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Temporal queries are normally issued for cohort selection from the high-dimensional dataset in
many contexts, such as medical related research areas. The idea was inspired by the difficulties
when interacting with the i2b2 system, an NIH-funded National Center for Biomedical Computing
based at Partners HealthCare System, which seldom provides informative feedbacks and
interactive exploration about the clinical events of each query or the expecting follow-up cohort.
Considering the complexity and time-consuming nature of complicated temporal queries, it would
be frustrating when iterative query refining is needed. The paper presents a newly designed web-
based visual query system to facilitate refining the initial temporal query to select a satisfactory
cohort for a given research. A detailed interface design associated with the query time frame and
the implementation of the visual query algorithm that enables advanced arbitrary temporal query
logic is included. In addition, a case study with 3 participants in medical related research areas was
conducted that shows the system was overall useful to help the users to gain an idea about their
follow-up queries.
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1 Introduction

Nowadays, time-series-oriented data is highly expanded and critical insights are
drawn upon it. For instance, a medical researcher would like to know some facts from a
group of patients who is African American teenager with heart surgery before, admitted
to UNC hospital, diagnosed as diabetes later and transferred to ICU where a certain series
of procedures are performed before the patient is dead after 90 days. Even though
concurrence does not necessarily provide correlations, it is still a useful technique to
narrow down the research population and conduct a scenario-based investigation and
even analyze the correlation by "turn-on-and-turn-off" technique. Actually, in many
domains, the events or query conditions happen in a certain order and useful insights are

initiated based on those data.

Broadly speaking, a cohort is defined as the people who share some common
characteristics and experience during a certain period of time (Glenn, 2005). The analysis
of the selected cohort is primarily the quantitative research that tries to make sense of the
statistical outcome variables. In the healthcare or medical research domain, data are
highly time-sensitive and high-dimensional. Considering a certain patient cohort in a
hospital, besides their demographic information, such as gender, age, race, insurance
status, etc., the sequential events happened during the admission of the hospital can be
“numerous”, for instance, every heartbeat during ICU stay, every lab test result for a

certain procedure, and every medication token. Additionally, there is tens of thousands



type of events, together with a lot of patients, it can be an issue how a researcher can
easily obtain the focused cohort without distracting from the trivial process of query

construction caused by the nature of the high-dimensional temporal data.

The idea is inspired by the difficulties when interacting with i2b2 (Informatics for
Integrating Biology and the Bedside), an NIH-funded National Center for Biomedical
Computing based at Partners HealthCare System. By engaging with the system’s users
and being the user myself, the efficiency and effectiveness of the query construction can
highly impact the user experience and the timeline of the research. It might also impact
the research outcomes potentially if the desired cohort cannot be easily obtained. Similar
issues about the i2b2 system were pointed out by Krause, Perer & Stavropoulos (2016) as
well. The below chart is a typical result representation after running a query using the
i2b2 system. The number in blue is the size of the cohort satisfied by the query defined.
Below this number is the race distribution of the cohort, which can be replaced by the
distribution of some other demographic information, such as gender, vital status, age, etc.
Because the result is static and not interactive, any follow-up queries require the user to
start over again. Additionally, considering the time-consuming process to construct and
execute complicated temporal queries from the data source with huge size, it can be
frustrating to start over again and again without any informative feedbacks for each query

or expecting new cohort.
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Figure 1. Query result returned by the i2b2 system.
As noted by Abouzied, Hellerstein & Silberschatz (2012), the designers of the

DataPlay system, complex queries are constructed in a “trial-and-error” manner, the
system should be able to facilitate defining a “correct” query in order to get meaningful
results. A similar observation is also highlighted by the VISTORS system (Klimov,
Shahar & Taieb-Maimon, 2010) that helps the users iteratively refine the initial query by
dynamically interact with the sequential data visualization. However, how users get
inspired by the presentation choices of those systems and how the data visualization is

aligned with their natural thinking process when refining the query are remaining unclear.

Because of the high-dimensional nature of the dataset, some level of abstraction
and simplification in terms of data presentation, interpretation and visualization is
required to unleash the users from the overwhelming sequential dataset. Varied systems
have to balance the choices to simplify the dimensions of data in breadth (different
measurements of a dimension) or depth (the time period of a dimension). Filter-based
(Wang et al., 2008) and pattern-based (Monroe et al., 2013) simplification are common
approaches. Gotz, D., & Stavropoulos, H. (2014) invented a milestone approach by

limiting the time window of the cohort returned between the first episode and last episode



define by the query. However, while recursively refining a temporal query, the user
would insert a new event found interesting into the initial query before, within or after
that time window. Only showing the events for a certain period or not specifying which
period the event belongs to would make it hard for the users to get an idea about where to
insert or how the statistics of the cohort would change after the insertion. For example, a
researcher might want to know what had happened before a group of young boys was
diagnosed as heart failure and what the new cohort would look like even if heart failure is
the first event defined by the initial query. Furthermore, it will be also helpful to offer an
indicator for the users to better interpret the results shown, say, how the constraints the
user specifies can give an insightful cohort. To illustrate, imagine that there are only 5
patients off a 1000 sample set have a certain unique disease (a diagnose event). A
researcher specified some temporal query and get those 5 patients all. Among hundreds
of thousands of events all patients might have, there must be some powerful things going
on for that query. But current systems hardly provide any helpful indicator to distinguish
or highlight those insightful events so that users can have a chance to deep dive their

query or the potential reason behind.

An effective visual query system should not only efficiently digest temporal
queries with simple or linear logics but also take the complexity and flexibility of a query
the user can build using easier query tools into consideration. In terms of the
implementation of the query structure, in addition of the traditional logical operators,
such as “OR” and “AND”, the system should also capable to deal with “THEN” as well
as “WITHIN” and “BEYOND” with a time interval specified. The implementation choice

of the visual query will also impact the user experience no matter what systems.



Therefore, the project conducted mainly focused on the following research

questions,

1. How user’s query and result should be represented for better interpretation?
2. How the visual query system helps users refine the temporal query?
3. How and where the users gain insights from by interacting with different

visualization panels?

Corresponding the research questions, the project concentrated on the following

tasks,

1. Implemented a temporal query algorithm that enables an arbitrary temporal
query which involves more complex logic, such as sequential order with a
time period and nested sequential order.

2. Investigated the visual design choices for sequential events with some certain
level of abstraction and simplification as well as breaking the information
horizon limited by the time window defined by the query.

3. A case study to evaluate the user experience interacting with the different
panels provided by the system designed and answered the above research

questions.



2 Related Work

Modern visualization systems have been greatly influencing the way of time-
oriented researching in many disciplines. With the development of visual analytics and
interactive data mining techniques, researchers are now able to construct relatively

complex query via varied visual query platforms.

2.1 Visual Query of Temporal Dataset

In the healthcare or medical research domain, data are highly time-sensitive and
high-dimensional. As the visualization goal of this project to break the “time window”
associated with the initial query, design a suitable data structure and implement the visual

query execution algorithm is very important for the success of the system.

A broad definition of the visual query is a set of visual expressions to enable users
to specify their goals or requests to conduct query from a data set. The traditional textual
query language refers to the query language, SQL for instance, that without iconic or
spatial clues to facilitate the query process (Catarci et al., 1997). The visual query
language is perceived to be more user-friendly in terms of express human’s mental image
and make use of the person’s instincts to interpret visual expressions (Catarci et al., 1997,

Hibino & Rundensteiner, 1995, Sassi, Dridi & Tissaoui, 2016).

As temporal events and sequential data has grown dramatically in different
domains, for example, high-dimensional medical records in a healthcare system, and a

multimedia library that enables users to conduct temporal trend analysis of video data



(Hibino & Rundensteiner, 1997), visual query of the temporal dataset (sometimes it is
called temporal visual query, TVQ) evolved to support varied dynamic interaction and
visualization (Hibino & Rundensteiner, 1995, Hibino & Rundensteiner,1997, Chittaro &
Combi, 2003, Carvalho & Edelweiss, 1997, Combi & Oliboni, 2012, Fernandes, Schiel &

Catarci 1997).

Even though the architecture of visual query tool may vary in different contexts
according to some particular focus, basically it can be categorized into 3 scopes:
visualized query editor, query executer, and data source/data model (Della Penna,
Magazzeni & Orefice, 2013). Previous studies were focused on one of the 3 scopes and
some of them had implemented some kind of novel tool to realize the entire visual query

process (as discussed in the next section).

