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Investigative data journalists work with a variety of data sources to tell a story. Though prior work has
indicated that there is a close relationship between journalists’ data work practices and that of data scientists.
However, these relationships and data work practices are not empirically examined, and understanding them
is crucial to inform the design of tools that are used by different groups of people including data scientists and
data journalists. Thus, to bridge this gap, we studied investigative reporters’ data work practices with one
non-profit investigative newsroom. Our study design includes two activities: 1) semi-structured interviews
with journalists, and 2) a sketching activity allowing journalists to depict examples of their work practices.
By analyzing these data and synthesizing them across related prior work, we propose the major phases in
the data-driven investigative journalism story idea generation process. Our study findings show that the
journalists employ a collection of multiple, iterative, cyclic processes to identify journalistically “interesting”
story ideas. These processes both significantly resemble and show subtle nuanced differences with data science
work practices identified in prior research. We further verified our proposal through a member check with
key informants. This work offers three primary contributions. First, it provides a close glimpse into the main
phases of investigative journalists’ data-driven story idea generation technique. Second, it complements prior
work studying formal data science practices by examining data-driven investigative journalists, whose primary
expertise lies outside computing. Third, it identifies particular points in the data exploration processes that
would benefit from design interventions and suggests future research directions.
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1 INTRODUCTION

Investigative journalism represents a unique class of journalism that offers reporting based on a
variety of data sources [22]. Unlike fast-paced news reporting organizations, investigative reporters
often spend months or even years developing a single story [11]. The reporters are also very
detail-oriented in their verification procedures [22, 48, 62]. As Kirkpatrick argues, “Investigative
journalism plays an important role in preserving democracy; we need watchdog journalists to hold
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institutions accountable, to shine a light on misdeeds” [59, p.16]. A few well-known investigative
reporting organizations include The International Consortium of Investigative Journalists (ICIJ)
[79], The Center for Public Intigrity (CPI) [36], ProPublica [84], and Mother Jones [49]. Their aim is
to produce reporting that makes an impact. Notable examples of this impact in the US range from
Sinclair’s exposé on the Chicago meatpacking industry [94], to coverage of the Watergate scandal
[90], to the analysis of racial bias in algorithmic risk assessment [50].

This most recent example [50] demonstrates how these news organizations are becoming more
data-driven [8]. This data-driven evolution in journalism is occurring partly because of increased
availability of varied types of data, including structured data (e.g., campaign contributions, govern-
ment spending), unstructured text, audio/video recordings, testimony, hearings, and many others
[21, 78]. As a result, news organizations are experiencing a growing demand for data journalists in
the digital newsrooms [8, 14].

This increasing prominence of data-driven investigative journalism poses a variety of challenges.
First, many investigative journalism organizations are non-profits, which can also face severe
resource limitations, e.g., a limited technology budget, few staff members, and time constraints
[7, 72, 74, 103]. Second, the professional practices of journalism differ from those of data science.
Other research has closely examined work practices of how data scientists use techniques from
machine learning (ML), natural language processing (NLP), or related areas [16, 57, 63, 75, 81, 105].
Even though the journalists use similar tools (e.g., Jupyter Notebook, RStudio) or engage in similar
data analysis processes to that of a data science worker [41, 75, 85], less work has examined either
the confluence of or differences between data science and data journalism [9, 42, 59]. Furthermore,
while data scientists are proficient in these tools [75], many investigative journalists lack formal
training in data science techniques [85]. Thus, although data science and data journalism may
involve similar computational techniques, but they are applied within different professional contexts
and likely involve different day-to-day practices.

As a third challenge, the available tools tend to focus on a specific, potentially limited aspect of
journalistic practice [20]. For example, several prior researches have explored data-driven visual
storytelling [17, 61, 64, 65], i.e., how best to tell a given story using data visually. To our knowledge,
though, significantly less work closely examined the processes by which journalists formulate ideas
for what data-driven stories to tell in the first place. For instance, given the dearth of tools that
effectively search for a specific dataset, reporters have to rely on writing scrapers or manually
downloading them, and sometimes finding a dataset can be challenging [85]. Even when they can
obtain relevant data, reporters also lack tools specifically designed to enable easily sorting through
multiple, heterogeneous data sources to identify story ideas that are interesting, relevant, and viable
[85]. The few tools that are available are somewhat domain specific and not easy to adapt [11, 48],
or they support developing creative angles on existing stories [69] rather than generating ideas
for new stories. This gap — tools that effectively support generating journalistically “interesting”
story ideas — may arise in part from a lack of prior work examining what makes an idea interesting
to a journalist [37], either in general or specifically in a data-driven setting. While various work
provides high level guidance about conducting data-journalism [9, 41, 86], there are fewer empirical
investigations thereof.

These gaps in the prior literature give rise to the following two research questions, which guide
the work presented here:

RQ1: What are the processes and practices involved in data-driven story idea generation in inves-
tigative journalism?
RQ2: How do investigative data journalism practices both resemble and differ from data science?

To address these RQs, this study examines the story idea generation process in the context
of investigative data journalism work practices. We engaged members of the data team at an
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investigative journalism non-profit in a qualitative study consisting of semi-structured interviews.
We also conducted a sketching activity asking participants to depict their data-driven work practices.
These data were analyzed in a qualitative, abductive fashion [15, 40, 67] to understand how ideas
for data-driven stories are generated, as well as how they evolve and are shaped by the tools are
practices that these journalists use.

The contributions of this research are threefold. In response to RQ1, this paper offers a high-
level understanding of story idea generation through examination of the data work practices in
investigative journalism. In response to RQ2, the paper then compares this model with prior
work studying expert data scientists work practices. It identifies several points of similarities
with that prior work, as well as some unique aspects that stem from the journalism professional
context. Finally, this paper uses these results to articulate specific processes that could benefit
from design interventions. It also notes which of these design opportunities have already been
explored, which opportunities deserve additional attention, and which should perhaps be avoided.
The interdisciplinary nature of this work has the potential to highlight new areas for future research
at the confluence of data journalism, data science, and HCI with a specific focus towards story idea
generation.

2 RELATED WORK

This paper draws on and synthesizes literature from two areas: data journalism, and studies of data
scientists’ practices. Although relevant to one another, prior work has done little to explore the
resonances between these two areas, as described below.

2.1 Data Journalism

Most traditional news media outlets depend on the number of visitors, clicks, subscription methods,
and advertisement to earn revenue [18, 72]. Whereas non-profit newsroom does not publish to
be profitable, instead, they usually run through donation and grant funding [7, 72]. The key to
non-profit organizations sustainability is through the practice of “technology adoption, technology
use, and technology learning”, [74, p.9]; non-profit investigative newsroom is no exception [11].
According to Kovach and Rosenstiel [62, p. 85], “The group calling itself Investigative Reporters
and Editors, for instance, has tried to develop a methodology for how to use public records, read
documents, and produce Freedom of Information Act requests,” emphasizing the widespread use of
public data among the investigative reporters [22, 41, 72]. Similarly, Gray et al. [41, p. 3], described
data journalism as “journalism done with data. [...] Both “Data” and “Journalism” are troublesome
terms.” He quoted,

“Data can be the source of data journalism, or it can be the tool with which the story is
told — or it can be both. Like any source, it should be treated with skepticism; and like
any tool, we should be conscious of how it can shape and restrict the stories that are
created with it” [9, 41].

Investigative reporting can be original, interpretative investigative reporting or reporting about
someone else’s investigation in the analysis [62]. The investigative data journalists (in this study)
applied a wide range of tools for data analysis [8, 41, 85]. They: i) work with various data formats
such as CSV, shape files, Geo JSON, XML, delimited text, tables, various proprietary formats, ii)
apply various programming languages for scrapping and web development including Python, Ruby,
SQL, JavaScript, and R, iii) rely on different data analysis tools and API including Google suite (e.g.,
Google docs), Jupyter Notebook, QGIS, RStudio, PostgresSQL Database, Amazon AWS, Mapbox,
HUD, Census APIL, CSPAN, and ArcGIS. They also applied Machine Learning (ML) algorithms (e.g.,
multiple linear regression, logistic regression, and libraries (e.g., pandas)).
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Clearly, data and computational tools play a major role in data journalism. Some of the prior
work described the data journalism practice as getting data, understanding data, and delivering data
[41, 86]. While others described an inverted pyramid model of data journalism consisting of five
phases: compile, clean, context, combine, communicate [9]. Several research proposed data-driven
visual storytelling models and they are widely studied in the literature [61, 65, 85]. For example
Kosara and Mackinlay [61] proposed a high level model of how the stories are developed based on
how journalists work; they described that journalists collect data for exploration and presentation.
In another work, Lee et al. [65] described a model consisting of three phases: i) explore data, ii)
make a story, and iii) tell a story. In a recent study, Chevalier et al. [17] extended the model by
incorporating different journalism roles such as data collector, scripter, presenter, etc., and external
factors including ethics, time, cost, and legal issues. Study participants were journalists, designers,
and researchers. Chevalier et al. [17] used thematic analysis [10].

