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Abstract

Background

Using government health datasets for secondary purposes is widespread; however, little is

known on researchers’ knowledge and reuse practices within Australia.

Objectives

To explore researchers’ knowledge and experience of governance processes, and their

data reuse practices, when using Victorian government health datasets for research

between 2008–2020.

Method

A cross-sectional quantitative survey was conducted with authors who utilised selected Vic-

torian, Australia, government health datasets for peer-reviewed research published

between 2008–2020. Information was collected on researchers’: data reuse practices;

knowledge of government health information assets; perceptions of data trustworthiness for

reuse; and demographic characteristics.

Results

When researchers used government health datasets, 45% linked their data, 45% found the

data access process easy and 27% found it difficult. Government-curated datasets were

significantly more difficult to access compared to other-agency curated datasets (p = 0.009).

Many respondents received their data in less than six months (58%), in aggregated or de-

identified form (76%). Most reported performing their own data validation checks (70%). To

assist in data reuse, almost 71% of researchers utilised (or created) contextual documenta-

tion, 69% a data dictionary, and 62% limitations documentation. Almost 20% of respondents

PLOS ONE

PLOS ONE | https://doi.org/10.1371/journal.pone.0297396 February 1, 2024 1 / 20

a1111111111

a1111111111

a1111111111

a1111111111

a1111111111

OPEN ACCESS

Citation: Riley M, Robinson K, Kilkenny MF, Leggat

SG (2024) The knowledge and reuse practices of

researchers utilising government health

information assets, Victoria, Australia, 2008–2020.

PLoS ONE 19(2): e0297396. https://doi.org/

10.1371/journal.pone.0297396

Editor: Hamed Ahmadinia, Abo Akademi

University: Abo Akademi, FINLAND

Received: June 15, 2023

Accepted: January 4, 2024

Published: February 1, 2024

Copyright: © 2024 Riley et al. This is an open

access article distributed under the terms of the

Creative Commons Attribution License, which

permits unrestricted use, distribution, and

reproduction in any medium, provided the original

author and source are credited.

Data Availability Statement: Data cannot be

shared publicly because of potentially sensitive

information and the terms under which the data

were collected indicated the data were to be used

only for the purposes outlined in this study. Data

may be available from the La Trobe University

Human Research Ethics Committee (contact via

humanethics@latrobe.edu.au) for researchers who

meet the criteria for access to confidential data.

Funding: The author(s) received no specific

funding for this work.

https://orcid.org/0000-0003-4230-7062
https://orcid.org/0000-0002-9037-6022
https://doi.org/10.1371/journal.pone.0297396
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0297396&domain=pdf&date_stamp=2024-02-01
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0297396&domain=pdf&date_stamp=2024-02-01
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0297396&domain=pdf&date_stamp=2024-02-01
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0297396&domain=pdf&date_stamp=2024-02-01
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0297396&domain=pdf&date_stamp=2024-02-01
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0297396&domain=pdf&date_stamp=2024-02-01
https://doi.org/10.1371/journal.pone.0297396
https://doi.org/10.1371/journal.pone.0297396
http://creativecommons.org/licenses/by/4.0/
mailto:humanethics@latrobe.edu.au


were not aware if data quality information existed for the dataset they had accessed.

Researchers reported data was managed by custodians with rigorous confidentiality/privacy

processes (94%) and good data quality processes (76%), yet half lacked knowledge of what

these processes entailed. Many respondents (78%) were unaware if dataset owners had

obtained consent from the dataset subjects for research applications of the data.

Conclusion

Confidentiality/privacy processes and quality control activities undertaken by data custodi-

ans were well-regarded. Many respondents included data linkage to additional government

datasets in their research. Ease of data access was variable. Some documentation types

were well provided and used, but improvement is required for the provision of data quality

statements and limitations documentation. Provision of information on participants’ informed

consent in a dataset is required.

Introduction

The Association of Australian Medical Research Institutes (AAMRI) identified over 32,000

medical researchers undertaking research in Australia in 2019 [1]. Whilst many utilised pri-

mary data, there was an increasing focus on the reuse of health data [2, 3]. The extent of medi-

cal or health data reuse has not been quantified in Australia. Internationally, Neto et al. [4]

identified an increase in the number of publications between 2010 to 2018 which cited the use

of Open Government data sources, with health being the second most cited Open Government

data domain.

Australia adopted the Open Data Charter principles formally in 2017 [5], committing to the

reuse and sharing of non-sensitive government data as standard practice. In the state of Victo-

ria, the collection, use, reuse and dissemination of human data for research purposes are gov-

erned under both national and state-based policies (e.g., the National Statement on Ethical

Conduct in Human Research [6], national Privacy Principles [7], state Health Records Act [8],

state Privacy and Data Protection Act [9]) and processes (e.g., passwords, encryption, secure

portals) for protection and release of government health data. The Australian Government’s

vision “to implement world class data and digital capabilities” [10, p.3] is slowly being imple-

mented, but faces technological, cultural and resourcing challenges [11–13] that are also mir-

rored in the reuse of government data.