In the scope of query executer, the visual query should be able to translate the
query expressions specified by the users to a system executable language. Some previous
works designed its own query grammar, data type/structure, or provided validation to
eliminate the errors it might occur (Angelaccio, Catarci & Santucci, 1990, Mohan &
Kashyap, 1993, Hibino & Rundensteiner, 1995, Fernandes, Schiel & Catarci, 1997,
Combi & Oliboni, 2012). Some were focusing on the translation from the visual
representation to SQL statement (Carvalho & Edelweiss, 1997, Balkir, Ozsoyoglu &
Ozsoyoglu, 2002, Chittaro & Combi, 2003, Bauleo et al., 2014, Haag, Kriger & Ertl,

2016) or XML query language (Yong et al., 2009).

2.2 Visual Query System and Implementation
Benchmarking the current best practice of varied visual query systems, especially

in the healthcare or electronic medical records domain are helpful to understand the



advantages and disadvantages of the potential visualization choices. Modern visual query
systems provide varied ways to help the users to refine their initial query by various data

visualization approaches and functionalities.

Current visual query systems majorly support two phases in terms of query
construction. The first phase is to define or construct an initial query using the visual user
interface. The second phase includes varied result presentations to help the user explore
the data and refine the initial query if needed. Some applications were focused on the first
phase while some concentrated on the second. In medical records visualization domain,
many visual query systems had hybridized the features and techniques of the above two

phases.

1. The First Phase: Visual Query Interface

The visual presentation of the query interface is aiming to express varied
conditions and attributes to construct a valid query effectively and explicitly. Catarci et
al. (1997) categorized the query representation into 4 major categories: form-based,
diagram-based, icon-based, hybrid (combination of the former 3 types). Systems in the
90s tend to use form-based query representation (Catarci et al., 1997) since it is relatively
easier to implement and well-structured (Hibino & Rundensteiner, 1997), however, it is
less flexible and sometimes relatively difficult to interact with. The i2b2 system is
typically form-based. In order to specify the sequence of the event, the user will need to
define the query each event associated with as well as the order and temporal constraints

in a form.
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Figure 2. By dragging and dropping variables into the different columns in the Query Tool panel,
the users can define “OR” and “AND” relationships between the temporal constraints.
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Figure 3. By selecting an option in the dropdown list and filling out the form, the user can specify
the order and the time intervals of the temporal constraints of a query.

Diagram-based query representation is naturally good at expressing the logic of
the query and perceived better understood by its graphical layout, while icon-based
representation is superior to extract simple ideas and more visual-friendly. Therefore, the
above two approaches and their hybrids are widely used nowadays. Here are some

examples.
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Table 1. Example visual query systems using diagram-based or hybrids query
representation approach

Representation | Diagram-based Hybrids
Systems e COQUITO (Krause, Perer | « MQuery (Dionisio & Cadenas,
& Stavropoulos, 2016) 1996): form, icon & diagram
e Timeboxes (Keogh, e Combi & Oliboni, 2012: form &
Hochheiser & diagram
Shneiderman, 2002, e VESPa (Haag & Ertl, 2016):
Hochheiser & icon & diagram,
Shneiderman, 2004) e QueryMarvel (Jin & Szekely,
e DataPlay (Abouzied, 2009, 2010): icon & form
Hellerstein & e PatternFinder (Fails et al., 2006):
Silberschatz, 2012) form & diagram
e DecisionFlow (Gotz & e CareVis (Aigner & Miksch,
Stavropoulos, 2014) 2006): diagram & icon
e (s, Qu)Eries (Zgraggen et
al., 2015)

Most of the diagram-based visual query representation tend to be an extension of
EER diagram, rather than a natural language phrase. Icon-based design often needs an
additional interpretation of the icons to facilitate the users to get started. Because the
interface is highly compressed and simplified by the icon, so it is helpful to have a
general glance of the query, however, it can be also subtle to absorb the meaning.
Therefore, the hybrid of the multiple visualization approaches is fevered to construct the

temporal query.

2. The Second Phase: Result Visualization and Data Exploration

Typical visual query systems in the context of analyzing or visualizing electronic
medical records do not only serve the purpose to enable researchers to obtain the dataset
but also offer dynamically interactive visualizations to help them conduct a further

investigation based on the preliminary results. Variable Time Timeboxes (Keogh,
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Hochheiser & Shneiderman, 2002, Hochheiser & Shneiderman, 2004) enable the user to
draw rectangular query regions on a line chart that represents sequential data over a
certain period once an initial query created. Detailed information will be shown
corresponding the selection. DataPlay (Abouzied, Hellerstein & Silberschatz, 2012)
basically assumes query is constructed in a “trial-and-error” manner, thus it provides an
“auto-correct” feature to facilitate constraint manipulation based on the real-time
feedbacks from the user. DecisionFlow (Gotz & Stavropoulos, 2014) visualizes the
sequential events or milestones associated the initial query in multiple views. Users can
manipulate the baseline representation by the ad hoc creation of temporal pathways using
the statistical comparison panel or the event aggregation panel during the exploration
phase. CAVA system (Zhang, Gotz & Perer, 2015) provides multiple visualization-based
cohort manipulation approaches via varied views such as visual filters, demographic
distributions, clinical pathways, etc., for a given cohort to facilitate an ad hoc exploratory
analysis. In EventAction (Du et al., 2016), the users are observed to benefit from
exploring the correlation between the archived samples and their selection. VISITORS
system (Klimov, Shahar & Taieb-Maimon, 2010) provides a rich knowledge-based
temporal analysis through its two-step iterative loop of the time-oriented patient record
exploration. By offering informative views of aggregated and abstract patient records
with both absolute and relative timeline, the iterative exploration becomes more
meaningful and inspiring. COQUITO (Krause, Perer & Stavropoulos, 2016) offers the
ability for users to select any blocks on the charts, such as treemaps and histogram charts,

to refine the initial query and dynamically obtain the new results.
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All above systems are leveraging some certain interactive visualization to
facilitate either time-oriented data exploration or iterative follow-up query construction
using the knowledge gained from the visual expression. Different systems tend to choose
varied visualization approaches and most of them provide multiple views. Line charts,
histogram, and derived Gantt charts are widely used. However, where the users gain more
inspiration to refine their initial query and how satisfied and confident about the results or

knowledge gained when a new set of data returned is unclear.

2.3 Sequential Visualization and Analysis

The challenges to visualize time-oriented data come from the nature of high-
dimensional data. A good visualization of it should be able to abstract in a reasonable
manner to provide an overview of the time sequence without losing any details or
introduce potential bias when compressing. Timeline or event sequence approach is
frequently used in multiple systems (Bade, Schlechtweg & Miksch, 2004,
Wongsuphasawat et al., 2012, Burch, Beck & Diehl, 2008, Du et al., 2016, Cibulski et al.,
2016). The advantages of this approach are to make it clear for the relatively sequential
order of events in the cohort. However, a large number of events and individuals in the
cohort becomes another challenge. Some systems choose to represent the event sequence
for each individual of the dataset (Bade, Schlechtweg & Miksch, 2004, Wongsuphasawat
etal., 2012, Cibulski et al., 2016), while some aggregate or cluster those based on some
certain measurements (Burch, Beck & Diehl, 2008, Du et al., 2016). Both approaches are
still too outsized to visualize in a single view port, which requires the user to scroll the
screen in order to compare the various sequence of events or individuals. Other

interactive visualization approaches include Sankey diagram (Wongsuphasawat & Gotz,
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2012, Perer & Wang, 2014, Perer, Wang & Hu, 2015, Lex et al., 2011), tree(graph)-based
data and pathway mapping (Partl et al., 2012, Nobre et al., 2017), which enable the user
to interact with the pathways of the sequential events. One of the advantages of this
visualization approach is to link the outcome and alternative prerequisite events.
However, the main challenges those systems are facing in common is to provide effective
pathway integrating approaches and suggest similar pattern from the overwhelming
possible pathways. Additionally, the pathway visualization also losses the timeline
information which is critical in the context of the temporal query and sequential data

exploration.

