace location of treated and untreated professions will often take quite a con-
siderable time (Mulalic et al. 2014). Obviously, this ideal experiment is infeasible.

Therefore, we propose an alternative identification strategy based on observa-
tional data, which, arguably, comes close to this ideal setup. Our goal is to estimate 
the following expression:

where Δ denotes the average treatment effect of information technology on commut-
ing distance, Yj refers to the average commuting distance of individuals who works 
in profession type j and � denotes the expectation operator. We distinguish between 
non-treated ( j = 0 ) and treated professions ( j = 1 ). The treatment dummy dj equals 
1 if the technology is used by a substantial share of employees in profession j and 
equals 0 if there is no teleworking in profession j. In our empirical application, we 
will use different thresholds that define such a “substantial share” and will focus on 
professions with relatively small shares of teleworkers in the sensitivity analysis.11 
So, treatment in this paper is an profession’s exposure to and adoption of informa-
tion technology, which we measure by observing the teleworkers share within a pro-
fession. Our definition of treatment captures the impact of adoption of teleworking 
technology on commuting distance of all employees in a profession (and not only of 
the share who are observed to telework during a certain period). As already argued 
above, including employees in treated professions who do not telework is essential, 
because firms and non-teleworkers might change their location of work and resi-
dence as well due to the availability of new technology.

To estimate �[Y1|d1 = 1] − �[Y1|d1 = 0] , i.e., the average treatment effect on the 
treated, where the treatment is the profession’s adoption of information technology, 
we start from the observation that information technology, such as e-mail and the 

(1)Δ = �[Yj|dj = 1] − �[Yj|dj = 0], for j = 1

11 The main advantage of using a binary measure of teleworkers share is that it drastically reduces the 
effect of measurement error in our teleworking variable. It seems reasonable to expect the effect of tel-
eworking on commuting to be stronger the larger is the share of adopters within the profession. We con-
firm this assertion by repeating the entire analysis using data on professions with relatively low adoption 
rates, as we find no effect of technology on commuting.
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Internet, was not widely available to, and hardly used by, workers in any profes-
sions in a certain year 0, but widely available to many workers in year 1.12 We also 
observe that in year 1 the probability of teleworking differs strongly among profes-
sions due to differences in the production functions which require certain profes-
sions to be present at the workplace, whereas other professions are more footloose 
(conditional on available technology). One might think, for example, of a hospital 
doctor who has to be present at the workplace and a graphic designer who might 
work from home on certain days of the week in year 1, but not in year 0. It is then 
plausible that the designer chooses a longer commuting distance in year 1. At the 
same time, in year 1 organizations may relocate the workplace of designers closer to 
their residence locations (e.g., from the central business district to the suburbs), as 
the new technology may make it beneficial to locate further away from other busi-
ness organizations. We will exploit variations in adoption of teleworking across pro-
fessions and time to infer the causal effect of information technology on commuting 
distance.

Formally, we observe the average commuting distance in year 1 of a group of 
employees who work in treated professions (and who are comparable in observed 
characteristics to those in treated professions in year 0). We also observe the average 
commuting distance in year 1 of employees who work in non-treated professions 
(and who are comparable in observed characteristics to those in non-treated profes-
sions in year 0). We denote both average commuting distances for these groups as 
�[Yj|dj = j;t = 1] where t denotes the year of observation. The long-run causal effect 
of technology, Δ , is defined by:

where the first row is the change over time in average commuting distances of 
employees in treated professions. This difference may be attributed to a general time 
trend in commuting distances (e.g., due to changes in the transport infrastructure 
supply, the spatial structure of the built environment or income) and the effect of 
the adoption of the technology. The second row captures the change over time in the 
average commuting distances for employees in non-treated professions. The latter 
difference reflects solely a general (or industry-specific) time trend (as neither in 
year 1 nor in year 0 the technology is adopted).

We subtract and add the term �[Y1|d1 = 0;t = 1] , which refers to the average 
commuting distance of employees in treated professions in year 1 if they would not 
have adopted the technology. So, (2) can be written as:

(2)
Δ =�[Y1|d1 = 1; t = 1] − �[Y1|d1 = 0; t = 0]

− �[Y0|d0 = 0; t = 1] − �[Y0|d0 = 0; t = 0],

(3)
Δ =�[Y1|d1 = 1; t = 1] − �[Y1|d1 = 0; t = 1]

+ �[Y1|d1 = 0; t = 1] − �[Y1|d1 = 0; t = 0]

− �[Y0|d0 = 0; t = 1] − �[Y0|d0 = 0; t = 0].

