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Abstract 

This paper investigates the determinants of adoption of ICT technology by households 
in Romania, using a probit model based on a time-series cross-section dataset. A 
particular attention is given to a several psycho-social factors in addition to the 
recognised role of usual socio-economic determinants, such as income, age, 
employment status, educational level or gender. The particular findings are that, 
together with an expected impact of the occupational status and of the educational 
level, the perceived wellbeing of individuals is one of the most important factors 
influencing the decision to acquire and use a PC at home. Gender does not seem to 
have the same importance as in other regions of the world and an opposite influence 
than elsewhere, whereas income influences the decision, but with a weaker effect. 
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1. Introduction 

Modelling the use of ICT in various (often overlapping) groups of population and 
deriving policy implications based on quantitative methods remain serious challenges 
for e-Inclusion. Recent literature on e-Inclusion swings between behavioural models 
(individuals belong to groups defined according to attitudes, perceptions and 
reactions) and social models (individuals belong to broad groups based on socio-
economic factors as age, education, revenue or area of residence). However, little has 
been done so far in combining the two streams of literature and in offering an image 
sufficiently complex to allow for identification of different rates of growth of ICT use. In 
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particular, there is limited knowledge on the set of attitudes, perceptions and reactions 
associated with a given level of ICT use within each of the broad social groups and on 
how such a set influences the actual variance within the group. Moreover, little is 
known about how ICT use of groups and within groups changes over time, or how 
these changes could be represented or modelled. 
Quite often, the significant reason for this knowledge gap is that the empirical 
investigations are restricted by the insufficient availability of data. In order to perform a 
study on the determinants of ICT use in a given region or country, one either needs 
long time series at an aggregate level or large panel data at individual level 
(households and firms). Many studies look at cross-country data due to scarcity of 
national-level registered data. Following the same line of reasoning, but adding to it 
the difficulty of quantifying the propensity to use ICT by households or firms, the 
variables taken as proxies for such propensity may not give always the exact picture 
of the real phenomenon (owning a PC doesn’t necessarily mean using a PC, paying 
for an internet link is not directly related to the amount of information transferred). 
We use Romanian individual household data taken from a large database, 
representative at national level and covering several consecutive years in trying to 
estimate the relevant determinants of computer use in Romanian households. We 
look not only at socio-economic factors, but also at a category of psycho-social 
factors, such as attitude towards society and democracy or perception of future well-
being, which factors are more and more proven to be important for the decision of an 
individual in adopting ICT. 

2. The literature on determinants of ICT use 

A large amount of the literature referring to determinants of ICT use considers access 
to ICT equipment and infrastructure, such as access to PC, access to internet, access 
to various types of telecommunication, as an adequate  proxy for the propensity to use 
ICT. The usual determinants that are taken into account in modelling indicators of ICT 
use are a) socio-economic factors (income, level of education, occupational status); b) 
demographic factors (gender, age, family status, racial division in social strata); c) 
psycho-social factors (attitudes towards society, towards information society and 
technology, perception of economic evolution, perception of democracy). 
A major part of the studies and articles refer to a specific country or region (most of 
the studies were conducted in the US), but there are many analyses dedicated to 
cross-country comparisons (developed economies, Asian countries, EU member 
states). The availability of data is the main restriction to having more detailed or more 
globalised results concerning the identification of determinants in explaining the ICT 
use in modern society. Nonetheless, regardless of the depth of the analyses - whether 
they are based on national micro-data or cross-regional and cross-country macro-data 
-, the main findings are largely similar, pointing to at the validity of the determining 
factors mentioned in the previous paragraph. 
Investigating the ICT diffusion in selected Asian and Pacific countries, including the 
US, Ghatak (2007) finds that the major determinants of digital divide are income, level 
of education, size and type of households, age, gender, the urban/rural divide, 
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ethnicity, infrastructure and cost of accessibility, legal framework and institutional 
setting. 
Another regional study, this time based on econometric testing results departing from 
cross-country panel data for EU member states (Vincente & Lopez, 2006), shows that 
inside the EU income and access to university education are the main factors in 
explaining PC adoption and internet use, while the price of ICT seems to be less 
important. There is also a perceived risk of digital exclusion for unemployed, women 
and elderly people within the European Union. One particular finding of the authors for 
the EU is the importance of R&D expenditures in determining a higher rate of ICT 
usage in a country. 
Most of the studies refer to the situation in the United States and use a large data 
base available for this country, at micro and macro level. A NSF report (2001, M. 
Papadakis) “shows that there is a consistent socioeconomic (income, education, 
occupation) early IT adoption bias by individuals who are affluent, more highly 
educated, and from higher status occupations compared to society as a whole”. The 
findings are equally supported by data and analyses looking at Internet use as well as 
at PC ownership or use. Early studies (covering the last two decades of the 20th 
Century) support a strong correlation and consistency between the rate of early 
adoption of home computers and the income of households (as the main 
determinant), or the level of formal education among the members of a household. 
Demographic and institutional factors are a second large category which is shown to 
have an impact on ICT early adoption by population. 
McNeill et al. (2007) investigate in more detail the social determinants of PC use and 
adoption within a selected group of the American society (urban low-income public 
housing residents). Although the testing methodology could be challenged (being 
based on bilateral relationships testing leading to multivariate logit model), the authors 
found that income, ethnicity, gender, family size, level of education, social 
environment (neighbourhood) for the household and professional/occupational status 
are all important even in the case of a specific group of population. 
The NTIA Report (2002), which is covering one of the largest database in the US and 
was produced jointly with the ESA and the US Bureau of Census, identifies the same 
determinants in leading to an increase in the Internet and computer use rate: income, 
employment status, age, gender, educational attainment, urban or rural location, 
ethnicity. 
A very comprehensive survey conducted by Assael (2005) in the US among Internet 
users investigated the role of age, gender, marital status, education level, income and 
number of working hours on the use of the internet, as well as the role of perceptions 
(self-, social, future) and attitudes (towards telecom and media, towards leisure, 
liberalism). He found that income and working environment (including occupation) are 
responsible for a high proportion of the determining factors, as well as the attitude 
towards technology and towards liberal professions and way of thinking. 
A German survey also confirms that income and level of education are the main 
factors determining the use of computers and the Internet in households, in both 
Eastern and Western parts of Germany (2000, Springer Link). The study based on 
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1998 and 1999 data collected from a large representative sample also shows that 
age, family status and gender contribute also to the decision of computer adoption. 
Other studies look at macro-data over a specific time span (Mohan, 2007) or at micro-
samples in smaller countries (Jin & Cheong, 2008), concluding with similar results. 
Despite the lack of individual data (households surveys) in some cases or of short 
time series in other cases, there are two important recent trends that have to be 
further investigated: a) the rate of penetration of ICT equipment and infrastructure is 
continuously increasing and the determinants are practically the same everywhere 
(socio-economic, demographic and psycho-social); b) the role of psycho-social factors 
(perceptions, attitudes, norms) is increasingly observed in studies and surveys related 
to ICT adoption and use. 

