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ABSTRACT
Previous research assumes that poor quality of Open Government
Data (OGD), OGD portals, and the services provided for OGD may
result in reduced trust of citizens in OGD. However, studies that
empirically test this assumption are scarce. Using the Information
Systems (IS) Success Model as a theoretical basis, this study aims to
examine the effects of data quality, system quality, and service qual-
ity on citizens’ trust in OGD.We used Structural Equation Modeling
(SEM) to analyze the 200 responses to our online questionnaire. We
found that trust in OGD can be predicted by citizens’ perceptions
of OGD system quality and service quality. Furthermore, citizens’
perception of service quality positively influences their perceptions
of data and system quality, whereas citizens’ perception of system
quality positively influences their perception of data quality. This
study is among the first that quantitatively examines the effects of
data quality, service quality, and system quality on citizen’s trust
in OGD. It contributes to the scientific literature by providing an
operationalization of elements of the IS Success Model in the con-
text of OGD and by developing and applying a model of factors
influencing citizen’s trust in OGD. While previous research finds
that perceived data quality is the most crucial driver for trust in
OGD, our study finds that citizens’ perception of OGD service qual-
ity is a more important driver for trust in OGD. With regard to
the practical contributions of this study, open data policymakers
should be aware that citizens’ perceptions on data quality can be
greatly improved when appropriate human services are provided
(e.g., designated civil servants offering support or help to data users)
in addition to the provision of OGD portal functionalities (e.g., data
visualization and comparison tools).
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1 INTRODUCTION
In the past two decades, public bodies have increasingly shared
their raw datasets online with the public [4, 19, 44]. One impor-
tant motivation for this development is the belief that opening up
government data will increase citizens’ trust in government [10].
Previous research found that the level of citizen’s trust in govern-
ment has been declining for more than three decades now [40].
Therefore, governments look for ways to become more transparent
and increase citizens’ trust. The underlying assumption is that if
citizens can trust OGD, their trust in government will also increase.

Previous research already provides some insights into the factors
associated with the utilization of OGD and citizen’s trust. For ex-
ample, Meijer et al. [26] studied OGD use and its influence on trust
in the context of open data provision of two governmental agencies
in the Netherlands. They found that when the results of data reuse
can be replicated, trust is improved. As another example, Jurisch et
al. [21] surveyed international citizens from six different countries
to examine the effect of the citizens’ trust in the Internet on their
intention to use OGD. They found that trust does not influence the
intention to use OGD.

The relationship between OGD use and citizen’s trust has also
been studied from various theoretical perspectives. For example,
Zuiderwijk [49] used the integrated Unified Theory of Acceptance
and Use of Technology and the two-stage expectation confirmation
theory of Information Systems continuance by Venkatesh et al. [41]
to investigate the effects of an OGD infrastructure on the coordina-
tion of OGD use. She found that the use of an OGD infrastructure,
including an OGD portal and the quality of the data, sometimes
leads to trust-related concerns. As another example, Weerakkody
et al. [46] used an adjusted model based on Rogers’ diffusion of
innovations theory [33] to empirically investigate the predictors
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Figure 1: Research model for investigating the effects of data quality, system quality, and service quality on trust in OGD.

influencing the use of public sector open data. Their findings im-
plicitly suggest that most citizens have no concerns about trusting
OGD.

Existing studies that address both OGD use in relation to trust-
aspects have two main constraints. First, current studies that exam-
ine OGD effects on trust mainly focus on the system that provides
access to open data (e.g., open data platforms [6], open data web-
sites [44]), or OGD in general [38, 47]. On the other hand, the IS
Success Model of DeLone and McLean [12] hypothesizes that not
only the quality of the system but also the quality of the data and
the provided service quality affect trust levels. Despite a few excep-
tions (e.g., [38]), most studies do not integrate these different quality
aspects. Second, a large proportion of the studies concerning OGD
use in relation to trust investigates the influence of citizens’ trust on
the use of OGD, rather than the other way around. Research into the
relationship between OGD utilization as the independent variable
and the trust of citizens as the dependent variable is scarce. The
relationship between OGD use and trust is usually assumed rather
than tested empirically, and more empirical research is needed to
verify this assumption [35].

