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ABSTRACT

Prostatacancer dr en vanligt forekommande sjukdom i Sverige.
For att fa bukt med sjukdomen krédvs att mer resurser sétts in for
att effektivisera forskningen inom omréadet. Ett samarbete mellan
Karolinska Institutet, Kungliga Tekniska Hogskolan och Janssen-
Cilag AB har resulterat i LUPA, ett
informationsvisualiseringssystem, med ambitionen att
astadkomma en effektivare process for hypotesgenerering
géllande prostatacancer. Det hér projektet handlar om att validera
systemets funktion for den tilltdnkta malgruppen; det vill séga att
gora hypotesgenereringsprocessen enklare och mer effektiv for
forskare som arbetar med prostatacancerdata i Stockholms lén.
Fran resultatet kan man se att ett
informationsvisualiseringsverktyg skulle vara anvéndbart for att
effektivisera dagens cancerforskningsprocess. Tidsatgangen for
nystartade projekts forsta grundldggande steg skulle kunna
reduceras drastiskt, sdrskilt stegen for inforskaffning av data och
datamanipulation. Dessutom upplevdes systemet frimja
hypotesgenereringsprocessen genom enkelheten att kvickt
generera nya visuella strukturer for olika variabler. Slutligen
visade det hér projektet att organiserad och ren radata &r sillsynt.
Testdeltagarna uppskattade informationsvisualiseringen men séag
mest potential i dess mojlighet att stida och strukturera data.

Prostate cancer is a common disease in Sweden. In order to
overcome the disease, more resources must be invested to
streamline research in the field. A collaboration between
Karolinska Institutet, the Royal Institute of Technology and
Janssen-Cilag AB has resulted in LUPA, an information
visualization system with the ambition of achieving a more
efficient process for hypothesis generation regarding prostate
cancer. This thesis project is about validating the system's
function for the intended target group; that is, to make the
hypothesis generation process simpler and more efficient for
researchers working with prostate cancer data in Stockholm
County. From the results, it can be seen that an information
visualization tool would be useful to streamline the current cancer
research process. The time required for the first basic steps of new
projects could be drastically reduced, especially the steps for data
acquisition and data manipulation. In addition, the system was
perceived to promote the hypothesis generation process through
the simple methods of quickly generating new visual structures
for different variables. Finally, this project showed that organized
and clean raw data is rare. The test participants appreciated the
information visualization but saw the most potential in its ability
to clean and structure data.

CCS Concepts

*  Human-centered computing~Usability testing.

¢  Human-centered computing~Empirical studies in
visualization.

*  Human-centered computing~Scientific visualization.

Keywords
HCI, Information visualization, evaluation, medicinal data,
prostate cancer.

1. INTRODUCTION
1.1 Problem area

In order to move forward with prostate cancer research there is a
need to understand how the disease works in order to be able to
prevent or cure it. There are many variables related to the disease
that has been recorded and stored digitally that are available for
this purpose. But in order to explore the data and work with it the
researcher would have to work extensively to prepare this data
beforehand. This makes it difficult to uncover potential hidden
correlations and dependencies between variables related to the
disease that is fundamental to successful clinical research.

The Swedish government understands the benefits of utilizing
data for research and therefore collects a lot of it but the extreme
growth of collected data during these past few years makes it
difficult to organize and to get a good overview of it. For prostate
cancer variables such as country of origin for a patient, multiple
PSA test values (PSA is an indicator for prostate cancer, it is a
protein that is produced by cells in the prostate), age and many
more are gathered so they can be used not only by the researchers
but also the practicing doctors, the clinicians, as well as the
politicians. All prostate cancer data is stored in a common
database called the STHLMO database that is used by many
researchers to conduct research projects. STHLMO contains all the
data of all the men in Stockholm that have been tested for prostate
cancer in the last decade. This data is recorded in an unstructured
way; a clinician in one part of Stockholm might record a
particular variable in a different format compared to a clinician
somewhere else. In some cases variables are first recorded by pen
and paper and then later stored digitally which might introduce
errors due to bad handwriting or sloppy data transfer due to
repetitiveness. This makes the dataset disorganized and
simultaneously problematic to work with. The PSA variable for
instance can contain negative values in the database, but it is
impossible to receive values lower than zero when testing for it in
reality. Some variables have values that have been replaced by
error codes that can be interpreted as a completely different value
making the data difficult to work with. As the data is untidy the
researcher needs to clean and organize the data before each study.



These pre-project processes are time consuming and also carry
risks of making mistakes due to the repetitiveness and tediousness
of the tasks. There are also other databases with relevant
information that could be used. STHLMI1 is a subset of the
STHLMO database that does not contain all the data that is present
in STHLMO but the data has been cleaned to some extent. By
using this dataset some of the preparatory work could be
prevented but it is important to note that the data has been curated
and the sample size is smaller which could introduce errors to the
results on their own.

The users that would benefit the most from opening up the data
for exploration are the researchers, the statisticians and the
clinicians. These targeted groups are trained medicinal experts but
technological expertise is not necessarily part of their skillset. Yet
they are expected to write database queries to extract the right
data from the database in order to validate assumptions in their
research questions. In general a project has members from each of
the required disciplines but it is inefficient to rely on another party
to be able to conduct work. It is not unusual for a researcher to
sometimes explore the data by themselves, without experts from
the other fields. By alleviating the taxing preparatory tasks, data
exploration can be achieved earlier. Insights into the disease can
be acquired faster and more efficient since the researcher spends
more time exploring the data.

1.2 What is information visualization?

Information visualization is a tool for understanding large
amounts of information; it is a way to organize and display data so
that humans can perceive it easier.

Humans have evolved an extraordinary pattern recognizing ability
that was necessary for survival in nature. By representing the data
in a way that is more intuitive to the human brain a larger capacity
of the human sensory system can be utilized to interpret the
underlying information. The information can be absorbed,
understood and recollected at an improved rate compared to non-
visualized methods, especially if interaction is available in the
system [1]. A bar chart and a pie chart are simple examples of
information being visualized.

Figure 1: Bar chart and pie chart
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From the bar chart in figure 1 it is easy to quickly see which
variable has the biggest magnitude (highest bar) and the relative
sizes of the bars compared to each other. Presenting the same data
in a pie chart makes it less successful in conveying certain
information. A user is unable to immediately spot the highest
numerical value or the relative magnitudes of the presented
variables but the ratios of the variables are clearly displayed.
Different visual structures hide some of the underlying
information by nature. Being able to interact with the visualization
is essential to optimizing the data exploration phase.

When working with data visualizations it is of high importance
that a user is able to manipulate visual representations of the data

in real-time, to look at the data from different angles and to see
what kinds of correlations that are present and subsequently get
insight. The users will need to interact with the visualization to
perform operations such as zooming, filtering and showing
details-on-demand to get a better understanding of the data [2].
Without interaction the data is still represented in a way that is
clearer to the human brain but it is still a static image and the
understanding is therefore limited. With interactivity the user can
navigate the visualized dataset and find correlations that might
seem illogical, thus discovering questions that the user was
previously unaware of.

There are a multitude of visual structures available but the most
important aspect to consider is what type of information is to be
represented? Which type of visualization should be used for what
kind of data? A broad categorization of data types would be;
temporal, hierarchical, network, multidimensional and geospatial
data. The system that was developed makes use of four of these
data types in the visualizations.

2. THE LUPA SYSTEM

LUPA is the interactive prostate cancer data visualization system
that was the result of a project between Janssen-Cilag, Royal
Institute of Technology and the Karolinska Institute. The author of
this paper was part of a team of five students that was tasked to
design and develop a high fidelity prototype in 2017. The
intended outcome of the project was to evaluate how an
interactive visualization system could be utilized in clinical
research. For specific research cases it is important to tailor the
system to the available data so that the particular needs of the
researchers are addressed [3].

During initial research it became evident that the available data
was too complex to effectively represent in a singular way. The
solution was to use the clinical journey of a patient as a basis for
the rest of the visualization. The clinical journey in this case is a
series of predetermined stages that a patient passes through when
screening for prostate cancer. In LUPA it is used to create a
snapshot of patients with a certain history to perform analysis on.
Figure 2 displays the main view of the LUPA system.
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Figure 2: The LUPA system

The system is divided into four main visual structures. The top left
panel is a flow diagram (figure 3) that displays the patient
journey. On the right side is a treemap where the user can select
variables that are to be visualized. The bottom row is where the
analysis takes place. It is divided into a choropleth map on the left
side and a parallel coordinates system on the right. There is also a
summary sheet available that lists the selected variables along
with relevant information such as amount of patients in a set or
basic statistic operations where applicable. Each of the four main
panels will be briefly explained.