Challenges of data reuse

Data reuse has many benefits [3, 4, 14], but also many challenges, particularly in health [15].

These include, but are not limited to: informed consent and de-identification of data; heterog-

enous data types; low data quality and inadequate standardisation; lack of technical infrastruc-

ture; and staff insufficiently qualified to facilitate data reuse [3, 16]. Additional challenges

linked to researcher reuse include access and release of data, the researcher’s knowledge (or

lack thereof) about data provenance, purposes, context, metadata, etc., and lack of available

documentation to provide this information [17–19]. McGrath-Lone et al. [20] identified

inconsistent understanding between organisations on the extent of data documentation and

curation required for data to be considered research-ready. The data producer and their docu-

mentation, however, constitute only part of the data reuse scenario. Lee and Strong [21]
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identified three main players in data production and use: “the data collector, data custodian

and data consumer” (p.17). Often, it is the data consumer, a researcher, who is responsible for

the analysis, use and dissemination of information and knowledge produced from the data.

Knowledge and infrastructure requirements for data reuse

Recognising the need for skilled researchers/staff to source, utilise, manage and analyse open-

source data [22], the Australian Research Data Commons (ARDC) investigated the data dis-

covery practices of researchers. Liu et al. [23] explored researchers’ approaches in sourcing,

collecting and analysing data. This, in turn, helped inform data providers of information

requirements researchers needed to make informed decisions about data reuse. Appropriate

information must be available to answer questions of provenance, structure, definitions, qual-

ity, access and consent [24]. In parallel, researchers must have the intent to use, and sufficient

skill to interrogate, manipulate and analyse these data and related documentation [25].

Access to government health data is no longer a simple process of an end-user requesting

data access from the primary data producer or dataset custodian. This is reflective of Giddens’

[26] notion of time-space distanciation whereby data, in this case relating to patients treated,

are extracted from the patient and, then, from their medical record and (re-)processed and re-

cycled to become highly mobile and accessible data items that are remote from the patient-

subject. Giddens found the associated “disembedding mechanisms” (p.20) to be dependent

upon trust. Sexton et al., [27] in their Balance of Trust model, interpreted the access process as

“abstract and faceless as standardised protocols for access take over from personal gatekeeping

as a means of governing the tie between provider and researcher” (p.314). Given this “disem-

bodied” process, it is important to understand researchers’ dataset knowledge and the key doc-

umentation they utilise, or do not utilise, to i) ensure the outputs from their research can be

“trusted” i.e., are fit-for-purpose; and ii) determine if sufficient governance and infrastructure

are available to support the meaningful reuse of government data.

In Australia, little research has been undertaken on investigating the experiences of

researchers navigating governance and documentation processes for government health data-

set reuse. Perrier et al. [28] investigated researchers’ data sharing and reuse practice perspec-

tives and experiences in North America and Europe. Khan et al. [29] investigated data sharing

and reuse practices across 20 broad Scopus disciplines. Hutchings et al. [30] completed a sys-

tematic literature review on how researchers and healthcare professionals view reuse of clinical

trial and population-health administrative data. The findings from these studies [28–30] were

generally supportive of data sharing and reuse, dependent upon the scientific discipline.

Whilst the international literature can provide an overview of the data reuse knowledge and

practices overseas, this is not necessarily generalisable to the Australian context where

researchers may face different challenges and barriers due to the local data landscape [31]. To

advance the sharing and reuse of government health datasets in Australia, and to ensure that

information assets are fit-for-purpose, it is important to understand the local knowledge and

experiences of researchers in reusing government health data. This would enable governments

and data custodians to identify and address any challenges or impediments for researchers for

meaningful and accurate reuse of these data. The scope of this study focuses on government

health information assets in the state of Victoria, Australia.

Aim

It was the aim of this study to explore researchers’ knowledge and experience of governance

processes, and their data reuse practices, when using Victorian government health datasets for

research between 2008 and 2020.
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Method

Study design

The study utilised a cross-sectional quantitative survey. The terms “datasets” and “information

assets” have been used interchangeably in this paper.

Sample

Riley et al. [32] identified 756 peer-review papers published between 2008–2020 which utilised

selected Victorian Government Department of Health (The Department) information assets.

These included 28 datasets containing person-level data related to health service provision.

Corresponding author(s) of these publications formed the sample for the study.

Inclusion and exclusion criteria

Where a corresponding author had written two or more papers using multiple within-scope

datasets, the most recent study published within the study timeframe was the survey focus. If

contact emails of first authors could not be validated then co-authors were approached for vali-

dation of the first author’s contact details or for a survey response. Contact details were verified

via internet and social media search, where possible. If the contact emails could not be vali-

dated, authors were excluded from the study.

