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TURNING DATA INTO NEWS:  
FIVE DIFFERENT SKILL SETS OF 

JOURNALISTS WORKING WITH DATA

INTRODUCTION
The field of data journalism research has gained noticeable momentum 
since the 2010s, with numerous studies discussing new ways to do journal-
ism using data (Ausserhofer et al., 2020; Beiler et al., 2020, Erkmen, 2024). 
Yet, as derived from a recent systematic review on data journalism, little 
emphasis has been put on what data skills journalists actually possess (Erk-
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men, 2024). The main focus of studies has been on empirical evidence of 
how newsrooms integrate data journalism into their work (Erkmen, 2024, 
p. 63). The other popular research topic has focused on the outcomes of 
data journalism – e.g., how data are used to tell the stories (Auväärt, 2023; 
Chaparro-Domínguez & Díaz-Campo, 2021; Loosen et al., 2020; Ojo and 
Heravi, 2018; Young et al., 2018) or how the stories are made understand-
able for users through visualisation and data presentation techniques (En-
gebretsen et al., 2018). The latest studies take the holistic view and discuss 
the epistemologies related to data (Morini, 2023; Ramsälv et al., 2023) or 
point to the innovation data journalism can bring with for media and soci-
eties (Wu, 2024). 

The study at hand will attempt to contribute to the more systematized 
and complex understanding of skills needed by journalists to do differ-
ent types of data journalistic work. The necessity for such an approach is 
backed in several ways by the ongoing development of data journalism. 
Firstly, the need to acquire skills to respond to datafication has only become 
more pressing in newsrooms (especially due to the years of data-heavy 
COVID-19 coverage worldwide). In light of the open data movement, data 
can be viewed as a prerequisite for generating knowledge and journalists 
as “data intermediaries”, who use their skills to refine it and thus create 
knowledge for the public (Baack, 2015). “Data-base analysis” has been 
argued superior over “observational expertise” in a variety of fields such 
as sports and finance (Kallinikos, 2009), while “observational expertise” 
is arguably as a  traditional journalistic skill and the need for data-base 
analysis a result of changing times (Thurman et al., 2017). Hence although 
previous years saw a noticeable shift to downsizing newsrooms, shrinking 
budgets and advertising revenues, “data journalism has come into the spot-
light as one of the few expanding areas in newsrooms” (Beiler et al., 2020, 
p. 1571). 

Secondly, the relevance of data for journalistic work is highlighted by 
the diversification of journalism occupations. Some examples of this being 
“programmer/journalist”, “journalist/developer”, “hacker/journalist” (Roy-
al, 2012), “news automation specialist” (Beiler et al., 2020) and “program-
mer-journalist” (Lewis & Usher, 2014; Parasie and Dagiral, 2013) in news-
rooms. A popular distinction exists between “newshound” and “techie”: the 
former embodying a traditional journalistic way of handling and engaging 
with data and the latter an emergent journalistic approach to data based 
on more computational logics and mindsets (Borges-Rey, 2020). The best 
data journalism stories tend to involve a wide variety of data, and bringing 
it together takes a lot of time, diverse teams and excellent data skills, as the 
analysis of award-winning data journalism shows (Loosen, 2020). Yet in 
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“day-to-day” data journalism (Zamith, 2019), there is a strong reliance on 
data provided by official institutions and/or other non-commercial organ-
isations (NGOs, research institutes, etc.), which is also accompanied by the 
agenda of the data providers (Beiler et al., 2020; Loosen et al., 2015; Loosen 
et al., 2020; Parasie & Dagiral, 2013; Van Witsen, 2020, Zamith, 2019).

While data is a complex phenomenon that can be extracted from phys-
ical and social reality based on various principles (e.g., inductive and de-
ductive, qualitative and quantitative approach) and with different scientif-
ic tools (from computational sciences to social sciences and humanities), 
the multiple options to use data by journalists deserve attention. We argue 
that data usage for reporting is determined and limited by the character 
of the data – interpretation of sociological survey data requires different 
knowledge than usage of the data from weather forecasts or sports re-
sults. However, only few examples of more detailed data definitions exist 
in data journalism research. As an example, Steensberg (2021) researched 
the “quantitative claims” in news stories, but did not specify the type of 
data. He defined “quantitative claims” (Steensberg, 2021) as verbalised ex-
pressions about something being more or less, with references to numbers. 
Knight (2015) analysed “data elements” in UK newspapers and defined 
them as: numbers in text, timelines, static maps, dynamic maps, graphs, 
infographics, tables, figures, lists of numbers and numerical pull quotes 
(Knight, 2015, pg. 61). Moreover, the triumph of Big Data created numerous 
new possibilities for data journalism (Portilla, 2018; Ramsälv, 2023; Veg-
lis & Bratsas, 2017), but also: the use of Big Data requires more advanced 
data processing and interpretation skills (Hammond, 2018), introducing 
the methods of data science in the newsrooms (Hermida & Young, 2019). 
Already in 2016, Stencel and Perry surveyed 31 news organizations’ hir-
ing priorities, dividing core skills into foundational skills (e.g. editing and 
writing) and transformational skills (needed to adapt to ongoing changes 
in “news audience, distribution, editorial practices and presentation”). The 
top five skills listed by the organizations were transformational, with the 
top skill (a priority for 71% of news organizations) being “coding/develop-
ment”; “user data and metrics” was near the top. 