The first panel that the user comes into contact with is a flow
diagram. It is used to describe change in the data over time, the
temporal dimension. For this system it is presenting the amount of
patients that passes through various stages in the cancer screening
process. The user can select a time range (bottom of the panel) for
certain patient stages and then subsequently add or remove other
stages from the patient journey in order to retrieve the desired set
of patients to perform analysis on. This process selects which
subset of patients that should be selected and extracted from the
database; therefore this panel could also be described as a
graphical user interface for database query generation on the
STHLMO database.

1. DEFINE YOUR COHORT
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Figure 3: LUPASs flow diagram

The treemap (figure 4) describes hierarchical data in a space-
efficient way using nested panels. Each of the sub-elements of the
panel is clickable. When it is clicked it will expand and present
subcategories of the parent element or variables if there are no
further categorization. The size of the sub-elements also provide
information, in this case they are conveying entropy, the average
amount of information present in a variable. The hierarchy
distribution of variables was decided by experts who often work
with the dataset and is familiar with the clinical data. Only a small
portion of the available variables from the STHLMO dataset was
used due to the large amount of duplicated and unusable variables.

2. SELECT YOUR VARIABLES
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Figure 4: LUPAS treemap

Where a standard coordinates graph can only present two
variables in relation to each other the parallel coordinates system
allows multiple dimensions to be plotted simultaneously on a two
dimensional surface making it a space efficient way of
representing multivariate data. Each individual line moving in the
horizontal direction represents a patient and intersects a point on
each of the vertical lines (dimensions). This is how the parallel
coordinates system displays a vector of values.

In LUPA the parallel coordinates system is populated by data that
has been cleaned to an extent. For certain variables some values
are removed, for other variables some values have been
converted. When a variable has been altered it is clearly stated in
the system to avoid misrepresentation of data.

While using the parallel coordinates system the user can interact
with every dimension in order to zoom in on certain ranges or
filter out values that are not of interest. In figure 5 multiple filters
have been applied to the visualization. The user can also select a
statistical variable from the parallel coordinates system that is
passed to the choropleth map in order to populate it with data.
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Figure 5: LUPASs parallel coordinates system

The choropleth map (figure 6) is a visual structure that combines
geospatial and statistical data. The map shows predefined areas in
various hues of color based on ratios of a selected statistical
variable. It can be used to visualize variability within a region.

In the LUPA system the map is displaying Stockholm on a
municipal or parish level. The regions are shaded based on the
value of the selected statistical variable and normalized by
population density.

5. SELECTLOCATIONS

Figure 6: LUPAs choropleth map and map of Stockholm
containing data [4]

When the study is in its early phase and a research question has
been generated the scientists need to test to see whether the right
data to answer the question exists in the database. With LUPA the
first step is to select a patient journey that the researcher is
interested in in the flow diagram. For example; men that have
taken a biopsy before a PSA test is quite rare but they might be
interesting in the scope of the study. After the coarse selection has
been made the researcher should select which variables they are
interested in plotting in the parallel coordinates system, this
selection is done in the treemap. When the patients and the
variables to be plotted have been selected a visual analysis can be
done in the parallel coordinates system and the choropleth map.

3. METHODS

To determine how well the system delivers insight to the relevant
stakeholders users needs to be consulted and an evaluation is
required. As visualizations are predominantly used for exploratory
purposes they can be difficult to evaluate in lab experiments
therefore a case study of the research process was deemed
appropriate for the situation [5, 6]. To be able to evaluate this
system and its capacity to deliver insight to the selected target
group two methods have been chosen: a contextual inquiry and
the co-discovery/think-aloud. The reason for choosing these broad
methods was to capture how the system could be used to assist



professionals in the context of everyday work tasks. Experimental
tasks of a workflow in the individual segments of the system
allows for more precise measurements but is also more limited
when it comes to evaluating the systems impact on users actual
work [7].

3.1 Contextual Inquiry

The contextual inquiry is a field study method that aims to place
the interviewer in a partnership with the interviewee to explore the
potential problems that are present in the workplace together. The
interviews are guided based on a predefined focus. There are
written down questions that address specific areas but they should
not be followed blindly as to allow for a more fluid discussion [8].
In the case for this project the focus of the interview would be to
examine the existing methods from different perspectives: Work
process, hinders, efficiency and costs. The idea was to have a
discussion about problems in the current workflow to get more
background information so that comparisons can be made
between the current process and the process that is actualized with
the LUPA system. This is how we can determine what value the
system brings to the hypothesis generation process.

There are three essential steps to a successful contextual inquiry.
The first step is to have an introduction and clearly state what the
focus of the interview is. It is also important to acknowledge that
the interviewed individual is the expert of his or her own process
and that the inquirer is there to identify and hopefully resolve the
potential problems with the workflow. The second step is to
inquiry about the work process in order to get information that can
be analyzed. It is important to keep in mind that this is an open
discussion so in order to avoid too much note taking it is
advantageous to record the interview and transcribe it afterwards.
It is also useful to summarize the answers given during the
interview in case they were unclear so that the interviewee has a
chance to explain or clarify certain aspects of their response. This
will make the transcribing process easier. After the interview is
concluded there might be information that could not be recorded
via audio such as drawings, gestures or the overall feel of the
conversation. This might be useful information for certain
situations and should be noted. The third and final step is to
transcribe your notes into a more organized structure that can be
analyzed afterwards.

3.2 Co-discovery and think-aloud

The co-discovery and think-aloud methods are used to evaluate
the developed system itself. They are naturalistic and informal
techniques that are used to gather qualitative data on the
performance of a product.

The idea with the co-discovery method is that two participants
interact with the prototype and are trying to perform tasks that are
given by the evaluator. It is important that the participants can
work independently from the test leader in order to receive
accurate data, the evaluator should however be able to steer the
dialogue towards relevant domains if necessary. The participants
are encouraged to think out loud in order to draw out
undiscovered problems with the design. It is useful to pair two
participants that are well acquainted with each other so that they
can speak openly to each other during the test while the evaluator
mostly observes and occasionally guides the dialogue.

The think-aloud method is very similar to the co-discovery
method but one major difference is that there is only one
participant testing the system along with the observing evaluator.
The participant is encouraged to use the system and verbalize

anything relevant that comes to mind. One drawback from using
think-aloud over co-discovery is that it can be difficult for an
inexperienced tester to hold a monologue for an extended period
of time. There is also a possibility that the participant is having
difficulties saying everything that comes into their mind so the
test leader is responsible of asking open-ended questions about
their workflow. [9]

4. RESEARCH QUESTION

How does an information visualization system (LUPA) alter the
efficiency of the prostate cancer hypothesis generation process
and analysis of the data compared to existing methods and how
can the system be adjusted to improve the process further?

5. THE EVALUATION

The objective for this particular evaluation is to reveal differences
in how hypotheses regarding prostate cancer are generated and
analyzed before and after the LUPA system is introduced to the
process. An additional objective is to determine how alterations to
the system can be made to make improvements to the hypothesis
generation process.

5.1 Target Group

The target group for this evaluation is the medicinal researchers;
the clinicians and statisticians of the Karolinska Institute in
Stockholm.

5.2 The evaluation process

The evaluation consists of two phases, the first phase is a
contextual inquiry and the second is a think-aloud of LUPA. The
questions for the contextual inquiry and the test cases for the
think-aloud are listed under the appendices section. For the first
phase of the testing only pen, paper and an audio recording device
was used. During the think-aloud test screen capturing software
was added to gather additional data. The resulting data is used to
evaluate the different processes that are aimed to reach a similar
or the same outcome, a hypothesis that is rigorous enough to be
tested statistically.

For the scope of this project three users were involved, two
statisticians and one clinician. The reason for this amount of test
participants is that in qualitative studies the data is aimed to give
in-depth information about certain phenomenon and the methods
are therefore more time intensive than quantitative methods. A
researcher can keep interviewing until the gathered data seems
saturated. The views of the researcher and the context of the study
are essential parts to qualitative research if the emerging models
are grounded in the collected data [10].

The focus for this evaluation was to discover and assess the
similarities and differences between the current process and the
LUPA aided process. Some things that were specifically observed
during the study was differences in time and efficiency between
having the system and not having it, to see whether hindrances to
workflow and tedious aspects of the current process are remedied
or if the users were happier or more curious when using the
system compared to the already existing process. The system can
be validated if LUPA improves the current process sufficiently.

6. RESULTS
6.1 Results from contextual inquiry

An inductive approach was chosen to analyze the data that was
generated by the evaluation methods [11]. The results from the
contextual inquiry show us that the current process for working



with the STHLMO dataset is quite complex. The main problems
are:

e A lack of common notations and definitions of variables,
making the data in the database difficult to decipher.

* Low data quality, which requires the data to be cleaned before
each study. The data cleaning process can be time consuming and
take several months.

