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Abstract
This design study paper describes preha, a novel visual analytics application in the field of in-patient rehabilitation. We
conducted extensive interviews with the intended users, i.e., engineers and clinical rehabilitation experts, to determine specific
requirements of their analytical process. We identified nine tasks, for which suitable solutions have been designed and developed
in the flexible environment of kibana. Our application is used to analyze existing rehabilitation data from a large cohort of
46,000 patients, and it is the first integrated solution of its kind. It incorporates functionalities for data preprocessing (profiling,
wrangling and cleansing), storage, visualization, and predictive analysis on the basis of retrospective outcomes. A positive
feedback from the first evaluation with domain experts indicates the usefulness of the newly proposed approach and represents
a solid foundation for the introduction of visual analytics to the rehabilitation domain.

CCS Concepts
• Human-centered computing → Visual analytics; • Applied computing → Life and medical sciences;

1. Introduction

Personalized medicine aims to improve the treatment of a patient,

by allowing doctors to select a strategy that takes the characteristics

of the individual patient into account [Nat11, CV15]. In precision

medicine, treatment is based not only on individual patient data—

it additionally takes into account data within a cohort of similar

patients. This approach comes in contrast to “one-size-fits-all” ap-

proaches that focus rather on finding the best possible treatment for

the “average” patient. In rehabilitation, personalization and preci-

sion do not occur, due to a lack of available tools. Deploying a tool

for analytics and predictions on available electronic health record

(EHR) patient data offers a possibility to determine individual pa-

tient rehabilitation plans, supporting precision rehabilitation.

Predictive analysis within precision rehabilitation relies on hav-

ing access to large EHR datasets and being able to process and ana-

lyze them. This entails three major challenges: First, large datasets

require significant computational resources. Second, EHR data

is high-dimensional and heterogeneous (dichotomous, numeric,

scales), adding another layer of complexity in terms of interpre-

tation. Third, rehabilitation data analysts have different kinds of
expertise, e.g., can be clinical domain experts and engineers, and

each one of them is interested in specific tasks. The visual explo-

ration and analysis of the available precision rehabilitation data is

currently a challenge, as there is no dedicated framework for this.

Although general frameworks for the analysis of multi-dimensional

heterogeneous data could be used for some parts of the workflow,

there is no unified solution so far. This design study deals with our

newly proposed approach, which takes the whole workflow of the

data analysts into account.

In this paper, we are not concerned with introducing novel vi-

sualization techniques. Our focus is on leveraging the capabilities

of dashboard visualizations and multiple coordinated views to pro-

pose solutions for the analysis of rehabilitation data. This is moti-

vated by the tasks that data analysts need to perform, as determined

through interviews. Therefore, our contributions can be summa-

rized as follows: (1) A detailed data–users–tasks analysis to deter-

mine requirements for the exploration and analysis of rehabilitation

data (Section 4). (2) preha, an integrated Visual Analytics ap-

proach that fulfills these predetermined requirements and supports

the entire workflow of rehabilitation data analysts (Section 5).

2. The Precision Rehabilitation Pathway

The main goal of medical rehabilitation is to enable patients to ac-

tively reparticipate in their life, regardless of the origin of their dis-

ease [Eng77,HH13]. Our work focuses on in-patient rehabilitation,

where the patient is treated in a clinic that is specialised in rehabil-

itation of a specific discipline, e.g., orthopedics or neurology. The

patient is admitted to the clinic and remains there for the entire

duration of the treatment. To ensure and increase the effectiveness

of the pursued rehabilitation treatment, the interventions applied to

a patient need to be actively revised. Furthermore, to quantify the

effect of this interventions, outcome or status measures have been

defined as a tool of evidence-based medicine [Sto11,EJP13,LK14].

These measures are often referred to as scores, and they are used

to determine the effect of therapies and to make predictions on the

rehabilitation progress [NTC∗16].