Research on human information processing suggests that numbers and 
statistics can have authority as facts about reality in a modern world (Por-
ter, 1996; van der Bles et al., 2020). Mastering data can therefore be an op-
portunity to provide information that is trusted. We will take this claim 
a  step further by inviting the data journalism enthusiasts to think more 
deeply about the characteristics of data and the skills needed to manage 
it. The two following subsections thus ask: 1) what are data? and 2) which 
skills are needed for data-related journalism?
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1. WHAT ARE DATA?
Following the classifications in social sciences, one can distinguish between 
data in terms of form (qualitative or quantitative), structure (structured, 
semi-structured or unstructured), source (captured, derived, exhaustive 
or transient), producer (primary, secondary or tertiary) and type (indexi-
cal, attribute or metadata) (Kitchin, 2014, p. 4). Digitalization and the need 
to analyze digital human ‘traces’ also bring the computational sciences to 
the spotlight to develop a multidisciplinary data-centered approach. (Asa-
moah et al., 2015, Parti and Szigeti, 2021).  Due of digital technology the 
human ability to get significant/interpretative units of information from 
their environment has been rising (Rowe, 2023) and thus the need to devel-
op critical data literacy. However, current research shows the prevalence 
of naïve data optimism and uncritical approach towards datasets, dealing 
with them as passive and value-free elements (Bhaskaran et al., 2024).

Among data processors there are several specializations needed. Profes-
sionals who work with data have to combine expertise in computing, sta-
tistics, experiment design, interpretation and analytics with fundamental 
business knowledge and acumen in order to pose the right questions (Hop-
kins et al., 2010). Data science is multidisciplinary and include subjects 
of computer science, mathematics, and statistics, including specific com-
petencies in data security, data ethics, data governance, data integration, 
and data visualization (Coners et al., 2025). Research shows that the work 
of investigative data journalists significantly resembles data science work 
practices (Showkat & Baumer, 2021).

As suggested by Fotopoulou (2020, p. 2): “making sense and meaning 
of data and big datasets, such as electoral data or health data, is not only 
a technical but also a sociocultural process,” thus creating a need for data 
literacies that move beyond enhancing quantitative analysis and technical 
skills. In trying to bring more clarity to data journalism research, one could 
start with classifying data based on the type of data collection, as the pur-
pose of data collection is highly relevant to understanding the usability of 
and possible biases in data (boyd & Crawford, 2012; Gitelman, 2013). Fol-
lowing the historical development of social data use in social sciences (Raf-
tery, 2001), one can classify the data as a) measured facts from the “phys-
ical” world and routinely given numbers derived from the real-life events 
– i.e. statistics, b) sociological and research data collected using carefully 
designed, but clearly limited methods, and c) data that are collected “by 
themselves”, i.e. Big Data derived from the use of digital technology, in-
cluding the internet.

Starting with the first, research shows that societal issues, such as cen-
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sus results, crime reports, health and science issues, and business and eco-
nomics are common themes covered by journalists (Cushion et al., 2016; 
Loosen et al., 2020). This type of data are given in the form of particular 
numbers: economic growth, GDP, number of immigrants, weather fore-
casts etc. Numerical data are quantitative and structured. They can be 
derived from different sources and different producers and can be of dif-
ferent types in the classification described by Kitchin (2014). Journalism 
has developed routinised forms to present this kind of data: e.g., financial 
news constructed by algorithms following a pre-set format, algorithms for 
data mining etc (Diakopoulos, 2019; Miroshnichenko, 2018; Sirén-Heikel 
et al., 2023). Research shows complex ways in which automatic discovery 
can find newsworthy themes from sequenced data (e.g., k-Sketch query by 
Fan et al., 2017), which a human journalist can then work with, using jour-
nalist’s specialist skills: interviewing, critical thinking and understanding 
newsworthiness (Ferrucci, 2018).

The second type of data that journalists encounter daily is pre-processed 
and interpreted by third parties (e.g., crime reports, health and science is-
sues). These are collected by governments, public institutions or NGOs, or 
purchased by research institutions. These data can be in the form of differ-
ent studies for specific research purposes or statistics collected by officials 
with the aim of better administration (Porter, 1995) and governance. Stalph 
(2017) has shown that “the everyday data journalism” depends mainly on 
“the pre-processed data drawn from domestic governmental bodies” (2018, 
p. 1332). Ongoing criticism states that journalists do not act as watchdogs 
in society because they replicate the official interpretation of events and 
processes or even empower the voices of those who already have power to 
determine discourses (Lugo-Ocando & Lawson, 2017).

The abandoning of the gatekeeper role by journalism in the case of data 
offered by official bodies is usually connected with the lack of the neces-
sary skills (Brechman et al., 2009; Van Witsen, 2020) and work processes 
that limit the time for in-depth investigations (Reich & Godler, 2014). The 
lack of knowledge of data collection methods causes the spread of biased 
data interpretations (Garz, 2014).