* Coding competency, it is necessary for completing a research
project but is in general low amongst the researchers.

e Several different systems are used within the process, and the
user needs access and knowledge in all of them

* Time consuming to get accessibility to the data, with strong
dependencies to other people within the organization

* A large amount of repetitive tasks during data investigation.

The prevailing issue with using STHLMO for studies is the quality
of the data. It is an extensive dataset but it also contains a lot of
missing fields, inaccurate data types and outright erroneous
values. This is a problem when doing quantitative analysis due to
the reason that some values could skew the outcome so much so
that the result becomes inadmissible. A researcher needs to have
some experience with the data to know that, for example, some
text variable error codes can turn into numerical values. Another
example is that PSA test values can be negative in the dataset,
which is impossible during patient testing. These types of errors
are usually input errors. In the interview one participant stated
"the data is so messy because you know there is a hundred
different people registering something on the computer all around
Sweden and there are a lot of errors in the dataset.” There is so
much data that is being added to the dataset from many different
places all over Sweden. There is a lack of common notations and
definitions of variables, making the data in the database
unstructured and difficult to decipher. One participant explained
that the date format was inconsistent and they could not find out
the timeline for the patient. They needed to use a multi-state
statistical model to identify the history and the actual path for the
patient. The dataset often has to be cleaned in preparation for a
study by for example correcting variable names, adjusting
different formats and excluding obviously faulty values. Because
of this low data-quality the preparation of the dataset, data
cleaning or data management, for each study can take several
months.

In many cases postgraduate students use the data in STHLMO to
complete their education. When a study has been finished the
student generally moves on to some other research project as part
of the study curriculum. Using these kinds of datasets is part of
the learning process so the research study process is often
inefficient due to inexperience. Several different systems are used
within the process, and the user needs access and knowledge in
all of them. The process to getting the dataset in the shape you
want it is:

* Extract the data from STHMLO by using SQL-queries

* Import the data to SAS for cleaning and adjust the data, using
queries and SAS-scripts. SAS is perfect for cleaning data, but not
for the visualization and therefore

e Other statistical tools like Stata or R for visualization and
analysis is used

Data management and code writing is a skill that is not
necessarily part of a clinicians skillset, a statistician however is
generally proficient at coding, therefore a research group often

consists of both types of researchers to have a broader competence
during the project. But other parties are also involved in the
process. A DBA is needed for extracting the data from STHLMO
and a supervisor needs to provide input of variables for the
analysis. To make the process efficient it needs to be a team
effort. People are located in different areas in Sweden and
sometimes you need to wait for input to able to move on and the
communication within the team could be a challenge. Many times
the DBA does not have the understanding of the data to help out
in a good way, and the process for making the dataset relevant
could go back and forth between different parties many times. So
it could be time consuming to get accessibility to the data, so the
researcher needs to rely on other people within the organization.

The statisticians have the code-writing competency but they are
coding in another language than the clinicians. Statisticians
generally code in a statistics software; R while clinicians often use
a program called Stata to write their scripts. Most of the data
management scripts are written in SAS, yet another statistical
analysis software. A minority of the investigators, both
statisticians and clinicians, can read and comprehend SAS code.
One participant in the evaluation stated: “The gold standard of
data manipulation can’t be read by most of the investigators.”
Therefore, the data is not always as accurate as is could be, or
sometimes the data from STHLMO is not even used because of the
complexity to get the right relevant dataset and this is a pity
according to the participant due to the fact that the database
contains relevant and useful data. The quality of the written code
is rated low to average by one interviewee and there is none or
minimal code review for the research projects. The main method
of result verification is to see whether the returned values are what
they are expected to be. The data is analyzed from many different
perspectives and edge cases are examined to see if the result
makes sense. If the researcher can explain why the data looks a
particular way that is often enough for verification of the code.
The code and queries are re-invented for every research study (or
saved individually), which make the process time consuming and
inefficient.

Researchers often write code to generate static graphs of data so
that correlations between values can be discerned. In order to do
this the data needs to be sufficiently cleaned beforehand so that
erroneous values would not skew the result. Cross tabulations is
often used to see correlations and differences in the data and these
tables needs to be generated many times for many different
variables. It is time-consuming to run code on the huge datasets
not only due to the computer processing time but also because the
graphs are simple and needs to be generated more than once so
that the data can be explored from various perspectives. This
means that the researcher needs to generate the same graph
multiple times for many combinations of variables.

Sometimes new studies can branch out from the original study due
to the data investigation. One participant stated: “When I was
working on my first study we found something in the data that was
interesting and the second study led from that.”

6.2 Results from think-aloud

The results from the think-aloud show us how LUPA adds value
to the process of hypothesis generation and analysis. It also gives
us input about how the system could be improved in future.

The biggest benefits and highest values for the research groups,
with LUPA are that the system:



e Saves a lot of time when it comes to data retrieval and data
management

* Provides a good overview and easy access to datasets with pre-
defined variables

* Presents possibilities to extend a study with new variables not
previously thought of to confirm or deny hypotheses

* Delivers more opportunities to explore and study patterns and
trends that can lead to new hypotheses

The participants also appreciated LUPA and experienced the
system as a

* Clear and structured tool that was easy to understand and use

* Simple to create easy-to-understand visual presentations of data
based on a complex dataset

* Easy to create a logical sequence for following a patient journey

The biggest time sinks in a research project is the planning phase
and the data processing phase. The data analysis itself is often a
straightforward process. One participant in the study declared that
the planning and data processing phase is about 90 % of the
project and the actual analysis is about 10 % of the time spent. To
extract and clean the data requires a DBA that understands the
data and it is crucial to get time from the DBA and jointly define
the datasets needed for the study. LUPA can immediately provide
data without activities of contacting a DBA and that saves a lot of
time when it comes to data retrieval. There is also some
automated built-in data cleaning, like date formats and word
matching for some variables that was highly appreciated by the
participants. The participants saw great advantages in having a
system that can read data from STHLMO, partly for the speed of
available data and partly to avoid creating new scripts and extracts
from the database every time a project is to start. They confirm
that LUPA would save a lot of time in the research projects.
According to an interviewee the data processing is important but it
does not always bring the project forward: "It's the (most) time-
consuming aspect of the whole thing, just getting to work with the
data for each new project. Sometimes it may be that the dataset is
very small, then it might be worth knowing that before starting the
project". The participant appreciated that LUPA can provide a
quick overview of existing data and provide information to the
research group if there is enough data for making the study.
Sometimes the group spent a lot of time planning and preparing
datasets that turns out to be unnecessary work due to a too small
amount of data available to be analyzed.

LUPA seems useful to evaluate data quality. Researchers need to
generate tables for various variations of variables to see, for
example, whether the dataset is large enough for a study to be
performed or to see if there are any interesting correlations that
could be explored further to create a study. In general a research
question is posed first and then a researcher sifts through the data
to see if it is reasonable to conduct a study to answer this research
question. Sometimes new studies can branch out from the original
study due to the data investigation. "When I was working on my
first study we found something in the data that was interesting and
the second study led from that.” In LUPA it is easy to find new
hypothesis due to the possibilities to change and compare
different variables in real time, this helps the research group to
pay attention to new combinations or patterns. Existing process is
often linear, it can be described as first a hypothesis is generated,
and then a dataset is retrieved. When the data has been received it
needs to be cleaned and structured before it can be analyzed. After
the analysis is performed the hypothesis can be confirmed or

denied. With LUPA it is easier to explore and combine other
variables that was not considered in the first place and it is easy to
extend the study with other variables. In the existing process the
hypothesis is often generated from discussions with other
researchers or based on articles that has been published earlier,
participants agreed with that with LUPA other ways of finding
new hypothesis could be achieved.

7. CONCLUSIONS AND FUTURE WORK

During the interviews and testing it became evident that, in
general, data retrieval and processing were the most time
consuming phases of a research project aside from project
planning. The data is seldom clean and it is unusual to be able to
use it effectively without processing it in beforehand. Unless code
had already been written for a previous project and could be
altered to suit the purposes of the new project this would be a very
time consuming process.

At its core LUPA is an information visualization system that was
designed to retrieve and present data such that researchers could
get an overview of the data and be able to more quickly start up a
research project. LUPA is not a database query generating system
or data-cleaning tool but it can be useful for these purposes as
well. This means that from the aspect of saving time in a project
this system could improve efficiency by a large amount. Purely
from a time standpoint LUPA improves the research process
considerably and could reduce the early stages of the work from
several months to a couple of weeks.

One of LUPA's aims is to contribute to more efficient hypothesis
generation. The users who participated in this study stated that
they usually set up their hypothesis before analysis is started and
that they then verify and analyze against existing data. However,
they believe that the analysis can often move in new directions
depending on what comes up during the analysis phase. LUPA
enables and simplifies the generation of new hypotheses as the
user can easily vary variables and change datasets in quick
succession.