Data collection

Authors were sent a survey participation email with attached Participant Information Consent

Form and a link to an electronic Research Electronic Data Capture (REDCap) survey. There

were two points of follow-up post initial contact, each approximately one month apart, from

November 2022 to February 2023.

Development of survey instrument

The survey was designed in four parts: (A) Researcher’s data reuse practice; (B) Knowledge of

government health information assets; (C) Perceptions of data trustworthiness for reuse; and

(D) Demographic characteristics. The survey instrument contained 49 items requiring close-

ended responses; four of these contained branching logic to capture extended free text

responses (S1 File).

Sections A and B of the survey were informed by literature on barriers and facilitators to

data reuse (S1 Table). Section C was informed by the works of Wang and Strong [33], Caro

et al. [34], Wilkinson et al. [35] and Yoon and Lee [36]. Some of the items seeking demo-

graphic data in section D were based upon questions utilised by Kim and Yoon [18].

Questions related to researchers’ use-practice focussed on data access, data provision, data

linkage, data validation and the following data documentation (i.e., information-categories):

contextual; data dictionary (meta-data); data quality statement; and limitation(s) document

(S1 File).

Participants responded to statements on findability and usefulness of documentation on a

5-point Likert scale, their level of agreement ranging from ‘very easy to locate’ to ‘very difficult
to locate’ and ‘very useful’ to ‘not useful at all’.

A pilot survey was conducted with ten researchers experienced in the use of government

datasets, but whose publications were outside the scope of the current survey. Feedback was

provided on clarity, appropriateness, and question content. Pilot survey responses were not

incorporated in the main data collection.
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This paper focuses on Parts A and B of the survey. Parts C and D of the survey, including

demographic characteristics, are included in another paper (pending publication).

Analysis

Descriptive statistics were completed using IBM SPSS Version 28. Respondents could nomi-

nate to complete information on up to two datasets. Missing responses or “Did not Use”

responses were excluded from the denominator for the questions on ease of documentation

findability and documentation usefulness measured by a Likert scale. Chi-square, α = 0.05,

was calculated in OpenEpi Version 3.01, to investigate associations for categorical variables.

Not stated or missing responses were excluded from the chi-square calculations. Fisher’s exact

test was utilised when cell numbers were less than five [37].

For the analyses of ease of access, each dataset was broadly categorised into:

1. population-health–“factors that influence the health of population groups or whole popula-

tions” [38]; or

2. administrative–“routine management of service provision” [39].

Health datasets were also categorised by “government-curated” datasets and “other-agency”

curated datasets. Other-agencies included registries, research agencies, screening services, and

professional associations.

The qualitative open-ended survey responses underwent a three-phase analysis. Thematic

analysis using an inductive approach was initially undertaken [40]. Relevant components of

multi-part responses containing different foci were separated and included in the analysis;

therefore, the frequency of comments exceeded the number of respondents. Comments were

manually reviewed and assigned to associated themes in an Excel spreadsheet. Once assigned

to themes, manual sentiment analysis [41, 42] was undertaken, with comments separately cate-

gorised by orientation, as positive (use of affirmative adjectives/descriptor), neutral (statement

of fact) or negative (unfavourable adjective/descriptor). The comments were then classified

according to data custodian (owner), i.e., either government- or other agency- curated. A sec-

ond reviewer independently reviewed all three categorisations.

Ethics

Ethics approval was provided by the La Trobe University Human Research Ethics Committee

[HEC21401].

Results

There were 62/399 respondents to the survey after exclusion of two responses with datasets

outside scope (15.5%) (S1 Fig). Fifty respondents completed all questions in the survey (full

response) and 12 respondents attempted Part A and/or Part B only (partial response)

(S2 Table). Twelve respondents completed the survey on behalf of two datasets, providing a

potential denominator of 74 datasets for some questions.

Information obtained from contact list (not survey)

REDCap uses anonymisation which enables researchers to identify participants who have

responded to the survey—either fully or partially–but does not allow linkage of a survey

response to a specific respondent. The contact list in REDCap showed that 64 respondents

“attempted” the survey. The REDCap contact database provided details of the year of publica-

tion and respondent employment organisation.
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Over 60% of responses (n = 39/62) related to papers published between 2017–2020, 24%

(n = 15/62) to studies published between 2013–2016 and 14% (n = 8/62) to studies published

between 2008–2012. Most respondents were employed by universities (50%, n = 31/62) or hos-

pitals (40%, n = 25/62), with the remainder employed in government, registry/screening agen-

cies or research institutes.

What do researchers do?

Publications between 2008–2020. Respondents were asked the number of research stud-

ies they had published between 2008–2020 that utilised any government health datasets (not

just within-scope datasets) (Fig 1). One in three participants (29%, n = 18/62) reported having

completed 10 or more publications during this period.