The usual in-patient rehabilitation pathway involves a number

of steps. First, the patient is referred to a rehabilitation facility,
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where his or her initial state is recorded. This covers the collec-

tion of demographic, e.g., age, and medical, e.g., state of the dis-

ability, information. Then, the iterative rehabilitation process be-

gins, consisting of several sequences. At the initial stage of each

sequence, an assessment aims to quantify the present problems

in an objective way [EJP13]. This measurement is a standardized

method for assessing those problems. The better the constructs used

to perform the measurements, the more valid the measurement be-

comes, producing more reliable results. Measures with a high de-

gree of confidence are referred to as standardized outcome mea-
sures. While some measures are easy to describe by objective mea-

surement, such as physical items, other abstract concepts, such as

pain, are harder to observe. To overcome this issue, indicators that

enable quantification are created, for instance, the Visual Analogue

Scale [Sto11, EJP13] for pain measurement.

Based on the assessment, a rehabilitation goal is determined.

This goal has to be a measurable state, which is checked at every

reassessment. An interdisciplinary team is involved in this, includ-

ing doctors, nurses, and therapists. The doctors adapt the patients

treatment plan according to the insights gained up to this point and

the other carry out the adaptation. It is worth mentioning that these

adaptations are only to be made in a limited range, as the interven-

tion strategy is mainly determined by the payer of the rehabilita-

tion, i.e., often the insurance company. At this point, the planned

intervention is carried out and the patient works through his or her

therapy plan as scheduled. At the final stage of each iteration, a re-
assessment is performed, using the same measures as in all other

assessments for comparability. However, even though the process

above is described iteratively, the frequency of the performed mea-

surements differs in reality [KMH01, SO08]. Some measurements

are only taken at admission, in order to set up the intervention strat-

egy, and at the time of discharge to objectively measure the rehabil-

itation progress. In between, these measurements are often missing.

3. Related Work

A variety of visualization techniques are used in rehabilitation,

which mainly relate to Virtual and Augmented Reality applications

that provide visual feedback on the status of the patient [RYS16,

DZK∗12, DdOL∗18]. Visualization in rehabilitation has also been

for the presentation of clinical data [LSR∗16]. In such approaches,

clinical researchers can quickly visualize relationships among re-

habilitation variables and efficiently share data, to support hypoth-

esis generation. However, these approaches are mainly targeting the

improvement of clinical trial design [LPW∗18]. The most closely-

related work in precision medicine has presented within the con-

text of cancer treatment by Marai et al. [MMB∗18]. Other solu-

tions, specific to the domain of rehabilitation, are not available.

We hereby review previous work that tackles similar problems as

ours—namely, visualizations for electronic health record (EHR)
data and for population or cohort data.

An extensive survey of information visualization for EHR data
has been presented by Rind et al. [RWA∗13]. Although applica-

tions for the analysis of individual patients exist [FN11, PWR∗11,

PMS∗03, PFH07, BSM04], we focus on population and cohort ap-

proaches [WPQ∗08,WPS∗09,WG11,WGGP∗11,WS09]. A typical

technique applied to visualize data from EHRs is filtering or query-

ing through a user interface [GWP14]. In environments where vi-

sual querying is not available, clinicians rely on database experts or

other technologists to create SQL queries for them [ZGP15]. With

visual queries, users can build queries in several ways: adding filter

elements to a query via drag and drop [GWP14, KPS16], choos-

ing subspaces in visualizations [ZGP15, AHN∗17a], or selecting

a range in histograms [RSN∗19]. Hierarchical data is often used

in electronic health records, therefore techniques for hierarchical
data visualization are applied. To visualize such structures from

EHRs, sankey diagrams may be used [ZGP15]. Another approach

done by Krause et al. [KPS16] is based on tree maps. Temporal
event analysis with mining-based and visualization-based method-

shas also been proposed [ARH12]. With temporal event analysis,

patterns in the timing of this event can be determined to gain in-

sights from clinical event sequence data. Visualization of temporal

events in EHR data is used in many applications [GWP14, ZGP15,

RPOC18, KPS16].