Thirdly, journalists deal with Big Data, which are often in textual or au-
dio-visual form. In both cases the “volume” of data makes it hard to handle 
without specialized data skills, yet the possibilities for journalistic projects 
fuelled by Big Data technologies are vast and rich: ranging from consumer 
choice to geographical position, web movement and behavioural informa-
tion (Bolin & Andersson Schwarz, 2015). The availability of non-pre-inter-
preted data has been growing since the intervention of Big Data in econom-
ics and governance, and has been accompanied by the open data movement 
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(Baack, 2015). With the open data movement, more databases are open ac-
cess: both a boon and misfortune for journalists. Rowe (2023, p. 4) touches 
on this saying: “Handling Big Data requires a wider and new digital skills 
set, largely based on machine learning, artificial intelligence and coding, in 
addition to greater knowledge of computing technology”.

Finally, sociological data are sometimes and in limited capacity collect-
ed by the newsrooms themselves (e.g., polls and questionnaires), but the 
quality of such datasets and how they are used needs further academic re-
search.

2. WHICH SKILLS ARE NEEDED  
FOR DATA-RELATED JOURNALISM?

Skills are an important concept in occupational studies and economics 
(Green, 2011) because they can explain differences between individuals in 
the performance of different tasks. For example, numeracy has been shown 
to be one of the most powerful predictors of gender wage gap (Battisti et al., 
2023; Hanushek et al, 2015). We hereby also propose to look at the issue of 
various data in journalism following a skill-based logic.

According to Fischer’s (1980) cognitive skill theory, “skills are ordered in 
levels of growing complexity, with a specific skill at one level built directly 
from specific skills at the preceding level, and a set on transformation rules 
that relate these levels to each other” (Fischer, 1980, p. 477). Skill studies con-
ceptualise the hierarchical structure of skills, where the skills are organised 
similar to three with increasing sophistication (Fisher, 1980; Sharma, 2017). 
However, they can be analytically divided into foundational and specialist 
skills, as shown by Wolff et al. (2016). These foundational skills (e.g., general 
knowledge how to process data) can be used at different levels as specialist 
skills, such as the ability to convert data or to carry out a reliability analysis. 

Data literacy is a  cognitive skill, similar to mathematical proficiency, 
numeracy and statistical literacy (Kilpatrick, 2001; Sharma, 2017, Vahey 
et al., 2012). Cognitive skills have been empirically shown to be acquired 
over the life course (Lechner et al., 2021) and to be convergent, meaning 
that some skills underpin the performance of others (Lee et al., 2012). Skill 
theory suggests that skills require a compelling environment to develop, 
i.e. through increasing experience of operating in a complex environment, 
a person can develop their skills to the highest level they are capable of 
(Doppelt, 2019; Fischer, 1980; Lechner et al., 2021). In the context of jour-
nalism, this means that the more challenging the newsroom is to update 
skills, the more journalists will develop their skill profiles to the highest 
level required to do their jobs effectively.

Data journalism can be described as being closely tied to maths and tech-
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nological expertise, yet with an emphasis on the classical “nose for news” 
(Royal, 2012, p. 22). Appelgren & Nygren (2014) mark, that when creat-
ing data journalistic projects, the journalistic angle comes first, not data or 
technology. Almost a decade ago it was noted in an analysis of the Chica-
go Tribune that data journalists found most stories from already released 
data, thus making it the reporter’s job to identify paths in this data (Parasie 
& Dagiral, 2013). Loosen et al. (2020), analysing international data journal-
ism competition, noted this as a continuing and growing trend. Hence, one 
possible way to study data literacy through the workflow of journalists is 
to implement a five-step data-processing model (Kõuts-Klemm, 2019): in-
creasing the journalist’s ability 1) to find data, 2) to evaluate data quality, 3) 
to interpret data in context, 4) to present data through journalistic means, 
and 5) to consider the needs and capacities of reception of audiences. Re-
turning to Wolff et al. (2016) the first three steps of this model would be 
foundational skills and the two remaining steps – specialist skills charac-
teristic of journalistic work.

Concentrating on data literacy is key here – being overly perceived as 
„technical abilities like extracting data, making statistical analysis, creat-
ing visualizations, interpreting and reporting appropriately” (Raffaghelli 
& Stewart, 2020). Researchers agree almost by consensus, that data jour-
nalism requires certain computational skills, which are often compensat-
ed for by working in multi-skilled teams. While “ordinary” (De Maeyer et 
al., 2015) or “day-to-day” (Zamith 2019) data journalism “is manageable 
by one individual [and] can be done on a daily basis” (De Maeyer et al., 
2015, p. 410–411), “thorough” (De Maeyer et al. 2015) data journalism re-
lies on a  team with skill sets complementing one another. For example, 
Borges-Rey (2020), researching the devolved nations of the United King-
dom, describes journalists teaming up with graphic designers and coders 
to compensate for “the absence of certain advanced computational skills 
and/or the restricted access to certain information” (Borges-Rey, 2020, p. 
926). In environments such as North America a trend has been observed to 
specialize in two profiles: one responsible for collecting and analysing data, 
the other creating visualizations and apps (Bisiani et al. 2023, p. 3). 