Using the IS Success Model of DeLone and McLean [12] as a
theoretical basis, this study aims to examine the effects of data
quality, system quality, and service quality on citizens’ trust in
OGD. To attain this objective, we created and administered an online
survey, and empirically analyzed 200 responses collected from the
survey distribution throughout open data user communities. This
paper is among the first to scientifically contribute to applying
the IS Success Model in the context of OGD use. Our study also
provides insight into the quality attributes of OGD that should be
taken into account by policymakers who are responsible for OGD
provision to enhance citizens’ trust.

This paper is structured as follows. First, we discuss the theoret-
ical background to introduce the variables relevant to our research
model and hypotheses development. Next, we present our research
design, which includes data collection and analysis, and describes
the results in the following section. Then, we discuss our empirical
study results. Finally, we present our conclusion, which also high-
lights the limitations of our study and provides a possible avenue
for future research.

2 RESEARCH MODEL AND HYPOTHESES
DEVELOPMENT

The hypotheses underlying the IS Success Model are often amended
to suit better the context of the study (e.g., [6, 38]). We adjusted the
original IS Success Model to suit better the context of OGD, based
on relevant literature concerning citizens’ trust in OGD. Figure
1 shows the modified model for investigating the effects of data
quality, system quality, and service quality on trust in OGD. The
developed hypotheses and the modifications are explained in the
following subsections.

2.1 Trust
Trust can be defined as “the confidence a person has in his or
her favorable expectations of what other people will do, based, in
many cases, on previous interactions” [13, p. 726]. The creation of
the trust is one of the expected benefits of opening government
data [19, p. 261]. Trust can be produced based on three different
modes: 1) process-based trust, related to past or expected exchange,
2) characteristic-based trust, linked to person based on social char-
acteristics, and 3) institutional-based trust, referred to formal soci-
etal structures based on individual or firm-specific attributes [48].
Process-based trust is probably the most relevant in the context
of OGD use; citizens’ prior experience with governmental organi-
zations and the opened data that they provide shape trust. While
trust in e-government service is composed of trust in government
and trust in the Internet [5], we argue that, in line with Zuiderwijk
[49], trust in OGD is a combination of trust in government and trust
in the opened data.

2.2 Data Quality
In the IS Success Model, information quality measures the informa-
tion system output, namely, the quality of the information produced
by the system, mainly in the form of reports [11]. Data quality is
typically related to technical attributes of data, while information
quality concerns non-technical issues [24]. In this study, we do not
distinguish between data quality and information quality. We prefer
to use the term data quality over information quality to represent
both technical and non-technical attributes of data. Data quality
can be defined as “data that are fit for use by data consumers” [43,
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p. 6]. Thus, it is subjective since its attributes are positively related
to data users’ preferences [42]. For example, a group of users would
require timely and relevant data for making a prompt decision,
while others need accurate data to create a report.

Low quality of data has been a recurring barrier found in many
open data studies (e.g., [2, 25, 28, 50]) that can result in less
trust in the opened data and the data provider, i.e., the govern-
ment [19, 27, 49]. Contrary, improved information quality of e-
government services in the United Kingdom has a positive and
significant effect on citizens’ trust [45]. Lee and Levy [23] suggest
that accuracy, completeness, and representation are three specific
attributes of information quality that influence trust. Similarly, open
data scholars find that inaccurate, incomplete, and unknown for-
matted data, as well as data that is difficult to link with other data,
have become recurring impediments of open data use [50]. The
improvement of these quality attributes of open data, namely accu-
racy, completeness, format, and interoperability, can result in higher
citizens’ trust in OGD. Thus, we hypothesize:

H1: Perceived open government data quality will positively influ-
ence citizens’ trust in open government data.