Although data journalism [9] and data-driven visual storytelling models [17, 61, 65] are available,
none of the prior work has closely examined how investigative reporters work with data to come
up with a story idea, and how data science practices are tightly interwoven and interconnected
with data journalism [42, 59] work practices; thus, this study will bridge this gap.

2.2 Data Scientists Working With Data

The conventional model described data scientists’ work practices consisting of data discovery, data
capture and cleaning followed by feature engineering [83]. A recent study proposed by Muller
et al. [75] confirmed the conventional model and added “data as created” in the model; the model
proposed increased human activity with data as the human move from data discovery phase to data
creation phase in the data science worker pipeline using a qualitative interview-based study. There
are other similar research exists in the literature that described data scientists work practices in
different domains [42, 52, 57]; for example, Guo [42] described a data science workflow consisting
of preparation, analysis, reflection, and dissemination through studying users from various domains
(e.g, students, engineers, research scientists); Kandel et al. [52] proposed a five high-level task
model consisting of discovery, wrangling, profiling, modeling, and reporting by studying data
analyst in different enterprise organization (e.g., marketing, finance); Kim et al. [57] identified data
scientists’ roles in software engineering teams and discovered similar data activities described
above. Researchers also examined how instructors teaches data science to novices in data science
education [63].

Other work have examined collaborative processes, such as Zhang et al. [111] found that data
scientists working in teams are highly collaborative working with different people, using various
tools across all stages of data science workflow [83] using a survey based study. Wang et al.
[105] reported the benefits and tensions as synchronous collaborative tools are adopted in data
science teamwork. Passi and Jackson [81] studied how data science collaborative teams work
around emergent tensions during algorithm-driven data analysis through skepticism, assessment,
and credibility. Researchers also developed tools specifically to support computational notebooks
[56, 106]. In a recent study Chattopadhyay et al. [16], suggested that professional data scientists face
numerous challenges when working in the Notebook environment; these pain points extend from
loading and cleaning data, explore and analyze the data, managing code, sharing data, replicating
results among other problems.

Much of these prior research investigated professional trained data scientists work practices in
the context of Computational Notebooks (e.g., Google Colab, Jupyter Notebook) [16, 56, 87, 105].
However, prior studies also indicate that untrained data science professionals such as the data
journalists also use similar data science tools for data collection and data analysis [41, 85]. The
significance of data science practices in data-driven journalism cannot be overlooked [42, 59].
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1) Retrospective
Semi-structured Interview
2) Sketching Exercise

Member Checking
Interview

Data-driven Story
Idea Generation

Fig. 1. The study design was composed of two major parts: first, a retrospective semi-structured interview
followed by a sketching activity; second, a member-checking interview.

Essentially, data scientists and investigative journalists both depend on data, computational tools
and programming languages; however, there is no study that examined the inter-relatedness
between these two domains.

In this study, we bridge this gap through 1) uncovering how investigative journalists work
with data to come with interesting story ideas, and 2) comparing data scientists and investigative
journalists data driven work practices.

3 METHODOLOGY
3.1 Recruitment and Study Design

Participants were recruited via contacts at a non-profit investigative journalism organization based
in the US called JustNews!. This study was part of a larger project working with journalists at
JustNews to collaboratively design computational journalism tools. Since this study was carried
out as the first step of this larger project, we did not seek to recruit journalists from other news
organizations. We began with two key informant staff members, who introduced us to an additional
four staff members. Of those six, a total of five staffers agreed to participate in our study. Although a
relatively small number of participants, there are at least four reasons why these data are sufficient
for the analysis presented here. First, our participants comprised over half of the staff members at
JustNews who work on data-oriented reporting. Ideally, the entire population of data-oriented staff
would be included, but practical and professional demands on staff members’ time precluded this
possibility. Second, this number of participants closely resembles the number of participants in
some prior work [81]. Third, we found ourselves reaching theoretical saturation [40] around the
fourth of the five interviews. Finally, the data are both copious and rich. We collected over 7 hours
and 5 minutes (50,543 words) of detailed interview data, supplemented by the sketching activities
and member-checking interviews described below (see Figure 1). Each participants was given a
US$20 Amazon.com gift card as a token of thanks.

3.1.1  Semi-structured Interview. With each participant, we conducted retrospective semi-structured
interviews [99]. We asked each participant a series of open-ended questions, including the partici-
pant’s individual background and role at JustNews, and a project about which they were passionate,
“Please talk about a project that you have completed in the past and you were really passionate about.”
We asked participants’ to talk about a past project so that they can reflect upon the strategies they
have used in the project [108]. We asked additional follow-up questions when required. Interviews
were conducted between 7 Nov 2019 and 11 Dec 2019 via phone or video conferencing depending

1“JustNews” is a pseudonym referencing the organization’s mission to bring justice through investigative reporting.
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upon participants’ preference. All interviews were audio-recorded and transcribed using Temi
transcription tool [23].

3.1.2  Sketching. Each participant also completed a sketching exercise, based on the following
prompt. “We talked about various data sources, tasks, people, data analysis tools, methodologies, and
output. Please sketch how all these activities go together in your reporting task” We used the virtual
collaborative tool Sketchboard [98] to enabled participants to externalize their data work practices
while talking through them [cf. 53]. The sketching was video recorded. At the end of the sketching
task, we prompted the participant to described the sketch from start to finish. This helped us to
understand their current work practices accurately and to find any steps that we were not able to
capture during the interview.

3.1.3 Member-Checking Interview. After completing our analysis, the authors conducted a member
check [3] with our initial two key informants. We presented the description of our proposal and
discussed internal working procedures described below in the Results. The two key informants
provided some minor corrections and additional details but mostly confirmed our proposal. This
member check helped us address potential issues with the number of participants and increased
our confidence that our proposed model accurately depicts the data-driven practices for story idea
generation at JustNews.

3.2 Participants’ Demographic Information

We interviewed a total of five journalists, all of whom lived in the US. Among the five participants,
four identified as male and one identified as female. Two participants had a Masters’ degree, and
three had a Bachelor’s degree. Their educational background was diverse, including liberal arts,
journalism, and engineering. Most of them were self-taught in computational tools. This study was
approved by the Lehigh University Institutional Review Board (IRB). Interviews were conducted
in English. Interview data was anonymized by using pseudonyms across four different levels: 1)
organization name, 2) participant’s name, 3) project titles, and 4) role titles. In order to provide
further anonymity and protection of our participants’ identities, we anonymized several story
related details that could accidentally identify them. We did this by iteratively sharing drafts of
the paper with each of the participants and anonymizing according to their expectations. The
various level of anonymization is essential to protect participants’ from inadvertent identification
[51, 71, 88]. We were really fortunate to have highly motivated participants, who tried their best to
be good participants, helping us with providing story details and information by being receptive to
researchers queries and cooperating with us as much as possible.

3.2.1 Investigative Journalism Roles. Our participants each held different data-related roles at
JustNews, and each worked on different projects. Each of these roles involved working with data
to varying degrees. Jakob and Drew are the Data Journalist, who perform data collection, data
analysis, fact-checking, drafting, and story writing. Both worked on housing related stories. For
example, Drew worked on the Tax Breaks in Housing story, which investigates Tax breaks in the
low income housing projects developed for the poor people. Jakob worked on a similar story called
Low Income Housing, where he worked with a local reporter to explore the connection between
low income housing and economic areas. Jonas is a Developer Journalist and has several years of
experience in traditional news reporting. Currently, his role mainly involves data analysis building
and maintaining news web application interface [8, 85]. He worked on the Election Campaign
project, which analyzed campaign contribution data. Emerson is a Algorithmic Reporter. In addition
to performing data activities similar to that of a data journalist, this role requires the application of
quantitative skills such as Machine Leaning (ML) in data analysis. Emerson worked on the Threat
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Prediction story based on digital surveillance data, which identified demographic disparities in
error rates of a device that attempted to infer threat from the data. Samantha is an Editor. As a
senior member of JustNews, her current role involves less data analysis (though she has the skill).
Her responsibilities include assigning stories to the team based on skill-set, checking whether a
story is feasible or not, checking the data element for correctness, helping the team collaborate,
and making sure that resources are available to the team. Samantha described the Health Care data
project from when she was a Data Journalist at JustNews; the story revealed doctors who were
charging Medicare at a higher rate than others for procedures they performed.

Each of these roles may have additional responsibilities at the organizational level. However,
none of the four roles discussed in this paper have strictly predefined or fixed data-related tasks
(e.g., data collection, data validation). Rather, all staff have the freedom to chase any ideas and
collaborate; for instance, developer journalist could also work on stories. In every decision, though,
an editor plays a significant role that everyone in the team looks up to. One of the key factors
distinguishing these roles is in terms of journalism experience. In addition to having data analytic
skills, each of these roles also required domain expertise for the stories. Oftentimes, collaboration
and communication help bridge any knowledge gaps.

3.3 Data Analysis and Coding

We applied qualitative inductive analysis methods drawing on grounded theory [15, 40] and similar
approaches [67]. The interview data were coded by the first author and discussed with the second
author. Initially, we applied open coding, followed by axial and focused coding to discover higher-
level categories. Themes emerged inductively from data [15, 40], and they were discussed, revised,
and confirmed only after which it became part of our proposed model.