3. The determinants of computer technology 
adoption  

We use a utility model to describe the decision to endow the household with a PC, 
following Vincente and Lopez (2006) model of Internet use.  
An individual (i) will decide to acquire a PC according to its perceived utility, in turn 
described by a linear function of the individual’s characteristics (vector X).  Let Y =1 if 
the individual has a PC at home. The probit model that we propose simply assumes 
that: 
 )'()|1( βxxXYP Φ===  (1) 
where: Φ is the cumulative distribution function of the standard normal distribution.    
We tried to select as many potentially influencing variables (determinants of PC 
adoption/ownership) as possible and available.  
Following the existing literature, we include first the five categories of fundamental 
determinants: demographic (age, gender, family characteristics), residence, education 
level, income and occupational status. We assume that the young generation is 
inherently more prone to adopting the ICT technology. Urban centres are typically 
considered to concentrate higher levels of ICT use. Income affects the budgetary 
constraints and in this respect is expected to play an important role, especially in the 
first stages of adoption, where Romania can be still retrieved. Education is important 
mainly as it is positively correlated with openness to technology, but also as it is likely 
to be the main channel through which the ICT skills are acquired. However, especially 
for the older generations in Romania, it is often the employment status that puts 
individuals in direct contact with technology and quite often provides training for 
specific skills.  
A sixth group of determinants, the psycho-social variables, includes proxies for 
perceptions and attitudes. The need to stay in contact with the family abroad and the 
activism associated with the participation to NGOs is typically associated with the 
need for communication and/or processing of important amount of information. 
However, the true innovation of this paper is that, after controlling all these 
determinants, it tries to approach the link that might still exist between the perceived 
wellbeing, or "happiness" and the decision to adopt technology. Is there any surplus of 
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genuine welfare that comes with technology, or perhaps is a happier person more 
willing to take on the challenge of adapting technology? This paper is trying to provide 
a first set of tentative insights into this relationship using the specific case of Romania.  