We can conclude that LUPA brings additional value to the
research process, specifically timesaving and efficiency in the
data-extraction and cleaning phases, but also for the analysis
phase and the hypothesis generation process.

During the evaluations some suggestions for improvements in
LUPA was discussed some examples are

* Even more data cleaning is needed and it would be beneficial to
implement additional support for data cleaning directly in LUPA

* Because of the dependencies to other parties in the research
group a built-in communication tool could be implemented, to get
quick access to input and feedback in the process

* As data is sometimes deficient, it could be built in support of
statistical models, which can extrapolate data and still be able to
detect patterns. The tool would then clearly need to show that a
statistical model has been used in this context

8. DISCUSSION

The first phase interviews went very well. Planning, scheduling
and execution proceeded without any problems. The information
gathered at this point along with the specification for the system
that was gathered previously provided a good foundation for
understanding the existing process. There were a decent amount
of participants and a spread of users over the different
competencies of a team. I assumed all kinds of issues stemming
from the process would arise due to the spread but the general



problems of a project became evident relatively quickly. The
participants voiced similar concerns and were often in agreement,
I would consider the data saturated.

The issue during the second phase of the project was to recruit
users to perform the system tests. In retrospect there were multiple
ways to remedy the situation. Picking another period of time
where users had more time at their disposal would have helped
immensely. Enticing the users with rewards for their time could
have been chosen as well but I sensed it was more of a timing
issue than a lack of willingness on their part. The reason for not
using another group of participants for the second phase of this
project was that the particular group of researchers familiar with
the prostate cancer research process was essential for the study.
Performing usability tests with participants that were unknowing
of the current research process wouldn't be useful for the scope of
this study. In the end the co-discovery method had to be changed
to the Think-aloud method due to the low amount of available test
participants. This was a good decision. One-on-one interactions
are less cluttered and sometimes more straightforward than group
interactions in my experience. With only one user testing the
system at a time it was easier to comprehend the thought
processes of this individual. As I was the other party that the user
could communicate with about the system I got further insights
into LUPAs place in the research process due to this method. The
testing went well. More data was gathered than was necessary to
evaluate the benefits of LUPA. The screen capture was
unnecessary but I had hoped that by reviewing the footage
alongside the audio transcripts I could get additional information
of system use.
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Appendices

Contextual inquiry
What does your current work process look like with the STHLMO dataset?

As background I’'ve been involved with several analysis of the data. The current workflow is that we have the data sitting on
SQL server and | don't keep local copies of that. | use SQL to query the database and then for final analysis | will export to R.
| do most of my data manipulation in SQL scripted through SAS.

So you’re a statisticaian
Yes.
How long do you generally spend at the various stages of the process?

The longest part is, because the meta data is not particularly extensive, the main metadata that | use for data manipulation is
actually the existing SAS code that has been used for previous extracts. But most of the time is doing the data management.
So the data sitting on the SQL server databases are amazingly fast and | can do lots of different joins there very very quickly.
So that’s not the bottleneck, it's more trying to work through all the corner cases where you’ve got dates that doesn’t
necessarily make sense and trying to find the correct coding and trying to validate the way it's been coded. The actual data
analysis that we’ve done, even though it’s a little complex, still most of the time is spent doing the data management. Markus
and | did a long analysis on prostate biopsies and the data analysis of that was probably 10% of the time and 90% of the
time was to make sure that we believed the data.

So finding erroneous values and removing them and that sort of thing?

Trying to understand the sequence of event was the main challenge so like a man should have a biopsy immediately prior to
having or at a prostate cancer diagnosis but sometimes the biopsy would be a long time before and sometimes they’re
having the diagnosis after the prostate biopsy. It should be based on the biopsy result, they should’ve been diagnosed at
that biopsy and we were going “why?”. | think the time course has been the biggest challenge, trying to combine the different
sources of data and trying to make sense of them as far as the timeline is concerned. The way we got around that was we
used a framework called Markov multistate models and they just move from different states.

Your job is to understand the data, why is the biopsy after the diagnosis for instance?

The statistician is much more interested in having nice clean data and then doing a nice analysis on that clean data. The data
management could be seen as a DBA task but it’'s non-trivial data, we had a great DBA who wrote great code and
understood the data well but it is difficult data.

So the data management process includes cleaning the data too?

Yeah | would say that.

So what is the most tedious aspect of the process?

The data management.

How can you be creative and find new hypotheses in the work process?

| think the data complexity leading to the multistate models was probably the biggest change and once we found a nice way
to describe the time course it then that made it a lot easier to form hypotheses. | felt we did very ad-hoc analyses and that
we hadn’t very sound hypotheses because we didn’t know how to express them. Once we found a nice analytical framework

it made specifying the hypotheses much cleaner. The challenge was that not all of the researchers understood how nice it
was to move to the new framework so part of the task was to get them to understand the new framework.

How many studies can you go within a week or whatever timeframe you choose?



| don’t think there is a simple metric for a study. We did one study which was on follow-up following men who had a negative
biopsy and we did that analysis in a week but the biopsy paper with Markus took years, but we didn’t do that paper full time.
The paper started and stopped and | think it took four years to finally get it published. | don’t have a simple metric for what a
study is.

What are the time sinks of the work process?

How many times do you generally have to re-write queries?

I work in R and SAS. | don’t store data locally. Every time | do analyses | re-run existing queries. One of the things about SQL
is that | find it really difficult to take an existing query and adapt that and | find that | usually write the same queries from
scratch. I've got a couple of macros for some of the patterns but | that don't find that SQL patterns are hard to use. I've got a
wide format with lots of events and | want to break that up into segments moving between states lve got a macro for that.
And also matching the first event of some type, I've got a macro for that. I'm either extending existing code or re-writing
queries so it’s probably 50/50.

You extract data in SQL and work with it in R?

No. What | do is that | extract in SQL and | might have some logic in there which gets passed through to the server. In SAS |
will use a combination of SQL and SAS scripts to do the manipulation and then the final analysis dataset | will put into R.

So you use SAS to clean the data and then when you have the final dataset you put it in R so you can work with it?

Yeah but | also use SAS to script the database as well because | can write code that gets passed through. I’'m doing SQL
queries to the database and pulling the data into SAS, doing manipulation there and finally pushing it to R.

Do you great graphs in any of these softwares?

In R.

What purpose does the graphs serve for you?

I’'m quite graphical so | prefer to see the data.

Do you make the graphs to show them in the paper or to evaluate the data you receive and put in R?

If I'm doing evaluation of the data | tend to do that using SQL or mainly doing cross tabs. My version of SAS is a bit exotic
where Im running SAS on Linux but ’'m actually running it through IMEX which doesn’t play very nice with the graphic
devices. It makes it easy for me to use my existing tools but then SAS graphics is horrible anyway, not a strength there. For
the plots | would use R, your plots are more interesting from an investigative point of view. | tend to do more cross tabs and
counts to see what portion of data is weird.

So you can use them to see where to take the study?

Yes but it’s more understanding the data.

What are the major hinders to efficiency in the process you have?

We don’t have sufficiently good metadata from STHLMO, that’s an issue and the main source of wisdom on how to do data
extraction is the existing SAS code which is very well written but there are very few of the users that know how to read SAS.
The gold standard for data manipulation can’t be read by most of the investigators. Most of the epistemologist use STATA
and most of the statisticians are using R and virtually none of them can read SAS. Data management has typically been done
using SAS and there aren’t that many young SAS users these days and they aren’t very comfortable reading SQL either.

There isn’t enough expertise in data management the research group.

When you work with a clinician do you do the SQL queries, data management and try to understand the data with the
clinician?



That’s how Markus and | did the biopsy paper, that’s where | learned most of my clinical background in prostate cancer was
from sitting here with Markus going through the data. Im not sure it was an efficient process but | learned a lot and he
actually followed a lot of the code. I’'m not sure that was an efficient way but | wanted to learn and we were both too careful
so far as the data analysis was concerned but | felt we actually got on top of it. | think there is a fairly strong sense for some
of the other prostate cancer researchers that the database is too complex and too incomplete that it’s not worth? doing
analysis on, | think that is wrong.

How do you verify that your queries are running correctly?

Verify in the sense of unit tests we don’t really do. Feasibility is the main one, does the result make sense or not? It's not a
good one but it’s the main one. The main unit tests have do to with how many cases do we expect to have? So if the tables
are longer or shorter than you expect then you've lost cases somewhere. Careful case counting | think that is good process,
that’s fine. But verifying that your queries have done what you want, if the numbers are right, if the counts are right and your
data looks reasonable then we generally accept that that’s gonna be okay for analysis. But verification for database
management is something that we are a bit light on. It would be nice if we had a bit more code review but then again it's
generally just the one person who is working with the code. It would be nice if we did something more systematic like unit
testing or something but we don’t. So the code I think is probably average to poor.