After analyzing the interview transcripts, we moved to analyzing the sketches. Informed by prior
work [e.g., 53], each sketch was annotated by the first author using concepts and themes emerging
from the analysis of the interview data. Annotations were based on the visual content of the sketch,
as well as on the audio recording and screen capture of the participant creating their sketch. In
this way, analysis of the sketches helped both to confirm and to refine these themes our analysis
identified.

4 RESULTS: EXPLORATION IN DATA JOURNALISM

The exploration phase involves three main, tightly interwoven and interconnected processes:
generating an interesting story idea, data acquisition, and tinkering with data. Staff at JustNews
described that the exploration phase can begin with any of these three processes. Furthermore, this
phase involves frequent oscillation among these three different processes. Thus, although described
in a linear order below, in practice these processes unfold in an iterative, cyclic, and nonlinear
fashion shown in Figure 2. After initial data exploration, the journalist move to the next phase of
detailed verification process, which is not described in this paper (in great detail) for simplicity, we
rather focused our model description about story idea generation.

4.1 Interesting Story Idea

“Journalism is storytelling with a purpose. The purpose is to provide people with information they
need to understand the world. The first challenge is finding the information that people need to live
their lives. The second is to make it meaningful, relevant and engaging” [62, p.189]. The following
paragraphs describe where ideas for these stories come from, how the story ideas evolve and take
shape over time, and the key aspects that determine whether an idea is interesting to be worth
pursuing as a story. While some aspects of this phase resemble traditional investigative journalism
[22, 62, 72], this subsection attends to how those journalistic practices manifest in data-driven work
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Exploration
Data
Acquisition &
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A | Interesting
y | Story Idea
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With Data

Fig. 2. Highly Iterative Nature of Interrelationships Among Data Acquisition, Data Exploration and Interesting
Story Idea Phases.

[17, 41, 42]. This subsection focuses primarily on instances where the story idea was generated first.
The latter subsections within the Results will draw out instances where the Exploration process
begin either with Data Acquisition or with Tinkering.

4.1.1  Where Ideas Come From? Participants described different story ideas arising or originating
from numerous channels. Examples include casual conversations with colleagues, domain experts
(e.g., researcher, academics) recommendation [62], website forms for people to submit tips [79, 84],
or during traditional reporting [85]. Often, individual reporters have personal interest or expertise
[85] in a given area or in well-known projects that have existed for a long time, such as on housing
[41] or on Medicare [11]. For example, Jakob described sketching (see Figure 3) out his work with a
reporter, Sonya, in the Low-income Housing story, where he was trying to investigate if low-income
housing gets built in locations that lacked access to opportunities. Jakob described his process of
using data to scrutinize this hypothesis,

“I'm kind of like looking at the process of how things like normally start. [...] Sonya
has this thing she’s interested in like affordable housing in [city]. She has an idea that’s
like, how can we use data to better understand affordable housing. [...] Kind of have
Sonya doing traditional reporting [via phone] [...] I am able to use like databases and
computers in order to kind of bolster the work of their reporting” - Jakob

This kind of collaboration practice is common at JustNews, where a reporter decides to help another
reporter in a story based on mutual interest. Here, in this case Jakob was helping automate Sonya’s
(editor) data work who had carried out the data analysis by hand. In addition to in-house expertise,
ideas also come from external domain experts in a relevant field [62, 70]. For example, Samantha
described the origin of the story idea for the Healthcare Data project.

“So, basically after talking to experts, you know, [Healthcare] programs (experts), what
may be interesting to look at. A lot of people had said, you should look at the breakdown
of, how things [expenses] are coded, these offices” - Samantha (Sketching).

Inspiration for story ideas also came from other sources such as a reporter visiting a place or
an institution or having a spontaneous meeting. In other cases, story ideas emerged directly from
data, as described further below in Section 4.3.

These excerpts speak to the variety of means by which story ideas are generated or originated,
which essentially involves a lot of communication with inside and outside sources (see Figure 4). A
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Fig. 3. Excerpt from a sketching exercise depicting the data journalist Jakob’s activity on the Low-income
Housing project. This sketch depicts Jakob’s data activity to generate a story idea, highlighting his interactions
with the reporter Sonya.
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Fig. 4. Excerpt of the sketch illustrating Drew (near right, labeled “me”) communicating with various internal
and external sources once he had a hunch that they have a story.

similar variety of forces influence the subsequent shaping of a story idea.
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4.1.2  How Ideas Are Shaped. Given a potential story idea, reporters evaluate the story idea based
on their goals, their skill-set, and ethical considerations [85] and judgements [27]. While reporters’
individual goals or factors that inspire them can vary, they are often aligned with more general
motivations in investigative journalism. Primarily, reporters seek to provide readers with access to
otherwise unavailable information. In describing the Low-income Housing project, Jakob said that
the dataset listing the projects that the federal government had funded did not provide information
about where these project are implemented in terms of economic opportunity information (e.g.,
employment access, job diversity, crime index). Thus, the reporters had to go and connect the two
pieces of information (projects that received government funding with the location information for
opportunity to tell the reader about it [89], to make them aware.

“And since the government themselves doesn’t say in that original database whether
each of these projects were located, areas with high economic benefit, for example, we
wanted to go and do that work ourselves.” - Jakob (emphasis added).

Put differently, the focus of this story became shaped by a desire to provide the public with additional
information about these housing projects and inform people about inaccessible resources.

Skills also play a major role in shaping story ideas. The journalists described evaluating their
skill-set with respect to the story idea and a variety of other considerations. For instance, Drew,
before devoting himself in any particular story, would ask himself several questions.

“I feel like, there’s some measures in my head of like, values that might be like, do I
care about this as a topic? It’s pretty high on the list. [...] am I interested in this for
some reason? another thing will be like, can this be done without adding in? [...] is
there an opportunity to really help? so, I would want to be involved [...] some degree
there’s like, has anybody done anything like this before? Can I really say something
new if I do apply this skill-set to this problem?” - Drew.

Other journalists described asking themselves similar questions. These questions reveal the various
factors that influence whether a story is pursued. An affirmative answer to one or more such
questions increases the chance that they pursue the story or decide to collaborate in a story.

As suggested in the above quote from Drew, the journalists also mentioned that they want
to work on “something not done before” or original [62, 89] stories rather than building on off
someone else’s reporting [22]. For instance, Jonas said he worked on the hate crime project in part
because the government did not provide a systematic way to collect the information about hate
crimes, so he worked on “connecting the dots” in that project to “fill that void.”

Finally, the journalists make ethical judgements when deciding whether to work on a story at
all. Jonas provided one example from a project about hate crimes. He described how, in such cases,
the reporters need to be very careful about what data they are collecting and what they are going
to publish.

“Victims’ information is pretty sensitive [...] We have to kind of take care not to, sort
of re-victimize people [...], but sometimes like the whole practice or the process of
collecting information itself will lead us to modify what we’re doing, because we were
like, ‘Oh, well that’s not a good thing. [...] And it might be potentially harmful if we
did or if we published it” - Jonas.

In other words, the reporters may discover that publishing or even collecting information would
be harmful. In such instances, they may alter a story or even abandon it entirely to avoid causing
harm [85].

This passage also highlights the non-linearity of the practices described here. That is, the “pro-
cess of collecting information itself will lead [reporters] to modify” both the focus and the very
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conceptualization of what a given story is actually doing.

4.1.3  What Makes an Idea Interesting. Reporters consistently described seeking out, in their words,
“interesting” story ideas [85]. When asked to define or explain the term “interesting,” though,
reporters experienced some degree of difficulty. On the one hand, they couched their explanations
in terms consistent with general values of journalism, such as informing the public, covering
current events, documenting illegal or problematic activities, revealing ineffectiveness of systems or
institutions, conveying information that is correct and accurate. Most importantly, the freedom and
independence to work in areas nobody else is pursuing and oftentimes the reporters willingness
“to take a risk” [62, 89]. On the other hand, there was a conscious admission about the difficulty of
pinning down a prescriptive definition of what counts as interesting.

This difficulty became more apparent when talking about trying to articulate “in code” (e.g.,
Python, Ruby, SQL) means of identifying what counts as interesting. In any attempt to do so, Jonas
said,

“T am certain that we miss interesting things. It’s just that the definition of what
interesting is, [...] is not necessarily easy to put in a code. that’s part of the issue. That’s
part of the challenge essentially” - Jonas (emphasis added).

An example came from Jonas’s work on a project that involved tracking tweets from politicians.
In one instance, a Democratic senator had been tweeting about a bill to protect the pensions of
coal miners whose employers had gone bankrupt. That senator had been tweeting about the bill
every single day for months. Later, Jonas noticed that a very similar bill had been introduced by
Republicans. Upon inspecting their Twitter logs, that Democratic senator had stopped tweeting
about the bill three weeks before.