Yet most often in journalism research data journalists are discussed with 
no distinction between different roles and skills. Also, newsrooms often in-
vest in a solitary data journalism hire, who works on full-time data produc-
tion, but does not have a designated beat (Boyles & Meyer, 2017). This leads 
to modern data journalist being described as self-taught, resourceful and 
multi-skilled (Appelgren, 2017; Beckett & Deuze, 2016; Bisiani et al., 2023; 
Himma-Kadakas & Palmiste, 2019; Larrondo et al., 2016; Örnebring, 2010; 
Örnebring & Mellado, 2018).
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We argue that a skill-based differentiation of data journalists – a step fur-
ther from “ordinary”/ “day-to-day” vs “thorough”, looking at specific roles 
carried out in newsroom – is in better accordance with professional roles 
in modern newsrooms. Although there are some handbooks and textbooks 
that thematize the variety of data in journalism (e.g., Gray et al., 2012; 
Livingston & Voakes, 2005), this study is designed to view how the nature 
of data can influence the complexity of the skills journalists need to work 
with it. 

Thus, the following questions are posed:

•	 RQ1: What kind of skills related to journalistic information processing 
are revealed as necessary for a data journalist and how do these skills 
relate to different types of data?

•	 RQ2: Are there associations between how data is defined by the academ-
ic literature and what journalistic skills are discussed? 

3. METHODOLOGY
The following research is based on an analysis of academic literature, fo-
cusing on data skills of journalists and/or journalism students mentioned/
analysed in scientific articles published during last 15 years. The same time 
frame – 2008–2023 – was used in a systematic literature review by Erk-
men (2024), noting that in the year 2008 the term “data journalism” was 
first used in Web of Science, the oldest international bibliometric database. 
Although for Erkmen (2024) the earliest manuscript meeting the inclusion 
criteria was not published before 2013, we decided to keep 2008 as a start-
ing point, as this range would encapsulate a full body of studies published 
on the topic and the search string of this study could return hits before the 
year 2013. 

The decision to include articles addressing data in terms of journalism 
education was based on the fact that these articles reflect on the current 
state of teaching data skills to future journalists and propose changes in 
curricula to match the hiring needs of the changing media market.

As a  scientific tool, the literature review presented here has several 
purposes. It can be viewed as a way to “examine old theories and propose 
new ones, consider where the balance of evidence lies in relation to a par-
ticular topic” (Petticrew & Roberts, 2006, p. xiii), and offer guidance to 
researchers planning future studies. Although a fundamental component 
of academic research, literacy review as a method comes with several po-
tential limitations, such as possible lack of transparency and/or reproduc-
ibility if the stages and phases of the study have not been explained with 
necessary clarity (Kraus et al., 2022) – furthermore, literature reviews 
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may self-sustain biases in the field’s boundaries and priorities (Gond et 
al., 2023). One might claim, that human-collected literature review as 
a method for knowledge extraction will be even more questionable in the 
development of artificial intelligence, where AI can substantially contrib-
ute to knowledge and theory development (Wagner et al., 2022). However, 
AI tools still lack crucial abilities (Bolanos et al., 2024); thus, human con-
tribution has value.

Keeping all of the above in mind, we 1) aim to examine the research done so 
far, 2) group the information presented in the articles and 3) discuss poten-
tial applications of this knowledge in future research. We describe the stages 
and phases of the review in detail, to allow transparency and replicability.

To form a corpus of literature, the following steps were taken. First the 
decision was made to gather scholarly works from the major online re-
search databases Scopus and EBSCO, as these have become international 
platforms for scholars to publish research. We focused our research to last 
15 years (2008–9/2023), a time frame also used by Erkmen (2024).

In an electronic search strategy relevant key words and appropriate sub-
ject headings are important elements (Spry & Mierzwinski-Urban, 2018). 
To gather the corpus of literature, a preliminary table of search terms was 
constructed. The table included relevant key words, synonyms or related 
phrases. The most general key term was “datafication”, which can be seen as 
the “quantification of aspects of life previously experienced in qualitative, 
non-numeric forms, which are then tabulated, analysed and visualized” 
(Engebretsen et al., 2018, p. 1). This was followed by the term “journalism” 
and “data skills” to sharpen the focus. The preliminary search string was 
complemented by adding new search words found in the titles and ab-
stracts of articles identified as potentially relevant to the study at hand and 
the searches repeated, until no new hits identified as relevant were added 
(Gehanno et al. 2009. Using Boolean operators, a search string was finally 
composed as follows: (Data*) AND ( journalist OR reporter OR (data journal-
ist) OR journalism OR (data journalism)) AND ((data skill*) OR (data compe-
tence) OR competence OR skill* OR (professional skill*)) (see Table 1). 