4. The dataset  

The period of availability for our cross-section dataset covers the years 2003 to 2007, 
with data extracted from the Public Opinion Barometer, the Spring Survey conducted 
every year by the Fundatia pentru o Societate Deschisa (FSD – The Foundation for 
Open Society Romania, www.osf.ro). The basic data were processed and harmonised 
by the authors in order to be used for the current experiment. The number of relevant 
observations for the model we used is 7425, disaggregated by year as follows: 1453 
in 2003, 1612 in 2004, 1434 in 2005, 1528 in 2006 and 1398 in 2007. 
The dependent variable (ACCESS_PC) takes the value 1 if the interviewed person 
has a PC in its own household and is a proxy for the decision of technology adoption.  
The group of demographic variables includes age (AGE); gender (GENDER); and the 
presence of children in the households (CHILD). Two types of variables are 
considered to measuring age; a) a continuous variable will simply measure the age of 
the respondent in years and b) a set of dummies will include the respondent in one of 
the main age groups (18-24y, 25-34y, 35-55y and 55y and over). By design, only 
people over 18 years of age are included in the survey. We consider the presence of 
children in the household as the main determinant regarding family characteristics. 
This is particularly relevant for the multigenerational Romanian type of family nucleus, 
where grandparents might have computers in the households as a result of living with 
the grandchildren. We also looked at the number of education years of the parents of 
the interviewed person as the main family push factor, but we later excluded this 
variable from the modelling exercise on the grounds that it was highly correlated with 
other standard determinants. 
Two dimensions are measured to account for the influence of the residence place. 
Firstly, we control for the capital centric model of regional development of Romania 
using a dummy for residence in the capital city, Bucharest (LOC_BUC). Secondly and 
most important we took into account the urban-rural division, but allowing a more 
nuanced transition between the two; rather than separating the respondents into 
urban and rural residents, we consider among the determinants the distance in km 
from the residence place to the nearest larger urban centre (LOC_DIST).  
The education level is measured by three dummies allocated to the level of completed 
education: up to secondary education or 8 years (PGEDUC_w); high-school education 
or from 9 to 12 years of schooling (LEDUC_w); and finally higher education or over 12 
years of completed education (HEDUC_w). Knowledge of at least another foreign 
language (LANGUAGES) is included as a proxy to cultural openness and ability to 
have access to a wider variety of computer content. Because of the delay in software 
translating in the case of Romania, knowledge of foreign languages was almost a 
precondition for using a computer during most of the analysed period.  
The respondents are distributed by income deciles according to the national level 
income brackets in which its household revenue falls. This allows pooling data for 
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different years together without concerns on year to year monetary comparability. For 
the purposes of modelling, the deciles are aggregated into: low incomes or deciles 1 
to 4 (D1234); average income or deciles 5 to 7 (D567); and high income or deciles 8 
to 10 (D8910). 
We include four dummies corresponding to the following occupational status: white 
collar employed (WCEMPL), blue collar employed (BCEMPL), student or pupil 
(STUDENT), unemployed or inactive, but not a student (INACTIVE). The dummies are 
built from the status declared by the respondents according to the basic principles of 
occupational taxonomies.  
The psycho-social variables are again dummy variables which take value 1 if the 
respondent has members of the family abroad (NETW_abroad) or if the respondent is 
engaging in NGOs or other private organisations (NETW_asoc). Our variable of 
perceived wellbeing or happiness (SOCIS_CONTENT) takes value 1 if the respondent 
declares himself as more or less happy/content, happy or very happy with his current 
quality of life. It can be argued that the perceived wellbeing is highly correlated with 
the socio-economic status. In order to counteract this effect, we instrumented the 
"happiness" variable. We used as instruments the following dummy variables which 
proxy various aspects of subjective wellbeing: the perception of the current 
improvement against past periods (ABS_IMPROVE); expectations of improvement for 
the future (PERC_FUTURE); trust in institutions and democratic representation 
(TRUST_INST); and trust in other people (TRUST_PEERS). Trust in institutions is a 
composite indicator from the trust in seven different institutions: central government, 
local government, political parties, presidency, parliament, army and police. Indeed, 
we assume that the perceived wellbeing in general is seen as based on feelings of 
trust, both in a positive trend of the personal evolution as in the social environment of 
the person.  

Table 1  
Basic descriptive statistics of the variables used in the modelling 

exercise1 

Variable Description/codification 
Mean 
(Std. 
dev) 

Correla-
tion* 

ACCESS_PC 1 – owns a PC; 0 – otherwise 0.241 1 
Demographic variables 

AGE  
Age in years 

Min: 18y, Max:96 48 
(18.26) 

-0.27 

AGE18_24 1 – age 18y to 24y; 0 – otherwise 0.135 0.13 
AGE25_34 1 – age 25y to 34y; 0 – otherwise 0.145 0.08 
AGE35_55 1 – age 35y to 54y; 0 – otherwise 0.347 0.12 
AGE55_ 1 – age 55y or older; 0 – otherwise 0.373 -0.27 
GENDER 1 – male; 0 – female 0.468 0.02 
CHILD 1 - children; 0 – otherwise 0.659 0.22 

                                                           
1 See the online version of the paper on www.ipe.ro/rjef_princ.html  for the correlation matrix of 

the independent variables. 
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Variable Description/codification 
Mean 
(Std. 
dev) 

Correla-
tion* 

Residence 
LOC_BUC 1 – residence in Bucharest; 0 – otherwise 0.089 0.14 
LOC_DIST km between the residence and the nearest urban 

center (Min:0km, Max: 99km) 
10.05 

(14.80) 
-0.23 

Level of completed education 
PGEDUC_w 1 – <= 8y of education and no longer a student; 0 

– otherwise 
0.328 -0.293 

LEDUC_w 1 – 9 to 12 y of education and no longer a student; 
0 – otherwise 

0.438 0.005 

HEDUC_w 1 – > 12 years of education and no longer a 
student; 0 – otherwise 

0.165 0.289 

LANGUAGES 1 – knowledge of one or more foreign languages; 0 
– otherwise 

0.276 0.248 

Income 
D1234 1 – revenue in deciles 1 to 4; 0 – otherwise 0.589 -0.312 
D567 1 – revenue in deciles 5 to 7; 0 – otherwise 0.247 0.067 
D8910 1 – revenue in deciles 8 to 10; 0 – otherwise 0.164 0.255 