Jonas uses this example to explain how identifying something “interesting” is quite complex. In
this case, he notes,

“That’s a kind of a terrible process because like, it relies on me being aware of things
that maybe I would miss and also like it’s not based on just simply the data itself [...] 1
do a lot of tracking of like, behavior that reoccurs over time, like just like this happens
and it happens again or on a fairly regular schedule, but, [...] I don’t have a great way
of like, of notifying myself essentially when that stops.” - Jonas (emphasis added).

We see here how the tension between wanting to rely “on just simply the data itself” and the
intuitions of reporters “being aware of things” that could be interesting influences how story ideas
are generated.

When asked about automated tools that might assist in this process, Drew went farther, saying,

“I'm skeptical of any thing being applicable to all scenarios and I sort of prefer the
idea that I should just be equipped with the skills that I would need and that like I
prefer to operate like in really basic code. [...] Like I would rather just know how to run
sequel [SQL] queries than have some system that tries to do something. So, that for me
I would rather write code in Python than have something to scrape websites then use
some tool that tries to coordinate that work for me [...] what if somebody comes up
with something awesome someday? I'm like surely gonna be interested in evaluating
and potentially using it, but I am not on myself really changing my tool kit” - Drew.

These examples reveal the situated manner in which reporters determine what is interesting.
They also highlight the difficulty and occasional skepticism about applying general or universal
general methods for outlier detection [11, 48]. Drew mentioned that for the Tax Breaks project
initially he did not know what to look for. During casual exploration with a colleague, he happened
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to find that a well known real estate development project was included in a certain census tract.
As described further below, such “tinkering around” with the data can lead reporters, to “find
anomalies that actually themselves [are] stories”. However, before such tinkering occurs, journalists
need to acquire relevant data [42].

4.2 Data Acquisition

All cases recounted by our participants involved acquiring data [42, 75]. While stories varied in the
kinds of data and numbers of different data sets involved, the process of data acquisition was shaped
according to two aspects. First, were data acquired as the initial step in the process of developing a
story (i.e., before generating a story idea or tinkering with any data), or were they sought out later?
Second, were the data public or private? These aspects shaped not only how data were acquired
but also how that acquisition processes shaped the broader exploration of story ideas [9].

4.2.1  Public Data: Public data consists of data that are readily available, often from government
sources [41, 85]. Examples include low income housing tax credit data, public portions of aggregate
medical records, and others. Such data are usually acquired by downloading through API or scraping
websites. For example, Drew described how near the beginning of a project,

“I might be [...] writing scrapers, let’s say for like scraping records off of websites. And
there’ll be a lot more programming. A lot of like, gathering stuff and putting it into
like, Postgres [PostgreSQL] databases and trying to essentially see like, is there a way
to get to make data useful?” - Drew.

In another example, Samantha described working on an existing Healthcare Data project. Her
team was aware that the government medical source was releasing a second part of a dataset
regarding the US doctors prescription data. So, they directly downloaded and used the data:

“We have worked with different [Healthcare] dataset, which was the [second] part
that was prescribing data [...] actual things that doctors do [...] So, we had known that
they were getting ready to release, that data. [...] that came out. [...] you know, publicly
available for download .. - Samantha.

While the Healthcare Data story was built on a single data source, other stories require the
reporters to integrate multiple datasets [41, 75]. For example, both Housing stories discussed in this
paper were built on multiple datasets. Information about the geolocation of the construction sites
was provided in one dataset, while information about the geographical boundaries of the economic
area information (e.g., education, job benefits) were available in a different dataset. The datasets
had different format (e.g., xIs, json).

“And, so, that’s why we needed to connect, a geographic dataset that has the loca-
tions [of economic areas] with this other data set that has the locations of where the
projects are that the government is funding. And by combining those two things, we're
essentially making connections that otherwise aren’t available.” - Jakob.

In such cases, data acquisition already involves significant data “wrangling” work [41, 52, 85], as the
data of interest need to be assembled into something coherent before analysis can even begin. Data
can come in different format, for example, in the Low-income Housing story, a .CSV file containing
housing addresses and GeoJSON file containing geographical coordinate information including
low/high economic information, to make association between the two datasets, the reporter had
to find situational workaround before creating a database to be able to run SQL queries. These
acquisition processes are also sometimes more complex when the data of interest are not publicly
available.
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4.2.2 Other Data Sources: In other cases, reporters leverage data from non-governmental sources.
In the Low-income Housing example described above, Jakob collected geographical coordinates
(longitude and latitude) for low-income housing projects using the arcGIS API [41]. In his words,

“[You] would enter in a project address and put it into the search field in the arcGIS
website. And once you hit enter and it’ll show you where that specific location is on
the map.” - Jakob.

Investigative reporters often use record requests in their reporting [22], and they generally face
no problems when making record request from the government sources. However, our study found
instances where the journalists were asked to pay for accessing certain datasets. Although such
occurrence is undesirable, they are also not uncommon [17, 61]. This process of paying for data is
generally more involved than the collection of public data [85]. Such context [32] associated with
data acquisition often impacts story persuasion.

Journalists also receive data [75], sometimes, these data come from domain experts, researchers,
or other collaborators. Receiving data from anonymous sources [62] is also fairly common, such as
safety investigation reports received in a story about safety failures in manufacturing. While work-
ing with given or public data is comparatively easier, however, when working with annonymous
datasets, the journalists have to be extra cautious, they usually consider asking themselves: “Who
gathered it, when, and for what purpose? How was it gathered? (The methodology). What exactly
do they mean by that?” [9] as a way to navigate around issues of trust relating to the data sources.
As a result, working with such anonymous dataset involves rigorous verification, and sometimes
the journalist may decide not to use the data [61] if the data is unreliable [9]. The journalists found
that anonymous sources are usually motivated by “selflessness” to prevent some disasters from
reoccurring.

In many cases, journalists’ collect data through research, interview [61]. Reporters take consent
from the story subjects (e.g., supervisor’s consent when interviewing researchers) whenever possible.
However, for sensitive stories, interviewing subjects is not easy, because of the constraints imposed
on the subjects such as threats or job demotion. In such instances, the reporters usually go out of
their way to engage with the subjects. For example, by prompting the subject to draw to convey
information instead of speaking or going off-the-record conversation to provide freedom and
respect subjects privacy. All these factors essentially influence whether a story gets completed or
not.

Such issues of data access ease influenced both what stories were pursued and what reporters
had available for exploration [61]. Oftentimes, during the course of the story, the reporters might
require to collect more data or throw away incorrect or unusable data [9], as indicated by the cycle
in Figure 2 among data acquisition, interesting story idea and tinkering with data described next.

4.3 Tinkering with Data

Reporters’ data exploration practice was similar to Tinkering [101], which is described as “a playful
and subjunctive modality — once often replete with the utterance and practice of what if, could be,
maybe, perhaps, let’s try it out etc” [104, p.4]. It “is one way of preserving what is valuable and
reworking what it is not” [102, p.5]. As Jonas describes it,

“... the other aspect of this is sort of me poking around in SQL for the most part or
sometimes in code.” - Jonas.

Some stories the journalists described actually began in this way — not by formulating an idea for a
story, or by acquiring some new data set(s), but by tinkering with an existing dataset. During this
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process, the reporter is likely unsure of the story idea. S/he engages in trial-and-error experimenta-
tion with the dataset to see what is there. For instance, Drew examined data to discover places in
the data that warrant further inquiry.

“I was using data to find places to go do more reporting and I wasn’t using it in a way
that a lot of data journalism is where like the story is like some big Sunday headline
number that comes out of the dataset. So, like for me it was like, what’s the best way to
find places that deserve scrutiny? [...] it was very much like a kind of focusing the work,
kind of like exercise in data analysis” - Drew (emphasis original).

In other cases, the story idea is already known for common stories covering Housing or Medicare
[41] stories. However, the exact individual/institution that are “held accountable” are not discovered
until tinkering with data. Journalists find them through discovering outliers in the data [11, 48].
For example, Samantha working in the Healthcare data story described how she found the doctor
who charged medicare at a higher rate than peers through outlier detection,

I did the summary statistics showing, [...] separating, all the doctors in other specialties
are so that we’re only comparing apples, all the [doctors specialty] in [state] for example.
And then just kind of did some exploratory data analysis, some kind of rough graphs
to show who are the outliers, what does the typical breakdown of the scaling scale look
like for an [doctors’ specialty] in [state] and who are those people who don’t fit that
profile. So through doing that we were able to pretty quickly show, for each specialty
and each date, both what the typical profile [...] was like, and we were able to pull out
any people who didn’t really fit that profile” - Samantha (emphasis original).

Out of the five complete stories participants described, three of them started with outliers or
anomaly in the dataset during casual explorations. Thus, what an “outlier” means have different
connotation for the journalists’ [93]. Journalists’ described an outlier or anomalies as interesting
- a data point that is “different”, “important”, “useful”, “controversial”, “scandalous”, “relevant”,
“valuable to the reader”, mostly true and a story idea worth persuasion [37, 89]. We also want to
note that, the practice of detecting outlier for story idea generation is now currently changing.