Additionally, some statistical calculation to define the characteristics of the
selected cohort and how it might be changed in the query refining phase is also useful to
inspire the user towards the direction of a better selection. In order to facilitate sense
making from the data retrieved, merely initial summary calculation, such as average,
maximum and minimum, is not sufficient. Statistical analysis (Wongsuphasawat et al,
2012, Wongsuphasawat & Gotz, 2012, Du et al., 2016, Cibulski et al., 2016) is conducted
on the sequential visualization interface by dynamically interact with the system.
Correlation, significance, and regression analysis are common approaches. In the context
of cohort selection, previous studies have investigated varied way for cohort comparison
or exploration in a visualized manner. DecisionFlow (Gotz & Stavropoulos, 2014)
computes the correlation and odds ratio by comparing the positive and negative support
observed in the associated outcome group. Malik et al., 2015 implements an event
sequence metrics to conduct significance analysis of the selected cohort. Glueck et al,

2017 offers a way to conduct distribution analysis of cross-sectional patient cohorts.
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Most statistical analysis of the above systems is based on the result returned but merely

talk about how a query would relate to the results.
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3 System Description

3.1 Data Design

The dataset used in the system is extracted from the MIMIC-I11 database (Johnson
et al., 2016), a freely accessible critical care database. The dataset contains partial clinical
records such as procedures, admissions, diagnoses and ICU transfers of 1,000 patients.
For each patient, some demographic information such as gender, age, date of birth, and
ethnicity are included in the dataset. An event is defined as a clinical record for a patient
with a time stamp. A series of events such as transferring to the ICU and conducting a
certain procedure would happen to a patient during the period of admission to the
hospital. There are 383,282 events for the 1,000 patients in the dataset. An event must be
associated with a certain event class with an event code uniquely identifies an event type.
There are basically 6 event classes, including admission, ICU stay, procedure, diagnosis,
medication, and mortality. The event distribution of the 6 event classes for those 1,000

patients in the dataset is shown in Figure 4. There are 2,987 different event types.

There are 3 tables in the dataset, attribute table, event table and event dictionary
table. Attribute table contains the demographic information about the patients. Event
table records a series of events ordered by the time stamp of the patients. The event
dictionary table contains the information about the event types associated with the events.
One limitation of the MIMIC 111 database is that a diagnosis event does not have a time

stamp associated with it, which does not reflect the situation in real life. A diagnosis can
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be a conclusion of a series of clinical events, such as lab test, procedures, etc., or an input
of a patient when admitted to a hospital. Because the importance of the diagnosis in terms
of cohort selection and the limitation of the MIMIC Il database, the diagnosis records in

the dataset are assigned with a fake time stamp which is the admission time of the patient
to only show the existence of a certain diagnosis of that patient during a certain

admission period.

254,289 Number of Events
70,402
46,867
5,176 6,076 472
Prescription Admission Diagnosis ICU Stay Procedure Mortality

Figure 4. The number of events of each event class in the dataset

3.2 User Interface Design

The system creatively borrowed the concept of Information Gain for each event
type based on the size of the cohort segmented by the query, which measures how much
“information” an event type gives the users about the segmentation by a given query
(details in the next section). Thus, the potentially “insightful” event types stand out to
assist the query exploration. Additionally, the cohort statistics are aggregated by different
event types before, within and after the time frame defined by the query, which offers the
expecting size of the cohort and outcome information according to where the event type
would be inserted even before the user runs the follow up query (details in the next
section). In this way, it saves a significant amount of time to run potentially ineffective

queries whose cohort size is either too small or even no associated event types
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considering the high dimension and volume of the dataset in real life. Another challenge
due to the complexity of temporal queries is its representation. According to the literature
review, modern systems tend to construct and visualize the query in form-based and
diagram-based representation as well as their hybrids. Diagram-based representation is
more visually appealing, however, the tree diagram to visualize the query logic seems a
little bit unintuitive to interpret without information technology background. To solve the
problem, the system introduced a flowchart-like representation for the query structure

along with a form of attributes and event types associated with the query.

Based on the above considerations, the system is composed of 4 major panels, 3
of which are shown in Figure 5 (panel 1,2,4), while panel 3 is shown in Figure 6. The
initial query has been executed in the backend when the main interface with the results

returned is presented to the users.
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Figure 5. The main interface contains 4 panels, including (1) Information Panel, (2) Query Flow
Panel, (3) Scatter Chart Panel (as shown in Figure 6), (4) Distribution Panel.
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Figure 6. The main interface contains 4 panels, including (1) Information Panel(as shown in
Figure 5), (2) Query Flow Panel(as shown in Figure 5), (3) Scatter Chart Panel, (4) Distribution
Panel(as shown in Figure 5).

3.2.1 Information Panel

The information panel (Figure 5, panel 1) contains the general information about
the cohort results returned by a query. As shown in the example of Figure 5, there are 256
patients and 101,736 events in the cohort. The meaning of the color coding is also shown

here with a button to reset the color to the initial state.

3.2.2  Query Flow Panel

The attributes, event types, and logic of the query are shown in the query flow
panel (Figure 5, panel 2). The demographic constraints are in the column of “attributes in
the query”. The outcome event column contains a special event that the user may want to
take a further look. Instead of showing the query structure in pure text or forms, the
system chose to show it in a flowchart-like representation, which is more intuitive to
interpret. The users can read the query without any perquisite knowledge such as SQL or

database. For example, as shown in Figure 7, the query can be interpreted as “l want the
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patients who were transferred into the ICU at the age between 30 and 60, and then, 5 days

later, the patients were discharged from the hospital or died”.

Beyond 5 day(s) -
| Age between 30 and 60 | D1scha|:g:,;:;?)1;rlcl>m the
ITransferred Into the ICU] ?

| Died In the Hospital |

Figure 7. The logic of the query can be interpreted as “the patients who were transferred into the
ICU at the age between 30 and 60, and then, 5 days later, the patients were discharged from the
hospital or died”.

This flowchart-like representation is also capable to demonstrate more complex
logic, such as the nested structure shown in Figure 8. It is more obvious that in this
example the background block wrapping the basic binary logic between 2 entities works
as a pair of parentheses. The users would naturally recognize the logic within a block
should be completely executed before it can move further. So the query logic in Figure 8
can be interpreted as “l want the patients who were transferred into the ICU at age
between 30 and 60, and then followed a chest X-ray; 5 days later, the patients conducted

a blood culture; Some time after that, the patients were discharged from the hospital or

died”.
= Beyond Discharged
between 2 day(s) S
30 and 60 Chest Blood Hosp-l‘tal
Transferred 3 X-Ray ? Cultured -> '
Into the Died In the
ICU Hospital

Figure 8. The logic of a more complex query can be interpreted as “the patients who were
transferred into the ICU at age between 30 and 60, and then followed a chest X-ray; 5 days later,
the patients conducted a blood culture; Some time after that, the patients were discharged from
the hospital or died”.
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The event type in the query flow panel is clickable to retrieve a list of events that
the patients associated with the clicked event type have in common. To illustrate, as
shown in Figure 9, when the user clicks on an event type, say, “Transferred into the
ICU”, the system will automatically know a list of patients in the cohort who have the
event “Transferred into the ICU” (Figure 9 (a)). Then the system will give back a list of
event types those patients have in common (Figure 9 (b)), in this case, the event type
“Transferred out of the ICU” and “Chest X-Ray”, which is highlighted in orange as
shown in Figure 10 and Figure 11. The bar chart will also change accordingly to reflect

the distribution of outcomes and the age of those patients.
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Figure 9. When the user clicks an event type “Transferred into the ICU” in the Query Flow Panel,
the system automatically knows a list of patients who have this event (a). Then, the system gives
back a list of events without duplicates those patients have in common (b).
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Figure 10. After the process described in Figure 9 has been finished, the system highlights the
event types returned on the interface in orange. Note that all the panels have those event types
returned, including the query flow panel, distribution panel and scatter chart panel (Figure 11),
will be highlighted.
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Figure 11. The event types returned by user’s click will be highlighted in the scatter chart panel.
The bubbles representing each event type before, between or after the time frame is also clickable
to highlight events. The process behind is the same as what will happen when the user clicks an
event type in the query flow panel.

3.2.3 Scatter

Chart Panel

Looking at the scatter chart panel (Figure 6 (3)), there are 3 scatter charts standing

for the event types appear before, within or after the time frame defined by the query

respectively. The x-axis is the number of events, while the y-axis is the Normalized
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Information Gain value. Information Gain (IG) measures how much “information” an
event type gives the users about the segmentation by a given query. The Information
Gain (1G) value is normalized for each event type in order to compare with each other.
Details about the time frame and Information Gain are discussed in the next section. The
bubbles represent different event types. The size of the bubbles is the number of patients,
while the shade of the color represents the number of patients associated with that event
type who also have the outcome event. The darker the more. All bubbles are also
clickable to see the highlighted events. The user can also hover over a bubble to see

detailed statistics about this event type.