Occupation status 
STUDENT 1 – student or pupil; 0 – otherwise 0.061 0.219 
WCEMPL 1 – employed white collar (manager, clerk, army 

officer, professional); 0 - otherwise  
0.108 0.351 

BCEMPL 1 – employed blue collar (skilled/unskilled worker); 
0 – otherwise 

0.283 0.022 

INACTIVE 1 – unemployed or otherwise inactive, but not 
student or pupil; 0 – otherwise 

0.548 -0.336 

Psycho-social variables 
NETW_abroad 1 – family or friends abroad; 0 – otherwise 0.101 0.035 
NETW_asoc 1 – activity in an NGO or other civic association; 0 

– otherwise 
0.116 0.143 

SOCIS_CONTENT 1 – happy of very happy with his quality of life; 0 –
otherwise 

0.785 0.116 

Instruments 
ABS_improve perceived improvement of the quality of life 

compared with previous year: 0 – much worse; 1 –
worse; 2 – the same; 3 – better; 4 – much better  

1.90 
(0.862) 

0.172 
(0.257) 

PERC_future expected improvement of the quality of life in the 
next year: 0 – much worse; 1 – worse; 2 – the 
same; 3 – better; 4 – much better 

2.06 
(0.838) 

0.167 
(0.253) 

TRUST_peers 1 – general trust in other people; 0 – otherwise 0.397 0.015 
(0.07) 

TRUST_INST Score function, takes values from 0 – the respon-
dent doesn't trust and of the seven institutions to 7 –
the respondent trusts all the seven institutions 

2.70 
(2.131) 

-0.08 
(0.09) 

Notes: Variables in bold refer to the household of the respondent, the rest to the respondent only 
** correlation with the dependent variable (correlation with the instrumented variable) 
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For a binary variable, the mean value is in fact the share of the observations for which 
the variable takes value 1. Almost a quarter of the respondents have a computer at 
home, and almost 78% declares themselves as content with the quality of their lives. 
However, 86% of those who have a computer at home consider themselves as happy, 
but they cover only 26% of the happy people. This would remotely suggest rather that 
happy people are open to technology than that the technology would be a factor of 
happiness.  

 SOCIS_CONTENT 
ACCESS_PC 0 1 Total 

0 1,788 5,570 7,358 
1 305 2,039 2,344 

Total 2,093 7,609 9,702 
 
The age and incomes distribution is implicitly simulated by the corresponding sets of 
dummies. Hence, 28% of the adult population is under 35 years, almost 35% between 
35 and 55 years, and around 37% 55 years or older. We broke down the lower 
segment into 18-24 years and 25-34 years, because of the well-known higher 
dynamics of technology adoption specific to younger age brackets. More than half of 
our respondents have low revenues (deciles 1 to 4) and this is the segment that is 
most likely to be sensitive to the cost of technology. For further steps of this research 
we plan to increase the granulation of the income classification. A final note regards 
the students or pupils. From the occupational point of view, students make up a 
subgroup of inactive persons. We treat them separately simply because students have 
a very different model of technology adoption than the unemployed of other inactive 
people. But students are also persons in education, unlike people that are inactive on 
the labour market. So, from the point of view of educational status, we also treat them 
separately from the persons with some completed form of education (primary, 
secondary or tertiary). From the respondents in our sample 93.1% have some form of 
completed education (most of them, 43.8% high-school education), while over 6% are 
still in schooling.  
Regarding our selection of instruments it is interesting to note that the presence of the 
positive trend in the personal evolution has the strongest correlation with the 
perception of wellbeing, while, quite the opposite, there is only some mixed evidence 
to support the trust in institutions as a factor. The distribution of the TRUST_INST 
variable clearly shows a bias of the interviewed population towards the sceptical 
positions when it comes to democracy and its institutions. In fact almost 20% of the 
respondents would not trust any of the seven institutions considered here (central 
government, local government, political parties, presidency, parliament, army and 
police), while half of the respondents won't trust more than two of those institutions 
The correlation between the TRUST_INST and our ICT adoption variable is actually 
negative. This seems difficult to explain, but it is probably related with a specific 
tension between the political turmoil during the transition period and the attitude of 
forefront technology adopters.  
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5. The estimation procedure  