Which costs are involved in the various stages of the process? Planning, extracting, analysing the data. Do you need
to buy extra data, equipment, consultants or do you use time from people that is not involved in the project?

There is two DBAs associated with the study. The project team generally has the expertise needed for doing the analysis.
There is a clinician and a biostatistician. The main cost is time. It’'s an odd question for this department. The statistician is a
core resource and the DBA is paid for by boat of projects, their time is already paid for.

Have you ever experienced that you had to go out and ask Socialstyrelsen for extra data or something and pay for it?
The data extraction is expensive, yes. But that’s not study specific that is for the board of project. This is the linked data, the

record linkage for the research databases is done at socialstyrelsen and SCB and those costs are quite substantial. But we
only do that once every 12-24 months and that cost is moderately high.

You’re not currently working with the STHLMO Database.

Not at the moment. No.

But you did before?

Yeah.

So what was the process like when you when you were about to start?

The process was that you contact the DBA, the database administrator and then you get the data. But when we got the data
we have to clean it a lot. It's a really messy data set. Then we worked with the DBAs for a few months to get everything ready
for working with it.

But you didn’t have to write SQL queries by yourselves? The DBA got the data for you so you could run it?

Well | started working on the data set on my own using R so they just gave us this huge messy data set that | worked on for a
few months and then just for other people to be able to use it. They did what | had already done in R they did in SQL for the
data set and created some cleaner data sets after our instructions.

So you’re working in R with statistical analysis?

Yeah. But you can also use it for data cleaning and like DBA stuff if you get a huge data set you can manipulate it as you
want to.



But you were not given access to the DB straight away? You were given some files?

Yeah. The DBA usually has access to the DB | think and then they put it up on the P-drive somewhere for us to access it.
How long do you generally spend at these various stages of the process? How long does the data cleaning take etc?
It depends on how messy the data set is that you get. This was a lot of work to clean it. No one had worked with it exactly
this data set because we just requested it from socialstyrelsen. Markus and Tobias had been working with it but then we got
a new data set with new data and more variables and then when we got it we had to do everything from the documentation,
the data cleaning, we had to figure out what variables meant what and write it down and yeah.. A lot.

A majority of the time is spent doing the basic miscellaneous stuff but you would like to get to the next step right?
And then you do the analysis when you get the data cleaned. In this case the data cleaning took a lot more time than the
analysis did but when you get a nice clean data set like we often work with from other studies because this is register data,
so if you have like a randomized study data that is much cleaner then you can just start working on the analysis right away.
But did you have a hypothesis already in your mind that you wanted to test?

Yeah. Before we start working with the data set yeah.

So how do you get to that hypothesis how do you generally go about it?

That depends.

Do you get some indication from the data or beforehand so you know “I would like to see this” or?

| think it’s usually beforehand. But sometimes when you find something interesting in the data it leads to a new analysis.
When | was working on my first study we found something in the data that was interesting and the second study led from
that. But most often you have some analysis that you want to do from the disease you want to look at. Something from the
problems that arise in the clinic.

So you have a starting point outside of the data?

Yeah but you can also have it the other way around.

Is that common?

| don’t know. | can’t speak for anyone else. | guess usually you have a hypothesis ready before you start.

What’s the most tedious aspect of this process that you are going through today?

The data cleaning. It can be fun but sometimes the data is so messy because you know there is a hundred different people
registering something on the computer all around Sweden and there are a lot of errors in the data set. It’s difficult when you
can’t foresee where the errors lie because it can just be someone picking in the wrong numbers and then you have to go
through the data to try to see where the errors lie to be able to prevent them or prevent them influencing your analysis. But
most often like in this case we have so many men in the data set that a few errors won’t do that much harm but sometimes it
can.

How can you be creative when you deal with the data? Do you have processes so that you yourself can think about “I
want to try this next”. Do you look at the data in various ways today to see correlations or indications that | want to

take this hypothesis somewhere else? Do you have ways of doing that today?

Yeah. When you're doing the analysis you try out all kinds of stuff. You do like 50 different things to come to a conclusion.
Visualisation of the data is often really good to get an idea about where to take the analysis | guess.

Do you have ways of doing that now?

Yeah. | use R for all my plotting and all my analysis.



So you make graphs and then you see correlations in quick succession?

Yeah.

How many studies can you do in a week or a month or whatever timeframe you choose? What is a reasonable
expectation?

You asked about the tedious parts of the work. In the beginning if you have a massive data set that’s the tedious part. But in
the end when you’re submitting an article that is a really tedious part as well.

Writing everything?

It’s no problem writing everything up in an article but then you have maybe 5 co-authors and you have to send it to everyone
and then you get it back and then you have to send it again and get it back and it goes like this for quite a long time. And
then you finally send it to a paper and then they might give it back two times before it gets published. So just that process of
getting it published, even though | finished writing in June it might be published in December even if you finished all the work
like you’ve done all the tables, and you’ve done all the text and you’ve done the analysis. So the analysis part is maybe the
quickest part for me and the plotting and stuff, it might take the shortest time usually. It maybe takes... | don’t know...
Depending on how complicated the study and analysis is. It might take from a few days up to maybe a few weeks depending
on the complexity of the case and if you have to do it again or if you change something you send it to your supervisor. In four
years we're expected to do four studies. Get two published and two manuscripts. A year would be around the time that the
whole process takes.

For the research to be complete so to say, for the study to be done you need to submit a paper and get it published?
Yeah. You have to get two published.

From KI that’s their requirement? For a study the end goal is to produce a paper and get it published?

Yeah. And that can take, depending on medical journals are quite quick but if you have a mathematics paper it can take them
up to 1.5 years to review and get the paper published.

When you sent it in you’re done with all the writing? They won’t ask you to change words and such?

Yes they can do that. They usually do that. You might get it back two or three time. You send it in and they might answer you
with the first reply after 6-7 months.

So it’s a waiting game.

Yeah. But then you can go on and start new studies. You're not focused solely on one project.
Yeah. And you might be working for someone else as well in the meantime.

What are some major hinders to this process to complete a study when working with a data set? Except the data
cleaning that you mentioned.

Depends on the DBA, if you have a good DBA or a slow one. It can be a hinder. And then you might ask for something and
they don’t understand you but if you have someone really good its really easy. So mainly waiting for other people that you
depend on. Everyone is busy.

So communication is difficult in these large-scale facilities?
| guess it can be, not always.
How do you think they can be remedied?

It's difficult to say.. It’'s a normal process that you really want everyone to answer your emails the same day but they cant.
But in some reasonable timeframe. And you can have problems with language or lack of skills for data processing.

Are you dependent on other people, systems and competencies etc?



When you want to do to clean the data set in the proper way and you want the DBA to do it and not you then the
communication and competencies have to be at quite a high level and you have to understand the means well and things like
that. But most of the time when you’re working with not registered data this process is really quick and it’s easy for the DBA
to just extract data, that’s no problem. But if there are some data processing that needs to be done, if you have to change
variables or if you have to rename them or remove this and that then that can depend a lot on the competence of the DBA.

What kind of tools do you usually use?

| only use R. | think all statisticians don’t use python, it's very unusual that statistician use python or some other software.
Everyone here is using R and if you’re not good at programming you use STATA.

How high is the quality of the data in comparison to how much time the DBA needs to spend to extract or you need to
clean it? Do you get an adequate result from that or can you spend more time to get really clean data?

The quality of the STHLMO data is adequate. It’s quite OKAY | think for registered data. You always feel that you can do
some more, you find something that is a bit odd and then you look into that so when you start using the data you can use
endless time but you have to draw the line somewhere and say now we are just done and we publish.

But you’re not writing SQL queries then but you manipulate the data in R. You can do selections and joins and stuff
like that right?

Yeah.

But you’re main competence is in statistics, would you say that you would able to write SQL code and skip the DBA
part to just get the data yourself?

Yeah.
Are you allowed?

| don’t think so. Because we have DBAs in-house, they usually get everything we need. | don’t know if it’s allowed. | don’t
think | have access to it. | might be able to get access.

Do you think it would speed up the time it would take to do the case?

No not necessarily. They are quite quick if you request some data that is already there. Then it usually just takes like an hour
or something if you want some specific data.

But you already have some information on what variables are there and what the data looks like in beforehand?
No.
So you just ask “can you give me some data from the data set?”

| don’t think they know that much about the data set. It’'s a huge data set. It’'s mainly the doctors or pathologists that know
some of them but | don’t think they know all of them. And it depends on the DBA also, how long they have been working on
the data set it has been changing a lot for the STHLMO.

When you request data how do you go about it? When you think about hypotheses and things you can do with the
data how do you ask the DBA? Can | have this variable and that variable and such?