Frequency of utilisation of within-scope datasets for survey responses. Completed sur-

veys related to 18/28 within-scope datasets (S1 Appendix). The three most frequently used

datasets were: Victorian Admitted Episode Dataset (VAED) (26%, n = 19/74); Australian and

New Zealand Intensive Care Society Adult Patient Database (ANZICS APD) (12%, n = 9/74);

and Victorian Emergency Minimum Dataset (VEMD) (12%, n = 9/74). Just under half (45%,

n = 28/62) of respondents received their within-scope dataset-1 already linked to other, mostly

government, population-health or administrative datasets (Table 1).

Request for data access. Almost 45% (n = 33/74) of respondents identified the experience

of requesting data access as easy/very easy, whilst 27% (n = 20/74) indicated the process was

difficult/very difficult. There was no statistically significant difference in ease of requesting

data access between health datasets categorised as administrative or population-health

(Table 2). There was, however, a statistically significant difference in the perceived difficulty

requesting access for government-curated datasets compared to other-agency curated datasets

(χ2 = 6.78, p = 0.009).

For two of the most frequently used government-curated datasets, almost half of the

respondents identified requesting data access as easy/very easy (i.e., n = 7/18 and n = 3/7,

Fig 1. Number of publications completed by respondents using government health datasets between 2008–2020.

https://doi.org/10.1371/journal.pone.0297396.g001
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respectively) whilst the other half identified it as difficult/very difficult, confirming the variable

nature of ease of access. There was one “other-agency” curated dataset where 78% (n = 7/9) of

respondents consistently identified the access process as easy to follow. Most respondents

received their requested data in less than six months from lodging their request (Fig 2).

Privacy/Confidentiality and security. Most respondents (76%, n = 56/74) reported they

received either aggregated or de-identified individual records without possibility of participant

re-identification (S3 Table). Data providers used various security methods when sending data

to the respondents (S4 Table). Only two respondents (3%) indicated no security methods had

been used. Almost 45% (n = 33/74) of all security methods used by data providers to send data

to researchers involved password protection, often along with other methods (e.g., encryption,

secure portal, etc.) (S4 Table).

Data validation processes. Most respondents (almost 70%, n = 51/74) performed their

own data validation checks, with almost 18% (n = 13/74) performing no additional checks and

14% (n = 10/74) providing no response to this question (S5 Table). Eleven percent (n = 8/74)

undertook only one validation activity (i.e., checking missing values or checking duplicates or

recoding to new variables or other-not-specified). Many respondents (58%, n = 43/74) used a

combination of validation checks including checking missing values, duplicates and

Table 1. Additional health data sources linked to within-scope dataset-1, 2008–2020.

Linked data source Number#

National Death Index (NDI) 9

Medicare Benefits Scheme (MBS) 4

Pharmaceutical Benefits Scheme (PBS) 3

Population Level Analysis and Reporting (POLAR) 2

Ambulance Services 2

Australasian Rehabilitation Outcomes Centre (AROC) 2

National Aged Care Data Clearinghouse (NACDAC) 0

Department of Veteran’s Affairs (DVA) 0

Other* 21

Total 43

* Australian Bureau of Statistics Census, Registries (e.g., joint replacement), Coroners, Bureau of Meteorology,

population health studies (e.g., Longitudinal study of Australian children), National Disability Insurance Scheme,

Victorian Electoral roll, Registry of Birth, Deaths and Marriages, prenatal diagnosis and IVF clinical data. #This

question was not asked for dataset-2.

https://doi.org/10.1371/journal.pone.0297396.t001

Table 2. Ease of requesting data access by dataset-category and custodian-category for dataset-1 and dataset-2 combined.

Easy/Very Easy Neutral Difficult/Very difficult Not stated* Total χ2 P-value

Dataset-category No. % No. % No. % No. % 0.37

Administrative 12 37.5 5 15.6 11 34.4 4 12.5 32

Population-health 21 51.2 9 22.0 9 22.0 2 4.9 41

Unknown 0 0 0 0 0 0 1 100 1

Custodian-category 0.009

Government-curated 15 32.6 10 21.7 16 34.8 5 10.9 46

Other-agency-curated 18 66.7 4 14.8 4 14.8 1 3.7 27

Unknown 0 0 0 0 0 0 1 100 1

*Excluded from calculation of chi-square values

https://doi.org/10.1371/journal.pone.0297396.t002

PLOS ONE The knowledge and reuse practices of researchers

PLOS ONE | https://doi.org/10.1371/journal.pone.0297396 February 1, 2024 7 / 20

https://doi.org/10.1371/journal.pone.0297396.t001
https://doi.org/10.1371/journal.pone.0297396.t002
https://doi.org/10.1371/journal.pone.0297396


inconsistencies, recoding variables, and validating calculations. Additional validation activities

included: a validation study; checked 10% against original medical record; rule-based ordering;

user-written aggregation; mix of checking dates and confirming diagnostic information.

Use of selected information asset documentation (i.e., information-categories).

Respondents were asked questions about their knowledge and use-practices in relation to

selected documentation (i.e., information-categories) to assist with data reuse for each dataset:

contextual documentation; data dictionary (meta-data); data quality statement(s); and limita-

tion(s) document (Fig 3).