3.2.4 Distribution Panel
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Figure 12. The user can search for a particular event type that the patients in the cohort have via
the event name or code. For example, when the user types in 225401, the event type associated
with this code, Blood Cultured, will be circled in the 3 scatter charts if any. The user can also
click the event type searched. In this case, the patients who have event type 225401 also have
event types Transferred into the ICU, Transferred out of the ICU and Chest X-Ray in common.

A nice thing to do is that the user can search for a particular event type that the
patients in the cohort have via the event type name or code. The bubble associated with

that event type will be highlighted in a red circle. For example, if searching for code
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2254017, the event type “Blood Cultured” is circled in all 3 scatter charts. It is obvious
that there is the least number of patients before the time frame defined by the query. Pay
attention that the red circle only appears if there is only one event in the result list here.
The user can also sort the event types by different options. The event type is also

clickable in the distribution panel to see the highlight events.

3.25 An Example Use Case

The main functionalities of the system are described as above, but what users can
do with the system is actually not limited by those. The exploration of the results of the
cohort is very open ended, which would be highly influenced by both the gquality of the
dataset and the initial query. With the expertise in the field of the dataset, the researchers
would interpret the visualization more meaningfully. Here shows an example of the

thought process to come up with some follow-up queries inspired by the system.

As shown in Figure 5, the user, first of all, calibrates the query logic shown in the
query flow panel, which is exactly what she pictured in her mind. Then she reads the
number of patients in the cohort which is 256, among which there are 68 patients with the
outcome event, a diagnosis of congestive heart failure. Well, she is curious about how
many patients in this cohort died in the hospital. She clicks the event type “Died in the
Hospital” and 3 event types are highlighted, including event types “Transferred in/out of
the ICU” and “Chest X-Ray” (Figure 13). It seems that all the patients died had been
rescued in the ICU, which looks normal, but why “Chest X-Ray”? Combined the
outcome number shown in the distribution panel, there are 14 patients who had heart
failure. Does it mean that Chest X-Ray cannot completely diagnose heart disease?

Looking at the scatter chart panel (Figure 14), there is the least number of patients who
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have Chest X-Ray before they were transferred into the ICU, while the greatest number
of both events (2,163 by hovering over) and patients (202 by hovering over) within the
time frame. The user can insert this event type into her follow-up query within the time

frame knowing that there will be 202 patients in her new cohort.

Another interesting thing is that it is approximately true that the more event
number the higher Normalized Information Gain value except some obvious outliers,
such as Transferred in and out of the ICU. Well, in the context of the initial query, she
does not specify a particular event happens during the ICU stay, it is not necessary that a
patient would die if he or she has been transferred into the ICU before, and it is obvious
that all patient would discharge from the hospital no matter what. Therefore, the initial
query is too general to make the event types like ICU stay to be a special indicator of

something, say, it is just like a random cut for these kinds of event types.
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Figure 13. The user clicks event type “Died in the Hospital” in the query flow panel.

Among all the event types, the event type “20 Gauge” has the highest Normalized
Information Gain value, while “Blood Cultured” is the second highest. She searches for

“Blood Cultured” (Figure 9) and it shows that most patients and events are within the
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time frame defined by the query. The user wants a cohort no less than 150 patients,
therefore, she can insert this event type she wants to include in her follow-up query
within the time frame (188 patients known by hovering over) instead of after the time
frame (91 patients known by hovering over) or before the time frame (2 patients known

by hovering over).
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Figure 14. The user switches to the scatter chart panel after clicking the event type “Died in the
Hospital” in the query flow panel. She hovers her mouse over the event type Chest X-Ray to read
detailed statistics about it.
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Figure 15. The result of the new cohort by the refined query.
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After the first round of investigation, the user comes up with a follow-up query
shown in Figure 8. After running the query, the new cohort is presented in Figure 15 and
Figure 16. This time, the Chest X-Ray seems more special (with higher Normalized
Information Gain) than before. The user can iteratively investigate the cohort returned by

the query and refine the initial query to make it more concrete.
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Figure 16. The result of the new cohort by the refined query. This time, the Chest X-Ray has
more Normalized Information Gain, which means it gives more “information” about the
segmentation by this newly refined query.

3.3 System Implementation

3.3.1 Cohort Measurements

The cohort can be simply interpreted as a group of patients who satisfies the
constraints specified by a query. For events of each patient in the cohort, they can be
viewed as an event before, within or after the time frame defined by the query. There are
multiple measurements for a cohort returned by the query, including the number of
events, the number of patients in total, with and without the outcome event, etc. On top of

those counters, we introduced an indicator of an event type called Normalized
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Information Gain to show how much “information” this event type gives the user by a
query.

1) Time Frame

For one patient, he or she would have a lot of medical events, such as diagnoses
and procedures, happen in sequence. For example, a researcher wants a cohort of patients
who admitted to the ICU, followed an invasive ventilation procedure and eventually
transferred out of the ICU (shown in Figure 17(a)). In this query, there are 3 events. The
first event is “admitted to ICU” (Figure 17(a)(1)), “invasive ventilation” as the
second(Figure 17(a)(2)), while “transferred out of the ICU” is the last(Figure 17(a)(3)).
In this case, the time frame defined by the query is from the first event(Figure 17(a)(1)
to the last event(Figure 17(a)(3)) in the query. Before, within and after the time frame are
defined accordingly. An outcome event (Figure 17, green bubble) is a special event the

user wants to see if the patients in the cohort have or not.

. Outcome event: Congestive heart failure (a) Eventsin the query

Admitted
toICcU (1)

Transferre
d out of
ICU 3

Invasive
ventilation
@

. Some other events

Before Within After

Time Frame defined by the query

Admitted Invasive Transferre
toICU ) vent_!l?tlon d outff
@ Icu@
time

Figure 17. (a) a query contains 3 events in a specified order. (b) the time frame defined by the
query is from the first event to the last event of the query. Before, within and after the time frame
are defined accordingly.

s



29

There are a lot of patients in the dataset, while only the patients meet the
constraints of the query will be in the cohort. Not everyone in the cohort must have the

outcome event. The outcome event can appear before, within or after the time frame.
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Figure 18. Only the patients meet the constraints of the query will be in the cohort. Note that not
all of them have the outcome event, for example, the patient represented as a yellow icon.
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2) Normalized Information Gain

In order to show how different event types might inspire the user to refine the
initial query, the concept of Information Gain (IG) in Information Science field is
introduced into the system. Information gain (IG) measures how much “information” an
event type gives the user about the segmentation by a given query. It measures the
reduction in the impurity in an arbitrary collection of events. To illustrate, for a certain
event type X (for example, procedure chest X-ray), the patients in the dataset can either
have it or not (as shown in Figure 19(a)). p is defined as the proportion of patients who

have this event type X in a certain set of patients, while g is the proportion of those
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without the event type X. With a certain query, the patients in the dataset will be
segmented into 2 categories, the ones in the cohort and the ones not in the cohort. Some
patients with the event type X will appear in the cohort, while some will not because they

do not satisfy the constraints defined by the query.

(a) All patientsin the dataset
[ Patients with event type X

. | Patientswithout event type X

A query

(b) Patientsin tWNatients not in the cohort

Figure 19. (a)For all the patients in the dataset, some of them have event type X, while the others

do not. The patients in the dataset are divided into 2 groups, the ones in the cohort(b) and the ones
not in the cohort(c). Some patients with the event type X will appear in the cohort(b), while some
will not because they do not satisfy the constraints defined by the query.

For each event type, the entropy H (S) of a set of patients S is described as the
impurity of a set of patients who have that event type. If the all the patients in the cohort
have a certain event type X, then this set of patients is absolutely pure in terms of event

type X.

H(S) = —plog,p— qlog, q

The Information Gain (IGepent type) 1S defined associated with the entropy of 3

sets of patients (Figure 19 (a), (b), (c)).

[Gepent type = H(A) — P(in cohort) - H(B) — P(not in cohort) - H(C)
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In order to compare the Information Gain (/Gepent type) Value of different event
types, the IGeypent type is normalized as the best “information” it can gain out of the
original dataset. Therefore, the Normalized Information Gain (N1G¢pent type) in the
context of this system is defined as,

NIGepent type = W

Therefore, a perfect Normalized Information Gain will be obtained when all and
only the patients with an event type X appear in the cohort by a powerful query, while a
lowest Normalized Information Gain if the segmentation seems nothing special, just like

an arbitrary cut.
3) Counters

Other measurements of a cohort include some basic statistics of the patients and
the events within the cohort returned by the query. The numbers of patient or events are
either global to a certain event type or local to a period, say before, within or after the

time frame defined by the query, of that event type.