2.3 System Quality
System quality is defined as the measures of the system’s informa-
tion processing performance from a combination of the engineering-
oriented evaluation and user-oriented perspectives [11]. Weer-
akkody, Irani, Lee, Hindi and Osman [45] found that the improved
system quality of e-government services in the United Kingdom
had a positive and significant effect on citizens’ trust. Systems or
technologies or platforms that provide access to open data and
their functionalities that enable users to explore and exploit data
are critical ingredients to OGD programs [6]. Such a system usually
manifests in an open data website or portal. Citizens can use these
portals to search for datasets, visualize, and download them [50]
or even develop applications on top of it [19]. Charalabidis, Loukis
and Alexopoulos [6] evaluate a European OGD infrastructure and
find that the portal’s response time can be a significant problem to
data users. Also, the way citizens can use OGD is significantly con-
tingent upon the way these portals publish the open data [4]. The
availability of guidance or documentation in the portal can reduce
the complexity when using open data, which, in turn, will improve
trust in OGD [19]. Building on these arguments, the improvement
of the following four attributes of system quality, namely, avail-
ability, functionality, responsiveness, and documentation, can lead
to higher citizens’ trust in OGD. Thus, we formulate the following
hypothesis:

H2: Perceived open government data system quality will positively
influence citizens’ trust in open government data.

The early version of the OGD portal typically functions merely
as a website for locating open data and viewing the datasets. At
the same time, the advanced version also provides a set of online
tools or technologies for exploring and exploiting data [1]. These
technologies help users better understand and manipulate open
data to create something out of it. For example, documentation such
as metadata describes the structure of data, and a guide explains
the way users can utilize the datasets would substantially improve
users’ perceptions of data quality. Functionalities provided on the

data portal that enables data visualization, comparison, and linking
would also enhance citizens’ perceptions of data quality. Therefore,
we hypothesize that a relationship exists between the perceived
system quality and data quality in which higher system quality will
lead to higher data quality. Thus, we hypothesize:

H3: Citizens’ perceived open government data system quality will
positively influence the perceived open government data quality.

2.4 Service Quality
Service quality is rooted in marketing studies and can be defined
as a comparison of consumer service expectations with perceived
service performance [29]. Since the mid-1980s, IS organizations
typically provide not only information as the output of the systems
they developed, but also support or help for the end-users of the
IS and its outputs [12]. Tan et al. [39] reveal that the high quality
of e-government service improves citizens’ trust towards public
e-service. Services can take form as an IT-mediated tool such as
guides for open data users [19] or features for rating the quality of
data and submitting comments on it [50]. Services in the form of
designated civil servants providing support or help to data users are
typically offered in open data hackathons [31] and rarely given in
the daily operation of OGD provision; the case of Stockholm Public
Transport is an exception to this in which support for feedback is
provided [34].

The underlying dimensions of the service quality attributes are 1)
tangibles (physical appearance of personnel), 2) reliability (ability to
perform the promised service), 3) responsiveness (willingness to help
and provide prompt service), 4) assurance (knowledge and courtesy
of employees and their ability to inspire trust and confidence), and
5) empathy (caring, individualized attention the service provider
gives its customers) [20, 30]. The non-existence of support, help,
or training for the use of the data and interaction and discussions
between OGD users and providers are typical barriers found in
open data use [37, 50]. The availability of services for data users
having a higher quality of reliability, assurance, responsiveness,
and empathy can result in higher trust in OGD. Therefore, we
hypothesize:

H4: Perceived open government data service quality will positively
influence citizens’ trust in open government data.