More than 50% of all respondents utilised, or created their own, contextual documentation,

a meta-data dictionary, data quality statement and limitations document (Fig 3). For each

information-category, at least 20% of respondents did not use the information-categories,

were not aware of their existence or stated they did not exist. Almost 20% of respondents were

not aware if data quality information existed for the dataset they had accessed.

Fig 2. Time to receipt of data from request lodgement.

https://doi.org/10.1371/journal.pone.0297396.g002

Fig 3. Awareness and/or use of specified information-categories for each dataset (n = 74).

https://doi.org/10.1371/journal.pone.0297396.g003
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More than 50% of respondents who used each information-category indicated they were

easy/very easy to locate (contextual—70% (n = 39/56), meta-data dictionary—83% (n = 41/52),

data quality statement—63% (n = 29/46), limitations document—65% (n = 34/52)). Limita-

tions documentation had the highest proportion of the four categories reported as difficult/

very difficult to locate (13.5%, n- = 7/52) (Fig 4).

More than 80% of respondents identified all information-categories as useful/very useful

(contextual– 83% (n = 43/52), meta-data dictionary– 88% (n = 45/51), data quality statement–

80% (n = 33/41), and limitations document– 89% (n = 42/47)) (Fig 5).

Fig 4. Findability of specified information-categories.

https://doi.org/10.1371/journal.pone.0297396.g004

Fig 5. Usefulness of specified information-categories.

https://doi.org/10.1371/journal.pone.0297396.g005
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What do researchers know?

Respondents were asked to report their knowledge about aspects of information governance

surrounding datasets they utilised (Table 3). Only 63 respondents for dataset-1 and dataset-2

combined responded to these questions. Overall, respondents had very good knowledge of the

data custodian’s identity (either organisational or an individual) and the nature of the dataset

(i.e., voluntary or mandatory reporting). Forty-three percent of respondents (n = 27/63) had

associations with the data custodian either through present or past employment, previous

research or professional affiliation.

Respondents perceived most datasets (94%) to have appropriate governance processes to

ensure data confidentiality/privacy and security. Over three-quarters of respondents (78%) did

not know, or were unsure, whether the subjects whose data were included in the government

dataset(s) had provided informed consent for inclusion of their data.

Quality process(es) for datasets for “fitness for purpose”. Three-quarters of respon-

dents (n = 48/63) perceived data quality processes surrounding their dataset(s) to be suffi-

ciently rigorous to provide ‘fit-for-purpose’ data. Only one in two (n = 32/63) reported being

confident in explaining the details of the data quality/curation processes.

Forty-nine respondents provided free-text reasons for their response to the question “Are
data quality processes sufficiently rigorous to provide a ‘fit-for-purpose’ dataset?” Seven major

themes emerged: data validation and quality processes; custodial staff attributes; coverage; rep-

utation and output; knowledge; purpose; and content (S6 Table). The predominant theme was

‘data validation and quality processes’ (Table 4).

Overall, 19 qualitative comments were classified as positive, 45 as neutral and four as nega-

tive. There was no difference in the proportion of positive comments when government-

curated datasets were compared with other-agency curated datasets (26% versus 24%, respec-

tively). There were more negative comments related to government-curated datasets than to

other-agency curated datasets (11.5% versus 0%, respectively).

The majority of the qualitative responses to “Are data quality processes sufficiently rigorous to
provide a ‘fit-for-purpose’ dataset?” were categorised as neutral rather than positive, despite 75%

of respondents providing an affirmative answer to this question. However, given the high propor-

tion of respondents who considered the data quality processes to be rigorous, in most cases the

“neutral” statements (e.g., “audited annually” [Participant 2]), were interpreted as positive because

these actions were reported by respondents as reasons for regarding datasets as ‘fit-for-purpose’.

Discussion

This study explored researchers’ knowledge of government health datasets which they utilised

for secondary research purposes and their specific reuse-practices related to these data. Whilst

Table 3. Researchers’ reported knowledge of selected information governance processes about government-health

datasets utilised, 2008–2020, dataset-1 and dataset-2 combined.

What researchers said they know* What researchers said they don’t know*
• Identity of data custodian (98%, n = 62/63) • If dataset participant provided informed consent (78%,

n = 49/63)

• Mandatory or voluntary nature of dataset (82.5%,

n = 52/63)

• Perception of rigorous data quality processes (76%,

n = 48/63)

• Details of data curation/quality processes (51%, n = 32/

63)

• Perception of rigorous confidentiality/privacy and

security processes (94%, n = 59/63)

• Security measures utilised to protect data sent to

researchers from providers (21%, n = 14/69)

*Proportion of overall respondents who answered the question; 11 responses were missing

https://doi.org/10.1371/journal.pone.0297396.t003
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the response rate was small, the results provide clear insight into the experience and knowledge

of experienced academic and clinical researchers in Victoria, Australia, from 2008–2020,

which has not previously been explored.