Table 1: The search terms (relevant key words, synonyms or related phrases) 
used to create a search string for online databases. Source: Authors

Search terms Datafication Journalism Data skills

Related key words Data Data journalism
Journalist

Data journalist
Reporter

Data literacy
Data competence
Professional skills

Skills
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This search was conducted in Scopus, searching article titles, abstracts and 
keywords, and ended up with 447 results. Additional filters were set to 1) 
focus on the subject area of social sciences. This was done because after 
reviewing the total list of articles it was evident, that the vast majority of 
research related to journalistic skills comes from this field: 250+ articles, 
followed by the field of medicine (80+ articles) and thirdly computer sci-
ence (60+ articles). The interest in data journalism also differs by field: 
computer sciences, for example, concentrate more on potential tools used 
for data journalism, while social sciences take an interest in which attri-
butes and skills are required to work in newsrooms. As such, the focus on 
literature from the social sciences seemed appropriate and justified. Addi-
tional filters were set for 2) the type of text to articles/conference papers 
published in English, leaving 180 results, and 3) all key words matching 
journalism/journalists were selected, leaving 116 results.

A  second search was conducted in EBSCO Discovery with the same 
search string. Applying the filter of key words matching journalism/jour-
nalists, the results were compared with those from Scopus. Four addition-
al texts were added to the selection.

The 120 texts were collected from listed databases and abstracts re-
viewed. Those texts that a) did not somehow reflect upon the data skills 
of journalists/ journalism students, b) were unavailable as a whole, or c) 
were not written in English were excluded. As a result, a selection of 51 
articles was formed (for reviewing purposes: you can see the list of arti-
cles in the appendix. This can be made available to fellow researchers as 
a  request from the author(s), should it be lengthy to add to the article). 
The number of articles found is in line with a literature review by Erkmen 
(2024) covering the same period, who found that only less than half of the 
articles (97 in total) dealt with journalists’ perceptions and practices – top-
ics under which skills have been researched.

To answer the research questions, we started by coding the parts of the 
texts (sentences or sections consisting of several sentences) that 1) in-
dicated some form of data, 2) referred to the journalist doing something 
with data, or 3) mentioned journalistic skills needed to work with data. 
The initial coding scheme was created inductively following the previous 
studies – it is further discussed below – and tested by pilot coding. During 
the pilot coding sub-categories for the main categories were created (see 
Table 2).

Both for coding and analysis MaxQda software – MaxQda 2022 – was 
used. While software-based qualitative analysis has been criticised for 
its “code-and-retrieve” approach (Bazeley & Jackson, 2013), we followed 
Mitchell & Schmitz’s (2023) suggestions on how not to “reduce complex 
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qualitative data to mere lists of codes and frequency counts” (Mitchell & 
Schmitz, 2023, p. 167). Four steps were followed: 1) we created a sample 
of articles that was as coherent as possible (only peer-reviewed articles 
addressed journalists’ data skills), 2) we selected a sample of medium size, 
i.e. small enough for manual coding, 3) we read all documents carefully 
before coding and further processing, and 4) we followed the skills theory 
in interpreting the patterns illuminated by the software.

In detail, the references to data were categorized based on common so-
ciological classifications: 1) directly mentioning data in terms of numbers, 
2) sociological research data (gathered with the specific aim and with the 
help of social scientific methods: polls, surveys, census data etc.), 3) statis-
tics (data gathered regularly for administrative purposes: different state 
registries etc.), and 4) Big Data (data gathered “by themselves” as a result 
of the usage of digital technology). The last category was divided into 
structured (geolocation, weather, financial transactions etc.) and unstruc-
tured (textual data from social media, collections of speeches, documents 
etc.) data. The term was given a code, if it had been put into context by 
the author(s) of the article being coded. For example, the code “2. data 
= numbers” was given, if the term was accompanied by clarification like 
measured knowledge, expressed in numbers.

The coding of type of data was relevant for two purposes: 1) to show the 
variety of treatment and 2) to relate the data definitions to the skills of 
journalists mentioned in the texts.

The pure mentioning of data was subject of mixed-methods approach – 
by analysing the mentioning of the word in relation to other words there is 
possibility to reveal the connotations of the concept, e.g., “data scraping” 
is activity characteristic to internet data that can be in different forms, 
whereas “dataset” already means that there is an inner organization of in-
put provided.

The other part of the coding scheme, skills, was based on the previous-
ly presented overview of journalism theoretical literature (e.g., Attfield 
et al., 2009; Bradshaw, 2011; Kõuts-Klemm, 2019) and followed the stages 
of journalistic work process. The skills were organized in a  linear man-
ner: 1) establishing an initial idea, 2) preparations for info gathering, 3) 
obtaining information, 4) analysing the gathered material, 5) composing 
articles, and 6) distributing finished work. These categories were coded 
if a clear connection with data was made in the text. The coding of texts 
was carried out by both authors. After a  test sample of five articles, the 
coding scheme was discussed between authors and specified even further. 
Inter-coder reliability was calculated based on three articles and was 82%. 
Using software for coding meant that the coders marked parts of the text, 
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e.g., a single word, a few words, sentences, or even longer parts of the text, 
as a code. The scope of a code in the text was also a topic of coding agree-
ments. Later, the software relates not only the codes as such to each other 
but includes the particular parts of the texts also. 