Visualizing population and cohort data has recently become a

common task in medical visualization. Especially in medicine, co-

hort analysis is used to identify risk factors among sub-populations.

Cohort analysis can be performed in prospective or retrospective.

In retrospective, cohort analysis is performed on a previously col-

lected dataset, while in prospective, the data is collected prior to the

analysis. Retrospective analysis is used, e.g., for determining the

behavior of a cohort concerning a specific treatment [RCMA∗18].

Prospective studies can possibly be used to predict, e.g., the course

of disease for the health status of the population. Previous work

on the interactive visual analysis of cohorts has been conducted by

Steenwijk et al. [SMB∗10] and Klemm et al. [KOJL∗14], looking

more into medical imaging data. Preim et al. [PKH∗16], Bernard et

al. [BSM∗15] and Alemzadeh et al. [AHN∗17b] propose applica-

tions closer to ours, but none of them tackles all aspects of precision

rehabilitation analysis and prediction.

In precision rehabilitation, a comprehensive approach to support

the entire worfklow—from the preprocessing (profiling, cleansing,

wrangling), to the visualization of the available data for explo-

ration, analysis and presentation of the results, and to the use of pre-

dictive analysis for the approximation of rehabilitation outcomes is

not available. All aforementioned approaches tackle only specific
parts of the workflow and there is no unified application to address

all stages. The commonalities of our approach with previous re-

lated work can be found in the nature of the employed data, which

are large, multi-dimensional and heterogeneous. However, we dif-

fer with regard to the users and tasks of our application. For users,

although the exploration and analysis of the data is conducted by

data analysis, who can be clinical domain experts or engineers, the

outcome of the analysis is often presented also to patients. Not all

involved stakeholders are familiar with visualization or prediction

analysis. For the tasks, the data analysts target specific tasks, which

cannot be all addressed with one of the existing approaches. The

details of these tasks will be discussed in the next section.

4. Design Study Analysis: Data—Users—Tasks

In this section, we introduce the available data, the involved users

and the identified tasks that guided the design of preha.
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4.1. Available Data

Our application incorporates functionality for the analysis of an

EHR dataset of 46,000 patient cases from multiple rehabilitation

centres in Austria. Mainly orthopedic and neurological patients are

featured in the dataset. Each case comprises typical demographic
features, such as age, sex, or residence of the patient, medical in-
dicators, such as the primary diagnosis, i.e., the cause for the re-

habilitation, and several health assessment scores. Our data com-

prises of nominal (e.g., health insurance provider), dichotomous

(e.g., smoker/non-smoker), and ordinal variables (e.g., pain assess-

ment), as well as interval scales and ratios (e.g., height/weight).

The data has been collected over a time span of up to seven years,

from 2012 to 2019. Other important aspects of the data are missing

values, when measurements are not taken or noted, and inconsisten-

cies, for example when an instance of a score is entered as “10m”

and another instance as “10 meters”.

4.2. Involved Users

The staff in rehabilitation centres is a multi-disciplinary team, in-

volving both medical and administrative staff. For this work, we

focus on two main groups of users: clinicians and IT staff. First, we

chose the clinicians, as they are involved in the total rehabilitation

process, with ultimate responsibility for treatment decision making

and coordination. They have a thorough background knowledge in

the field of rehabilitation, they are aware of the EHR data and—to

some point—are familiar with data analysis for research purpose.

As their asset is their knowledge about the rehabilitation process,

we refer to these users as Domain Experts. Additionally, we include

staff that is responsible for the IT systems that are being deployed

within a rehabilitation facility. They have deep knowledge of the

EHR data and are familiar with thorough data analysis within the

rehabilitation context. Given their deep technological expertise, we

refer to these users as Engineers. As already mentioned, rehabili-

tation is an inter-disciplinary process. Thus, we anticipate that the

two user groups very often collaborate to improve the rehabilitation

process of the patients.