Bharati and Berg [3] find that information quality and system
quality, among other factors, indirectly influence the service qual-
ity of a company IS department through employee IS performance.
Higher quality of system used by employees and information it pro-
duces lead to higher employee performance, which then increases
the quality of services provided by the employees. We argue that
the opposite directions are applied in the OGD context. Reliable,
assuring, responsive, and empathic OGD services will result in
higher perceived data quality as well as higher perceived system
quality. For example, responsive and emphatic personnel who re-
ceive feedback from users and make follow-ups such as correcting
inaccurate data may enhance the users’ perceptions of data quality.
Also, knowledgeable and responsive civil servants designated to
data support may ease the efforts needed by users to operate data
exploitation-related functionalities provided in the portal and hence,
improve the users’ perceptions of OGD system quality. Therefore,
we formulate the following hypotheses:
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H5: Citizens’ perceived open government data service quality will
positively influence the perceived open government data quality.

H6: Citizens’ perceived open government data service quality will
positively influence the perceived open government system quality.

3 RESEARCH DESIGN
3.1 Instrument Development
An online questionnaire was developed to collect data about citi-
zens’ perceptions of data quality, system quality, and service quality,
as well as their trust in OGD. The questionnaire consisted of three
sections: 1) questions concerning the participant’s experience in
engaging with OGD (those who declare that they never use OGD
had to exit the questionnaire), 2) questions seeking to obtain the
participant’s perceptions of data quality, system quality, service
quality, and the participants’ trust in OGD, and 3) questions about
the participant’s background. The questions in the second section
were primarily adopted from and have been tested by DeLone and
McLean [11], DeLone and McLean [12], Gefen [13], Parasuraman,
Zeithaml and Berry [29], and Carter and Bélanger [5]. Also, the
questions were slightly reworded to fit the context of the study.
Table 1 presents the question items asked in the second part of
the questionnaire. A five-point Likert scale was used to specify the
level of citizens’ agreement or disagreement on the perceptions
asked, ranging from “strongly disagree” to “strongly agree.” Fur-
thermore, a “not applicable” option was provided. These questions
have been made available online through the 4TU Research Data
repository at http://doi.org/10.4121/uuid:28fea23d-6984-4ed5-9755-
3064988331f0.

3.2 Data Collection
The survey link was distributed from May to September 2019
through various open data community channels such as mailing
lists and LinkedIn groups. We recruited survey participants using
this opportunistic sampling approach because defining the bound-
aries of potential OGD citizen-user communities is challenging.
More notably, the opening of government data leads to use by un-
predicted actors [2]. We collected 471 responses, over which 203
have missing values because some questions are left unanswered.
Among the remaining responses (n=268), eight have “not applicable”
answers for the dependent variables (questions related to trust), and
sixty have “not applicable” answers for the independent variables
(questions related to data quality, system quality, and service qual-
ity). According to Hair et al. [16], these responses can be removed
from the sample. Therefore, we excluded these 271 responses and
included 200 complete responses (42.46%) in the analysis.

3.3 Data Analysis
Structural Equation Modeling (SEM) is a technique able to simul-
taneously examine multiple relationships between dependent and
independent variables [15]. SEM enables researchers not only to
evaluate the hypothesized causation among a set of dependent and
independent constructs (structural model) but also to assess the
loadings of observed items (indicators) on their expected latent
variables (measurement model) [14, 16]. Our research aims to ex-
amine the effects of OGD quality constructs – data, system, and
service quality – on trust in OGD, implying that both structural

and measurement model has to be assessed, and therefore, SEM is
selected. In this study, we employ Partial Least Squares (PLS)-SEM
as an approach for our data analysis using the computer program
“SmartPLS 3” [32].

4 RESULTS
We followed the two-stage assessment of PLS-SEM results as pro-
posed by Hair et al. [17]: 1) the evaluation of the measurement
model for examining the relationships between constructs and their
latent variables (indicators), and 2) the assessment of the structural
model for considering the causation among constructs. In the first
stage, the measurement models are assessed on their internal con-
sistency reliability, convergent validity, and discriminant validity
to provide evidence of the measures’ quality. After the constructs’
reliability and validity have been examined, the structural model es-
timates are reviewed in the second stage based on the coefficients of
determination (R2 values), the significance of the path coefficients,
f2 effect sizes, and predictive relevance (Q2).