To further analyse the connections between the findings, hierarchical 
cluster analysis was used (MaxQda, 2022). This technique helps visualize 
group affiliations as codes are grouped based on similarity. The basis for 
this calculation is a distance matrix showing how closely connected the as-
signed codes are in texts and how tightly tied to another. In our case it vi-
sualizes which types of data and which journalistic skills were most often 
related in the papers and how strongly these were linked. For example, if 
sociological data is mentioned as being used by a journalist, is quantitative 
literacy also discussed in this academic paper. 

Relating data and skills in scientific articles enabled to assess the sophis-
tication of the data journalism research: if researchers had created a clear 
link between different types of data and different skills or not.

4. RESULTS
Since the articles represented a variety of topics related to data (in) jour-
nalism, from academic education (e.g., Davies & Cullen, 2016; Kashyap & 
Bhaskaran, 2020) to overviews of data journalistic practices in different 
countries/regions (e.g., Fink & Anderson, 2015; N P Lewis & Nashmi, 2019) 
or discussing journalistic skills (e.g. Rodríguez & Clark, 2021; Thurman et 
al., 2017) the amount of effort given to defining “data” or “skills” also varied 
greatly. But because all of the collected articles were derived from academic 
databases via the same search string, how deeply the base terms “data” and/
or “skills” were discussed in the texts helped to illustrate how “obvious” or 
“self-evident” these concepts seemed to be related to data journalism.

In some articles the term “data” was left vague and tied to journalistic 
skills only in a paragraph or two, while in others they were discussed as 
very much linked. Creating an Excel “heat map” revealed that most connec-
tions were in articles dealing with teaching data journalism (e.g., Kashyap 
& Bhaskaran, 2020; Treadwell et al., 2016).

4.1. Modern skill-set: story-telling plus technical skills
The frequent occurrence of the concept of Big Data explains the most prom-
inent category concerning journalistic skills, “establishing initial idea”, 
which included the attributes passionately discussed in data journalism 
research, i.e. “technical skills”. Throughout the coding, we differentiated 
between “basic technical skills” and “advanced technical skills”: the first in-
dicated that a journalist was able to use technical tools to perform data-re-
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lated journalistic tasks (e.g., spreadsheets), but did not have the know-how 
to create such tools from scratch. The second indicated that a journalist had 
to be at least somewhat skilled in coding, programming, creating templates 
etc. Judging from the sample of texts, “advanced technical skills” were most 
frequently discussed in addressing journalistic work related to data.

As for traditional skills, “narrating, storifying” was named notably often, 
as was “nose for news”. For example, phrases such as the journalist had 
to “find and extract stories from big data” (Green, 2018), “produce stories 
through a combination of software programming and storytelling skills” 
(Kosterich & Weber, 2019) or that “data journalists must engage their pub-
lics through more emotive reporting, without losing sight of its factual 
strength” (Stalph & Borges-Rey, 2018) were used. These findings empha-
size that the need for story-telling skills had not been lost in the wave of 
datafication. Presenting data in a clear and compact way was a journalistic 
challenge, echoed by the frequency with which “visualizing” (e.g., creating 
maps, timelines and other infographics) was mentioned in the sample (see 
Table 2).

Table 2: Frequency of the codes and categories in the sample of articles. 
Source: Authors

Category/code
Frequency 

of a code

Frequency 

of a category
1. data = information 23 23
2. data = numbers 45 45
3. Specific numerical data 3

48
3.a related to concrete areas 45

4. Sociological data 4

22
4.a census data  9
4.b surveys, polling data 8
4.c related concepts 1

5. Statistics 47
785.a registry data 22

5.b other datasets 9
6. Big Data 15

112
6.a =large/ huge datasets 26
6.b =digital data 11
6.c structured data 34
6.d unstructured data 26
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7. Establishing initial idea 4

495

7.a Nose for news 46
7.b  Curiosity 9
7.c Systematic thinking/reasoning 16
7.d Knowledge of different data collection methods 30
7.e Data confidence/literacy 39
7.f Basic maths skills 10
7.f. Basic maths and statistical skills 30
7.g Quantitative literacy 17
7.h Data analysis 49
7.i Basic technical skills 65
7.j Advanced technical skills 108
7.k Computational thinking 25
7.l Knowing legal rights as a seeker of information 11
7.m Work planning in teams 33
7.n Visual thinking 3

8. Preparing for info gathering 2
408.a Technical preparations 7

8.b (Self-directed) learning 31
9. Obtaining info 58

220

9.a  Automation 31
9.b Locating information, navigating databases 23
9.c Accessing information 18
9.d Requesting information 19
9.e Obtaining information via technical skills 23
9.f Obtaining information via crowd-sourcing methods 16
9.g  Building databases 23
9.h Obtaining information via interviewing 9

10. Analysing gathered material 61

191

10.a Assessing data reliability 39
10.b Combining data 18
10.c Assessing data quality 15
10.f Organising data 17
10.d Organising data using technological tools 34
10.e Deciding on the final focus of the story 7

11.  Composing articles 8

220
11.a Interpreting data 42
11.b Choosing the techniques 12
11.c Narrating, storifying 66
11.d Visualising 92

12. Distributing 19 19
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4.2. Distinguishing data journalists via skill-sets: 5 types
As the next step in the analysis, the co-occurrence of the different codes 
and categories was observed. Creating a proximity matrix allowed visual-
ize how closely connected these codes were in the texts (see Figure 1). To 
clarify, clusters are sets of objects that are grouped based on similarities 
(Keller & Achatz, 2019, p. 425), in our case based on the co-occurrence of 
the coded phrases in two main categories: 1) characteristics of the data, and 
2) journalistic information processing and related skills. If the same codes 
occur repeatedly in a number of documents together, the clustering meth-
od classifies them into the same cluster. In the graph, five distinct clusters 
emerge.