Table 2. Basic statistics of a cohort

Counter of... Where
Patient e The cohort returned by the e The entire cohort
number query e Before/within/after the time
frame defined by the query
e With/without the outcome e The entire cohort
event
Event e The cohort returned by the e The entire cohort
number query e Before/within/after the time
frame defined by the query
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3.3.2  Visual Query Algorithm

As discussed in the second chapter, there are basically 2 major approaches applied
by previous studies to implement the temporal query, either develop its own data
structure and algorithm or translate it into SQL to manipulate the database. As pointed by
Krause, Perer & Stavropoulos (2016), it is more complicated to build SQL statement
from a linear structured visual query, not to mention a more complicated and nested

query logic as described above.

In the project, the visual query algorithm applied the first approach. The algorithm
is inspired by the mechanism of the query optimizer of model database management
systems. The basic idea is to translate a JSON object with the information about the query
that constructed from the front-end to a binary query tree. Then, the system conducts an
in-order traversal through the binary query tree reclusively to execute the query logic
represented by different relationships, such as “OR”, “AND”, “THEN”, “THEN
WITHIN” and “THEN BEYOND”. Because the time frame defined by the query is
critical in the context of this system, the algorithm should record the start event id as well

as the end event id for each patient while traversing the query tree.

One of the challenges for the query executer is to handle any arbitrarily complex
query structure and logic, such as nested query structure, the age when a specific event
happens, events happen after an absolute date, and patients with some specific
demographic characteristics. To see if a patient satisfies a particular demographic
characteristic is relatively easy, which can be known even before the executer touch the
query tree by searching into the attribute table for the patient. If the patient does not

satisfy the constraint, then he or she will be immediately eliminated from the cohort. If
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the patient satisfies the demographic constraint, the executer will need to use the query
tree to see if his or her event sequence is qualified. To illustrate the mechanism of the
query tree, the query tree of the query in Figure 7 can be seen as Figure 20. The node of
the query tree should be a relationship (“OR”, “AND”, “THEN”, “THEN WITHIN” and
“THEN BEYOND?”), an event type (for example, “Transferred into the ICU”), or an
attribute (for example, age between 30 and 60). The relationship node cannot be a leaf

node, while the event type and attribute node can only be the leaf node.

When the executer traverses the query tree for each patient, it will qualify if the
event sequence of a patient satisfies the constraints defined by the query tree. To
illustrate, for each patient, the executer will firstly qualify he or she has an event type
“Transferred into the ICU” at the age between 30 and 60. If yes, then executer will
traverse further to the relationship node “THEN BEYOND”, and go to the event 5 days
after where it finds “Transferred into the ICU”; and from there, the executer will traverse
to Figure 20 (c) and find if there is an event type “Discharged from the hospital” after
where the executer finds the event 5 days after Figure 20 (b); and if yes, the executer will
ignore Figure 20 (d) because the relationship between Figure 20 (c) and Figure 20 (d) is
“OR”; and if no, the executer will start from where it finds the event 5 days after Figure
20 (b) again to see if the event type “Died in the hospital” exists afterwards; and last, if
the all the constraints are satisfied, then the executer will put this qualified patient into the

cohort and go through the above process again for the next patient.
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THEN_BEYOND (5 days)

///\

AND OR

(a) (b) (c) (d)
AGE between Transferred Discharged from Died in the
30-60 into the ICU the hospital hospital
Figure 20. The query logic in Figure 7 can be translated by the executer into a binary tree, where
the leaf nodes are the event types and attribute and the non-leaf nodes are the relationships.

For a query starts from a particular date, the query tree traversal logic is the same,
except one difference to locate the event to start traversing by conducting a binary search
via the date specified into the event sequence of the patient that the executer is dealing

with. Then, from there, the executer can do the rest of traversal work.

The main challenge of the algorithm is the speed. Unlike normal SQL statement
to locate a list of attributes that satisfy some constraints, the temporal query is required to
satisfy a specific sequence of constraints additionally. Therefore, the best time
complexity is O(N), where N is the number of items in the dataset. To get as close to this
speed as possible, the event table is pre-sorted by patient id and time stamp. The

efficiency goal of the algorithm is that try best to go through the event table once.

A na'we thought is to go through each event for each patient one by one to see if
the event order of a patient matches the event order specified by the query. This idea
works except for the “OR” operator. When there is an “OR” in the query, we have to go
through the event list for a patient again when the first constrains of “OR” does not meet.
To solve this, an event cache is used internally to record the event types have seen during
the first round of event list traversal. When the executer sees an “OR” in the query tree, it
will try to find the second constraint associated with this “OR” only the first matching

fails. If the first matching fails, the executer will first of all check the event cache if it has
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seen this second constraint before; if none, the executer will go through the rest of the

events from the current event id has seen.

Key: Event Type
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Figure 21. The executer records the event indexes into a list associated with an event type when it
firstly sees an event of a patient. Because of the logic of the query, the executer needs to once
again go through the events of this patient and the event index it currently sees is 10 and the event
type is et,, then the executer will use the key et, to locate a list of event indexes it has seen
before and conduct binary search into that list to find event index 10.

To further illustrate the event cache, it is an internal hash map for each patient
where the key is the event type and the value is a list of event indexes of the patient
(Figure 21). When the executer sees a new event for a patient, it will firstly put the event
type associated with that event into this cache and add the event index at the end of the
list associated with that event type. Because the events for each patient is pre-sorted by
the time stamp, therefore, the event indexes are guaranteed in chronological order. Hence,
for the next time when the executer needs to find a particular event type et,, it can
conduct a binary search using the current event id into the event index list which is
located by et,.. This event cache is also useful to record the number of events by each
event type in the cohort. The executer does not have to count the events by event type
again after finding out which patient is in the cohort. After using the event cache, the time

complexity of the visual query executer is O (N log M), where N is the number of events
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in the dataset and M is the number of events of the same event type for one patient. Since
M < N and M is usually very small, so the time complexity in general very close to

O(N).

Other operators, such as “AND”, “THEN”, “THEN WITHIN” and “THEN
BEYOND? can also use this event cache to quickly locate an event index the executer
has seen before. However, the behavior to go through the events for each patient is
slightly different. The main idea is to let the executer know the 2 important event
indexes: where the last logic block ends (end. ), and where the current logic block is
dealing with should start from (start,, ). Different operators apply different searching
behaviors as shown in Figure 22. The start point of searching will be changed to where it
ends for the previous logic block only when dealing with sequential operators, such as
“THEN”, “THEN WITHIN” and “THEN BEYOND”. Additionally, for operators “THEN
WITHIN” and “THEN BEYOND?, the executer will further qualify the event sequence
with the duration of days specified. The start point of searching for operators “OR” and

“AND?” is the position revised by the previous sequential operator.

THEN_BEYOND (5 days)

_______________

+10 days

Figure 22. For each patient, start,,, is the first event of traversal. When the executer traverses to
et,, the start point is still start,,, since no sequential operators before. When traversing to ets,
the start point is changed to where it find et, which is end,.,. Additionally, the executer should
find the event type et; within 10 days after end,, or the executer will return false for this
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patient. When traversing to et,, the starting point is changed to 5 days after end,, since there is

a “THEN_BEYOND?” operator before. The executer will continuously searching for ets and etq
starting from start,,, and last, it will search for et; starting from end,, since the operator is
“THEN”.

The last, not the least challenge is to return a well-structured cohort after
executing the query. The cohort not only contains a list of patients associated with the
event types they have but also contains different counters for both events and patients
before, within and after the time frame defined by the query. Furthermore, the counters of
patients are needed for calculating the Normalized Information Gain for each event type.
All the counters also follow the efficiency principle “go through event table once”. For
example, the outcome event flag for each patient is modified in real time while traversal
and the event counter only counts the rest of events that not have been seen by the

executer before it returns true for a patient in the cohort.