Journalists also ask questions such as “what would be the variables used?” in feature engineering
[34, 75], as well as what metadata to use in the story. For example, in the Tax Breaks in Housing
story, Drew was trying to understand how a particular project ended up in the Tax Breaks program.
He had to replicate a previous analysis done by the government agency. Drew had to refer to
additional source document and do additional research, and contact domain experts to further
understand what variables might help him understand the agency’s data analysis process and the
variables used in the story [62]. In his words,

“I think it was sort of three main data points [...] the [agency] was using. It would be
the overall [...] the percentage of people in poverty and the median family income [...]
were the main variables used. To determine eligibility for the program.” - Drew

Participant’s also examined data as a process of generating “a hypothesis” [57, 70] and testing.
For instance, Emerson worked on the Threat prediction project. He wrote during the sketching
activity about testing the threat detection device using standard datasets,

“Generate a hypothesis based on the fact that we saw trends for specific demographic
categories (a hunch, not statistical). Speak with editor, co-reporters (thought it was
potentially interesting to pursue), experts in [surveillance data] analysis and other
scientists (who brainstormed ways to test our hypothesis further); the algorithm reacted
more strongly to [a particular user group] in our dataset. Is that a result of some
characteristics of the algorithm?” - Emerson (Sketching), (emphasis original).
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Again, though they may have “a hunch,” the process of tinkering is what led to the specific idea
about skewed results for a particular demographic (e.g., race, class, age).

The casual exploration to pursue a story idea may also enable the creation [61, 75] of an entirely
new dataset. For example, the Threat Prediction project described above required Emerson and his
team to collect ground truth data to test the device’s algorithm. He wrote,

“We went to [X institution], [...] to record dozens of [people] each time in solo and in
group situations. [...] set up an experiment protocol, [...] just observe their interactions,
record the whole time.” - Emerson.

While experimenting with the data, the reporters would also check to see whether the data is
complete, is consistent, has missing values, or has errors. This process also involves data transforma-
tion such as filtering, outlier removal [41]. In other words, data exploration, including dealing with
formatting problems and mostly evaluating the data for their quality, helps reporters determine
how usable the data are [65, 75].

Such testing involves a panoply of different tools, ranging from Google sheets, to hand-crafted
MySQL queries, to generating exploratory visualizations, to other data transformation such as
aggregation, to manually flagging problematic spots or something that seems like an “interesting”
[85] story idea worth pursuing. As Jonas described in the context of the Election Campaign Data
Analysis story,

“Then we also derive aggregates [...] and put into tables. We create essentially new
tables. So, at this level, like what we probably could or should be doing essentially is
like, and we do a little bit of this is like flagging interesting things. [...] So we will do
like booleans of like whether [...] simply something exists or not. [...] one example of
this would be, does this filing have contributions over a hundred thousand dollars in it
or something like that. ” - Jonas (emphasis original).

This description shows how the process of playful experimentation with the data and identifying
interesting stories can be quite interwoven in practice.

Data exploration might also begin with something as simple as sorting a spreadsheet, as Drew
described his data exploratory experience in the Tax Breaks in Housing project.

“Initially, I was asked to like look over a spreadsheet with a colleague and it would
seem like it would just be some sort of routine activity [...] the spreadsheet was like all
the data on these [geographic areas] that were designated [for economic development].
And we were basically sorting the Excel spreadsheet and going like, okay, let’s look at
like the richest ones.” - Drew.

This examples illustrates how the exploration process is shaped by the affordances of data analysis
tools. The JustNews staff did not begin with a plan to analyze the “richest” economic development
areas [41]. Rather, the spreadsheet easily afforded this view, which subsequently shaped their
analysis.

As described above, data exploration also involves checking how clean is the data and noting
any missing fields. Such cleaning happens often, though not exclusively, while tinkering with the
data. In the Election Campaign project, Jonas describes keeping track of each individual member of
the US Congress.

“There is a unique identifier for them, that the Congress actually assigns. [...] but this
particular dataset doesn’t include it for no good reason that I can see. And so what we
have to do is, we have to try to match those files that are published. We have to try
to match the names in there and the offices with our list of members. [...] we have a
script that kind of goes through and tries to match those members to their ID” - Jonas.
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Fig. 5. Annotated sketch drawn by Jonas when describing the data work in the Election Campaign Data
Analysis project. Blue text indicates researcher annotation.

Such missing or inconsistent aspects often only come to light during the exploration process. The
exploration phase also involves determining how to address such issues, or whether the issue can
be addressed at all. Jonas mentioned that they had to manually correct the names for member of
the house to process the inconsistencies in the names [41]. The above paragraph demonstrates the
various range of activities in which our reporters engaged during data tinkering.

4.4 Sketching Data Analysis

We collected 5 complete sketches, one from each of our participants, about the processes through
which they go for data-driven story idea generation. After analyzing the interview data, we
analyzed sketching data and found similar processes as they described during the interviews. In
the interviews, some participants described more than one story, but during the sketching exercise
participants sketched one story of their choice. Jonas sketched the Election Campaign Data story,
Emerson chose to sketch the Threat Prediction story, Samantha drew the Healthcare Data story,
and Jakob and Drew both made sketching illustrations of the Housing story they discussed during
the interview. In the interest of space and to avoid redundancy, this section shows one annotated
sketch as an example. An additional annotated sketch is presented in Appendix B. The sketches
shown in this paper are anonymized (e.g., names of specific projects and government agencies are
redacted) and partially cropped for simplicity and anonymity.

Figure 5 shows a sketch drawn by Jonas about a news application that he administers. Because
this is a news web application, the initial process of data collection and data cleaning is automated
before inserting into the database (e.g., using code). However, the experimentation (i.e., tinkering)
depends on Jonas manually running queries (e.g., design [75]). This is depicted in the “Q & A” phase
near the center of the sketch where Jonas himself appears. The sketch also shows the two possible
outcomes of such tinkering: it can lead to new features for the news application, or it could lead to
a story. Which of these outcomes is pursued depends in part on the editor, who is also responsible
for validating the findings.

Thus, the analysis of the sketching data offers a form of methodological result triangulation [100],
in that similar results were obtained both from the sketching and from the interviews. We have
also shown through sketch annotation that the data analysis steps (e.g., data collection, capture,
curation, engineering features, human inspection of data validation [75]) holds for different roles
across different stories covered in this study, essentially indicating the richness of our data. That
said, the collaboration and communication aspects were more evident in the sketches, as seen in
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the coordination between Jakob and Sonya in Figure 3, or in the various interactions Drew had
with individuals both within and outside of JustNews in Figure 5. This point aligns with prior
findings that data work even in data-driven investigative journalism is a collaborative endeavor
le.g., 44, 70, 111].

4.5 Exploration Summary

To reiterate, the exploration phase involves three cyclic iterative processes: generating an interesting
story idea, acquiring dataset(s), and tinkering with data. Figure 2 depicts the iterative flow among
these three processes. The exploration phase may begin at any one of these processes, as noted
above. Of these three processes, generating an interesting story idea was the most crucial. At
this stage the reporters had settled on what their story idea would be — what data they would be
analyzing, what results they would be presenting, whom they would be holding accountable (see
Figure 3), etc.

Essentially, once the reporter has their data in hand, they check to see what they can do with
the data. This involves checking data quality, completeness, running queries, writing codes/scripts
to flag interesting data points. These data points are manually (e.g., writing and saving queries)
marked with the potential to become either a story or become part of the News Applications [41] or
interactive tool [59]. They also decide what features [34] or variables to use in the story. Once the
story idea is determined the team (e.g., an editor is always involved in a story) decide what technical
and other resource needs are, and whether to work on the set of ideas immediately or work on the
side. They also gather more data if needed, oftentimes essentially creating an entirely new datatset
(e.g., consisting of multiple datasets or ground truth data) [59, 75]. They fetch various record request,
contacting relevant outside sources etc. The journalists also engage in a very detailed verification
process after exploration. The story is never published until the data that JustNews produced are
thoroughly verified internally within the team and with outside experts. Subjects covered in a
story are also told about the results and given the chance to respond, only after which the story
is published [62]. In this study, we intentionally avoided describing the details of investigative
journalist verification process for simplicity and primarily to focus on story idea generation.

5 DISCUSSION AND IMPLICATIONS

The results above suggest a model of how investigative reporters engage in data-driven work
practices to generate story idea at a specific non-profit. This section compares the porposed model
with related prior work studying data scientists as well as work on data journalism [9, 17, 25, 35,
42, 62, 75, 80, 81].

These findings complement prior research on data science practices, which has focused on
experts: data scientists, software engineers, enterprise analysts, etc. [16, 35, 42, 52, 57, 75, 82, 111].
However, prior work has not provided a detailed comparison of the two distinct yet related areas
of data science and data-driven investigative reporting [59]. The remainder of this section fills that
gap by comparing our proposed model with prior work [42, 75, 81]. It also offers a brief comparison
between our model and related work on models of data-driven visual storytelling [17, 65] and data
journalism [9, 41], finally, we suggest implications for future design and research directions.