We use a standard specification of a binary response model, the probit model, in order 
to estimate the parameters in our probability function. Two features specific to our 
case needed to be considered when designing further the overall estimation 
procedure.  
Firstly, the problem with our specification (and indeed with most of the similar 
specifications) is that one or more repressors are very likely endogenously 
determined. Fitting the limited dependent variables with endogenous repressors has 
received considerable attention in the economic literature and methods like the one 
proposed by Newey (1987) with maximum likelihood estimation became standard and 
are already embedded in statistical packages. We use a STATA function that employs 
instruments of control for the correlation of one or more repressors with the error term. 
As explained in Chapter 4, we instrumented the perceived wellbeing variable, using 
four other variables, namely perceived improvement of the quality of life, hope for the 
future, trust in other people and trust in institutions and democratic representation.  
Secondly, the statistical description in Table 1 is shown for the entire data sample, for 
the sake of simplicity. In fact, we observe a lot of dynamics in some of the 
independent variables from one year to another and expectably, in their influence on 
the dependent variable. Starting with the share of PC owners and PC users in total 
population (proxy for our unobservable dependent variable, probability of acquiring a 
PC) with itself increased at a high rate from one year to another during the period of 
estimation, as it is shown by official statistics and also analysed in various studies 
looking at the Romanian ICT market and information society (Ciupagea et al., 2008; 
Ţurlea & Gheorghiu, 2006, 2007).  
We deal in two alternative ways with the year by year variation within our time-series 
cross-section dataset. The first option is to introduce year dummies that would 
cumulate various sources of year to year variability. This is the standard in a pooled 
regression. The second option is to construct time interactions with the selected 
variables in an attempt to identify the sources of those variations. We choose 
interaction with the time of the main explanatory variables (income, age, education, 
occupational status, gender and distance), also looking at the yearly stability of the 
correlations between the explained variable (ACCESS_PC) and the selected 
explanatory variables (see Appendix 1 in on-line version on 
www.ipe.ro/rjef_princ.html). We did not explicitly build other type of interactions than 
with time, but applied alternative strategies for minimising cross correlations between 
dependent variables (see the case of variable STUDENT from occupational and 
educational perspective as explained in Chapter 4). 
Finally we decided to test the two alternative approaches by including the age variable 
(as continuous variable or as age groups), as explained in Chapter 4. 
Departing from these considerations, in the next stage we built four different 
specifications of the same probit model described above, which we tested separately, 
using a maximum-likelihood econometric estimation that takes into account the 
potential endogeneity of some repressors. We also include the option of robust 
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estimates in the estimation procedure. We further compare the results in search for 
relevant and significant differences.  
The set of explicative variables (vector X in eq.1) is different in each of these four 
versions, depending on two selection criteria: a) one type of model version uses age 
as a continuous variable, the other uses 3 different age groups (categorical variable); 
b) one type of model version takes into account different time interaction for each 
variable separately, while the other type considers year dummies for the entire sample 
(the year influence is global and not variable-specific). A formalisation of these 
different approaches is described hereunder [eq. 2]: 
 X1 = f(Age, Age*t, W, W*t, Z) 
 X2 = f(Age, W, Z, YearDummies) 

X3 = f(Age18_24, Age18_24*t, Age25_34, Age 25_34*t, Age35_54, Age35_54*t, 
Age55, Age55*t, W, W*t, Z) 

 X4 = f(Age18_24, Age25_34, Age35_54, Age55, W, Z, YearDummies) 
where: Xi represents the vector of descriptive variables (repressors) for model i and 

the list of repressors contains, except for the age variables, the following 
items: 

W – a vector of descriptive variables that are considered to show potential 
time interaction; 

Z – a vector of the rest of descriptive variables which were not considered for 
time interaction testing; 

YearDummies – dummies for each year in the sample (2003 to 2007). 
 
When a set of independent dummy variables covers the entire range of population in 
the sample, one of them has to be excluded from the list of independent variables to 
be tested in order to avoid colinearity, which become a reference group. We have 
considered as reference the groups of higher educated white-collar workers, workers 
with revenues between the 5th and the 7th income deciles, and persons with completed 
higher education. When the age groups are used (instead of the continuous variable), 
we consider the youngest as the reference group. This selection is not meant to draw 
a reference profile. The exclusion of some variables is made independently based on 
statistical criteria, as minimising the correlation between the variables in the vector X 
(for instance, the correlation between white collar employment and completed higher 
education or between the age group 18-24 years and the status of student).  
We report the results of the probit estimations in Appendix 1, but only for Model 1. The 
results for all other three models are reported within the on-line version of this article, 
see www.ipe.ro/rjef_princ.html. The Pseudo-R2 is not computable by the econometric 
method that we use hence we rely on an analysis of the correct prediction rates to 
assess the goodness of fit of the model. The table in Appendix 2 presents the 
classification prediction probabilities for Model 1 (see on-line version on 
www.ipe.ro/rjef_princ.html for each of the other three probit models) and shows that 
over 80% of the observations are correctly classified by the model. The results of the 
probit model show that most of the repressors discussed above are significant at 5%. 
In general their coefficients have the expected sign. The Wald test and the p-value on 
the top of the estimation reject the null that all the coefficients would be jointly zero. 



Institute of Economic Forecasting 
 

Romanian Journal of Economic Forecasting – 3/2009 120 

  

The significant Wald test for the exogeneity of the instrumented variables reported at 
the bottom of the results rejects the hypothesis of no endogeneity and supports our 
choice for the specific econometric procedure. This is confirmed by the significant rho 
value also reported by the testing algorithm. 
However, it is not useful to look at the coefficients of independent variables resulting 
from the probit model because in the probit model the derivative of the probability with 
respect to X varies with the level of X and with the levels of the other repressors. The 
solution is to compute the values of the derivatives at the mean values of the 
repressors (the “slopes”), considering that each of them represents a “typical” 
observation (reported as y - probability of positive outcome in first row of Table 2 
below). 