12 In our application, we will use the years 1996 and 2010.
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The first row of (3) is the average treatment effect on the treated in year 1. The sec-
ond row is a time trend which shows how commuting distance would have changed 
for employees who work in treated professions if the technology was not adopted 
in these professions in both years. The third row is the same as the last row of (2). 
To identify the causal effect, in our preferred specification, we perform industry-
specific estimations and thus assume that the time trends in average commuting 
distance in a given industry for workers in non-treated professions and for workers 
in treated professions are identical if information technology would not have been 
available to them, i.e., the second and the third rows in (3) are assumed to be equal. 
In other words, on average across professions within a given industry time trends 
are assumed to be the same. For comparison reasons, we also perform the analy-
sis assuming the same trend across all industries. This (industry-specific) same-
trend assumption seems reasonable given the common exposure to changes in the 
(national) transportation infrastructure, changes in housing markets and the gen-
eral development of the economy.13 Note, however, that it still may be the case that 
within industries the workforce composition within non-treated professions might 
differ from the workforce composition within treated professions. We will check for 
a possible violation of this crucial assumption in the empirical analysis section.

Given this assumption, we can write (3) as:

Expression (4) is identical to (1) for year t = 1 . Figure 1 outlines the identification 
strategy’s idea graphically.

As one step further, one could decompose the average treatment effect (on the 
treated professions), as defined by (4) into two (non-causal) parts. By construction, 
this effect is the sum of the change in distance for teleworkers in treated professions 
plus the change in distance for non-teleworkers in these professions. So, a straight-
forward accounting identity holds:

where s is the share of non-teleworking employees within treated professions, �1 is 
the effect of technology on commuting distance of teleworkers within treated pro-
fessions and �0 is the effect for non-teleworkers within treated professions. It is dif-
ficult to identify the causal effect of technology adoption on commuting distances 
of teleworkers and non-teleworkers in treated professions, as we do not observe the 
relevant counterfactuals. Apart from the potential nontrivial measurement error of 
distinguishing teleworkers and non-teleworkers within treated professions, it is very 
likely that individuals self-select themselves into longer commutes based on certain 
unobserved characteristics; for example, they own a larger house, where they can 
telework more productively as they have a special office room. We do not know how 
their commuting distance would have changed over time if they would not have been 

(4)Δ = �[Y1|d1 = 1; t = 1] − �[Y1|d1 = 0; t = 1].

(5)Δ = �[Y1|d1 = 1; t = 1] − �[Y1|d1 = 0; t = 1] = s�1 + (1 − s)�0,

13 Treated and non-treated professions comprise of many different professions (both comprise profes-
sions which require low, medium or high education), so we allow for the possibility that some profes-
sions have a different trend, but not the average (industry-specific) trend.
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exposed to the technology, although the knowledge of the magnitude of the technol-
ogy effect on individuals is relevant for policy-making. In this empirical exercise, 
we think this is hardly a problem for the estimation of the average effect of technol-
ogy on commuting for the entire profession, as the unobserved characteristics do 
not correlate across a large set of professions which we aggregate into two types—
treated and non-treated professions.

2.2  Inference

We emphasize that we match observations from years 0 and 1. So, we aim to find 
comparable employees within both types of professions in years 0 and 1. In our pre-
ferred specification. we match within a given industry, as it would later require less 
restrictive assumption on the same time trend in commuting distances across treated 
and non-treated professions. However, the mechanics of inference is the same if 
one matches across all industries. For the ease of exposition, we perform matching 
across all industries and later report results of within-industry matching.

Let us first focus on employees in treated professions. Our method must create 
a counterfactual of average distance of these employees in year 1, that is, the aver-
age distance if none of these employees had adopted technology in year 1. This is 
achieved by estimating the employee’s probability of being exposed to the technol-
ogy. By assumption, for employees in treated professions this probability is identi-
cal to the probability of being observed in year 1 based on socio-demographic and 
job-related employee characteristics. So, we compute the probability of an individ-
ual to be exposed to information technology, the so-called propensity score. Condi-
tional on this score and in the absence of selection on unobserved characteristics, 
whether individuals have been exposed to information technology is assumed to be 
random.14 This assumption allows for an inference of the causal effect of interest in 
a similar fashion to a randomized experiment.15 We use kernel matching and match 
a treated employee (in year 1) with control employees (in year 0) who are within 
the kernel bandwidth, by weighting proportionally to the difference between pro-
pensity scores, i.e., if a control observation has propensity score which is closer to 
that of a treated observation than the weight of such a control is larger Caliendo 
and Kopeinig (2008).16 Effectively, we match a single person within treated profes-
sions in year 1 to a statistical composite of individuals in year 0 who work in treated 
professions. The same procedure applies for employees in non-treated professions. 
Given the two matching estimations (for treated and non-treated professions), we 
calculate the average commuting distances of the matched groups in years 0 and 1 
and then estimate expression (2) to obtain the causal effect of information technol-
ogy on commuting distance.