4.1 Respondents Characteristics
From the available responses, we can infer that slightly more than
two-thirds of the respondents were men, and more than three-
quarters of the respondents were between 22 and 50 years old. Al-
most three-quarters of the respondents engaged with OGD already
more than five years ago, suggesting that most respondents have
relatively much experience with OGD use. More than half of all re-
spondents use OGD in a team setting (n=117, 58.5%). The three most
popular types of output created by the respondents through OGD
use include visualizations (20.4%), applications (19.2%), and maps
(17.2%). Table 2 describes the characteristics of our questionnaire
respondents. The last column of the table shows the percentage of
the valid sample that is calculated only based on completed answers;
the calculation excludes missing values.

More than half of the respondents have Indonesian nationality
(n=94; 60.3%), and this may raise a question whether their perspec-
tives biased the response of the whole sample. Before doing the
PLS-SEM analysis, we assessed the sample using the Kruskal-Wallis
H test to determine whether there are significantly differences be-
tween groups of nationality on all variables asked in the survey.
The results show that there were no statistically significant differ-
ences in the perceptions of data quality, system quality, service
quality, and trust between the different citizen’s nationality groups.
Therefore, we can confidently proceed with the analysis.

4.2 Measurement Model Assessment
Reflective measurement models are assessed on their internal con-
sistency reliability, convergent validity, and discriminant validity
to provide evidence of the measures’ quality [17]. Overall, our
constructs appear to be satisfactorily reliable, having composite
reliability (CR) and Cronbach’s α > 0.8 [7]. The indicators’ loadings
> 0.708 and reliability > 0.5, and our constructs’ AVE > 0.6 imply
that the constructs have high levels of convergent validity [17]. Our
constructs’ confidence interval of the heterotrait-monotrait ratio
(HTMT) statistic does not include the value 1 and thus indicates
that the constructs are empirically distinct [17]. Based on these
results, we can conclude that the construct measures are reliable
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Table 1: Measurement items.

Construct Question items (indicators)

Data Quality (DQ) DQ1 The open government data I engaged with are free from errors
DQ2 The open government data I engaged with are complete (i.e., cover all attributes needed, no

missing value)
DQ3 The open government data I engaged with are well-formatted
DQ4 It is easy to link or combine a dataset to/with other open government data

Systems Quality (SYSQ) SYSQ1 The open government data portal that I engaged with is available at all times
SYSQ2 The open government data systems that I engaged with responds at an acceptable speed
SYSQ3 The open government data systems that I engaged with provides functionalities needed (e.g., data

visualization, feedback mechanism, quality rating)
SYSQ4 The open government data systems that I engaged with provided guidance and documentation to

download and interpret the data
Service Quality (SVCQ) SVCQ1 The open government data provider responds sufficiently timely

SVCQ2 The open government data provider follows up on a user’s report
SVCQ3 The open government data provider has adequate knowledge to answer a user’s request
SVCQ4 The open government data provider prioritizes the user’s needs

Trust (TR) TR1 Open government data providers can be trusted
TR2 The open government data that I engaged with seemed truthful to me
TR3 The open government data I engaged with can be trusted

Table 2: Characteristics of respondents and their experience in using OGD (n=200).