6. The results and directions for further research 

The estimated marginal effects are defined as the variation of the estimated 
probability with respect to a marginal variation in the repressors (or a discrete change 
in case of binary variables and dummies).  
Therefore, we look at a change of one unit in the categorical or continuous variable or 
to a step from 0 to 1 in the case of a binary variable when searching for the marginal 
effects on the probability of a positive outcome (prediction probability) for the predicted 
endogenous variable. Table 2 below presents these marginal effects (except for the 
year dummies). 

Table 2  
Marginal effects for the probability of ICT technology adoption model for 

Romania in each of the four versions (model 1 to 4), period of 
observations 2003-2007 

 Model 1 Model 2 Model 4 Model 3 
Decision to adopt ICT 
technology 
(ACCESS_PC) 

0.151 0.152 0.152 0.152 

Demographic variables 
Age (AGE) -0.0029922*** -0.0010844***    
Age*t 0.0006258***     
Age25_34   0.0262708 -0.0817517*** 
Age25_34*t    0.0411856*** 
Age35_54   0.0476311* -0.0460836*** 
Age35_54*t    0.0319559* 
Age55_   -0.0250756 -0.1139298*** 
Age55_*t    0.0342071*** 
Gender (GENDER) -0.0255577** -0.024175*** -0.0208273* -0.021778** 
children in the 
household (CHILD) 0.184823*** 0.1856456*** 0.1812609*** 0.1815041*** 

Residence 
residence in Bucharest 0.105721*** 0.1121771*** 0.1130684*** 0.1071375*** 
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 Model 1 Model 2 Model 4 Model 3 
(LOC_BUC) 
distance to the nearest 
city 
(LOC_DIST) -0.0101085*** -0.0078531*** -0.0076843*** -0.0097873*** 
(distance to the nearest 
city)^2 0.0000624*** 0.0000747** 0.000727*** 0.0000609*** 
distance*t 0.0007914*** 0.0007309** 

Level of completed education 
up to 8y 
(PGEDUC_w) -0.1431921*** -0.1492205*** -0.146668*** -0.1420807*** 
12y 
(LEDUC_w) -0.156402*** -0.0693436*** -0.0708117*** -0.1373272*** 
12y*t 0.0304486***   0.0232619*** 
knowledge of foreign 
languages 
(LANGUAGES) 0.0573001*** 0.0569203*** 0.0611327*** 0.059945*** 

Income 
low income 
(D1234) -0.096622*** -0.0963487*** -0.0982397*** -0.0993*** 
Average income 
(D567) 0.0960089*** 0.0924805*** 0.0920538*** 0.0943341*** 

Occupation status 
Student of pupil 
(STUDENT) -0.105906*** -0.0122471 0.0414439 -0.0943684*** 
Student*t 0.0437323***   0.0549945*** 
blue collar employed 
(BCEMPL) -0.1237054*** -0.1245431*** -0.121162*** -0.1208849*** 
Inactive 
(INACTIVE) -0.1253105*** -0.1720381*** -0.1543978*** -0.1267995*** 
Inactive*t -0.0139717*   -0.0085108 

Psycho-social variables 
Family/friends abroad 
(NETW_abroad) 0.0433135*** 0.0428206** 0.0466708*** 0.0470192*** 
participation to civil 
associations 
(NETW_asoc) 0.0652804*** 0.0617288*** 0.0608956*** 0.0637684*** 
perceived wellbeing 
(SOCIS_CONTENT) 0.110683*** 0.1099119*** 0.1168584*** 0.1157777*** 

Year dummies 
2004   0.0486266*** 0.048758***   
2005   0.1190472*** 0.1186861***   
2006    0.1660083*** 0.1653314***   
2007    0.2490352*** 0.2496051***   
 (*)  dy/dx is for discrete change of variable from 0 to 1 
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With the exception of the variables that have attached a time interaction, the 
coefficients for the rest of the variables are similar in all four models: this means that 
we generally succeeded in breaking down the residual year variation captured by the 
time dummies and allocate it to several specific variables. Not all the time interaction 
tested proved to be statistically significant, which means that some of those variables 
actually have constant impact over the period under consideration. The most 
interesting example is the income, for which the interaction with time proved clearly 
insignificant. In our opinion, this comes somehow in support of our assumption 
according to which our income groups are too aggregated, especially towards the 
lower end (deciles 1 to 4), where the elasticity to relative price variations is expected 
to be the highest. However, it is still expected that the probability of acquiring a PC 
increases with the income level (the bigger the rank of the deciles the higher the 
probability) and that income remains an important factor. 
In all models, the most important determinants of technology adoption are: the 
presence of children in the household, completed higher education, white-collar 
employment, perceived wellbeing and residence in the capital city, followed by the rest 
of the factors. It is not entirely expectable, nor in line with the existing literature on ICT 
adoption, particularly within the EU (see, for instance, Vincente and Lopez, 2006), that 
all these factors mentioned above would be more important than the income in 
inducing a propensity to acquire a PC. It is probably the case that the deployment of 
the new technologies really took off in Romania at times of falling prices, hence 
revenues, although important, were not ranking at the very top of the potential drivers 
of ICT consumption.  
Other result that needs further explanation is the negative coefficient associated with 
the status of student or pupil. Being a student and or a white collar employee have 
both a high impact on ICT technology adoption. At the level of the overall sample, the 
probability of having a computer when on white-collar employment (proxies by the 
share of the white collars employees who own a computer at home), is 64.3%. The 
same probability when a student is 58.1%. With the white collars as a reference 
group, comparatively, the probability that a student has a computer is lower, hence the 
negative sign for the STUDENT variable in models 1 and 3. 
Nevertheless, year by year this probabilities change as follows: 
 