In the STHLMO they just gave us the whole lot but if | talk to Astrid for STHLM3 for example which is much nicer she just
extracts what variables | need or if | need everything she gives that to me. But | could also ask for specific variables from
other DBAs.

When you do a study you get all of it and then you look at the variables, clean the data, do the analysis and write the
paper afterwards? How often do you change the hypotheses in the middle of the process? When you started did you
have one focused goal?



Yeah but the analysis can often change. You have the same aim for the paper and it’s quite uncommon to change the aim of
the paper completely but we often don’t agree on how to do the analysis. You don’t always have the analysis set up from the
beginning so that can change along the way but the aim and the hypotheses usually stays the same unless you don’t find
anything interesting and then you might have to take a different turn.

Which costs are involved in the study process? Like planning, extracting, analyzing the data. Which are the biggest
costs in the process for you? Do you maybe have to request other competencies, need help from someone else, you
need to call some government official to get some information on something?

When you want to request some new variables from socialstyrelsen or get medical records or drugs or anything about all the
men in Stockholm there might be some cost there. There is the time of the DBA and mainly me and my main supervisor. Or
the supervisors time so there is no direct costs. It’s usually just like the one writing the paper and the last author and maybe
two or three others that spends moderate time on it. There is no money or costs involved other than that.

Maybe sometimes you need extra data you might have to buy it from some other country maybe or some extra
equipment or consultancy. Have you experienced that?

If you're planning a study for your project it might cost but not if you use already existent data. If you want to do a

randomized study with patients at Karolinska then all the equipment and you might have drugs. That can be a really
expensive process.

Vad ar det du gér med STHLMO-databasen? Vad &r din arbetsuppgift?

Jag ar urolog till vardagen och sen sa gor jag forskning om diagnostik av prostatacancer. Sa det jag anvéander STHLMO-
databasen till ar att identifiera fragor som vi kan besvara vad géllande diagnostik av prostatacancer. Och sen ocksa férsoka
svara pa dem, det handlar mycket om att kartlagga méns beteende, hur man testar prostatacancer. Ojamlikheter i hur man
anvander diagnostik sammanfattningsvis.

Hur ser din process ut ndr du far datan och ska bérja med arbetet?

Fran boérjan var det jag och ytterligare ett par personer som samlade ihop all den har datan sé jag tar in det som radata och
sen gor jag ett litet utsnitt for att f& en hanterbar datamangd och sen sa ser jag det bara som en databas eller ett stort
kalkylark.

Skriver du kod fér att plocka ut data?

Jag anvander ett statistikprogram, Stata. Jag &r en databas och statistik novis fran bérjan men det ar mitt interface.

Sa din expertis ligger i att veta vad variablerna betyder?

Ja precis. Jag tror att min expertis ligger i att identifiera relevanta frdgor och ocksa kanna datasetet vad varje variabel
betyder.

Men s& det du g6ér dd om du hittar intressanta fragestillningar delar du da ut dem till folk som till exempelvis
statistiker?

Ja precis. Fran boérjan sa gjorde jag det sjalv. Men mer och mer s serverar jag det till nAgon annan. Det kan vara allt ifran
valdigt datadrivna statistiker till kliniker som ocksé ar helt novisa pd att anvénda data. Sa& det &r en véldig spridning pa hur
drivna anvandarna ar.

Hur skiljer sig arbetsbérdan mellan statistiker och kliniker i arbetsflodet?
Mina kollegor utfér analysen mer, ganska ofta sa tittar man pa data och gér s& avancerande analyser som man kan och sen

nar man vet att analysen &r for komplex s levererar man den vidare. Ganska manga har direkt kontakt med data &ven om
man inte ar s& van men upp till en viss niva i analyserna.



Det ni kan ar data och biologin och kemin bakom men den tekniska biten kanske nédvandigtvis inte ar er grej?

Nej verkligen. Sen behdver man ofta lite forkontakt med datan for att hitta vilken frdga man kan stélla och lite grann at vilket
hall det har verkar och sen kan man géra mer utvidgad analys och da beh&ver man hjélp med det.

Vad ar det jobbigaste momentet i processen du har?

Det ar valdigt mycket relaterat till datakvalitet. Det &r ett s& stort dataset och s& komplext s& bade att fa fram ett dataset som
ar hanterbar storlek pad med just den informationen som man vill ha och dven sakerstélla att den informationen haller en rimlig
kvalitet vad galler “missing” eller att det &r avkodat p& ett analyserbart satt, det ar ofta det férsta. For att kunna svara pa
ndgot maste man ha nadgot med rimlig kvalitet. Resten, speciella analyser och s&, da har det ofta landat i ndgon annans kna.

Sa stada datan helt enkelt?
Ja. F& textvariabler och datum hanterbara. Forst& vad datumet egentligen representerar i den har variabeln.
Sa for dig nar du har plockat ut den har datan och har den stadad och hanterbar, vad gér du da?

Ja da tittar jag bara pa den. Jag kor den i mitt statistikprogram och gor ofta valdigt simpla tabuleringar for att se samband.
Och det &r vad ert verktyg gor s& mycket mycket mer effektiv pa mycket fler olika fragestéliningar pa en gang. Jag kan gora
en frdga och det tar en liten stund och sen gor jag nasta.

Sa du genererar statiska grafer?
Ja. Kanske &nnu enklare, fyrfaltstabeller.

Hur lang tid tar det att generera statiska grafer, se samband och sen kasta det arbetet? // Hur mycket "onédigt"
arbete?

Det ar inte s& att man satter sig en kvall och gor hela det har utan det &r ndgon sorts process da man férst kommer pa idén,
sen kokar ner den idén med nagon annan kanske, sen tillslut funderar p& om vi har tillrickligt med data fér att fundera pa den
har grejen och sen ga vidare.

De projekten som jag drev sjélv da var det har den stora andelen av tiden s& om du gor det jattesnabbt sd &r det nastan
férodmjukande. Sa det gar &t jattemycket tid &t det har. Nar det &r sa stort, nar man far upp datastorleken sa galler det ocksa
att ha datakraft att gora det pa. S& en del av den har tiden har varit ren véntetid. Tugga igenom dataseten.

Hur ser tidsférdelningen ut mellan datastadning och den har processen?

Om man delar upp det i tre s& &r det ju forst ndgot idéskapande och sen en datastédningsfas och sen en grundlaggande
féranalys, och de skulle man kanske kunna dela i tre lika delar ungeféar. Den inte s& datadrivna fradgestallningsskapandet,
designen och den &r nog den stora delen och sen lika stor andel av de har tva andra.

Hur ser din idéskapande process ut? Hur ar du kreativ i ditt arbete?

D& fangar man upp det ndgonstans i ett helt annat sammanhang. Man ser en publikation, man hér ndgon prata om nagonting
som kanske inte direkt har med det har att géra och da vacker det ndgon idé om att det har skulle vi faktiskt kunna ta reda pé
i STHLMO for det &r ett sdpass unikt dataset att vi kan oftast svara pa sént som ingen annan riktigt har kunnat angripa férut.
Sen nar man har en rudimentér idé s& skriver jag ner den i tva rader i ett anteckningsblock och s har jag ett antal sddana
idéer och vid nagot tillfalle sa traffar jag ndgon kollega eller forskningsintresserad manniska och s& tar man den idéen i ett
itererat forlopp och sedan s& kokar man det i ett antal omgéngar till en forskningsfrdga som vi faktiskt tror att vi skulle kunna
ta reda p& som har nagon betydelse. Man bérjar ofta med en vinkel - héller den vinkeIn? Ar det en viktig frdga? Ja det &r en
viktig fraga eller sa definierar man den viktiga frdgan och sen gér man tillbaka och tittar - har vi data for det har? Ja vi kanske
har data for det har men det kanske behdver kompletteras. Hur kan vi komplettera den? N&r man val har den datan sé far
man ytterligare definiera - vilken exakt frdga kan vi egentligen arbeta med har? Har vi ndgon pahangsfrdga? Kan vi gora
nagot annat? En sorts itererande process och tillslut ar det ett projekt. Och da tillsatts det ndgon driver fér det, en doktorand,
postdoc, du eller jag som blir ansvarig for att féra fram det projektet. Och sen &r det en handledningsfunktion som béar det
fram till ndgon form av publikation eller kunskap av nagot slag.



Ni jobbar mycket tillsammans med statistikerna nér ni gor de har forskningsrapporterna och i ert idéskapande da ser
ni pa variablerna samtidigt? Gor ni grafer avdem da?

Oftast har man en grundlaggande fragestéllning och en liten kéansla av vad den kliniska frdgan &r och ganska tidigt kan man
ta fram nagon liten indikation pa& datautseende eller rudimentart resultat. Men sen vantar man ganska lange sa att den som &r
projektansvarig gor det och da teamar vi ofta en statistiker med en kliniker. Det &r valdigt uppenbart att bada kompetenserna
behdvs och det har ar ett satt att f& fram det lite raskare.