Year(s) of publications

Year of publication of within-scope datasets ranged from 2008 to 2020. An “infodemic” com-

prising proliferation of big data, data warehousing, increased data linkage [43], and the Open

Data Era [44], has seen many changes in data management practices during this period [45].

In the earlier years of the study timeframe, data were more likely to be locally managed within

separate units with The Department (personal knowledge of the authors). Subsequent years

saw organisational re-structures within The Department [46]; the expansion of the Centre for

Victorian Data Linkage (CVDL) [47], a centralised entity to manage release of health informa-

tion and trusted data linkage; and the establishment of the Victorian Agency for Health Infor-

mation (VAHI) [48]. The CVDL joined VAHI in 2021 [49]. This reflects Sexton et al’s. [27]

findings of a transition from a personal relationship-based data access model to a more imper-

sonal centralised service across the whole-of-health with researchers’ liaising with VAHI staff

responsible for data retrieval, and not with the data producers, custodians or data experts in

the field.

Data access

Ease of accessibility is a motivator in researchers’ satisfaction with data reuse practices [50]. It

is also a factor that can discourage the reuse of data [51]. Historically, access to Australian

Table 4. Examples from the analysis of qualitative responses to the question “Are data quality processes sufficiently rigorous to provide a ‘fit-for-purpose’ dataset?”.

Examples of qualitative responses* Theme (% of all comments) Orientation Data Custodian/

Owner

• ‘Meticulous process[es] to ensure data are obtained and entered by the Registry’ [Participant 15] Data validation and quality

processes (42%)

Positive Other-agency

• ‘There are a large number of checks undertaken on the data before it is released’ [Participant 40] Neutral Government

• ‘Not the processes conducted by the Department of Health or the VAED—I don’t believe there are
any’ [Participant 17]

Negative Government

• ‘It has been used extensively in prior research, leading to impactful outputs and outcomes’
[Participant 35]

Reputation and output (13%) Positive Other-agency

• ‘Errors are likely to be random and unlikely to be a source of bias” [Participant 31] Neutral Other-agency

‘Some variables are known to be less accurate’ [Participant 33] Negative Government

• ‘The data are easy to use once you understand what they mean’ [Participant 23]. Knowledge (12%) Positive Government

‘Our ICU contributes data to this dataset & we implement similar quality checks to those of other
ICUs’ [Participant 18]

Neutral Other-agency

• ‘The data is relevant to our work and reflects real world’ [Participant 24] Content (10%) Positive Other-agency

• ‘Fields relevant for these reasons [funding], such as timing of events, are quite reliable. Other data,

such as diagnoses, are unreliable as specific diagnoses (such as ‘lobar pneumonia’), but more reliable
in larger aggregated groups (such as respiratory diseases)’ [Participant 7]

Neutral Government

The survey items were not fit-for-purpose for our research, and the psychometric properties of the
items had not been verified’ [Participant 16]

Negative Government

‘The data was used for costing/billing for hospitals. There are problems, but it gave an idea of trends’
[Participant 26]

Purpose (9%) Neutral Government

• ‘Staff involved [being] experienced, rigorous in their approach’ [Participant 3] Custodial staff attributes (7%) Positive Government

‘For the VAED there are trained coders entering the information from patient notes’ [Participant 10] Neutral Government

‘Generally, the data provided was what I needed, although more participant and hospital details
would have added to the value (e.g., age was in 5 year groups, which in young children is less than
ideal)’ [Participant 11]

Coverage (6%) Neutral Government

https://doi.org/10.1371/journal.pone.0297396.t004
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government data has been problematic due to “lack of trust by both data custodians and users”

[52, p.2] Andrew et al. [53] described the challenges in obtaining cross-jurisdictional data in

Australia for data-linkage purposes, with the overall process taking more than two years. In

the United Kingdom, Williamson et al. [54] described the process of accessing routine health-

care data, which involved 15 applications and/or agreements and took over three years.

Riley et al’s. [55] documentary analysis of the availability of website information-catego-

ries involving the within-scope datasets identified that almost 70% of dataset websites con-

tained information on the access process. Our survey demonstrated, however, that less than

half of the respondents reported the process for requesting data access to be easy. Given the

documentary analysis findings [55], we would expect a higher proportion of survey respon-

dents to find the access process easier if it was only related to documentation availability. In

our survey we did not ask reasons why the process for requesting access was difficult; how-

ever, other researchers have reported ease of access can be related to factors such as data

type (e.g., identifying versus aggregated), the access portal (e.g., openness), external factors

(e.g., legal/legislative compliance issues), public engagement (e.g., acceptability of data

release) [56], or resourcing issues (e.g., cost of infrastructure to sustain sharing and reuse of

government data) [57].