 2003 2004 2005 2006 2007 
When a white collar 44% 54.9% 60.5% 75.4% 78.9% 
When a student 38.1% 44.3% 58.7% 81.48% 80.8% 
 
By the fourth year of our sample, being enrolled in an education program means a 
higher probability to acquire a computer than being hired as a white collar. As the 
group of reference in the case of occupational status is formed by white collars, the 
positive sign for the coefficient of the complex variable student*t (time trended 
variable) is a proof for convergence between the two groups presented in the above 
table, although the model predicts a faster convergence than observed.  
Both model 1 and model 3 results show that the gap between the probability of 
acquiring a PC for a highly educated person and the same probability for a person 
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with medium education (up to 12 years) has decreased over the period of reference 
(2003-2007). This is confirmed by the positive sign of the coefficient corresponding to 
the time-trended variable. Nevertheless, it would be a hazard to conclude that such an 
outcome is the result of a recent better PC-endowment of high-schools in Romania. 
Most of the people in the group of those with high-school completed higher education 
belong to age groups above 35 years. Moreover, there are small differences by age 
groups in the proportion of people owning a PC in total people having medium 
education level (9 to 12 years of education) who are not currently students. 
Becoming inactive lowers dramatically the probability of buying a computer. But when 
the time interaction is taken into consideration, a worrying trend is revealed: a 
negative coefficient for the time interaction means an increasing gap over time 
between the white collars and the inactive persons which instead means that the 
inactive persons show an increasing risk of social exclusion (and e-exclusion). 
This confirms the observed dynamics of the probabilities: 
 
 2003 2004 2005 2006 2007 
When a white collar 44% 54.9% 60.5% 75.4% 78.9% 
When inactive (but not a student) 5.6% 7.7% 10.2% 11.66% 15.5%% 
 
Considering the strong impact age has according to our model, the gap between the 
share of 18-year-old persons who own a computer and the same share for people 
over 55 years have increased significantly with the global increase in the early share 
of PC owners in total population. Again, it must be mentioned that this result holds at 
this stage of the technology adoption, when less than a quarter of respondents are 
actually owning a computer. 
One very surprising result is the low impact of gender difference in the decision of 
acquiring a PC, as well as the sign of this estimated impact (the negative sign for the 
slope denotes that women are most likely to acquire a PC than men in Romania). This 
is an opposite finding from the usual results in the literature, particularly in the studies 
referring to the US or Asian markets. The explanation may partially reside in the 
heritage of the previous socialist system, characterised by an artificially imposed 
equality between women and men. However, the gender factor is also the less 
statistically significant among all the factors took into account. Time trend also had 
little impact when tested, regardless of the model version used. 
Distance to the closest urban centre proves to be significant, but the results point out 
at a non-linear function, having the characteristics of a parabola which turns positive 
after 100 or more km. This cannot be confronted with the reality for the lack of 
corresponding observations in our sample, as there are not individuals/households in 
the sample located at such a distance from the nearest city (given a high density of 
population and of towns spread rather uniformly on the territory of Romania). 
The increase in the slopes corresponding to the year dummies from the earliest to the 
latest (2004 to 2007) is of no surprise, as it follows the clear trend of increasing share 
of people that own a PC in total population of Romania, a trend which is perfectly in 
line with the period of strong economic growth and with the expansion of the ICT 
market. 
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Being “happy” (i.e. high perceived well-being) is an important factor. Moreover, it 
seems to have a higher influence than income and matter as much as living in the 
capital city. This conclusion is not immediately straightforward and, therefore, an 
important result of our research. In fact, it supports the hypothesis that after getting 
acquainted with the new technology through their work/learning environment, 
Romanians are more susceptible to buy a PC when perceiving that their quality of life 
is stable and good or has improved.  
The profile with the highest probability of acquiring a computer in Romania is the 
wealthy female student, content with her quality of life, living in Bucharest, with 
children living in the household and having family members working abroad. She 
speaks foreign languages and is involved in non-governmental organisations. 
At the other extreme we find the elderly man, with poor retirement revenues and little 
education. He lives alone and is not involved in social work. From the policy-making 
point of view, there is no or very limited scope of intervention at the level of these 
extreme profiles.  
Yet, there are very limited non-linearities in our model. However, and despite the very 
few non-liniarities in our model, there are a lot of potential combinations of factors that 
create profiles with similar probabilities of adopting technology, but susceptible for 
targeting by different policy measures. The next step of this research will attempt to 
isolate few contrasting profiles and studying them in more detail, including specific 
modules of the FSD Public Opinion Barometer, in particular those on media and on 
happiness and its determinants. 
The available data also allow for future analyses of regional differences in the profiles 
of PC owners and users in Romania (and possibly of internet users). 
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Appendix 1 
MODEL 1 - AGE CONTINUOUS, WITH TIME INTERACTIONS 