Hur méanga studier kan du gora pa en given tidsperiod?

Vi boérjade jobba med det har 2011. Vi var otroligt ovana men sen kom den forsta publikationen 2014 och da har vi kanske
gjort 10-15 som ar det som &r kdrnan. Sen kan fler publikationer ha tillkommit d&r informationen har anvénds i ett annat
projekt. D4 blir det enstaka om aret.

Vad ar det som tar lang tid i publikationprocessen?

Forst ska du tvatta och sen ska du gora analyserna och sen ska man hitta vilka analyser som bér unik klinisk information som
kan forandra vad vi gor i vardagen och det &r ofta en ganska l&ng process att hitta sin berattelse, vad &r det egentligen vi ska
beratta for ndgonting? Vad gor det har for skillnad? Det duger inte att bara trycka upp val valda grafer som ingen har sett
nagonstans forut utan det behodver finnas en relevant ny kunskap i dar. Det ar en ganska lang process. Sen ar det ju ofta
doktorander som ska gora det har, de kanske aldrig har gjort det férut. Det gérs ju i ndgon man alltid av ndgon som inte &r
valdigt van. Nar man val har borjat férstd hur man gér och hur man skulle géra det fortare d& ar man redan vidare pa att lara
sig nadgot annat. Det &r s& forskning funkar. Det ar en svaghet och en styrka dd. De som jobbar med det har nu ar mycket
doktorander som inte har jobbat med det har datasetet sd mycket forut.

Hur skiljer sig STHLMO gentemot STHLM1 och STHLM2?

Det ar s& stort. Det ar sa valdigt manga variabler och det har variablerna &r av sén skild kvalitet vad det galler bade
tackningsgrad och hur mycket man maste tvatta for att f fram nagonting.

Nar du sitter och arbetar sjalv med att utforska variabler och skapa grafer, vem anvander graferna sedan?

De ar for mig. Antingen gér man ju analyser for att de ska publiceras fér man tror att de har ska med pa papper. Jag har gjort
ett par sadana, jag visste redan innan nu ska vi géra det dar och sen det dar s& har man hela fardiga planen framfor sig. D&
go6r man dem och det gar relativt raskt och ar kanske for en kliniker ar det utmanande att f& det snyggt. Att kurvan inte bara
ska visa det jag vill att den ska visa utan att sjélva presentationen &r vad jag ser framfér mig att den ska presentera. Eller s&
ar det ndgon sorts hypotesgenererande, alternativt man tar fram radata och s3 tittar man péa det.

Vad ser du ar de storsta hindren for att effektivisera den har processen?

Tillganglighet till data. Datakvalitet och gemensamma definitioner av vilka variabler vi anvander, apropa att det &r ett smutsigt
dataset, tillslut s& maste man bestdmma sig fér hur man ska stada datasetet pa vagen. Det har vi jobbat mycket med men
har varit svart att fa till p& ett stabilt satt. Tillganglighet till den datan man vill titta p4, frAn att man far forsta titten tills man far
ett finalt dataset - att géra den processen enkel. S& fran ditt redovisningsverktyg s& skulle man i den basta av varldar kunna
sdga - har har jag hittat min fragestalining och trycka pa en knapp och fa ut det perfekta radatasetet for den har analysen
som man sen kan spika. Sen kan man gdra massor med finanalyser inom den spelplanen, det & mycket att gora fram till
steget da man har ett finalt dataset. Fér sen kan man halla p& med det, men hela skopet av tvatt och grov analys.

Ar du beroende av vissa minniskor system eller kompetenser?

Ja djupt beroende. Man &r valdigt beroende i valdigt manga steg av ndgon annan. En doktorand som &r beroende av en
handledare som ar beroende av en statistiker som ar beroende av en DBA som ar beroende av en kliniker for att f& veta vilka
de olika variablerna &r och det har &r ett &kta lagspel eftersom lagspelarna sitter pa fysiska olika platser.

Vad for verktyg anvander du nar du arbetar med datasetet?

Stata. Och mer och mer olika anteckningsblocksformer for att hélla reda pa strategier. Stata har grundldggande skript
inlagda. Jag har skrivit egna skript och jag kan ateranvanda dem i block hela tiden. Det &r lite av en svaghet att statistikerna
anvander R. Det hade varit mycket battre om vi hade bestamt oss fér en och samma fér da hade jag kunna kéra mycket
battre skriptpaket som en mer kompetent manniska har skrivit.



Hur hog ar datakvaliteten gentemot den tiden som du lagger ner p3 att stada datan?

Ganska stor andel av datan &r valdigt bra ratt tidigt men sa ar det vissa nyckelpunkter som forblir daliga hur man &n gor. Sa
lange man &r 6ppen och tydlig med det och vet pa vilket satt de ar daliga sa tycker jag inte att det ar ett jattestort dilemma.
D& tycker jag att man hellre ska inte tvatta for 1ange och gora for mycket surrogatmarkorer och sant dar f4 da tappar man
klarheten. D4 vet man inte vad man har gjort tillslut, man kanske har ett komplett dataset men vet inte riktigt vad det
representerar. Jag har det hellre smutsigt s lange jag vet vilken smuts som &r dér, d& kan jag ocksa vara 6ppen med det nar
jag forklarar vad det har ar for nagot. Jag vet att det finns en del statistiker som tycker att det ar mycket svart att ha den
approachen,

Hur verifierar du din kod?

Det beror pa vilken nivd man &r. Men det som tillslut ska anvandas da ber jag alltid ndgon att I4sa den och kéra den och sen
kor jag den sjélv upprepade ganger. Ganska ofta slutar det med att den koden som jag har skrivit skrivs om av ndgon annan i
ett annat program och s& far man férhoppningsvis fram samma resultat. S& da far man en korsvalidering, men jag tror att det
har definitivt &r en svaghet med sd manga dataovana manniskor. Vi har lite battre koll &n manga andra grupper men det har
ar verkligen en akilleshal for klinisk forskning.

Ar det s3 att du férklarar vad du vill ha ut eller ldser en person din kod och kanske upprepar logiska fel?

Det &r mycket sdmre an sa. Jag skriver min kod och sen férsoker jag i koden skriva vad som hander. Sen far nagon lasa och
verifiera att kommentarerna och koden Gverensstdmmer. Det &r s& hdgnivdmassigt och grovt det jag gor sa jag tror att det &r
rimligt att géra det men det &r egentligen inte ett sd sakert satt. Nar man val kommer till publikation d& ser man data ur ett
sammanhang som &r tittat pa ur flera hall och det &r ocksa ett satt att se att det hanger ihop. Skulle ndgonting sticka ut da sa
far man verifiera det. “Varfoér ar den har stapeln tre ganger s hég som jag hade férvantat mig?”

Vad for kostnader ar involverade i de olika stegen i processen? Planerande, plocka data, analysera data, skriva
rapporten.

Det ar framforallt tid och tidsdtgangen &ar valdigt mycket stérre an vad man siger att den ska vara i projektets inledning. Man
hanterar det som att man bara ska titta lite p& det har, d& inleder man tva ars arbete fér ndgon. Samtidigt kommer det ofta
spin-off grejer under tiden som i sig ar effektiviserande for man far ut det man téankte att man skulle f& ut men &ven nagot
annat som kanske fran boérjan ar okant. Men 90% &r arbetstid.

Inte ofta att man hyr in konsulter?

Nej. Jag skulle alska att hyra in massor med konsulter fér det skulle sannolikt géra saker snabbare. Men vi arbetar néstan
allting in-house pa existerande utrustning och sen far doktoranderna en PC och sen s& kor man.

Doktoranderna har ett visst krav att géra ett visst antal studier fran skolan?

Fyra studier pa tre &r. Det ar olika beroende pa vad det ar for doktorand men generellt s& gér man fyra studier under en
doktorandperiod. Generellt satt s& rdknas det som valdigt tacksamt att ha existerande data istallet for att jaga ratt pa den i
journaler eller gora rekvireringar fran SOS eller sa. P4 sa satt &r det tacksamt att jobba med det har. Men d& é&r
utbildningsvardet delvis att tvatta och gora grovanalyser, gora lite statistik. Det &r det som &r forskarutbildningen. Sérskilt i ett
sant héar projekt. | ett annat projekt kan det vara att man gér ut och samlar in data frdn en mottagning eller fran journaler eller
sd och d& ar det det som &r utbildningen och det har designsteget &r ocksa en del av det. Alla de har delarna som vi tycker &r
tidskravande &r ocksa delar i en utbildning fér nagon.

Na&r du skriver din kod hur fungerar operationerna d4?