Whilst ease of access was not significantly more difficult for the less experienced, com-

pared to the more experienced researchers in our study, it was significantly more difficult

for government-curated datasets compared to other-agency curated datasets. This supports

our finding that one of the “other-agency” curated datasets was consistently identified as

‘easy to access’ compared to the other datasets. Level of government documentation may

impact upon the ease with which instructions on accessing government datasets may be fol-

lowed. Bureaucratic organisations such as hospitals, legal firms, governments, etc. “often

have reputations for communicating poorly” [58, p.336]. The use of “plain language and

word choice” [59], as outlined in the Australian Government style manual, can make com-

plex processes easy to follow.

Recommendation 1: Government data custodians should audit their website documenta-

tion on data access to ensure information is presented in clear plain language, and that it

reflects current government access processes.

Data linkage

Data linkage is common in contemporary research practice and plays a major role in utilisa-

tion of government health datasets [60]. Since 2009, with the establishment of Australia’s

national Population Health Research Network (PHRN), data linkage facilities have become

progressively embedded within government entities. The number of peer-reviewed publica-

tions utilising data linkage undertaken by the PHRN-funded data linkage unit more than tri-

pled between 2009–10 and 2016–17 [42]. Tew et al. [61] demonstrated the significant increase

in the use of linked hospital data for secondary purposes subsequent to when Western Austra-

lia (from mid-late 1990s) and New South Wales (from mid-late 2000s) introduced data linkage

units. Currently in Victoria, the CVDL routinely links 25 Victorian health and human services

datasets: the Integrated Data Resource [IDR]) is available through a centralised request hub as

a de-identified resource for research purposes [62]. This routine data linkage was not readily

available during all of our study period (2008–2020). In our study, the importance of health

data linkage practices for governments was demonstrated by almost half of the subject-

researchers who indicated they had linked data for their research, mostly to government

administrative datasets.
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Data privacy, confidentiality and security

Almost all respondents perceived the privacy/confidentiality and security processes for the

datasets they utilised to be rigorous. This was substantiated by Riley et al’s. [55] documentary

analysis which revealed that 17/25 datasets provided information about privacy/confidentiality

and security issues for data release. Most survey respondents were satisfied with existing poli-

cies and governing legislation [6–9] and processes (e.g., passwords, encryption, secure portals)

for protection and release of government health data. This may have been influenced by the

high proportion of experienced researchers in the study who are more likely to support reuse/

sharing of government health data than younger, less experienced researchers [15].

Despite this confidence in existing privacy/confidentiality and security processes, many

respondents lacked knowledge on whether participant informed consent was obtained for the

datasets they reused. Riley et al. [55] identified that only 7/25 websites clearly identified

whether participant consent was required for inclusion of data within the dataset. Reasons for

this lack of knowledge on participant informed consent were not collected in this survey.

Hutchings et al’s. systematic review [15] demonstrated the diverse opinions on whether or not

there is a need for additional informed consent when data are utilised for reuse purposes, and

various studies have proposed a range of different mechanisms to manage this [63, 64]. To fill

this knowledge gap, information on informed consent should be included on dataset websites.

Recommendation 2: A plain language statement relating to the requirement (or not) for

participant informed consent should be clearly available on all dataset websites.

Knowledge and use of information asset data quality controls and

validation techniques

Liu et al. [23] reported that the importance of data quality attributes related largely to method-

ological rigour, institutional reputation, and ability to trace data origins. This was consistent

with our survey outcomes, specifically that all respondents in our study were able to identify

the data custodian of the information asset they utilised, and three-quarters affirmed that cus-

todian-initiated data quality processes were rigorous. Our finding that only half of the respon-

dents could explain the data quality processes related to their datasets may reflect the depth of

researcher experience with the datasets or the relationships between the respondent and the

data custodians. Overwhelmingly, the respondents’ explanations for perceived dataset “fitness-

for-purpose” were linked to data validation and quality processes undertaken by the custodian,

even if respondents did not know what they were. It is important for researchers to become

familiar with “routine data production activities” [21, p.15] as it provides them with knowledge

to interrogate and solve potential data quality problems.

Recommendation 3: A data flow diagram of the curation and quality control processes

should accompany each government dataset for ease of user reference.

Use and knowledge of dataset information-categories

Whilst this study did not explore researchers’ knowledge prior to accessing a dataset, it did

explore their knowledge about the existence, findability and usefulness of specific types of infor-

mation-categories which may have contributed to their data reuse decision, and practice [65].

(i) Contextual information. Most respondents were aware of the context of their dataset(s).

All indicated awareness of contextual documentation, although a small number created their
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own, presumably derived from other available information. This was consistent with the find-

ings of Riley et al. [55], that almost all datasets provided contextual information on their web-

sites. It is encouraging that most researchers were aware of the context of the government

health datasets they reused, and that this information was well-documented on dataset websites.