Characteristic Category Sample
N % Valid %

Gender Female 50 25.0 32.9
Male 102 51.0 67.1
Unknown (missing) 48 24.0

Age 22-30 years old 23 11.5 13.9
31-40 years old 63 31.5 40.4
41-50 years old 45 22.5 28.8
51-60 years old 19 9.5 12.2
61 years old or over 6 3.0 3.8
Unknown (missing) 44 22.0

Have engaged with OGD since ≥ 5 years ago 146 73.0
2 years ≥ and < 5 years ago 24 12.0
1 year ≥ and < 2 years ago 20 10.0
Less than 1 year 10 5.0

Nationality African 2 1.0 1.3
American 8 4.0 5.1
Asian – Indonesian 94 47.0 60.3
Asian – non Indonesian 4 2.0 2.6
Australian 4 2.0 2.6
European 43 21.5 27.6
Other 1 0.5 0.6
Unknown (missing) 44 22.0

and valid (see Table 3 for a complete overview), and thus, the next
assessment on the structural model can be conducted.

4.3 Structural Model Assessment
The structural model assessment involves examining the predic-
tive capabilities of the model and the relationships between the

constructs [17]. This examination was carried out in a systematic
approach comprised of six assessment procedures: 1) collinearity
issues, 2) significance and relevance, 3) level of R2, 4) f2 effect size,
and 5) predictive relevance Q2. Before analyzing all assessment
results, collinearity problems found in the first step (i.e., when vari-
ance inflation factor or VIF value is above 5), must be solved by
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Table 3: The assessment results of the measurement model.

Constructs Items Convergent Validity Internal Consistency Reliability Discriminant
Validity

Loadings Indicator
Reliability

AVE Composite
Reliability

Cronbach’s α HTMT

DQ DQ1 0.833 0.694 0.737 0.918 0.881 Yes
DQ2 0.884 0.781
DQ3 0.876 0.767
DQ4 0.839 0.704

SYSQ SYSQ1 0.765 0.585 0.647 0.880 0.818 Yes
SYSQ2 0.810 0.656
SYSQ3 0.841 0.707
SYSQ4 0.799 0.638

SVCQ SVCQ1 0.886 0.785 0.805 0.943 0.919 Yes
SVCQ2 0.907 0.823
SVCQ3 0.899 0.808
SVCQ4 0.897 0.805

TR TR1 0.916 0.839 0.864 0.950 0.921 Yes
TR2 0.932 0.869
TR3 0.940 0.884

removing indicators having problematic VIF values [17]. The VIF
values of all sets of predictors in our model are clearly below the
threshold of 5. Table 4 presents the result of the structural model
assessment.

Following the rule of thumb described by Chin [8] – R2 values of
0.67, 0.33, or 0.19 for endogenous latent variables are respectively
substantial, moderate, or weak –, the R2 values of DQ (0.420) and
SYSQ (0.548) can be considered moderate. In contrast, the R2 value
of TR (0.326) is weak. The values of f2 can be assessed using the
guidelines proposed by Cohen [9]; values of 0.02, 0.15, and 0.35,
respectively, represent small, medium, and large effects of the ex-
ogenous latent variable. Following the guidelines, we can infer that
DQ has no impact on TR, while SYSQ has a small effect size on TR
and DQ as well as SVCQ on TR and DQ. On the contrary, SVCQ has
a large effect size on SYSQ.

Looking at the relative importance of the exogenous driver con-
structs for trust in OGD (TR), one can find that citizens’ perception
of OGD service quality (SVCQ) is most important, followed by the
perception of system quality (SYSQ) and data quality (DQ) respec-
tively. The results also show clearly that the citizens’ perception
of service quality (SVCQ) is the most important driver for the per-
ception of data quality (DQ), followed by the perception of system
quality (SYSQ).

Concerning the trust in OGD, we can see that among the three
exogenous driver constructs, the citizens’ perception of service
quality has the strongest total effect on trust (0.527), followed by
citizens’ perception of system quality (0.283) and citizens’ percep-
tion of data quality (0.145). Assuming a typical 5% significance level
[17], we find that all relationships in the structural model, except
DQ → TR, are significant. Figure 2 depicts the path coefficients
of relationships among variables in the research model. The Q2

values of all three endogenous constructs are considerably above
zero – TR (0.268), DQ (0.298), and SYSQ (0.347) – and therefore, the

results provide clear support for the model’s predictive relevance
regarding the endogenous latent variables.