14 We formally test the balancing property of the matching to insure that observations in two matched 
groups are similar in observed variables.
15 For an overview of the method and its limitations, we refer to Dehejia and Wahba (1999), Angrist and 
Pischke (2008) and Caliendo and Kopeinig (2008).
16 We will perform robustness checks with respect to the matching procedure.
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Our methodology is distinctively different from, but related to, a similar meth-
odology, sometimes referred to as “difference-in-differences in combination with 
matching” that has been applied in the labor and international trade literature 
(Girma and Görg 2007; Arnold and Javorcik 2009; Stiebale and Trax 2011; Hijzen 
et al. 2013). This methodology follows individuals (or firms) over time, whereas we 
follow professions over time. However, we deviate from this literature by match-
ing individuals within professions before and after treatment, where this literature 
matches individuals in the treatment with the control group. The latter approach 
would provide the sum of the effect of information technology and an age cohort 
effect, and since the latter might be non-negligible, as we focus on a long time gap 
between both years, this approach is not preferable in our context.17 The sensitivity 
analysis shows that the results are robust if, among other, we repeat the analysis on 
workers in year 1 who are matched with the appropriately younger (14 years in our 
study) workers in year 0.

3  Empirical analysis

3.1  Data

Our main data source provided by Statistics Netherlands is the cross-sectional Dutch 
Labor Force Survey for the years 1996 and 2010 which refer to years 0 and 1 in the 
discussion above. The dataset contains information on socio-demographic and job-
related characteristics of 74,235 individuals (38,179 and 37,122 for 1996 and 2010, 
respectively).18 We have information on a person’s age, gender, marital status, edu-
cation level, household size and composition, country of origin and municipality of 
the residential and job location. We also know employment status, total number of 
hours worked per week, whether a person has a fixed job contract, number of work-
ing hours, number of overtime hours, whether one manages subordinates, number of 

Non-treated professions

Commuting distance
in year 0

Treated professions

Non-treated professions

Commuting distance
in year 1

Treated professions

Time effect

Time and technol-
ogy effect

Fig. 1  Identification strategy

17 In case the cohort effect is not important or that it does not differ across treated and non-treated pro-
fessions, panel data would be preferable.
18 We consider employed individuals, between 18 and 64 years, working more than 12 h per week, with 
a one-way commute distance of less than 100 km.
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workers of the establishments, and job and industry type (as classified by Statistics 
Netherlands). We use the share of teleworkers as a measure of the take-up of infor-
mation technology. The composition of teleworkers in 2010 is substantially differ-
ent from the composition of non-teleworkers in that year. We refer to Table  6 in 
Appendix for descriptive statistics. However, the characteristics of non-teleworkers 
in treated professions are quite similar to the characteristics of non-teleworkers in 
non-treated professions.

Commuting distance is measured based on the centroids of the residential and 
workplace municipalities. The number of municipalities was 625 in 1996 and 431 in 
2010, respectively, so for comparison reasons, the municipalities of 1996 were trans-
formed by geocoding into the municipalities of 2010. In 1996, the average labor 
force within municipalities was 24,593 individuals and the number of jobs 15,122. 
In 2010, these numbers have changed into 25,829 and 17,561, respectively. The 
average size of a municipality in 2010 was 9,639 hectares, which on average amount 
to a radius of slightly more than 5 km per municipality. The commuting distance is 
assumed to be zero for persons who work and live in the same municipality (about 
43% of employees in 1996 and 2010).19 One-way average commuting distances were 
10.1 km and 12.4 km in, respectively, 1996 and 2010.20

Respondents in 2010 answered a question about their usual workplace location.21 
We define a teleworker as an employee who answers that he or she performs some 
job tasks “at home” or “at home and at a location other than home.” Note that the 
definition we adopt is relativity broad and does not satisfy all conditions as imposed 
by, e.g., Kim et al. (2012) as we do not impose that workers reduce their commut-
ing time and we cannot observe whether they actually use information technology 
equipment.22 Thus, we aim to measure the exposure to information technology not 
the actually usage. In turn, a non-teleworker is a respondent who answers that he 
or she works “at locations other than home.” Our data contain 1065 teleworkers 
(around 3% of all employees in the data), of whom 85 work exclusively from home. 
Other employees will be labeled as non-teleworkers. We do not have information 
on the number of days that they telework. So, we measure the extensive margin of 
teleworking.23 No information on teleworking is available for the year 1996. Given 