Figure 1: Proximity matrix: five clusters of articles (occurrence of codes in the 
same document) (colours of codes). Source: Authors own processing and software.

Type 1: the specialised data journalist. Cluster 1 (marked with the colour 
green on Figure 1) represents the type of journalist with the widest skill-set 
for working with data. Such person is data confident and knows the legal 
rights of an information seeker. Such journalist has basic technical skills to 
combine and interpret societal data (both sociological data and statistics) 
created by a third party. Clearly concepts dealing with sociological data are 
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closely tied to the first stage of the journalistic work process: being curious 
about a matter and establishing the initial idea. A part of the same pro-
cess is the ability to think visually and focus the story, which can be sum-
marized as seeing the story behind the (numerical) data. The mid-section 
of the cluster visualizes the journalist’s preparations to access and obtain 
the data, leading to requests for data (via surveys and polls, using census 
data, Big Data) and tied to organizing the data. Knowledge of data collec-
tion methods help journalists interpret their data independently from the 
frames presented by data holders. Note, that focusing the story and visual 
thinking are closely linked. We propose that this kind of skill-set would 
be required by a specialised data journalist, someone who could complete 
a data-based story from start to finish: from the initial idea to writing and 
visualising. Since teamwork skills are not present in this cluster, this jour-
nalist could presumably work alone (e.g., in a small local paper which does 
not have the resources to equip a big data team) or a freelancer.

Type 2: the data analyst. Cluster 2 (marked with dark blue) implies 
the profile of a team player, someone who works together with others to 
complete a project. They are skilled to locate, assess, organize and inter-
pret various types of data using technological tools. Using these tools is 
closely linked to self-learning. Yet visual thinking or focusing the story are 
not necessarily linked to their profile. We propose this skill-set would de-
scribe a data analyst teaming up with journalists to work on a data-based 
story. The profile created here is very similar to the profile of German data 
journalists as described by Haim (2022), who also names self-learning as 
a notable feature. Yet what is missing compared to Haim is the visualisation 
side: web or graphics design. Stencel & Perry (2016) also describe a similar 
type: the newsroom-friendly coder.

Type 3: the “techie” of a newsroom. Cluster 3 (marked with orange) 
represents a  journalist with advanced technical and data analysis skills. 
These are also linked to storytelling and a nose for news, knowing how to 
turn data into journalistic narratives for their audiences. Some crucial steps 
for gathering the data for a  journalistic story are missing in this cluster: 
focusing the story, preparations for data gathering, choosing techniques 
etc. We propose that this could point to a division of tasks: while working 
in a data team not everyone needs to have the exact same skill-set, some 
jobs are done by one person, some by another. The strength of the “techie” 
would be visualising; not only does this journalist have visual thinking, but 
knows also the tools to create the graphs, charts etc. In the newsroom this 
person would be seen as a “techie” (Borges-Rey, 2020).

Type 4: the daily editor. Cluster 4 (marked with yellow) represents 
a journalist feeling comfortable working with sociological data and numer-
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ical data related to concrete areas. In this cluster crowdsourcing and inter-
viewing stand out as the means to obtain data. Also requesting informa-
tion is a skill mastered by this type of journalist, but various levels of data 
analysis skills are not present in this cluster. The same applies to advanced 
technical skills. Such journalist is not necessarily a storyteller, but rather 
a distributor of pre-interpreted data. In modern newsrooms such a skill-
set would be required from a daily (web) editor, who needs to make quick 
alterations to (their own and colleague’s) stories based on the growing or 
declining importance of a story, the developments of the events covered in 
a story, the spotted possibility of further audience engagement connected 
to the story and so on.

Type 5: the special beat editor. Cluster 5 (marked with light blue) dif-
fers from cluster 4 in the sense that this type of journalist would also be 
equipped with the knowledge of different data collecting methods, basic 
math and statistical skills, also computational thinking. This can be linked 
to their use of more complex data – unstructured data –, but registry data 
and statistics are also present in this cluster. Compared to cluster 4 a sig-
nificant distinction is the skill to combine data, making it possible to come 
up with their own interpretations of the data. As storytelling skills are not 
present in this cluster, this can be interpreted as the skill-set of someone 
dealing with the stories of colleagues. We propose this type of skill-set 
would be valuable to a special beat editor, the beat being data heavy like 
health or economy. 

Since previous studies have noted that journalists pay little attention to 
verifying information provided as data (Cushion et al., 2016), this skill was 
also coded if present in the articles (coded as 10.a Assessing data reliability). 
Cluster analysis shows that the need to assess data reliability or quality was 
mostly discussed in terms of huge datasets. However, the need to assess 
the quality or reliability of data relates to other types of data too. Critical 
data studies show that even data collected for administrative purposes in 
different registers or by researchers to analyse specific social phenomena 
are not without bias (Gitelman, 2013; Porter, 1995). The relatively moderate 
frequency of this code indicates high “trust in numbers”.