3.3.3 Query Flow Visualization

The query flow diagram shown in Figure 7 and Figure 8 is constructed from a
JSON object describing the query structure, which is also the input of the query executer
discussed above. The implementation is derived from Dr. David Gotz’, while the main
difference is the usage of CSS to highlight the nested structures and sequential
relationship. The basic idea of the implementation is to traverse the JSON object
recursively and apply standardized CSS for different node types. To illustrate, for each
relationship node, such as “OR”, “AND”, “THEN”, “THEN WITHIN” and “THEN

BEYOND?”, its 2 children and itself are contained in a flex box*. For “OR” and “AND”

! Flex box is designed as a one-dimensional layout model, and as a method that could offer space
distribution between items in an interface and powerful alignment capabilities. Refer
https://developer.mozilla.org/en-

US/docs/Web/CSS/CSS_Flexible Box_Layout/Basic_Concepts_of Flexbox for details.



https://developer.mozilla.org/en-US/docs/Web/CSS/CSS_Flexible_Box_Layout/Basic_Concepts_of_Flexbox
https://developer.mozilla.org/en-US/docs/Web/CSS/CSS_Flexible_Box_Layout/Basic_Concepts_of_Flexbox
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relationship, the flex direction is vertical, while for “THEN”, “THEN WITHIN” and
“THEN BEYOND?”, the flex direction is horizontal (Figure 23). The duration information
for “THEN WITHIN” or “THEN BEYOND?” is attached to an arrow that separates its 2
children. A semi-transparent gray background is applied for each logic block (an operator
with its 2 children), indicating the logic operation should be completely executed before
it can go to the next logic block. The function of the semi-transparent gray background
for each logic block works similar to a pair of parentheses in any formula or equation, but

it is visually intuitive to read. Any complex query structure can be represented in this

simple way.
Label 4
Within 70
Label | ¢ | Label | geyondaso Label 5
1 e 2 days
3
Label 3 La:Del - La|2:>el

Figure 23. In a complex query structure, the nested logic blocks are highlighted by the semi-
transparent gray background, works similarly to a pair of parentheses in any formula or equation.
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4 Case Study

In order to investigate the effectiveness of the visual query system to facilitate
obtaining ideas about a follow-up query based on the result of the initial one, an
evaluation study with a semi-structured post interview was conducted to understand
users’ behaviors, cognitive and affective factors during the interaction of the visualization
interface. Quantitative data about the accuracy and time was collected in the evaluation
experiment and notes were taken to construct necessary follow-up questions for the semi-
structured post interview about the hesitation, confusion or any questions during the
experiment. Qualitative data was gathered from the think aloud dialogue, post-session
interview and questionnaires to further understand user’s concerns, interests, satisfaction,

and feedbacks.

4.1 Participants and Settings

The newly developed visual query system is targeting to solve a real problem that
current i2b2 users encountered normally. An initial pilot study shows that users find it
hard to refine the query, even though they know the original cohort is not ideal or desired,
the system does not provide any assistance to point the users to a “better”” direction, not to
mention having any dynamical interaction with the refined result. Therefore, to see how
or whether the new system helps the current users to achieve their goals and gain insight
from the query results can be valuable to evaluate the effectiveness of the system and

improve the features if needed.
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The current cohort selection system (i2b2) does not have a strictly comparable
function to enable temporal query refining and initial data exploration. Therefore, the
participants need to be the i2b2 system's user, who at least have a basic understanding of
the capabilities and functions in terms of cohort selection, so that they are able to
compare the new features of the system designed and provide useful feedbacks after they

complete a series of tasks.

Three participants in different medical related research areas were recruited for
the case study. A pre-study survey was sent to each participant to understand their
previous experience with the i2b2 system. Two of them had used its function called
“Define the Sequence of Events” but found it really frustrating to build a temporal query
due to the efficiency concerns and complicated process of both the query
construction/execution phase and the result exploration phase. The initial queries for the
experiment were pre-defined by the study moderator based on the research areas of two
of the participants and their example queries used in the i2b2 system, which was gathered

from a pre-study questionnaire.

Table 3. Experiment queries pre-defined based on the research area and example query
provided by the participants

Participant Research Area Initial Query
. . Complex quer
1 Health Services Research in epidemiology P . a . Y
represented in Figure 24
5 Cardiology, nephrology, abdominal Easy query represented in
transplant surgery Figure 25

3 Health Services Research in chronic disease No relevant query
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* GENDER: Male * MIMICIII_Diagnose_ICD9 | 486 * MIMICIII_Prescription | CIPR4ADOPM
Pneumonia, organism unspecified Ciprofloxacin

ICUSTAY | 1 Transferred Into the ICU

MIMICIII_procedureevents_mv |

225401 Blood Cultured

MIMICIII_procedureevents_mv |

225454 Urine Culture

ADMISSION | 2 Discharged From the

Hospital

MORTALITY | 1 Died In the Hospital

Age Within Discharged
bt-:tw:-;c-zsn7 18 — . Blood d 3(.'(' ) From the
an ransferre Cultured BYAS Hospital
- q Into the 4 e e
Pneumc_)ma, IcU Urine Died In
organism Culture the
unspecified Hospital

Figure 24. A relatively complex query structure associated with participant 1’s research area was
given to all participants.

* GENDER: Male * MIMICII_Diagnose_ICDS | 5845 Acute * MIMICIII_Diagnose_ICD9 | EB782
kidney failure with lesion of tubular Surgical operation with anastomosis,
necrosis bypass, or graft, with natural or

o |CUSTAY | 1 Transferred Into the ICU artificial tissues used as implant
o MIMICIII_procedureevents_mv | causing abnormal patient reaction, or
225441 Hemodialysis later complication, without mention of

misadventure at time of operation

Acute kidney failure Within 30 day(s)
Date:2100- X .
01-01 Q with lesion of tubular élTransferred Into the ICUI e Hemodialysis
necrosis

Figure 25. A relatively easy query structure associated with participant 2’s research area was
given to all participants.

Accordingly, three test cases were created based on the query assignment as
shown in Table 4. Participant 1 received a complex query that is somehow related to

his/her research area, while participant 2 received an easy relevant query with his/her
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research area. Both of the initial queries are not directly relevant to participant 3’s

research areas.

Table 4. Experiment queries assigned to each participant with three test cases created

Session

Participant 1

Participant 2

Participant 3

Relevance | Complexity | Relevance | Complexity | Relevance | Complexity
1 Less Easy More Easy Less Easy
More Complex Less Complex Less Complex

4.2 Testing Procedure

The study took approximately 60 minutes per session. In the first 15 minutes, the

moderator helped the participant get used to the interface by going through the process of

conducting data exploration and refining a query based on the results shown on the

interface. Each panel and feature of the system was explained by the moderator.

Participants were allowed to ask questions during this onboarding session. The

participants were asked to complete a small number of simple oral tests about the

meaning of the interface to measure their learning progress. When the participants were

comfortable with using the system, the testing phase began.

The participants were asked to perform 2 sessions of tasks with 8 tasks in each

session (see all tasks of the 2 sessions in appendix A). The participants were asked to

read each task and think aloud during each session. A screen recording application was

used to record the entire testing phase. The tasks were arranged from easy to hard and

followed a regular process to refine a query based on the results shown. Task 1 was to

interpret the meaning of the initial query pre-defined. Task 2 to 5 were focused on the

main functions of the system, including reading statistics about the cohort and
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investigating related event types. Task 6 to 8 were designed to be open-ended to see how
the system helped the user gain an idea of their follow-up queries. For task 2 to 5, a timer
was triggered after reading the question by the participant till they went to the next

question. The participants were asked to write down the answers on the answer sheet.

After the participants completed all the tasks, the post-session survey (see post-
session survey in appendix B) and a semi-structured interview were followed. In the post-
session survey, the participants were required to answer 7-point Likert scale subjective
questions about the experience of interacting with the system. Then, a semi-structured
interview was conducted to further investigate why they felt in a certain way as well as
the reason behind their behaviors. One of the questions asked was associated with their
previous experience with the i2b2 system to issue a follow up query based on an initial
one. The initial query presented was similar to one of the queries that he or she just
completed in the test. The reason why the query is not exactly the same one was trying to
reduce the learning effect through the test the participant just took. This question was for
refreshing their memory to refine queries using the i2b2 system in order to understand the

advantages or disadvantages of the new system.

4.3 Results and Discussion

Overall, the participants answered 67 out of 72 questions of task 1 to 5 correctly.
The overall accuracy was 93%. One of the participants strongly agreed it was easy to gain
an idea to refine the query using the system, while two of them felt somewhat agree.

Some critical observations were found through the case study.
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1. Learning effect of the system was observed for those who were somehow familiar
with the research question defined by the initial query, while it was overall hard for

someone not in the research context.