23 For an overview on the measurement of teleworking, we refer to Sullivan (2003).

19 When changes of distance within municipalities are in the same direction as changes across munici-
palities, which is plausible, our estimates of changes of commuting distances over time will be an under-
estimate. As long as treated and non-treated professions change similarly within municipalities, this 
would not affect our results. To check whether it does, we excluded those who work and live within the 
same municipality, but this does not change our main result qualitatively. But, as one referee pointed out, 
strictly speaking we look at changes in commuting distances between municipalities.
20 The self-reported average commuting distance in the Netherlands is 17 km over the period 2000–2008 
(Groot et al. 2012). The difference with our data stems largely from within-municipality commutes that 
are assumed to be zero in our approach.
21 The original question in the Dutch language is “Waar werkt u in deze werkkring doorgaans?” which 
one might translate as “Where do you usually work on this job?” This question in the survey is clearly 
distinguished from another question about instances of overtime work at home.
22 See for definitions of teleworking as well Handy and Mokhtarian (1995), Mokhtarian et  al. (1995), 
Pratt et al. (2000), Helling and Mokhtarian (2001), Mokhtarian et al. (2005) and Andreev et al. (2010).
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the low penetration level of the Internet in the Netherlands in this year, it seems 
reasonable to assume that information technology was not available to workers in 
any profession. This is not essential: If some employees have adopted technology 
in 1996, then our results show the effect of a quite substantial change in technology 
between 1996 and 2010.

3.2  Treated and non‑treated professions

To define treated and non-treated professions, we start with an identification of 
treated professions in 2010, i.e., professions in which teleworking is (relatively) 
widespread, and non-treated professions, where it is completely absent. We have 
detailed information about the employee’s job and industry types. We define a pro-
fession as a particular job within an industry at an aggregated classification level of 
9 job types (based on the ISCO-08 job classification definition consisting of manag-
ers, professionals, technicians and associate professionals, clerical support workers, 
service and sales workers, skilled agricultural, forestry and fishery workers, craft 
and related trade workers, plant and machine operators,  assemblers and elemen-
tary occupations) with 45 industry types based on the SBI-2008 classification (both 
definitions provided by the Dutch Bureau for Statistics), so in the end we distinguish 
between 405 professions.24 The job and industry types are similarly defined in 1996 
and 2010. The observed distribution of shares of teleworkers within professions is 
given in Fig. 3 in Appendix.

Given a cutoff point higher than the mode of this distribution, we define a pro-
fession to be treated if more than 5% of employees in this profession telework in 
2010.25 Treated professions are both service and sales workers and managers in 
computer services and only managers in the production of audio, video and telecom-
munication equipment. A profession is non-treated if none of its employees telework 
in 2010. Professions where the share of teleworkers is positive but below 5% is left 
out of the analysis, as the effect of the technology on commuting distance, which we 
try to identify, is the most pronounced in the professions with a high adoption rate 
of teleworking. Inclusion of the latter professions would bias our diff-in-diff result 
to zero, as professions are likely to have a substantial measurement error, since 
our definition of treated and non-treated professions is based on finite (and some-
times small) samples. To avoid small sample bias, we exclude professions for which 
we have less than 10 observations (less than 1% of employees in treated and non-
treated professions). We are then left with 105 professions of which 35 are defined 
as treated. Our analysis is then based on 5699 (6756) and 5662 (5505) employees in, 
respectively, non-treated and treated professions in 2010 (1996). In the treated pro-
fessions, the share of teleworkers is 8%.

24 In choosing the scale of aggregation one has to trade off homogeneity of the resulting groups with the 
availability of the observations, to avoid classifying each employee as a single representative of a profes-
sion.
25 As a robustness check, we also provide results that are derived for a cutoff value of 10%.
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Our identification strategy is based on changes over time in commuting dis-
tance. Figure 2 shows distributions of average commuting distances for treated and 
non-treated professions in 1996 and 2010 for workers that commute between dif-
ferent municipalities.26 These distributions clearly reflect differences in levels of 
commuting distances across profession types and years. Moreover, Fig. 2 suggests 
that, although starting points are different, changes in commuting distances over 
the 14 years across professions were roughly in the same direction and magnitude. 
For example, the share of employees who commute long distances (i.e., 20 km and 
more) is higher in treated than in non-treated professions in both years, but increased 
between 1996 and 2010 for both types of professions in a similar way.

Employees in treated and non-treated professions account for 15.4% and 15.5% 
of all employees in 2010, not very different from 14.5 to 17.8% in 1996. The aver-
age commuting distance for treated professions has grown by 2.8 km from 15.1 (in 
1996) to 17.9  km (in 2010). For non-treated professions, the average commuting 
distances has grown by 2.6 km from 7.4 (in 1996) to 10 km (in 2010).

The long-run causal effect, as defined by (2), can be estimated using the changes 
over time in average commuting distance for both profession types. When we ignore 
changes over time in socio-demographic and job-related characteristics (which we 
will account for later by using a matching procedure), this effect is equal to 2.8 − 2.6 , 
so 0.2 (with a standard error of 0.4). This suggests that there is no effect of technol-
ogy adoption on average commuting distances between these two types of profes-
sions. The next subsection proceeds with propensity score matching to account for 
changes in worker and job characteristics over time.