4.3. Identified Tasks

At the beginning of this work, we approached two Domain Experts

and four Engineers. We observed their usual workflow with regard

to the rehabilitation data and we conducted semi-structured infor-

mal interviews with each one of them, to identify their most signifi-

cant task. Unstructured interviews were avoided as being too vague,

while structured interviews leave too little space to freely share

thoughts and ideas [LBI∗12]. Furthermore, the two user groups

have different backgrounds, making it not suitable for sharing the

same prepared set of interview questions. The interviews were de-

signed to get an idea of current technologies and work practise in

rehabilitation, and lasted between half and one hour. All interview

sessions were recorded and the audio recording was transcribed. In

our task analysis, we have used the multi-level typology of abstract

visualization tasks described by Brehmer and Munzner [BM13].

We hereby summarize nine tasks, which are the results of the inter-

view sessions with the two involved user groups. These are prefixed

as Eng and Exp, for Engineers and Domain Experts respectively.

For each of the described tasks, we include a visual notation fol-

lowing the typology of Brehmer and Munzner [BM13], denoting in

the schemes why with yellow, how with green, and what with grey.

Eng1: Provide meaningful data partitions

Research is carried out

by rehabilitation facili-

ties in order to improve

the quality of care in the

long term, using popula-

tion data. The Engineers

design meaningful queries, i.e., filters, that produce a subcohort,

i.e., a subset of the data, based on a given set of characteristics

from the total underlying data structure.

Eng2: Prepare templates for patient assessment

To discuss the assess-

ment of the patients, it

is the task of Engineers

to provide the data in the

desired format to the Do-

main Experts. The En-

gineers must import vi-

sualizations to the tem-

plate and annotate addi-

tional information on the displayed score results. As the dashboard

is often shown to patients, it is necessary to arrange the visual-

izations in a clean way, to filter only necessary data and change

visualizations to be as simple as possible.

Eng3: Prepare templates for clinical benchmarking

Clinical benchmarking is

a tool used by healthcare

facilities to monitor and

improve their quality and

efficiency [CCCD12].

Payers, government

regulators, and affiliated

healthcare delivery

organizations [RMM01]

often demand this in-

strument to monitor

healthcare facilities. The task of Engineers is to produce a template

that is used by the Domain Experts (or other entities) for clinical

benchmarking. For this, a data structure containing outcome mea-

sures and clinical effort, e.g., the total minutes used for therapy,

is employed. New entities must be introduced to the dashboard

like the import of the required visualizations and annotations for

additional descriptions. This can be done by aggregating data,

arranging visualizations, filtering the underlying data or changing

some visualizations.

Eng4: Predict rehabilitation outcome

All kinds of data that have been collected over years can be utilized

to predict specific rehabilitation outcome scores. This enables the

Domain Experts to predict the outcome of the planned intervention

strategy at the start of the rehabilitation. For the Engineers, this

prediction enables insight on correlations of certain data features—
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aiding them to gain fur-

ther knowledge of the

underlying data set and

the effect of specific fea-

tures on the outcome

success. The Engineers

must be able to browse

the dataset to identify the

features responsible for a

successful rehabilitation.

Deriving the prediction is possible by filtering and aggregating.

Exp1: Show rehabilitation outcome to patients
The Domain Experts

present the rehabilitation

outcome to the patients.

This task is based on

the dashboard templates

created by the Engineers

in Task Eng2. This

task is designed to

support a standardized

procedure, as opposed

to more exploration-focused tasks. The interaction with the data

is minimal. The Domain Experts must be able to select items of

interest and perform navigation tasks such as zooming, but no

modifications of the templates are needed.