According to the result, for participant 1 and 2, their performance (number or
correct answer per second) was significantly improved in session 2 (Figure 26). For
example, for participant 1 who reported very familiar with the research concepts of both
sessions, actually, answered the questions all correctly with significant improvement on
time in session 2. The participant 2 had three wrong answers in session 1 but corrected
him/herself in the session 2 when getting more familiar with the interface. However, for
participant 3, who reported slightly familiar with the research context, was almost not
improved at all by constantly questioning about the research question defined by the
initial query and not even felt confident about what she/he was looking at even though

she/he had got the right answer in the first place.

Task Accuracy per Second of Different Sessions
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Figure 26. For participant 1 and 2, they got significantly improved in terms of the correctness per
second, while participant 3 almost not improved at all.

2. The size of the cohort was the main concern in the query selection phase.
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Throughout the study, it was observed for all participants that they seemed to pay
more attention to the number of patients instead of other numbers, such as the number of
events, the confused percentage information or the Normalized Information Gain value.
The cohort size was also one of the reasons to refine their initial query using the current
12b2 system. So when reading different counters associated with an event type, it was too
overwhelming for them to filter through the “unnecessary” information. Most of the
times, they had to read the detailed statistics about an event type for several times by
hovering over the bubble (see Figure 27) again and again thinking the information needed
should be there but just had missed it. One of the participants pointed out that the size of
the bubble (representing the number of the patients) is the most important and helpful
aspect to look at when exploring the data, which would give him/her a direct clue about
the expecting cohort size. However, it was also observed a lot of confusion about the
patient number associated with the time frame concept. All of the participants bought in
to the time frame concept quickly, but when dealing with the real data, all of them
intended to add the patient number for one event type across different time periods when
exploring instead of looking at the “Total Patients with the Event Type” when hovering
over it. Technically, simply adding the number is not correct which would involve double
counting, while conceptually it was what the users internalized about the relationship

between parts and whole, which the system should align with.
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MIMICII_procedureevents_mv | 225459 Chest X-Ray

THE QUERY TIME FRAME
Number of Patients 202 (100.00% of patients with this event type)
Mumber of Events 2163 (68.95% of events of this event type)
EVENT STATISTICS OF THE COHORT

Total Patients with the Event Type 56 (82.35% of patients with the outcome,
and the Outcome 21.88% of all patients in cohort)

Total Patients with the Event Type 202 (78.91% of all patients in the cohort)
Total Events of the Event Type 3137 (3.08% of all events in the cohort)
Normalized Information Gain 0.00%

matiantc nnmihar chadas Aatrarns nomahar

Figure 27. Detailed statistics associated with an event type when hovering over a bubble.

3. Time frame concept was helpful for the temporal query but better filtering needed.

Task 3 to 5 were designed to explore the data associated with the time frame
concepts to different extents. Task 3 and task 4 were associated with a specific time
period, while task 5 was required to interact across different time frames. As shown in
Figure 28, the accuracy per second of task 3 to 5 is significantly lower than task 2, which
only requires directly reading from the interface. For task 3 to 5, although participants
could gain the same answer through multiple paths, because of the difficulties of
interpreting the color coding and transition of the scatter chart panel and distribution
panel, all the participants had to try different paths to confirm their understanding
repeatedly. This might be the reason why the Likert scores associated with the color
coding and interface changing of those two panels are the lowest (Figure 29). A normal
use case for the query time frame is to locate an event type to see if it exists before,
within or after the time frame and the expecting cohort size in order to determine where
to insert in the follow-up query. The participants all had a big picture of the necessary

steps for the above use case, however, it often seemed hard for them to sift through all the
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event types and make the linkage between different panels. For example, for task 5,
which gained the highest wrong answers, it involved clicking, hovering, searching actions
in both scatter chart panel and distribution panel. In order to see related event types,
typically, the users need to scroll down the event table to see all of them. Additionally, to
check if a particular event type is related to the previously searched one, the users need to
locate the new interested event type again to see if it is highlighted in orange or they have
to scroll the event table until they can find it. All the above steps are too complicated

especially when the event types are high dimensional.

Accuracy per Second for Task 2 - 5
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Figure 28. The accuracy per second of task 3 to 5 is significantly lower than task 2.

Despites the above flaws, the time frame concept was highly appreciated by the
participants in terms of query constructing or refining. For example, one of the
participants mentioned that his/her research often required to restrict the clinical events in
a specific health care service admission period, however, the current system did not offer
any information about that. She/he had no confidence if the patients in the cohort were
fully qualified until they gained the data or even after recruiting that patient only to know
he/she actually was a useless case for the research. Also, one of the participants found the

system was helpful because it showed if there were some specific events associated with
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a large group of patients beyond the time frame defined by the query. The participant
mentioned, for instance, a researcher got a small cohort size by limiting the events in a
particular health care service admission period, unfortunately. However, he/she would
never know there were actually a lot of those events or a larger cohort size during some
other period of time using the current i2b2 system. They had to count on their luck to
guess or enlarge the cohort by loosening their constraints knowing they would need to sift

the actually qualified patients later.

4. The query flow was helpful to visualize the underlining query logic and intuitive to

understand and build upon.

All the participants interpreted the meaning of the pre-defined initial query
precisely and felt relatively easy to understand (Figure 29). None of them messed up the
nested relationships between different event types even though the logic was more
complex than the training example and the moderator did not mention the meaning of the
nested wrapper background. It was also observed that two of the participants represented
their follow-up queries using a similar way versus the one on the query flow panel.
Additionally, two of the participants mentioned it would be more interesting if they could
manipulate the query logic using the system. One of the participants pointed out the
current i2b2 system seldom tells the users what it was doing about the query and the users
were very confident regarding how to define a query to meet their needs. By this kind of
visual representation, this participant felt more confident that the patients returned by a
query would definitely have the specific events during a particular health care service

admission period defined.
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Another interesting suggestion by one of the participants was the query
evolvement during the cohort selection phase. The participant mentioned he/she would
normally include or exclude some constraints iteratively until he/she felt confident about
the cohort. The current approach he/she was applying using the i2b2 system was through
the naming of the query he/she issued for a given research, although it would be hard to
maintain and recognize for a long term. This participant suggested it would be helpful to
not only show the logic of an individual query but also revealing the evolvement of the

initial query.

5. Three aspects highly impacted the follow-up queries: domain expertise, expecting

cohort size, Normalized Information Gain.

In terms of the query refining, the scatter chart panel and the distribution panel are
the main areas that helped the participants to gain their ideas. Even though the
participants found it was helpful to use the system to refine the initial query, they were
obviously hindered by the usability issues of those two panels discussed above. Three
aspects highly impacted their follow-up queries: (1) domian expertise, (2) the expected

size of the cohort, and (3) the Information Gain value.

Domain expertise. The initial queries were somehow related to the research areas
of participant 1 and 2, therefore, it seemed relatively easy for participant 1 and 2 to
internalize the terms and concepts to quickly come up with something they planned to do
next, while participant 3 had a hard time to make sense about what he/she was looking

for.
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The expected size of the cohort. It was observed that the participants were trying
to locate the events they were specifically interested in or within their research domain
based on the size of the bubble (the number of the patients) or the top events in the event

table (the ones with more patients associated with).

Information Gain. It was observed that the participants tend to scan the events
from the top of the scatter chart (the ones with higher Normalized Information Gain
value), if it fell into his/her research domain with a large cohort size, the participants tend

to be willing to take a further look.

Average Likert Score of Interacting with the System

il[Illll[[

Gain ideas Helpfulness Ease about Interestin Interestin

Query flow  Scatter  Distributio Informatio Color Interface . R . . R
R A of refining of detailed thetime emphasize deemphasi
panel  chart panel n panel n panel coding changing .
query statistics frame d events zed events
Mean 5.7 4.0 4.3 6.0 33 4.3 5.7 5.7 5.0 5.0 4.7

Figure 29. Likert scores of the post-session survey. The blue points represent the ease of
interpreting different panels; the orange points represent the interface design associated with color
coding and transition; the green points represent the usefulness in terms of refining the initial
query.

It was also mentioned by all the participants that the term “Information Gain” was
hard to interpret when refining the query. One of the participants pointed out that the
system did not have to show this term but just suggest the events with higher values. It
might be helpful let the users determine which events to select without seeing a new term

or concept.
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6. Complexity and efficiency concerns are main barriers to refine a query.