3.3  Results

For the ease of exposition, we first show results of the matching procedure in which 
workers are matched across all industries. Later we report results of our preferred 
specification in which we match within a given industry. The latter procedure allows 
for a less restrictive assumption on the differential time trend between professions. 
Both matching procedures lead to qualitatively similar outcomes.

Table  1 shows logit estimates for a model that estimates the probability that 
an employee is observed to work in 2010. We estimate the model separately for 
employees in treated and non-treated professions. In both profession types, employ-
ees in 2010 are, on average, older, more likely to be females, belonging to a larger 
household, working less hours but working more overtime than in 1996.

The implied probabilities of Table  1 are taken as propensity scores to match 
employees from 1996 with those from 2010.27 We apply nonparametric kernel 
matching with replacement such that the means of the standardized biases across 
covariates for the two matched groups are minimized (see Caliendo and Kopeinig 

27 For the propensity score matching estimates (and subsequent testing of the results), we use the 
“psmatch2” and “pstest” commands in Stata, developed by Leuven and Sianesi (2003).

26 Commuting within a municipality occurs in 49% (54%) and 31% (33%) in 2010 (1996) of, respec-
tively, non-treated and treated professions.
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2008).28 We have investigated the sensitivity of the results in various ways with 
respect to specification and matching procedure.29

There are very few, less than 1.5%, off-support observations from the total num-
ber of observations in year 2010 (80 and 84 in, respectively, treated and non-treated 
professions). Off-support observations are those that have propensity scores that are 
not found among control group observations. Off-support observations in 2010 are 
not matched with control observations in 1996 and are discarded from the further 
analysis.

Table 2 shows balancing tests by comparing the mean values of covariates across 
unmatched and matched groups. For example, for the variable “age,” the first row 
shows the mean values of age in the unmatched sample in both 2010 and 1996 and 
the difference between the two, indicated by a standardized bias which is often 
used in the literature. The second row shows the same information for the matched 
samples and the reduction in the bias, which is due to the matching procedure. We 
examine whether different groups have the same covariate means (see Rosenbaum 
and Rubin 1985).

For non-treated professions, the mean standardized bias across the covariates 
is reduced from 8.8 to 2.8 due to matching, whereas for treated professions, it is 
reduced from 10.5 to 5.1. So, for both professions the reductions are substantial indi-
cating a much improved similarity of the samples before and after treatment (Cali-
endo and Kopeinig 2008).

Fig. 2  Commuting distances in 1996 and 2010 (Note: Distances are shown only for employees who com-
mute between different municipalities)

28 The standardized bias is defined as the percentage difference of sample means in the treated and 
matched control subsamples as a percentage of the square root of the average of sample variances in both 
groups (Caliendo and Kopeinig 2008; Leuven and Sianesi 2003).
29 For example, we have included interaction and higher-order terms, excluded some variables and 
applied a more restrictive definition of treated professions. We have also applied other matching pro-
cedures such as one-to-one, three-to-one and five-to-one neighbors, and caliper, have varied the kernel 
bandwidth and performed estimations without replacements.
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Table  3 presents our key result for the matched employees. The average com-
muting distance in non-treated professions has grown by 2.30 km (with a standard 
error of 0.51) from 7.70 in 1996 to 10.00 km in 2010. The average commuting dis-
tance in treated professions has grown by 1.98 km, with a standard error of 0.76, 
from 15.82 km in 1996 to 17.80 km in 2010. The difference-in-differences estimate 
is then equal to −0.32 with a standard error of 0.92 (the diff-in-diff estimate given 
matching is close to this estimate for the unmatched samples which is 0.20). This 
implies that we cannot reject the hypothesis that changes in commuting distance 
over time for both treated and non-treated professions were statistically identical.

The main critical assumption of our estimation strategy is that we assume that 
average commuting distances for workers in non-treated professions and for workers 
in treated professions are identical if information technology would not have been 
available to them. Here, we relax this assumption by assuming that this assump-
tion must hold for a given industry, so we allow for different time trends per indus-
try. That is, we repeat the entire matching procedure described above for 7 separate 
broad industries for which we have enough observations (we exclude “agriculture” 
and “cultural and recreational services”). Table 4 shows the diff-in-diff estimates per 
industry and the average effect which is small and equal to −0.79 , but also far from 
statistically significant. As in Table 3, the results indicate that information technol-
ogy does not affect workers’ commuting distances.

The fact that there is no change in commuting distance could be explained by the 
possibility that workers with long commuting distances are more inclined to start 
teleworking. To investigate this further, let us now focus on employees in treated 

Table 1  Logit estimates whether an employee works in 2010

These estimates also control for industry type (44), job type (8), education level (5), household type (5), 
marriage status (4), number of employees in establishment (6), number of children (5) and the country’s 
region (4)
**p < 0.05
***p < 0.01

Non-treated professions Treated professions

Coefficient s.e. Coefficient s.e.