Exp2: Perform clinical benchmarking
The Domain Experts per-

form the clinical bench-

marking based on the

dashboard templates cre-

ated by the Engineers in

Task Eng3. The bench-

marks must be summa-

rized, so they can be

investigated in a clear

way through the course

of time. It is not desir-

able to change the clini-

cal benchmarks frequently, as they need to be monitored over time.

The users must be able to navigate through the time axis of the visu-

alization, and selection of specific points of interest may be helpful

through filtering and aggregation.

Exp3: Explore clinical datasets
The Domain Experts

state that this way of

looking into the data

may lead to new ideas

for scientific research.

The motivation for this

task is to enjoy the

visualization, while

exploring the data in

order to identify features

that are of particular

interest for retrospective

studies. No restrictions are made on the input data, in order to

preserve the free idea of the approach. All tools are available for

the users of this task from filtering, arranging, aggregating to even

encoding new visualizations.

Exp4: Analyze data for clinical studies
Scientific research is

part of the clinical work

of Domain Experts. The

Domain Experts use the

dashboard to discover,

lookup and compare

data corresponding to

a specific rehabilitation

treatment strategy or a

specific assessment tool.

In this task the Domain

Experts use the data

structure resulting from the visual queries created by the Engineers

in Task Eng1. Selection, navigation, filtering or aggregation

support the analysis.

Exp5: Intervention planning
Domain Experts have

to modify the clinical

intervention setup, in

order to maximize the

rehabilitation outcome.

This task relates to Task

Eng4. Correlations can

be discovered by brows-

ing through the data

to identify or compare

outcome measures of interest. The input for this task is the data

structure, containing all health assessments in the total cohort.

Outcome predictions for varying subcohorts can be derived by

applying filters to the population.

5. The Basic Modules of preha

Our application consists of a set of independent modules that are in-

terconnected, as depicted in Figure 1. First, the preprocessing mod-

ule is responsible for collecting the data from various sources (e.g.,

database tables), reformatting all data to a single data-structure and

standardizing the quality of the data. Then, the storage module is

StorageEHR Data Preprocessing
Profiling
Wrangling
Cleansing

Predictive Analytics

Dashboards Editor

EHR D t

Figure 1: The main components (modules) of preha.
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the primary persistence unit for preha. Once the preprocessing

module stores data in it, the data are not modified further. The

dashboards editor module is the user interface of the application,

where the tasks discussed in Section 4 are answered. It features

dashboards with rich sets of visualizations that are used for data

analysis by the data analysts. The conceptual choices for the de-

sign of these visualizations will be discussed in detail at the end

of this section. The predictive analytics module is responsible for

advanced data analytic tasks, such as machine learning and predic-

tions. The last three modules—dashboards editor, predictive ana-

lytics and data storage—may interact in an iterative process. We

hereby discuss the four basic components of preha.

5.1. Preprocessing

The preprocessing module is the point where the unprocessed, raw

data enters the application. The raw data is often obtained from

many different sources. In our dataset, the data is either entered

by a human (e.g., through forms) or automatically generated (e.g.,

by the rehabilitation information system). Before any kind of data

analytics, data quality control [GAM∗14, GE18] is mandatory for

resolving the issue of “dirty data”. It is the task of the preprocess-

ing module to solve data quality problems by applying a variety

of mechanisms that aim to address these issues. The preprocessing

module of preha covers data profiling, wrangling, and cleansing.

Although visualization could be employed for data preprocessing,

we do not follow this approach, as the preprocessing needs to be

done only once (or only if the dataset changes) and it does not need

to be shown to the data analysts. Only a robust outcome is required,

which will be used as input to the next step of the workflow.

Data profiling deals with the identification and communication

of data quality problems [GGAM12]. Errors can be recognized

by applying a regular expression on every entry of a feature. En-

tries that do not match these regular expressions can be seen as

dirty. While simple rules can be automatically applied, they give

no insight into the reason for the data quality issues. In order to

overcome this issue, we involve data Domain Experts (especially

the Engineers) in the data profiling process [GAM∗14, KCH∗03,

GGAM12] to establish a set of rules for each feature and to keep

the potential automation level high.