5 DISCUSSION
Since our research aims to investigate the OGD users’ perceptions
of data, system, and service quality and examine whether these
perceptions affect their trust in OGD, we sampled only those who
have experience in using OGD. Interestingly, almost three-quarters
of the respondents have engaged with OGD for more than five
years. This finding suggests that despite recurring barriers of OGD
use found in many case studies throughout the last decade (e.g.,
[2, 10, 25, 50]), some citizens are interested in OGD and want to do
something with it (e.g., creating apps for society [36], participating
in open data hackathons [18]). Since trust is shaped by the experi-
ence of trustors (the citizens) when interacting with trustees (the
governments as data providers and the data that they opened) [48],
perceptions of these experienced respondents are crucial.

Based on the loading and reliability assessments, DQ2, SYSQ3,
and SVCQ2 appear to be the most important attributes of the per-
ceived data quality, system quality, and service quality, respectively.
DQ2 concerns the completeness of the opened data, SYSQ3 is asso-
ciated with the functionalities provided in the OGD portal, while
SVCQ2 is related to the responsiveness of OGD provider to users’
reports. In previous research, partial or incomplete data, among
other barriers, is found to discourage the use of OGD among social
science researchers [19, 50] and among the top three data quality
barriers [2]. Functionalities of OGD portal that support users’ data
processing capabilities such as data enrichment, data cleansing,
linking datasets, data visualization (e.g., data preview, mapping),
and multiple data layering have the most substantial impact on
the OGD value creation [6] and influence the OGD usability [28].
In line with the findings of previous research, lack of support or
helpdesk is found to impede OGD use [28, 50] and the provision of
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Table 4: The assessment results of the structural model.

f2 Path Coefficients Total
Effects

t Values p Values Hypothesis
supported/
rejected

H1: DQ→ TR 0.018 0.145 0.145 1.890 0.063 rejected
H2: SYSQ → TR 0.036 0.239 0.283 2.608* 0.010 supported
H3: SYSQ → DQ 0.069 0.298 0.298 3.240* 0.001 supported
H4: SVCQ → TR 0.041 0.260 0.527 3.227* 0.001 supported
H5: SVCQ → DQ 0.122 0.396 0.616 4.081** 0.000 supported
H6: SVCQ → SYSQ 1.213 0.740 0.740 20.568** 0.000 supported

Notes: two-tailed tests, significant at: *p<0.01, t-value 2.57; **p<0.001, t-value 3.29.

Figure 2: Path coefficients for relationships among data quality, system quality, service quality, and trust in OGD. Notes: two-
tailed tests, significant at: *p<0.01, t-value 2.57; **p<0.001, t-value 3.29.

support can lower users’ task complexity [36], our result further
shows that responsiveness is the most crucial attribute of OGD
support.

While previous research finds that perceived data quality is the
most important driver for trust in OGD (e.g., [19, 27, 49]), our study
finds that citizens’ perception of OGD service quality is a more
important driver for trust in OGD. The difference in findings may
be related to the level of experience of the citizens involved in the
study. Some previous studies might view trust from the lens of new
or first-time users who may have a lack or even no experience in
using OGD that varies in quality. In contrast, in line with several
other studies (e.g., [22]), our respondents were relatively experienced
users who might have skills needed to curate and cleanse raw OGD.
Once the experienced users found low-quality data, they might
want to discuss it with the data provider, provide feedback, and
demand follow-up actions to correct the data [50]. In this sense,
exemplified by a case study in Sweden [34], the quality of support
provided by the OGD provider would be far more critical than the
quality of the opened data as the latter can be reconciled during a
feedback mechanism.