Age 0.0909*** (0.0031) 0.0662*** (0.0032)
Male − 0.1563** (0.0607) − 0.4706*** (0.0613)
Foreign born 0.3194*** (0.0777) 0.2682*** (0.0917)
Household size 0.3043** (0.1400) 0.5352** (0.2611)
Hours of work − 0.0204*** (0.0030) − 0.016*** (0.0042)
Hours of overwork 0.0528*** (0.0063) 0.2362*** (0.0092)
Fixed contract − 0.4980*** (0.0698) − 0.0090 (0.088)
Fixed hours − 1.0581*** (0.1263) − 0.9731** (0.3761)
No other co-workers − 3.2128*** (0.2185) − 3.6987*** (0.3056)
Managerial position 0.4687*** (0.0645) − 0.3274*** (0.0528)
Number of observations 12,455 11,167
McFadden’s R2 0.3386 0.2944
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professions only and distinguish between teleworkers and non-teleworkers. We then 
repeat the entire analysis for teleworkers and non-teleworkers within these profes-
sions separately. Such an analysis provides the change in commuting distances over 
time. We find that teleworkers increased their commuting distance by 12.07  km 
between 1996 and 2010, while non-teleworkers in treated professions have increased 

Table 2  Balancing tests

a U unmatched, M matched
b Mean standardized bias without and with matching, (see, Rosenbaum and Rubin 1985)

Variance a Non-treated professions Treated professions

Mean value Biasb Bias reduction Mean value Biasb Bias reduction

2010 1996 2010 1996

Age U 38.6 34.4 34.8 40.2 37.1 30.7
M 38.5 37.7 6.7 80.7 40.1 38.9 12.0 60.9

Male U 0.554 0.588 6.8 0.66 0.71 − 11.2
M 0.554 0.553 0.2 96.5 0.66 0.64 4.4 61.3

Foreign born U 0.13 0.1 9.4 0.08 0.06 7.7
M 0.13 0.17 13.0 − 38.2 0.08 0.09 − 2.9 61.9

Household size U 3.08 2.98 7.2 2.99 2.87 10.1
M 3.08 3.09 0.8 88.3 2.99 3.04 − 4.0 60.0

Hours of work U 31.1 33.7 27.7 36.56 37.6 − 15.7
M 31.2 31.8 6.5 76.4 35.84 36.5 10.1 35.7

Hours of overwork U 1.68 1.00 16.6 3.46 0.56 59.6
M 1.66 1.90 − 6.0 64.0 3.09 4.47 − 28.0 53.1

Fixed contract U 0.81 0.87 − 16.6 0.91 0.91 0.4
M 0.816 0.78 10.7 35.6 0.911 0.89 4.8 − 1179.6

Fixed hours U 0.91 0.98 − 31.3 0.99 1.00 − 10.9
M 0.92 0.93 − 6.1 80.4 0.99 0.99 − 0.9 91.5

No other co-
workers

U 0.01 0.02 − 4.1 0.01 0.01 1.8
M 0.01 0.01 0.7 81.9 0.01 0.01 − 0.2 90.8

Managerial position U 0.22 0.14 19.9 0.42 0.42 − 0.5
M 0.22 0.20 4.2 78.9 0.41 0.35 12.6 − 2314.1

Mean standardized 
bias

U 8.8 10.5
M 2.8 5.1

Table 3  Commuting distance

Employees in Diff s.e. Diff-in-diff s.e.

1996 2010

Treated professions 15.82 17.80 1.98 (0.76) − 0.32 (0.92)
Non-treated professions 7.70 10.00 2.30 (0.51)
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their commuting distance by only 1.32 km during this period, which is less than the 
increase of 2.3 of non-teleworkers in non-treated professions (see Table 3).

In light of the result from Table  3, which shows that the diff-in-diff estimator 
is not statistically significant, the large difference between commuting distances 
for teleworkers and non-teleworkers suggests that the spatial commuting pattern of 
employees in treated and non-treated professions is, at least to a large part, governed 
by sorting, in which employees who already live further away from work choose to 
adopt teleworking. These results indicate that the advent of information technology 
in the last two decades did not have a profound impact on the spatial structure of the 
labor market.

The absence of a long-run causal effect of information technology on average 
commuting distance could be partly explained by three other mechanisms as well: 
(i) firms with many treated professions relocate as well, (ii) the generic impact of 
information technology on the commuting distance of both treated and non-treated 
professions is negative, or (iii) our crucial assumption of a common time trend 
between treated and non-treated professions is violated.

First, to check whether this diverging effect of adoption of information technol-
ogy on average commuting distance might be driven by the relocation of firms away 
from central urban locations toward cheaper locations to save on land rents, we stud-
ied changes over time in urbanization patterns for the two profession types.30 We 
have repeated the entire exercise and used as a dependent variable not the commut-
ing distance, but the measure of urbanization (ratio of residents over employees in 
municipality of employment). The results (not reported here) show no difference in 
changes over time across profession types. This does not go in line with the hypoth-
esis of teleworking firms relocation due to technology adoption.