Data wrangling is about modifying the structure of the data to

make it suitable for further processing (e.g., removing unnecessary

rows or columns, splitting variables, merging data from different

sources) [KCH∗03]. In our case, it is performed to standardize the

structure of the diagnoses tables and the scores tables, and to obtain

datasets that include an entire patient case per row.

Data cleansing is the process of correcting dirty data by repair-

ing or removing it [GAM∗14]. There are no generic approaches for

data cleansing. Dirty data can have multiple causes, so there is no

standardized treatment for it. What we know for our dataset is how

the correct data should look like for each column. Similarly to pro-

filing, domain expert rules are applied one-by-one to the data, e.g.,

all characters must be upper case. Each cleansing program, i.e.,

rule, includes boundaries that determine where the values of spe-

cific scores can be. A feedback loop for refinement is provided via

a result after the cleansing process that displays the percentage of

successfully validated values in the dataset. If the user deems that

the rate of success is low, new rules may be introduced.

5.2. Data Storage

This module is where the data is persisted. All data for the visu-

alization dashboard or the predictive analytics engine is stored in

a single table structure, as received from the preprocessing mod-

ule. The dataset used in preha has a relative small size (46,000

patients), and will not increase significantly over time. Also, the

memory will be sufficient even for cohorts that are larger for an or-

der of magnitude. Therefore, we consider the solution as efficient

and scalable. With regard to the access to the data, one or few users

access the entirety of the data at a time. As the data is used by the

visualization dashboard and the predictive analytics modules, speed

is a critical facet, in order not to interrupt the thinking process of the

user. Hence, we store the data in a simple .csv file. This format

enables a high speed for read operations without overhead.

5.3. Dashboards Editor

The dashboards editor module is the interface between the users

and the underlying dataset. It works as a means to create, main-

tain, and use dashboards of different levels of complexity that sup-

port the tasks of different data analyst groups. The dashboard in-

terface is a crucial component, therefore thorough examination of

possible implementations needs to be carried out. Our data ana-

lysts are the key users to derive knowledge from the data, but they

are not necessarily visualization-literate. A rather minimalistic ap-

proach is needed. Additionally, a possible issue is that the tasks

may change over time. This could be caused by new visualiza-

tion technologies, changes in the workflow or issues with existing

visualizations. In a static environment, we would have to update

the visualization and introduce these changes to all users. Or, if

this change is only demanded by parts of the users, a new soft-

ware branch would be created. Due to these reasons, we decided to

resort to dashboards [RF14, SCB∗19]. The dashboard components

are selected appropriately to answer one-by-one the tasks presented

in Section 4, as determined by the intended users of our applica-

tion, while this approach allows us to exchange or extent easily the

employed components. A dynamic dashboard is highly adaptable

and capable of supporting the needs of multiple users and multiple

tasks, and there is no need to maintain multiple versions.

To support the tasks of Section 4, we decided to base our dash-

boards on kibana—a simple, yet powerful interface for analytics

and visualization from elasticsearch [Gup15]. Elastic-
search is a free and open source technology used for a near real-

time analysis of large data sets. Our choice offers capabilities for

categorical visualizations, e.g., with (stacked) bar charts [Mun14],

for hierarchical visualizations, e.g., with treemaps [Shn92, JS91]

or sunburst diagrams [SCGM00], for distribution visualizations,

e.g., with dot charts and line charts [Mun14], for tabular repre-
sentations and for geographical representations, e.g., choropleth

maps. Other visualizations that are not included in kibana can

be either added through D3.js [BOH11] or by using the built-

in vega [SWH14]. Multiple linked views are also supported. Fi-

nally, it provides functionality for traditional interactions [Mun14],

such as zooming/panning, filtering, selecting, Focus+Context, and
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Brushing and Linking. We will discuss the specific visualization

components employed for each one of the tasks in Section 5.5.