Man tar in ett dataset som &r ett stort excel-ark mer eller mindre och sen gér man operationer pa de variablerna. Sa for
datatvattsarbetet ar det ett ganska daligt verktyg egentligen, men det &r s& man goér. Man slér ihop jattestora dataset och sen
tar man bort det man vet att man inte ska anvanda. Ofta tar man bort kolumner, d& har man bestamt sig for vilka datatyper
man vill ha och sen ar man valdigt forsiktig med raderna som &r subjekten eller personerna. Da kan man géra begransningar
— vi vill bara ha PSA 6ver ett visst varde, sen riaknar man statistik pa variablerna som &r kvar.

Jag sag gigantiska PSA varden, da blev ndgot kanske galet i input-metoden?

D& méaste man veta. Man kan t ex inte ha negativa PSA, vissa av analysapparturerna ger felkoder som ser ut som varden. Det



kraver lite forkunskaper for att veta var det dar kan finnas.
Hur méanga variabler arbetar ni med samtidigt pa det har sattet?

Det ar ganska fa. Det &r en uppsjo av variabler, man kanske anvander 10-15.

Think-aloud

Test

*Laser instruktioner®

(Tittar pa Sankey)

Det finns tva miljoner patienter som har tagit PSA under den hér perioden (hanvisar till tidsinstallningen)
Ah men det &r ju snyggt. D& kan man separera ut det dar.

Vad ser du? Vad har du valt?

D& har jag valt de som har testat sitt PSA under en femarsperiod och om de har tagit en biopsi och sa vill man ha svaret av
biopsin darefter ocksa ar ett logiskt flode egentligen. Sa det ar en enkel graf som &r byggd dar.

Man vill ofta se vilka som doér och vilka som lever baserat pd nagon variabel. Kan vara intressant att se om de har en
cancerdiagnos eller inte. Sa vad &r det jag gor nu? (Tittar pa treemap)

Du har just valt en patientresa. Vad de har gjort, i vilken ordning etc..
Variablerna du vill titta narmare pa finns i treemapen och de ar hamtade direkt fran STHLMO.

*H Klickar runt bland variabler*

Letar du efter en speciell variabel?

Nej jag klickar mest runt. Allt det har &r relativt nytt for mig. Ah har har vi diagnostiska saker, vad gér man d&?

Finns det ndgon RQ som du har funderat pa och vill titta prelimindr data pa? Nar vi testade det har verktyget sa
tittade vi pd PSA-varde kontra socioekonomisk status, hur mycket pengar patienten tjanar och andelen av
populationen som lever och dor. Detta for att se om PSA-resultatet varierar med den socioekonomiska statusen.

Juste, om man ska testa en san grej.. Om man skulle prova det.
*Klickar*

Hur gér man sen?

Sedan klickar man "LOAD DATA" och sen vantar man.
Har ar parallell coordinates

Ja men exakt, har far man det mer utspritt. Dédsdatum kanske inte var det basta man borde tagit en annan end point, typ
cause of death = prostatecancer .



Man kan se den understa linjen, "NO VALUE" s dar linjerna korsar den da ar de inte déda.

Det hér datat har folk anvéant just fér att se hur man anvénder PSA tester i relation till hur ofta de testar sig och vad hander
med de som testar sig mycket. Hur mycket cancer man hittar sa klart och vilken typ av cancer det &r, det kan man f& fram
hér.

Interviju

Har du varit med i ett forskingsprojekt och gjort en studie med STHLMO eller ett stort dataset?

Ja absolut.

Det arbetsflodet ni har i de projekten generellt, hur skiljer sig de i hypotesgenereringsfasen gentemot det du just
gjorde?

D4 skulle jag s&ga att man oftast satter sig ner med penna och papper och formulerar vad man vill testa. Sedan &r nasta steg
att s&tta ihop det datat, s da gér man det utifrdn vad man behdver titta p4 exempelvis prostatacancerddd under de héar aren
och hur det relaterar till exempelvis PSA nivaer. En hel del kodande bara for att fa ut datat och sedan i slutdndan sa gér man
den analysen som man specificerade i planeringsfasen.

Hur mycket tid tar det i den har planerandefasen? Hamta ut data och sen kanske mirka att det inte finns ndgon
poang att ha den dar datat.

Ja abolut, det &r en poang. Den stora bulken av tiden lagger du pa att planera och processa data. Sjalva analyserna gér
oftast lite snabbare skulle jag siga. Det beror lite p4d men det beror ocksd pa& hur mycket arbete du har gjort i
planeringsfasen. Har du punktat up alla analyser du ska géra sen nar du kommer dit bort s& &r det bara att géra det. Man
specifierar ofta protokoll, det har vill vi géra. Man goér bara det och inget annat fér dd& hamnar man i lite andra typer av
problem. Man testar saker och fiskar lite efter resultat.

Man forsoker oftast vara sé linjar som mojligt i ett forskningsprojekt pa det sattet

Men om det hidnder nagot valdigt spannande under analysen: "det har datat vill vi titta vidare p&", vad hdnder da?

Oftast gér man sidospéar. Man blir ombedd under processens gang att gora olika typer av sk sensitivitetsanalyser att man
haller de har resultaten i den gruppen eller den gruppen.

Hur valjer ni en vég i projektet? Dvs vi vill ha de har variablerna och titta pa det har i projektet..

Man kanske vill satta upp om man vill underséka om den hér genetiska markéren paverkar dodlighet. Det kanske &r en
definition utifran datat; vi séger att vi vill sattahdga nivéer av PSA, da blir det en diskussion iom att det inte alltid finns tydliga
ratt eller fel. Det &r en diskussion, ett standigt planeringsarbete. | det stadiet férséker man bena ner vilket data vi ska titta p3,
hur definierar vi de har sakerna som vi vill undersdka? Dels med avseende pa vilket utfall en variabel har; hur definerar du
det? Vilka forklaringsvariabler vill du satta i relation till dessa utfall? Det &r dar den mesta av tiden gér &t och att bestdmma
vilken analysmetod som &r béast lampad.

Jobbar ni tillsammans med datat? Programmerar, plockar ut...

N& det ar oftast en person som &r ansvarig och drivande for ett projekt. De flesta ar doktorander och jobbar aktivt pa
projektet sen har man handledare och Gverprofessorer som kastar ett 6ga och kommer med lite bra ideer och sadar. Oftast
faller det bara pa ndgon person fér den specifika analysen.



Har du nagot tips pa hur det har verktyget skulle kunna férbattras i hypotesgenereringssyfte?

Rent ur den aspekten sa ar det val ganska tydligt och strukturerat for hur man kan anvanda den for att sétta upp saker. Oftast
tenderar vi att inte jobba ur den &nden. Att fiska i sin data och sen titta pa fragestéllningen, snarare tvartom. Man sétter sin
fragestéllning, sen hdmtar man den datan, analyserar den och svarar pa sin fragestéllining. Sa skulle jag séga &r den naturliga
banan i ett forskningsprojekt "som man vill att det ska vara". Sen &r det ofta att "har du tittat pa den dér variabeln", "har du
funderat pa det" s blir det lite at det hallet man gar in. Leker lite med datat. Det &r viktigt att géra det med. Man vill att det
ska vara en perfekt varld dar det ar svart/vitt men det &r inte riktigt sa.

Det mesta verkar ske inne i huvudet, Du far bygga allt fran bérjan varje gang?

Ja. S4 &r det. Sjalvklart &r det s& om man har gjort det har férut s kan man ha kod och data kvar som kan &teranvandas.
Man far ofta satta upp koden och datat om och om igen. Det har (LUPA) &r ju ett trevligt satt att f& en forsta Gverblick. Man
kanske vill veta hur mycket cancerdiagnoser vi har under en tidsperiod i Stockholm.

Se om det ar vart att ga den hir viagen. Ar det virt att fortsitta stilla upp dem och flytta runt dem osv?

Det skulle jag saga &r en ganska tidsédande aspekt av det hela, just att f& arbeta med datat fér varje nytt projekt. Vi vet att vi
har ungefar s& har mycket personer som bor har eller testar sig under de har aren. Men oftast &r det sallsynta utfall vi tittar
efter, t ex ndgon subtyp av prostatcancer. D3 blir datat ganska lite. D& kan det vara vart att uvardera om det &r vart att satta
upp projektet. Har vi tva fall s& kanske det inte ar vart.

Vad tror du skulle snabba péa er planeringsprocess i det har verktyget? Vilken aspekt av planeringsprocessen skulle
tjana mest p3 att ha ndgonting sant har?

Jag tror att i planeringsfasen &r det vért att fa en forsta 6verblick 6ver de olika grupperingarna i datat. Hur méanga fall och hur
manga utfall har vi av det har eventet, hur splittrar det upp sig 6ver forklaringsvariablerna. Dar &r det lite att ateruppfinna
hjulet varje gang. Alla maste géra den dar 6vningen nagra ganger. Det tror jag kan vara valdigt anvandbart.
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