Secondly, as argued in Introduction, the technology that enables teleworking 
might as well increase agglomeration economies. This argument coincides with 
the large literature that followed after the controversial claim that the world is 

Table 4  Commuting distance per industry

Industry Diff-in-diff s.e. Industry share

Raw manufacturing − 3.86 (4.86) 0.02
Electronic and auto manufacturing 4.98 (2.99) 0.03
Construction −1.07 (3.81) 0.05
Wholesale and retail − 3.17 (1.71) 0.22
Transport and communications − 0.41 (2.26) 0.21
Services 0.83 (2.68) 0.35
Education, health − 2.83 (3.00) 0.12
Average effect − 0.79 (1.20)

30 As one referee noted, this assumes that firms are equally likely to be sampled in our database. If firms 
that adopt ICT substitute labor for capital, then this might lead to a sample selection bias.
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increasingly becoming flatter (see for the orginal claim Friedman 2006) (and for 
a rebuttal, e.g., Florida 2005; McCann 2008). Thus, the same technology that 
enables workers to work from home might increase the need for closeness and 
face-to-face contacts as well. However, note that this would only imply for treated 
professions and that the effect of the increasing agglomeration economies and of 
the possibility to telework would then cancel each other out.

Finally, we can not entirely rule out the possibility that, within industries, 
workers in treated professions faced a different time trend than workers in non-
treated professions for reasons unrelated to the advent of information technology. 
If we assume that the possibility to telework would have a positive impact on 
commuting distance, then the time trend for treated professions would have been 
less steep than for non-treated professions. Perhaps, workers in treated profes-
sions have experienced a more positive change in preferences to reside in cities 
compared to workers in non-treated professions. Thus, workers in treated profes-
sions might face stronger economies of agglomeration.

The next section will check most other assumptions we have made. All yield 
qualitatively the same results as in Table 3.

4  Sensitivity analyses

Table  5 shows that our main result is robust with respect to various matching 
procedures and it also holds if we restrict the samples of observations. We per-
form neighbor one to one, with and without replacement matching, which allow 
to check whether our result is driven by the subset of 1996 observations that are 
disproportionally often matched to 2010 observations. The main result remains 
the same. We also restrict the sample of employees in 2010 to those older than 
40 years because older employees are less likely to have chosen their profession 
given the possibility of teleworking, which would upward bias our estimate due 
to sorting. If we assume that the within-municipality commute is 3 km, instead of 
being 0 km, we obtain similar results. To check whether our results are driven by 
a few treated professions which have a lot of employees, we include only profes-
sions that have less than 600 employees in our dataset. We also matched workers 
from 2010 with the workers in 1996 who are 14 years younger. For this match-
ing procedure, we have excluded life cycle-dependent variables, such as children, 
marital status and job-related characteristics. The outcomes (s.e.) are 2.50  km 
(2.80) and 1.72  km (5.89) for non-treated and treated professions, respectively. 
The corresponding diff-in-diff estimate is statistically insignificant.

Finally, we repeat the entire analysis for the limited treated professions group 
to confirm that the average effect of adoption of the technology, for the workers 
in this profession group, is not larger than for the treated professions. In all these 
cases, the diff-in-diff estimator remains statistically insignificant. Importantly, in 
a few specifications the alternative estimator has a lower standard error, but even 
then the coefficient is not significant.
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5  In conclusion

This paper estimates a long-run causal effect of the adoption of information tech-
nology on commuting distances for professions as measured by the adoption of 
teleworking. To estimate this effect, we apply a difference-in-differences method 
which exploits variation in information technology adoption between 1996 and 
2010 and across professions. We distinguish between treated professions, where 
at least 5% of workers are involved in teleworking, and non-treated professions 
where no one of the workers teleworks. The latter group provides control esti-
mates of how commuting distances change over time when there is no adoption 
of information technology. The former group should reveal the causal effect of 
information technology. To account for time changes in observable covariates, we 
apply a propensity score matching procedure to match workers observed in 1996 
with workers observed in 2010. Our key identification assumption is that the dif-
ference over time between changes in the average commuting distances of these 
professions within a given industry is solely due to a change in the adoption of 
information technology.

Our results show that a long-run causal effect of information technology on 
commuting distance as measured by teleworking is too small to be identified and 
likely to be absent. Furthermore, we even find that non-teleworkers in treated pro-
fessions have a lower growth in commuting distances between 1996 and 2010 
compared to workers in non-treated professions. The latter fact appears not easy 
to explain, as the urbanization patterns of the profession types have changed 
over time in the same manner. This implies that the difference in relocation of 
teleworking firms as compared to relocation of non-teleworking ones is not the 
driving force behind the result of irresponsiveness of commuting distances. One 
of the possible explanations might be the occurrence of a strong sorting effect. 
Workers in treated professions facing long commutes are more likely to adopt tel-
eworking than workers with short commutes. Another possible explanation might 
the presence of strong agglomeration economies for only the treated professions. 
Obviously, information technology may have an impact on commuting distance 
through other channels than teleworking. The total impact of information tech-
nology as measured by teleworking on the spatial structure of the labor market, 
however, remains marginal at best.