5.1 Comparison with Data Science Work Practice

As suggested by Kirkpatrick [59], we found some overarching similarities and subtle differences
between data scientist’s [57, 75, 81] and the investigative journalist’s data work practices. We provide
these comparisons using the empirically derived model of data scientists’ work practices proposed
by Muller et al. [75] — organized in terms of discovery, capture, curation, design, and creation —
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Fig. 6. Comparing our proposed model of investigative journalists’ data work practices at JustNews with prior
work studying data science practices (citations marked in blue) and on data journalism (citations marked in
purple).

interleaved with our formal proposal of story idea generation (see Figure 6), and throughout, we
also note implications for possible future design intervention and research directions.

In the data acquisition step, the journalist must first acquire data before performing any analysis
[42], a process similar to the discovery phase in Muller et al. [75] model. Unless the dataset is given
or publicly available for download, finding relevant datasets is not always easy for the journalist,
similar to data scientist’s [75]. For example, in one of the stories about a story about safety failures
in manufacturing, the reporters knew what the story idea was, but they did not know how to obtain
the data. After contacting the relevant government sources and waiting for several months they
received an anonymous dataset [62] consisting of thousand of pages of documents about training
reports. Processing through large volume of documents without much context requires extra
situated work [63, 80]. The challenges that journalists face in working with such huge volumes of
unstructured documents differs from the work of enterprise data analysts [52], who mostly analyze
structured data. Working with unstructured data (e.g., emails records, court briefings) requires
further experimentation with the data and sometimes pose uncertainty in the story persuasion
[63, 80].

While some stories might based on single dataset (e.g., the healthcare data story), others may
require the journalists to capture, combine, and integrate multiple datasets [52, 75]. The Tax Breaks
in housing story presents one example. In such instances, journalists described the difficulty
combining data obtained in different file format (e.g., PDFs, XML), which might require them to
use different tools [16]. For example, Emerson had to use several advanced Python libraries to
work with surveillance data. Thus, they faced various challenges when sharing files such as Jupyter
Notebooks with each other, often raised due to teammates technical incompatibility, somewhat
similar to problems when working in software engineering teams [96]. For example, one reporter
who preferred working in Python mentioned that they cannot leave comments while collaborating
with another reporter who prefers working in Excel Sheets [59], whereas Jupyter Notebooks easily
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afforded this ability [16]. Thus, journalist wanted support for tools that allows for coding in more
than one language.

Furthermore, the investigative journalist also often rely on other data sources, such as FOIA
or record request [22], which might sometimes require them to adapt their request to receive the
data. This is undesirable, because non-profit organization usually work under resource constrained
circumstances [72, 74, 103] impacting what story gets to publish [72] and what information is made
available to the public [72]. It also causes a delay in the publication of the investigative stories, part
of the reason why some stories are never published due to the lack of raw data/numbers [75, 85],
even though making the people aware of the story is necessary. The journalists also need to track
the data sources to make sure that the data is up-to-date (e.g., static vs dynamic data [75]) similar to
data scientist [42, 111]. Journalist’ faced difficulty to track changes [16] when a data value changes
due to manual update or update from code operation or source update [42], the lack of proper code
comments or documentation [96, 111] was problematic for them. Though, one might suggest to
use git or Jupyter Notebook’s synchronous feature [105]; but, reporters non-technical background
makes it infeasible. Currently, the journalists use manual process to keep track of such data update
involves using google docs which they termed as “data diary” [58].

“Clean, complete, and consistent datasets — as every data analyst knows — are a theoretical fantasy”
[80, p. 2443], our participant’s also acknowledged this point similar to that of data scientist [42, 75].
Once the data is collected, the journalists starts initial experimentation with the data to check for its
quality (e.g., completeness, missing data); he might engage in various data transformation processes
(e.g., filtering, removing duplicates or human error [9]) [41], to curate and clean the data [16, 70, 75].
The journalists had to find situational workarounds to account for missing, ambiguous, inconsistent
data [16, 80]. Though, each individual case might vary depending on the story. However, the
journalist usually write code, run scripts, use different tools [42], derive manual heuristics to work
with the data. For example, working with ambiguous data [81] was challenging for Jonas. Jonas
worked on Congressional data story, where he had to classify why members of the congress missed
votes using text data. He said, some of the explanations were obvious (e.g., daughters graduation,
family emergency), while others were unclear or vague required careful reading and interpretation.
Eventually, Jonas and his colleagues had to rely on manual heuristics similar to that of data scientist
team reliance on low accuracy score given “extremely hard” [81] nature of the problem. Another
way the journalist approach ambiguity is through directly contacting the agency or organization
(part of traditional reporting process) that published the data to inquiry for the missing or incorrect
information, and then manually updating the data point in the dataset [9, 85].

During the data tinkering process the journalists also look for outliers, anomaly, i.e., something
different or surprising information [11, 48] in the data. They intentionally look for such surprising
knowledge as opposed to the data scientist (individually or collaboratively) who might decide
to either use or discard surprising information (e.g., outliers [75]) depending on various factors
(e.g., business goals, computational ideals) described as “counter-intuitive knowledge” in [81].
Through discovering the anomaly in the data, the journalist decide whether there is a potential
for an interesting story idea or not. Anomaly [11, 48, 59] (in addition to various tracking) plays
a major role in investigative journalism. However, there are other criteria (described in 4.1) such
as journalist’s values [89], personal interest, skill-set collectively determines what it takes an
story idea to be “interesting”. The journalist engage in the design of meta-data or feature related
information [34, 75]. For example, in the Tax Breaks in Housing story, Drew used several features
(e.g., family median income, percentage of people in poverty) in the story. Drew ran several
simplified queries (e.g., greater than 5%) [81] to determine the eligibility of a government project in
certain geographic locations; a process very similar to that of an expert data scientist [81] trying to
work with inconsistent data. The outcome from the tinkering phase is an interesting story idea.
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The journalists along with other colleagues in the team check to see if the result makes sense or not
by replicating results [87]; they take notes, hold meetings (e.g., with editors, reporters) to discuss
resource, technical requirements and possible collaboration opportunities [42].

Oftentimes, the journalist might also gather more data [9] (indicated by a bidirectional edge
in Figure 6) or end up effectively engaging in the creation [75] of their own (e.g., ground truth
[16, 57]) dataset [cf. 24, 25, 61, 85].

In several cases, the journalist may or may not have direct access to the underlying algorithm. For
example, Emerson worked on Threat Prediction story; he was able to access the threat prediction
algorithm through the device; he verified the models underlying working using a three-fold test:
first, using standard dataset; second, using synthetic dataset; third, in the real-world. This approach
of model verification and building trust is slightly different than how expert data scientist work
with large datasets proposed in [81], perhaps because the journalist was testing a device and worked
with smaller dataset, and the nature of the problem domain and group dynamics.

In other cases, such as patent algorithms, the journalist have no way to investigate the internal
workings or determine the input-output relationships. In such instances, traditionally, the journalists
engage in a well-known technique called reverse engineering to replicate data analysis [24, 25, 31],
a process similar to that of the data scientists or software engineering practice of reproducing
[35] results by reusing code [16, 57]. This process was problematic when a journalist is trying to
reproduce results using a tool (e.g., Notebook) that is different that the tool that the other reporter
had used (e.g., Excel, SQL) raised from technical incompatibility among team members [96]. Code
sharing doesn’t help much either due to lack of proper code comments and documentation [111].
“Reverse engineering” is not always accurate [85], but it works [24]; relying on such approaches in
also quite common among the journalists at JustNews.

To summarize, a lot of the technical challenges that our participants faced are well-known
problems in software engineering [91, 96] and data scientist’s working in different domains [57, 75,
80, 81], such as track changes (e.g., data value/row, provenance) [42, 87], collaborating in teams
with incompatible technical skills, documentation problems (e.g., comment on data) [5, 96, 111],
replication [87] or code reproducibility problems [16, 35], support for multiple programming
language among others. While some of the subtle differences emerged primarily from journalistic
professional context of data analysis for story idea generation of this study. These findings essentially
provides interdisciplinary design implication [60] and calls for future investigation.

5.2 Comparison with Prior Work on Data Journalism

Significant work has considered the unique challenges and opportunities of data journalism [12, 18,
19, 25, 31, 45, 59, 95]. However, the comparison here focuses on the model of data-driven visual
storytelling in journalism from Chevalier et al. [17], specifically the “exploring data” phase in the
model, since they explicate the detailed processes that is most directly comparable with the one
proposed here for story idea generation. We will also note design implications as applicable.

In the data-driven storytelling model proposed by Chevalier et al. [17] described a the initial phase
of “exploring data”. That phase’s problems and pain points associated with data, computational tools
and data analysis closely resembles to the challenges faced by the our participants. For example,
our participant’s faced problems of difficulty finding data, cleaning data, they had to work with
incomplete/missing or incorrect data [9]. However, investigative journalists process of dealing with
incorrect, ambiguous or missing data was thorough and detailed when compared to the verification
for data visualization described in the data-driven visual storytelling [17, 61, 65] model. Even
though we intentionally avoided discussing participant’s data verification process for simplicity.
Verification plays an important role for our participants and investigative journalism in general
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[62]; thus, we want to provide a high level overview in contrast to data-driven visual storytelling
(17, 65].