Probit model with endogenous regressors            Number of obs   =       7425 
                                                    Wald chi2(22)   =    1915.18 
Log pseudolikelihood = -6181.4916                  Prob > chi2     =     0.0000 

|  Robust     
| Coef. Std. Err. z P>|z| [95% Conf. Interval] 

SOCIS_CONT~T .5604458 .1747536 3.21 0.001 .2179349 .9029566 
LOC_BUC .3881292 .0596553 6.51 0.000 .271207 .5050514 
CHILD .9169628 .0562033 16.32 0.000 .8068064 1.027119 
NETW_abroad1 .172394 .0623104 2.77 0.006 .0502679 .29452 
LANGUAGES .2317528 .043101 5.38 0.000 .1472765 .3162292 
NETW_asoc .2533033 .0550688 4.6 0.000 .1453705 .3612361 
STUDENT -.6084335 .1594819 -3.82 0.000 -.9210122 -.2958548 
I_STUDENT .1863362 .0453341 4.11 0.000 .097483 .2751893 
BCEMPL -.6004485 .065696 -9.14 0.000 -.7292103 -.4716867 
INACTIVE -.5257831 .1197571 -4.39 0.000 -.7605027 -.2910634 
I_INACTIVE -.059531 .0320049 -1.86 0.063 -.1222594 .0031975 
D1234 -.4112839 .0493555 -8.33 0.000 -.5080189 -.3145489 
D8910 .3623193 .0559266 6.48 0.000 .252705 .4719335 
PGEDUC_w -.6983371 .064211 -10.88 0.000 -.8241883 -.5724858 
LEDUC_w -.6917444 .095258 -7.26 0.000 -.8784467 -.5050421 
I_LEDUC_W .1297367 .0259444 5.00 0.000 .0788866 .1805868 
AGE -.0127491 .0022839 -5.58 0.000 -.0172255 -.0082727 
I_AGE .0026663 .0005348 4.99 0.000 .0016181 .0037144 
LOC_DIST2 .0002658 .0000595 4.46 0.000 .0001491 .0003824 
LOC_DIST -.0430706 .0050889 -8.46 0.000 -.0530447 -.0330966 
I_DIST .0033718 .001234 2.73 0.006 .0009533 .0057904 
GENDER -.109061 .03913 -2.79 0.005 -.1857545 -.0323676 
_cons -.6479657 .1869412 -3.47 0.001 -1.014364 -.2815677 
/athrho -.1860675 .0726046 -2.56 0.010 -.3283699 -.0437651 
/lnsigma -.9512148 .0084259 -112.89 0.000 -.9677293 -.9347004 
rho -.1839495 .0701478 -.3170553 -.0437371 
sigma .3862715 .0032547 .3799448 .3927035 
Instrumented:  SOCIS_CONTENT 
Instruments: 

LOC_BUC CHILD NETW_abroad1 LANGUAGES NETW_asoc STUDENT 
I_STUDENT BCEMPL INACTIVE I_INACTIVE D1234 D8910 PGEDUC_w 
LEDUC_w I_LEDUC_W AGE I_AGE LOC_DIST2 LOC_DIST I_DIST GENDER 

ABS_improve TRUST_PEERS PERC_future TRUST_INST 
Wald test of exogeneity (/athrho = 0): chi2(1) =     6.57 Prob > chi2 = 0.0104 
Marginal effects after ivprobit 
      y  = Probability of positive outcome (predict, p) =  .15148748 
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Appendix 2 
Probit model – prediction rates 

Model 1 
  

Probit model for ACCESS_PC 
              -------- True -------- 
 
Classified          D             ~D        Total 
     +           1009            402         1411 
     -            832           5182         6014 
   Total         1841           5584         7425 
 
Classified + if predicted Pr(D) >= .5 
True D defined as ACCESS_PC != 0 
 

Sensitivity Pr( +| D) 54.81% 
Specificity                    Pr( -|~D) 92.80% 
Positive predictive value      Pr( D| +) 71.51% 
Negative predictive value      Pr(~D| -) 86.17% 
False + rate for true ~D       Pr( +|~D) 7.20% 
False - rate for true D        Pr( -| D) 45.19% 
False + rate for classified +  Pr(~D| +) 28.49% 
False - rate for classified -  Pr( D| -) 13.83% 
 
Correctly classified                        83.38% 
 
 