Obviously, our results are limited in various ways. Firstly, our data iden-
tify only locations at a municipality level leading to zero commuting distances 
within municipalities. If workers are homogeneously distributed over space, this 
would not matter for our results, but it has been found that there is large het-
erogeneity in commuting distance (Sang et al. 2011). This effect is mitigated by 
our matching procedure, but still might affect our results. Secondly, as is com-
mon in this literature, we do not actually observe whether people working from 
home use information technology. So, the only conclusion we can draw is that 
the advent of information technology has not led to change in commuting behav-
ior. Thirdly, our commuting distances face measurement error as they are meas-
ured as the crow flies. This affects the precision of our standard errors. Fourthly, 
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one might argue whether our profession classification (consisting of the interac-
tion between 9 job types and 45 sectors) is detailed and homogeneous enough to 
consists of more or less similar workers—apart from working from home or not. 
Larger microdatasets with an even more detailed profession classification struc-
ture are obviously more preferred. Finally, our results apply to the Netherlands 
being small and densely populated countries. Even though Dutch commuting 
times are similar to larger countries, such as the USA, information technology 
might impact commuting behavior in less densely populated countries.

Our results do not imply that teleworking might be a suitable tool to tackle 
the negative externalities of transportation. Information technology itself indeed 
does not seem to have affected aggregate commuting distances for professions, 
but the evidence we find suggests that teleworkers themselves indeed have or 
even adopt longer commuting distances. At the moment, teleworkers still 
comprise a minor share of the total labor force. Increasing this share, by, e.g., 
strongly subsidizing teleworking, could very well increase the aggregate com-
muting distance in the long run.

Acknowledgements Financial support from The Netherlands Organization for Scientific Research 
(NWO) is gratefully acknowledged. This paper is part of TRISTAM Project (Traveler Response and 
Information Service Technology—Analysis and Modeling).

Table 5  Robustness checks of matching results for commuting distance

Employees in Diff s.e. Diff-in-diff s.e.

1996 2010

N(1) matching with replacement
 Treated professions 16.40 17.80 1.40 (1.12)
 Non-treated professions 7.69 10.00 2.32 (0.73) − 0.92 (1.34)

N(1) matching without replacement
 Treated professions 15.06 17.80 2.65 (0.37)
 Non-treated professions 7.62 10.00 2.39 (0.27) 0.26 (0.46)

Only employees above 40 years in 2010
 Treated professions 16.13 18.21 2.08 (1.25)
 Non-treated professions 9.11 10.00 0.73 (0.81) 1.35 (1.49)

Intra-municipality commute of 3 km
 Treated professions 16.72 18.71 1.99 (0.73)
 Non-treated professions 9.34 10.00 2.14 (0.48) − 0.15 (0.87)

No large treated professions
 Treated professions 17.72 18.86 1.15 (0.93)
 Non-treated professions 7.70 10.00 2.30 (0.51) − 1.15 (1.06)

10% cutoff threshold for treated professions
 Treated professions 22.37 23.28 0.91 (2.74)
 Non-treated professions 7.70 10.00 2.30 (0.51) 1.39 (2.78)

Limited treated professions (0–5%)
 Treated professions 9.38 11.69 2.31 (0.14)
 Non-treated professions 7.70 10.00 2.30 (0.51) 0.01 (0.58)
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Appendix

See Fig. 3 and Table 6.

Fig. 3  Empirical distribution of shares of teleworkers within professions in 2010. (Note: The share of 
professions with no teleworkers is 0.53 and not shown here)

Table 6  Descriptive statistics

Variables 1996 2010

Non-teleworkers Non-teleworkers Teleworkers

One-way commuting distance (km) 12.0 13.8 22.1
Age 36.9 40.6 43.2
Males (percent) 59.5 51.8 62.9
Born outside the Netherlands (percent) 7.3 9.6 6.1
Household size 3.0 3.0 3.1
Married (percent) 61.4 58.9 65.5
Children (age range)
 0–5 27.5 24.4 27.2
 6–11 23.6 25.1 29.7
 7–12 25.3 32.5 37.6
 18+ 32.0 27.3 36.8

Education level (percent)
 School education 22.4 14.8 5.5
 Middle-level applied education 40.3 41.3 29.6
 Higher professional education 5.0 3.3 2.4
 Higher education 26.5 39.4 62.5
 NA 5.8 1.2 0.0
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