It is possible, however, for website documentation to be available and still not be useful. As

part of their data utility model, Gordon et al. [66] proposed a graded framework moving from

bronze (the lowest level) through to platinum (the highest level). In their system, a dataset

would be measured as bronze if, for example, the dataset source was available, and it would be

graded as platinum if there was opportunity to “view earlier versions. . . review the impact of

each stage of data cleaning” (p.7). Given the usefulness of contextual information, the atten-

dant documentation needs to be reviewed regularly to ensure currency. Quality of the docu-

mentation is as important as its availability.

Recommendation 4: Data custodians should regularly review the contextual information

provided on their websites to ensure its accessibility, currency, and usefulness.

(ii) Data dictionary (meta-data). Reliable meta-data has been identified as an important

motivator in promoting data reuse [67]. “High-quality metadata that support understanding

and reuse and cross domains are a critical antidote to information entropy, particularly as it

supports reuse of the data” [68, p.1]. Riley et al. [55] found that almost 60% of health datasets

included a meta-data dictionary on their website; however, 10% of the current survey respon-

dents were unaware of its existence and 10% did not use it. The survey identified many respon-

dents who acknowledged the importance of meta-data in the promotion of data use;

notwithstanding this, there is room for improvement to reach a higher level of

interoperability.

(iii) Data quality statement or information. The importance of understanding data qual-

ity within the context of data reuse has been previously identified [14, 18]; however, our find-

ings show that only half of the respondents utilised data quality information. Similarly, Riley

et al. [55] identified a large proportion (83%) of health datasets that did not provide data qual-

ity information on their websites. This information-category had the highest proportion from

the four information-categories of respondents who were not aware if data quality information

existed for their dataset. This finding is not unique to this study. For example, Canaway et al.

[69] identified similar findings in their study on primary care datasets, where 30% of data cus-

todians were unaware if any data quality assessments/activities had been applied to their data.

Respondents may rely upon a knowledge source other than website documentation to pro-

vide data quality information. Notably, informal peer networks often provide a pathway to

either unpublished information or access to ‘inside information’ from peers who have previ-

ously used the dataset [14]. Forty percent of respondents indicated an association with the data

custodian either through current or past employment or previous research, which may also

have provided them with “insider” knowledge of the dataset data quality.

Recommendation 5: Data custodians should provide access to routine data quality infor-

mation either through data quality templates/statements or links to published data quality

reports or peer-reviewed publications.

(iv )Data limitation documentation. A data reuser does not usually know the data as inti-

mately as the data producer/collector [70], nor is the associated documentation always
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sufficiently detailed to provide the necessary information. Liu et al. [23] identified that access

to data producers gave data reusers support in engaging with the dataset and “making sense of

it” (p.3). The lack of information outlining limitations of datasets for reuse identified in a doc-

umentary analysis [55], and the one-third of our survey respondents who did not use such

documentation, highlighted gaps in both the provision and the use of limitations documenta-

tion for data reuse.

Recommendation 6: Plan language statements of the potential limitations in use of datasets

for purposes other than those for which they were originally collected should be readily

accessible.

Limitations

Response bias may be present in our study due to the low response rate; however, the respon-

dents were broadly representative of clinical and other heath researchers in Victoria. Restric-

tion of the survey to researchers using Victorian datasets onlymay have affected the

generalisability of the findings; however, the diverse organisations represented by the respon-

dents minimised the potential lack of external validity. Recall bias may have been present

because of the time lag, potentially up to 14 years in some instances, between the respondents’

conduct of the relevant research and their completion of the survey. To minimise this bias,

focus was placed on the latest within-scope publication authored by each respondent; hence,

60% of responses related to publications between 2017–2020 rather than the earlier years of

the study period. Changes in data management processes over time (i.e., between 2008–2020)

may have confounded results, although this was minimised by the inclusion of the respon-

dents’ most recent within-scope publication. We were unable to analyse by time because the

date of publication was not included as a field in the survey; however, a proxy date from the

respondent contact list was utilised.

The items for Parts A and B of the survey were based upon literature that addressed barriers

and facilitators of data reuse, and other trust studies. The survey did not contain items to cover

all issues but was representative of the issues raised in these papers. A reliability assessment of

the survey was not conducted due to the small sample size.

Categorisation of free-text comments using sentiment analysis presented challenges by the

very nature of their “subjectivity” [41]; however, studies have demonstrated that manual senti-

ment analysis is more reliable than either automated or dictionary-based approaches [42].

Conclusion

This study explored researchers’ knowledge and use-practices of governance processes and

specific documentation information-categories surrounding Victorian government health

information assets. It quantitatively demonstrated that: governance processes for maintaining

privacy/confidentiality and quality control activities undertaken by data custodians are well-

regarded; researchers link their data with government datasets; ease of requesting data access

is variable; some documentation types are reasonably well provided and used; improvement is

required for the provision and use of data quality statements and limitation documentation;

and provision of information on dataset subjects’ informed consent is required. Six recom-

mendations have been provided to inform the research-readiness for reuse of government

health datasets. Uptake of these recommendations by government and data custodians should

enhance both the knowledge and experience of researchers when utilising government health

information assets for reuse purposes.
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