Our assessment results also show that citizens’ perception of
OGD service quality is a more critical driver of perceived data qual-
ity compared to the perception of OGD system quality. We argue

that although OGD portals provide functionalities needed by the
users to analyze and manipulate raw data, there exist technologi-
cal limitations that prevent the implementation of more advanced
features such as statistical analysis [1]. Users have to rely on their
own or their colleagues’ knowledge and skills, such as analytical
techniques for collecting, analyzing, interpreting and presenting
data [19]. This could be compensated by support or help provided
by knowledgeable, responsive, and emphatic data providers.

Although OGD provision has been widely studied in the last
decade, research on the use of OGD is still at infancy. More notably,
no empirical research examining the effects of perceived OGD qual-
ity on citizens’ trust in OGD has been done. According to Hair, Hult,
Ringle and Sarstedt [17, p. 196], when a study is exploratory in na-
ture, on many occasions, researchers assume a significance level of
10%. Using this assumption, hypothesis H1 can be supported. How-
ever, we assume the typical significance level of 5% and therefore,
reject the hypothesis H1, indicating that the perceptions of data
quality do not affect citizens’ trust. This striking finding strongly
implies that experienced users prefer OGD availability over its qual-
ity because they or their groups possess sufficient knowledge and
skills to overcome data quality problems.
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6 CONCLUSION
Using the Information Systems (IS) Success Model as a theoretical
basis, this study aims to examine the effects of data quality, system
quality, and service quality on citizens’ trust in OGD.We distributed
a comprehensive questionnaire and collected the responses of 200
citizens from 27 nationalities. More than three-quarters of the re-
spondents have more than two years of experience in engaging
with OGD.

We used the PLS-SEM approach to analyze the 200 questionnaire
responses, and we found that trust in OGD can be predicted by
citizens’ perception of OGD system quality and service quality. All
hypotheses, except the influence of citizens’ perception of data
quality on trust, are supported. Furthermore, citizens’ perception of
service quality positively influences citizens’ perception of data and
system quality, whereas the perception of system quality positively
influences citizens’ perception of data quality. While previous re-
search finds that perceived data quality is the most important driver
for trust in OGD, our study finds that citizens’ perception of OGD
service quality is a more important driver for trust in OGD.

This study provides useful insights for practitioners and open
data policymakers. Our findings show that open data policymakers
should be aware that citizens’ perceptions on data quality can
be significantly improved when appropriate human services are
provided (e.g., designated civil servants offering support or help to
data users) in addition to the provision of OGD portal functionalities
(e.g., data visualization and comparison tools). The availability of
knowledgeable, responsive, and empathic support or help from
an OGD provider will not only be invaluable for the experienced
users who can curate and cleanse low-quality data but also for the
first-time users to compensate for their lack of data curation and
cleaning skills. For experienced users, the feedback mechanism
as an aspect of OGD service can encourage the correction and
improvement of low-quality data.

Our study contributes to the scientific literature by providing an
operationalization of elements of the Information Systems Success
Model in the context of OGD and by developing a model of factors
influencing citizen’s trust in OGD. This study is among the first that
quantitatively examines the effects of data quality, service quality,
and system quality on citizen’s trust in OGD. Few studies that use
the theories separately are limitedly available, but to the best of
our knowledge, research that integrates the application of the two
theories in the OGD context is non-existent.

This study focused on citizens’ perceived data quality, system
quality, and service quality, yet we did not investigate particular
OGD that the respondents had used, nor the systems and services.
Since OGD provision highly varies across different governmental
organizations, thus it cannot be separated from its context, which
includes the nature of the opened data, the nature of the portal pro-
viding access to data, and services offered to data users. Therefore,
our research can be complemented by looking into these partic-
ular aspects using, for example, a multiple case study approach.
Furthermore, our study models citizens’ perceptions of OGD qual-
ity, human systems that are both geographically and temporally
dynamic. We recommend future research to longitudinally investi-
gate the effects of OGD quality attributes on citizens’ trust in OGD
and examine additional factors that may influence citizens’ trust

in OGD to better understand how the antecedents of trust in OGD
change over time.
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