For instance, we found that our reporters were relentless in their verification process [35, 62],
they rigorously check teammates data work, verified findings with external domain experts [73],
they looked at data from different perspective and context [81], to prevent biases [9, 50, 72]. When
checking teammates data work, the reporters would not doubt or question the other reporters work
or capabilities, instead, the reporter would work through skepticism, asking questions and engage
in effective communication [81] — a practice very similar to humility, i.e., the “journalists should be
humble about their own skills”, [62, p.101]; focusing towards making sure that the data that they
put out there is true and accurate [62, 89].

For some complex data-driven stories, JustNews reporters publish the dataset used [95], data
collection process [26], data analysis methodological details (e.g., summary statistics), and some-
times publish code on GitHub [31, 95] to remain transparent about their verification process. The
reporters also share story draft, data source they analyze with the subjects [62] so that they are
given the opportunity to respond before publishing. JustNews do not publish until all facts reported
in the story is verified. Perhaps because JustNews staff were under less pressing time constraints
than in the settings described by Chevalier et al. [17]. These difference may emerge from Just-
News’s exclusive focus on investigative reporting [22], wherein verification features perhaps more
prominently than in other forms of journalism [41, 61, 62]. They might also arise from differences
in the types of participants (e.g., roles) and organizations involved, since Chevalier et al. [17] drew
their participants from multiple, diverse organizations, as opposed to our focus on a single news
organization.

The notion of generating an “interesting” story idea was both more central to and more complex
in our analysis. For Chevalier et al. [17] model, the story idea is already known before any data is
collected and the origin of the story was not the primary focus. In data-driven visual storytelling
model, sometimes the story is pre-written, and the reporters are simply determining how to recast
the written story in visuals. In our model, though, reporters rarely began with a specific story idea
in mind unless the story has existed for a long time or widely known (e.g., Election Campaign Data
Analysis) [41]; in other words, just a high level story idea. However, the exact story idea or the
individual/institution that are held accountable always emerged from the data (e.g., anonymous
reports/documents, public dataset, or record requests) [62]. Thus, the journalists either knew what
the story idea is (at a high level) and needs data to work with or they discover the story ideas
directly from the data and generate hypothesis or ask questions that he would like to answer
using the available data (see Figure 3) [9]. Furthermore, our reporters were inspired many different
ways to work on a story. For example, journalists’ values [89], ideology [109], personal interest
(e.g., scandal [37]), news relevancy [37] and significance [62], and others play an important role
in shaping story ideas (discussed in detail in section 4.1). When operating as a non-profit news
reporting organization [74, 103], the source of funding and other resource constrains may also
decide what story gets pursued [72].

In another point of contrast, alongside publishing stories JustNews also publishes News web
application for relevant datasets (e.g., Election Campaign Data Analysis). They effectively engage
in the data analysis with two goals in mind, i.e., whether certain feature(s) are useful for a story
or publishable in the news application. Thus, depending on the data analysis (e.g., SQL/Python
queries on demographics) outcome, data (e.g., a row/column, table) either becomes a story or
part of the news application [41]. Essentially, data work involved in a story is rather manual as
opposed to news applications where the data work is automated. For example, a particular row in
the Healthcare dataset might become a story because it is interesting and if that row representing a
doctor in the dataset is an outlier and all other evidence (e.g., data from his office, past records)
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support the doctor held accountable. On the other hand, if the data analysis process is repeatable
then it becomes part of the news application, for example, a table presenting the list of doctors
prescription data in a given state/city over a year to show trends in the data. While the main
objective of data-driven visual storytelling is to presenting and communicating data to persuade
[61, 65, 85], the investigative reporters’ goal is to make an impact such as law reformation, induct
change [62, 72] and make people aware by providing valuable information [41]. Another important
point to note that, the JustNews publishes investigative work so that other news reporter in other
new media organizations could use them [22].

Thus, the proposed model of data-driven practices at JustNews helps identify similarities and
differences between data scientists and investigative journalists data work practices. As Muller
et al. [75] and colleagues note, “many people are doing the work of data science, across multiple
job categories and titles, and that this diversity is likely to increase over time” [75, p.2]. The
findings presented here help deepen our understanding about the nature of that diversity along
with potential avenues for future research.

5.3 Implications for Design and More

Previous sections highlight the situated similarities and nuanced differences between data science
and data journalism data work practices as they unfold in an investigative data-driven story idea
generation process. Below we offer detailed descriptions for possible future design directions,
starting with the most well-known yet unresolved challenges, and then moving towards unexplored
research avenues. Throughout, we suggest specific areas that can benefit from interdisciplinary
design, research, and development by synthesizing across human-centered design, social sciences,
data science, software engineering, and related areas [16, 32, 60].

5.3.1 Previously Identified Challenges. Our results corroborate the importance of challenges iden-
tified in previous work. As an example, the journalists faced problems with name resolution, for
instance, when a member of congress changed their last name. The journalists in our study had
to manually track and update the database to reflect such changes [41]. Another related problem
is to track when the value of a given field changes. These changes can occur either by their own
operation or by changes in the source data they are working on (data provenance [cf. 42, 111]).
Similarly, code provenance also poses unique challenges, for instance, while replicating another
reporter’s analysis. Currently, Git like tools are not workable due to technical incompatibility among
the team members [44, 105]. Software design interventions to navigate some of these challenges
will be valuable.

Furthermore, journalists usually receive their hands on experience in computational tools either
through self teaching, from colleagues, by training, or from journalism coursework, and they have
their own workflow. The training materials might cover only a selected few tools and programming
languages [41]. Therefore, some collaborative training or joint research efforts at the intersection
of data science education [42, 63] and data journalism to educate the journalists about the latest
tools and technologies will be beneficial and provide encouragement. For instance, notebook style
tools, such as Google Colab [6], can be learned within a week or two, and such tools implicitly
support many of the capabilities that the journalists want. At the same time, applying these tools
require the journalists to have some basic level of programming experience. This, again, highlights
the potential impacts of interdisciplinary education approaches [60, 63].

5.3.2 Interesting Story Idea Generation. Some computational tools have been developed to assist
journalists with news discovery [28, 68]. Tools to support journalists in finding creative angles
(e.g., quirky, ramification) [69] on a story also exist. However, tools that will effectively support
generating “interesting” story ideas that are “original” and “important” requires further attention.
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While artificial intelligence (AI) and natural language processing (NLP) techniques to discover
outliers from specific dataset exist [11, 48], these techniques are not necessarily designed to identify
data points that are journalistically interesting. Varying degrees of experience among journalists
can also limit their capabilities to make use of all the available data sources [111].

Journalists can be supported with tools that are specifically designed and developed for them to
generate journalistically interesting data-driven story ideas. Such tools could be designed not to
replace but rather to complement the existing journalistic processes of story idea generation. For
instance, it may be possible to devise software that is able to detect outliers (e.g., text, numbers)
from single and multiple datasets [11, 48] in a way that aligns with the characteristics of what
journalists find interesting (e.g., original, important, make an impact). Doing so requires translating
these definitions for the term “interesting” into text-based interactive tools by applying various
ML/NLP capabilities [39], perhaps leveraging recent advances in design methods [e.g., 110]. The
main challenge here is to move beyond the statistical approaches to outlier detection, instead
shifting focus to a more qualitative characteristic meaning of an outlier or data point. We slightly
touched upon the journalists interpretation of outlier and its contextual meaning for story idea
generation. Thus, the various computational tools and dataset usage in several story idea generation
context [32, 55] might provide areas for design implications in varied domains (e.g., software
engineering, data science, data journalism) (discussed in 5.1) [35, 82] through opening up the doors
for conversation among researchers coming from diverse disciplines [60].

Furthermore, existing tools (e.g., Rstudio, SQL [41]) also have a limited ability to capture social
behavior, changes in behavior, and human emotions. Novel systems could take benefit of the well-
known sociotechnical systems such as Twitter, Youtube, Reddit, to identify latest news trends [66].
Data travels a long journey of context [32, 55, 73] and situations [60] before becoming knowledge
or a newsworthy interesting story idea. Such a path is influenced by journalists habit [109], tools
they use (described in section 2.1) [82] and its affordances, journalists values [89], ethics and others
factors. Understanding each of these data dimensions along with the context are crucial (e.g., [75]).
The subjective decisions and judgments humans are able to make makes this a ripe area for technical
exploration.

Additionally, our journalists described the data-driven story idea generation process from their
individual perspective due to the interview nature of this study. However, one interesting observa-
tion is that during the sketching exercise the collaborative nature was more prominent (see Figure
4). Thus, we recommend that future researchers investigate more specifically into the collaboration
aspects, such as interactions with the domain experts [76], in further detail. Doing so can help
identify possible tensions that might arise, as well as the resolution of such conflicts [81, 111].
Stories which required the creation of ground truth data [75] and labeling [76], offer opportunities
to examine such collaborations.