5.4. Predictive Analytics

We need to implement means for the prediction (approximation) of

rehabilitation outcome values for individual patients based on the

characteristics of the clinical case, and calculation models based on

statistical analysis of the dataset. In the present case of rehabilita-

tion, we know that the data is not completely random, and that there

are certain patterns occurring between the features. In this module,

we can construct a good and useful approximation of those patterns.

Even though we cannot identify all patterns with 100% accuracy,

we can make use of them to create predictions for specific features

in the future—under the assumption that the future data does not

differ much from the data used for machine learning. The predic-

tive analytics module is also based on kibana, which contains a

built-in machine learning tool. This enables us to conduct regres-
sion analysis tasks [Fre09], e.g., predict a specific score at the dis-

charge phase of the rehabilitation process based on other features

of the patient, and classification tasks [Alp10].

A multitude of supervised machine learning algorithms can be

used. We decided to employ random forests [Bre01] that use a ran-

domized set of decision trees to solve both classification and regres-

sion problems. Random forests have high accuracy and robustness,

while they do not suffer from overfitting and they provide feature

importance information. Within this module, whenever a new filter

is added to kibana, e.g. by selecting or filtering on a specific vi-

sualization, or whenever it is removed, a new request is issued. The

predictive analytics engine performs a regression or classification

analysis, depending on required task, and when the predictive an-

alytics engine responds to the request, the outcome is presented to

the user. We show to the user the predicted value, the accuracy of

the prediction, the mean absolute error of the prediction, and—for

the regression task—the influence of other features.

To evaluate the performance of the predictive analytics module,

we use the interface kibana provides. Even though numerous pa-

rameters are incorporated in the random forest algorithm, we focus

on the two most important for the complexity and time performance

of our module: the number of trees and the maximal depth of each

tree. A forest with eleven trees and a max depth of three has been

determined as the sweet spot yielding good accuracy at a moder-

ate calculation time of about 22 seconds. From our population of

46,000 patients, we see an increase of our performance metrics

from a sample size of 10,000 patients, where the accuracy of the

prediction is about 90%.

5.5. Proposed Dashboards for Each Task

We hereby highlight how we addressed the requirements of each

task in the design of our application, focusing on the dashboards

editor and the predictive analytics modules of preha. Each one

of the tasks discussed in Section 4 results into an individual dash-

board, which comprises specific visualization components. To fa-

cilitate the description, we exemplify the solutions for each task

with usage scenarios. The visualization components employed for

each tasks are always the same. What changes is the insight that

they provide (e.g., different patients, different scores).

Eng1: Provide meaningful data partitions
The aim of this task is to generate meaningful partitions of the en-

tire dataset. The dashboard is presented in Figure 2. The entire co-

hort and its hierarchical structure shown in a treemap representa-
tion, where selections are possible. Details on the cohort data can

be seen on demand in a tabular view (A), and the location of the

patients is shown in a choropleth map (B). As stated by the Engi-

neers in the interviews, the data is filtered according to common

characteristics like age or geographical location of the patient. In

our solution, filters can be applied to the data in the form of sim-
ple Brushing and Linking, or as textual queries to create a desired

subcohort on visualizations that have been imported into the dash-

board. All views are linked in the dashboard. In Figure 2, we show

a filtering based on the gender applied on the tabular representation

(C) and reflected on the treemap (A) and the map (B).