DISCUSSION AND CONCLUSIONS
The aim of this study was to approach data journalism in a sparsely studied 
way: a skill-based differentiation of data journalists. Existing academic liter-
ature was analysed and synthesised with two questions in mind: first, what 
kind of skills related to journalistic information processing are revealed as 
necessary for a data journalist and how do these skills relate to different 
types of data (RQ1)? And – are there associations between how data is de-
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fined by the academic literature and what journalistic skills are discussed 
(RQ2)? The findings aim to illustrate how academic literature (namely 
social sciences) has been discussing data journalistic skills but also offer 
a way to connect this discussion to the practical field of journalism – offer-
ing a possible match between certain data skill-sets and type of journalists 
using them. As a theoretical foundation, we have been building on the data 
concept in social sciences and data sciences (Kitchin, 2014; Raftery, 2001) 
in addition to the cognitive skill theory.

The corpus of literature for this study was formed searching online re-
search databases for peer-reviewed articles: 1) on the topic of data jour-
nalism, and 2) in which the skills of producing data journalistic work were 
marked as key words. In total 51 relevant articles from 2008–2023 were 
analysed.

Five types of data-skill relations emerged from the proximity matrix 
created. Arguably there are factors to consider while interpreting the 
clusters. As limitations for this approach it has been underlined that 1) 
qualitative data analysis needs to be theory-driven (Keller & Achatz, 2019; 
Mitchell & Schmitz, 2023); 2) clustering results provide guidance for in-
terpretation (Keller & Achatz, 2019, p. 432). That being said, based on the 
clusters made visible by the proximity matrix of this study, we feel confi-
dent to propose five types of media workers, each described by a slightly 
different skill-set, when it comes to working with various types of data. 
One possible way to typify them would be: the specialised data journalist, 
the data analyst, the “techie” of a newsroom, the daily editor and the special 
beat editor (RQ2). 

Looking at these types through the prism of foundational vs specialist 
skills (Wolff et al., 2016), the balance for each type is different. For example, 
the daily editor has a variety of data-related foundational journalism skills, 
yet not so many named data specialist skills. In contrast the “techie” would 
also need a variety of data specialist skills. And the data analyst could lack 
journalistic specialist skills such as focusing a story.

Differentiating between data journalism skill-sets – and, furthermore, 
their foundational vs specialist skills – can prove helpful: from the view-
point of both academia and media houses. A journalist with data-skills is 
sought after by employers (Stencel & Perry, 2016; Mattsson, 2020 etc), but 
according to Fischer’s cognitive skill theory “a specific skill at one level built 
directly from specific skills at the preceding level” – in other words, skills 
must be hierarchically developed. This stresses the need for universities 
to rethink their “traditional trade school focus on interviewing and story-
telling skills“ (Nisbet & Fahy, 2015; p. 232), as journalism students would 
benefit from obtaining at least data confidence. At the same time, the find-
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ings of the study at hand directly address broader developments in the field 
of journalism: specifically, the potential for restructuring the newsrooms 
based on if and which data journalists are skilled to work with. While me-
dia houses worldwide are downsizing, a better understanding of which da-
ta-related skills would actually be used by journalists taking on the job of 
a daily editor compared to a special beat editor or specialized data journalist, 
would arguably lead to more precise job requirements on their part. 

In addition, the proximity matrix presented by this study allows to con-
clude, that academic literature tends to define data journalism through the 
usage of Big Data, and in relation to skills this kind of work is not as much 
tied to being good at maths or statistics as to developing advanced technical 
skills that make it possible to perform data mining and scraping (RQ1). Yet 
it is evident that data journalists also need such traditional skills as having 
a “nose for news” and “narrating” in order to find meaningful information 
from Big Data and present it to the public. In conclusion, such a journalist 
would need to master several specialised skill-sets: those of a story-telling 
journalist plus those of a programmer/hacker.

Our analysis shows that the most prominent cluster of articles dealt with 
a  broad palette of data journalism skills. Evidently, multi-skilling seems 
to still be expected of a journalist, making this analysis a further piece in 
a  long line of research (e.g., Beckett & Deuze, 2016; Himma-Kadakas & 
Palmiste, 2019; Larrondo et al., 2016; Örnebring, 2010; Örnebring & Mella-
do, 2018). One way to look at innovation in journalism is through the prism 
of collaboration: journalists “working with data scientists, engineers, 
product managers to build content that is hard to replicate by other media 
brands” (Chew & Tandoc, 2022). 

It can be summarized, that a data journalist, as most often pictured in 
the academic literature, is a  data analyst, able to work with data in any 
form, a skilled narrator and a visual thinker. Although a person can acquire 
several specialist skills (the “techie”), as several of these skill-sets can in-
deed exist in a vertical structure, is it realistic to expect that each journalist 
working with data acquires multiple specialist skill-sets? This is a topic for 
debate: both for media houses and academia. 
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