5.3.3 Inclusive Design for Journalism. Most of the journalists who participated in this study were
proficient in data analysis and computational tools despite their lack of formal training in data
science or relevant areas. Nonetheless, we found notable similarities (discussed in 5.1) about
the challenges they faced to those of the data science work practices in other related domains
[16, 52, 57, 63, 75, 96, 111]. This similarity may arise in part because the journalists currently use
similar computational tools to those of expert data scientists. However, some of the challenges
emerged directly from the journalism domain itself, suggesting a need for further examination of
journalists’ experience with various software tools (e.g., Notebooks) and programming languages
(e.g., Python, R) [16, 41].

These findings do not necessarily suggest a need to design separate software tools (e.g., Note-
books) specifically for journalists that differ from tools designed for expert data scientists. However,
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they do indicate that such tools should be tested further to detect software inclusiveness issues
(e.g., inclusive HCI [46, 92, 97]), such that they support users with different computing expertise
equally. Such testing can improve the tools’ overall usability, not only for user groups such as data
journalists, but also, potentially, for experts in data science work [16, 75].

5.3.4 Designing Transparent Algorithmic Interactive Ul for Journalism. The design directions sug-
gested above can be explored in combination with statistical or machine learning model inter-
pretability and explainability capabilities [1, 77]. Doing so will not only help journalists be more
confident in their data analysis, it will also support reproducible [35] and trustworthy journalism
[62]. This approach will help in the practice of transparent journalism [2, 31, 62] by incorporating
accountability in the data analysis process [111], both for journalists and also for the audience. It
may be possible to adapt existing interpretability and explainability tools, such as InterpretML
[77], into interfaces for journalistic data analysis needs. Similarly, transparency about the data
sources such as transparent documentation [4] (e.g., data collection, who collected the data and
why [32], transformation decisions applied [111]) can be achieved by adapting existing processes
[e.g., 38] for journalistic practices. Tying both data analysis and data source transparency can
be implemented at the user interface (UI) level for easier use [29]. The term “user” here could
focus on Ul designed for the journalists, on web interfaces designed for the audience, or for other
stakeholders (e.g., direct and indirect [4]). Less technical approaches, such as fictional scenarios
[30, 33], that take into account the situated context can be beneficial as well. Because, algorithmic
transparency goes beyond the technical functioning of algorithmic systems. Such efforts would
require further user studies with various groups of users including journalists to understand its
usefulness, acceptance, and the intricacies that might be involved [43, 54, 92]. Again, researchers,
designers, and practitioners from diverse domains can all play an important role in exploring these
unexplored avenues [31, 60, 77].

5.3.5 Making Decisions and Judgement in the Journalistic Exploration Context Explicit. Passi and
Jackson [81] asked an important related question with regards to human activity with data, “Do data
science team members have a lot to lose if things do not work or are they allowed to experiment and
make mistakes?” As our study suggests, there exists significant similarities between data scientist
and investigative journalist data work practices [9, 42, 59]. However, since a journalist’s first
obligation is conveying truth to the citizen [62], journalists must make sure that the information
that they put out in the world is accurate through engaging in detailed verification processes. Thus,
in responding to Passi and Jackson [81], the investigative data journalists cannot make mistakes or
ignore previous mistakes because they want to make sure that the story they tell is true. Despite the
rigorous verification processes our participants used, mistakes still happen and often go unnoticed.
When mistakes are noticed, the story gets updated after facts are corrected, and the correction is
clearly specified on the news portal.

Moreover, our participants were often fearless, independent, risk takers and hold strong values in
their journalistic practices [89]. However, humans do make decisions, and we were able to capture
some essence of journalists decision making, but not all of it. Thus, one important future research
area along these lines is the examination of how to make any assumptions, judgments [111], or
power dynamics [32] during the exploration process more explicit or even explore journalists
current approach to such decision making [2, 31, 47, 55]. We should also move our attention from
a generalized focus of context to a more specific instance of context/situation (e.g., technical,
organizational [33]).

That said, it is unlikely that a single computational pipeline could fit all journalistic needs
because “a human investigative journalist can look at the facts, identify what’s wrong with the
situation, uncover the truth, and write a story that places the facts in context. A computer can’t”
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[59, p.2], [citing 11]. In other words, full algorithmic automation is not only impossible [27], but
also undesirable [13, 25, 59, 107]. Thus, a more advantageous strategy likely involves designing
tools targeted to support one specific phase or process, such as the exploration phase on which
this paper focuses. Such intentionally focused design can help understand how those tools support,
integrate with, and potentially alter existing practices.

6 LIMITATIONS AND FUTURE WORK

This paper’s primary limitation is that it is based on a single U.S. based non-profit news organization
with a small data team. As noted above, various strategies were used to address this limitation,
including multimodal data collection (interviews and sketches), recruiting over half the data-
oriented team at JustNews, and a member check interview where the final model was presented to
key informants. Furthermore, the alignment between aspects of this model and aspects of related
prior work increases our confidence that the proposed model may apply more broadly than only the
JustNews organization. That said, future work should examine how these data practices unfold for
other news organizations, national, and social context by addressing the following set of questions:
How might the motives of profit-focused news production [cf. 18] differently shape the data-driven
story idea generation process? Might the fluidity of responsibilities among different roles or the
nature of collaborative interactions differ in organizations with larger data journalism teams? How
might legal regulations or socio-cultural norms (e.g., in different countries) differently influence
aspects such as access to or use of public records data? Lastly, the interviews were conducted over a
period of three months, and member checking was completed after four months. Therefore, future
study should investigate how the data-driven practice evolves or changes over time for story idea
generation.

7 CONCLUSION

This paper proposes a high-level model of how investigative reporters’ work with data to generate
interesting story ideas based on a qualitative study. The proposed model consists of three highly
iterative and cyclic processes: data acquisition, tinkering with data, and the discovery of interesting
story idea. We described the situated manner in which the data traveled a journey of context,
decision making, and judgement at both interpersonal and technical level before becoming a story.
Our study findings suggests that JustNews’s investigative reporters’ work practices both resemble
and differ from those of the work practices of expert data scientists in considerable ways. The
proposed model also offers a means of organizing prior work on data journalism, both empirical and
technical, and identifying that work’s relationship with studies of data science practice. Furthermore,
this model helps call out aspects of data-driven journalism that have received less attention and
thus may offer opportunities for design intervention.
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A BRIEF STORY DESCRIPTIONS
A.1 Housing Stories: Tax Breaks in Housing

These housing projects are government funded projects and meant to help the poor. The projects
involved working with a public housing dataset and geo-location data. The housing dataset contains
features such as housing project ID, name, address, state ID, and contact information. However,
public housing datasets do not provide geo-location information specifying where these projects
are actually built, such as economic information (e.g., job, education, crime rate) status. For example,
economic information might say a lot about how new construction could impact the kinds of
opportunities people might obtain by living in those areas. These geographical location information
is collected via ArcGIS APL The reporters need to connect the two datasets to discover where these
projects are physically located. In a related housing story, Jakob found that a low-income housing
project was built in an area which lacked the proper infrastructure for economic growth. Thus, the
gap between the poor and the rich never improved.

A.2 Threat Prediction Story

In this story, a threat detection device was installed at several places in the US. However, little
information was available about the device underlying working, for instance, what algorithm was
used or what dataset the device was trained on. The reporter tested the device in several steps.
First, using standard dataset, the analysis showed skewed results for certain demographics. The
other two tests (simulated test, and a real-world test) also showed similar results. Therefore, the
device was unable to predict threat accurately.

A.3 Healthcare Data Story

This story used healthcare dataset, where each doctor code their patient visits in the ranging from
low (0) to high (5), depending on how involved the patient assessment is. Examining this dataset
revealed that a few doctors were charging Medicare to a higher rate, meaning they coded most of
their patient visits at high as 5, compared to other doctors in the office for the same category (e.g.,
OBGYN).

A4 Election Campaign Data News Application/Story

This project makes use of public election campaign finance datasets. The datasets are parsed
and formatted before inserting into the database tables. The reporter then queries the database
by running manual SQL queries to identify and detect interesting data points, such as specific
transactions of a particular amount for a particular race or committee. For example, they make
comparisons about the total amount spent this year compared to previous years for a specific
time period by running aggregate SQL queries. The outcome from these activities could lead to
either new features for the news application or could become a story (also shown in Figure 5).
New features are added in the news application when the reporter finds that the process can be
automated for displaying on the web.

B EXAMPLE ANNOTATED SKETCH

Figure 7 shows an excerpt from the sketch that Jakob drew for the Low-income Housing and Tax
Breaks story, annotated with themes from the analysis. As described in the Results, Jakob was
trying to automate the reporter Sonya’s manual data work. The high level story idea was known in
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Fig. 7. Annotated sketch drawn by Jakob when describing the data work activity in the Low-income Housing
story. Blue text indicates researcher annotation.

advance. Jakob was trying to check the data work of Sonya by running database queries, to make
sure whether he gets the same data points (who was held accountable in the story) as the reporter
Sonya. The story line is similar to the story described in A.1.
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