When talking about the main barriers to refine a query using the i2b2 system, all
the participants mentioned the complexity and efficiency concerns. Sometimes, they felt
very frustrated when it took an entire day to run a query only to know 0 patients
qualified. One of the participants said he/she was hesitated to run temporal queries, which
would normally take more time and, unfortunately, exclude a lot potentially qualified
patients by some uncritical temporal constraints, such as starting from some date.
Usually, they could not know what the problems their queries had or how they would
make their cohort better (in terms of the size). The common solution found by the
participants was only to use normal constraints to get a large cohort size and sift through
the subset later locally, which also costed a lot of efforts. However, for some situations,
the temporal constraints are necessary to ensure, for instance, the clinical events of the
patients within a specific health care service admission period. The enlarged subset of
cases like that would be too large without the temporal constraints. The system would be
a lot premium it can be more efficient and provide clues to gain the expecting cohort by

manipulating the query logic easily.
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5 Conclusion and Future Work

The paper described a newly designed visual query system in order to help the
users to refine the initial query to select a satisfactory cohort for a given study. The
project implemented a visual query algorithm that enables an arbitrary temporal query
that involves more complex logic, such as nested sequential order with a time interval.
Then it investigated the visual design choices for sequential events with some certain
level of abstraction and simplification as well as breaking the information horizon limited
by the time window defined by the query. Last, not the least, the project conducted a case
study with 3 participants in medical related research areas to evaluate the user experience
interacting with the different panels provided by the system and answered how the
system helped them gain the ideas about the follow-up query. The system, especially the
query time frame concept and temporal query representation introduced by the project,
was observed overall helpful to refine an initial temporal query shown in the case study

with a 93% task performance accuracy.

The user behaviors when refining the query analyzed also help shape the future of
the system. Usability improvements include 1) the ability to let the users select which
statistics about the cohort to see associated with an event type; 2) multi-faceted filtering
function to enable users to locate interested and related event types; 3) more interactive
and intuitive color coding and transition to help the users to see the linkage between

different panels when exploring. A challenge to solve the usability issues caused by the
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nature of high-dimensional dataset is to show the event types in all categories (not only
procedures) such as medications and diagnosis effectively and concisely across different
time frames without introducing any potential bias by truncating the dataset.
Additionally, according to the query refining behaviors observed in the case study, the
system should also explore other visualization choices associated with the query time
frame and corresponding cohort size to align with users’ sense-making practice about
parts and whole. Last, not the least, features such as the query logic manipulating
function associated with the query time frame and query evolvement representation

should be considered to form a more comprehensive version of the system.

The case study only involved 3 participants and all the observations and data
gathered were based on their own experience. All cognitive and affective measures (easy
or difficult) were based on their subjective experience without significance analysis
support. Therefore, a further study based on a larger sample volume will be needed in

order to generalize the findings.
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7 Appendices

7.1 Appendix A: Experimental Tasks

Session 1
Question 1: Describe the query shown on the interface?
(Oral response)

Question 2: (1) How many patients are there in this cohort? (2) How many patients in the

cohort have the outcome event?

Question 3: (1) Is there an event type 225401 Blood Cultured after the time frame defined
by the query? (2) How many patients have that event type after the time frame defined by

the query? (3) How many patients are there in total that have this event type?

Question 4: (1) What is the procedure event type name within the time frame defined by
the query that has the HIGHEST Normalized Information Gain value? (2) What
percentage of all the patients in the cohort have the above event type as well as the
outcome event?

Question 5: (1) Is there an event type 224270 Dialysis Catheter that exists in all time
periods (before, within and after the time frame defined by the query)? @) If yes, how

many patients have this event type in total whose age is between 39 and 52? (3) And Is
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there an event type 225802 Dialysis - CRRT that the patients with the above event type
have in common? @) If (3) is yes, how many patients in total have the event type 225802
Dialysis - CRRT?

Question 6: You can play with the interface for a little while and answer: which event(s)

attract your attention the most and you might want to take a further look? Please write

down at least one event name or code.

Question 7: You want to construct a follow-up query based on the results of the initial
query shown on the screen, what is the follow-up query? You can describe in text or draw

a chart like the one on the interface.

Question 8: Where the idea that helps you construct the follow-up query above mainly

comes from? (please check all that apply)

Session 2
Question 1: Describe the query shown on the interface?
(Oral response)

Question 2: (1) How many patients are there in this cohort? (2) How many patients in the

cohort have the outcome event?

Question 3: (1) Is there an event type 225454 Urine Culture before the time frame defined
by the query? (2) How many patients have that event type within the time frame defined

by the query? (3) How many patients are there in total that have this event type?
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Question 4: (1) What is the procedure event type name within the time frame defined by
the query that has the HIGHEST Normalized Information Gain value? (2) What
percentage of all the patients in the cohort have the above event type as well as the
outcome event?

Question 5: (1) Is there an event type 225400 Bronchoscopy that exists in all time periods
(before, within and after the time frame defined by the query)? @) If yes, how many
patients have this event type in total whose age is between 34 and 48? (3) And is there an

event type VANC1F Vancomycin HCI that the patients with the above event type have in

common? 4 If (3 is yes, how many patients in total have the event type VANC1F

Vancomycin HCI?

Question 6: You can play with the interface for a little while and answer: which event(s)
attract your attention the most and you might want to take a further look? Please write

down at least one event name or code.

Question 7: You want to construct a follow-up query based on the results of the initial
query shown on the screen, what is the follow-up query? You can describe in text or draw

a chart like the one on the interface.

Question 8: Where the idea that helps you construct the follow-up query above mainly

comes from? (please check all that apply)

7.2 Appendix B: Post-session Survey

1. How familiar with the concepts, terms, or areas that shown in the session 1?
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Not familiar at
all

Slightly
familiar

Moderately
familiar

Very familiar

Extremely
familiar

2. How familiar with the concepts, terms, or areas that shown in the session 2?

Not familiar at Slightly Moderately Very familiar Extremely
all familiar familiar familiar
3. Itis overall easy to interpret the meaning of the Query Flow panel (7).
Strongly Somewhat Neither Somewhat . Strongly
Agree agree nor . Disagree .
agree agree di disagree disagree
isagree
4. ltis overall easy to interpret the meaning of the Scatter Chart panel 2.
Strongly Somewhat Neither Somewhat . Strongly
Agree agree nor . Disagree .
agree agree di disagree disagree
isagree
5. Itis overall easy to interpret the meaning of the Distribution panel (3).
Strongly Somewhat Neither Somewhat . Strongly
Agree agree nor . Disagree .
agree agree di disagree disagree
isagree
6. Itisoverall easy to interpret the meaning of the Information panel 4.
Strongly Somewhat Neither Somewhat . Strongly
Agree agree nor . Disagree :
agree agree di disagree disagree
isagree
7. ltis overall easy to understand the meaning of the color coding on the interface.
Neither
Strongly Agree Somewhat agree nor So_mewhat Disagree S'_[rongly
agree agree disagree disagree disagree
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8. Itis overall easy to identify where the interface changed when selecting an event.

Strongly
agree

Agree

Somewhat
agree

Neither
agree nor
disagree

Somewhat
disagree

Disagree

Strongly
disagree

Compared with your previous experience using i2b2 to refine an initial query, select the

option that is the most appropriate to you.

9. Itis overall easy to use the system to help me gain ideas about refining the query.

Neither
Strongly Agree Somewhat agree nor So_mewhat Disagree S'_[rongly
agree agree disagree disagree disagree

10. It is overall helpful to see the detailed statistics about the events and patients of the

cohort.

Neither
Strongly Agree Somewhat agree nor So.mewhat Disagree SFroneg
agree agree disagree disagree disagree

11. It is overall easy to find the event types and see the detailed statistics across different

time periods (before, within, and after the time frame defined by the query).

Strongly
agree

Agree

Somewhat
agree

Neither
agree nor
disagree

Somewhat
disagree

Disagree

Strongly
disagree

12. It would be interesting to further investigate the emphasized event types (e.g. the ones

with higher Normalized Information Gain, in a darker color, larger in size, changed to

orange, highlighted in a red circle, in a higher rank, etc.).

Strongly
agree

Agree

Somewhat
agree

Neither
agree nor
disagree

Somewhat
disagree

Disagree

Strongly
disagree
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13. It would be interesting to further investigate the deemphasized event types (e.g. the

ones with lower Normalized Information Gain, in a lighter color, smaller in size, in a

lower rank, etc.).

Neither
Strongly Agree Somewhat agree nor So.mewhat Disagree Syrongly
agree agree disagree disagree disagree

14. Any suggestions or comments on improving the system? What, if anything, would

you like to change?

Strongly

Agree
agree

Somewhat
agree

Neither
agree nor
disagree

Somewhat
disagree

Disagree

Strongly
disagree