Eng2: Prepare templates for patient assessment
For this task, the Engineers provide the assessment data to the Do-

main Experts, who discuss with their patients how their therapy

progressed in comparison to previous patients. The dashboard is

presented in Figure 3. Given that the patients are most probably not

familiar with visualization, the results of their assessments are dis-

played to them as simple metrics (top). To give the patients a sense

of how they compare to others with similar characteristics, a dis-
tribution chart is used for the assessment data of the entire cohort

(bottom). All visualizations need to be arranged so that admission

and discharge are clearly separable (left and right). The way the

visualizations are prepared is critical for this task, as patients are

not used to interpret complex charts. All used visualizations need

to be annotated, so it becomes clear to the patient what data they

are shown. The views in the dashboard are static. In Figure 3, we

show a comparison of a score distribution at admission (left) and

at discharge (right) compared to the respective distributions of the

entire cohort.

Eng3: Prepare templates for clinical benchmarking
Clinical benchmarking dashboard templates are also prepared by

the Engineers for the Domain Experts to provide data on clinical

efficiency, based on specific information that need to be evaluated.

Four visualizations are included in the dashboard of Figure 4: a

metric visualization (A) that displays the total number of patients

in the current selection, a bar chart visualization (B) of the top five

payers of the rehabilitation ordered by number of patients, a dis-

Figure 2: The dashboard of Eng1.
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tribution chart (C) that displays the development of characteristic

patient assessments in a given time frame (C) and a line chart (D)

that displays the development of patient admissions over the same

time frame, grouped by the two facilities. All views are linked in

the dashboard.

Eng4: Predict rehabilitation outcome
The purpose of this task is to predict the discharge value of an as-

sessment for a specific subcohort of patients. The dashboard is pre-

sented in Figure 5. The Engineers need to write textual queries that

are used to define this subcohort (A), from the entire cohort (shown

in the treemap). If the query is changed, a new machine learning

algorithm is executed and its results are displayed in a dedicated

panel (C) in the dashboard. This panel includes metrics for the pre-

dicted value, the accuracy of the prediction, and the prediction er-

ror. Also, two bar chart representations are employed to show the

importance of the variables for the prediction (C), and the distribu-

tion of this variable in the population (E). All views are linked in

the dashboard. In Figure 5, a prediction for the WOMAC score (an

index specific to osteoarthritis rehabilitation) is conducted, with a

predicted value of 59.33 and a prediction accuracy of 80.92%. Ad-

ditional visualizations (B),(D) encode characteristics of the queried

subcohort, as in task Eng1.

Exp1: Show rehabilitation outcome to patients
This task is based on the templates created by the Engineers in

Task Eng2, and deploys the same representations. The dashboard

is presented in Figure 6. The interaction of the Domain Experts

with the presented visualizations is limited to setting the filters to

a subcohort that corresponds to the respective patient, at admission

(left) and at discharge (right). The views in the dashboard are static.

For example, a neurological male patient at the age of 75 is shown

the typical results of his corresponding subcohort at admission and

Figure 3: The dashboard of Eng2.

Figure 4: The dashboard of Eng3.

at discharge. His distribution (blue line) is shown in comparison to

the population (green line).

Exp2: Perform clinical benchmarking
Similar to Exp1, also Exp2 is based on a dashboard prepared by

the Engineers in Eng3. The dashboard is presented in Figure 7.

The Domain Experts apply certain filters to the data and monitor

the corresponding results. For example, how the developments of

specific assessments differ among the rehabilitation facilities can

be evaluated by selecting the corresponding segment from the dis-
tribution chart. Navigating through the time frame can also reveal

additional details on the development of assessment or admission

figures (right). All views are linked in the dashboard. In Figure 7,

we see some periodical “dips” in the development of the therapy

over time, which coincides with the holiday period around Christ-

mas, when the patients are temporarily discharged and go home.

Exp3: Explore clinical datasets
This task is not defined very strictly, and its aim is to provide the

Figure 5: The dashboard of Eng4.

Figure 6: The dashboard of Exp1.

Figure 7: The dashboard of Exp2.

c© 2019 The Author(s)

Eurographics Proceedings c© 2019 The Eurographics Association.

85



Bernold et al. / preha: Establishing Precision Rehabilitation with Visual Analytics

clinicians with the tools to explore the dataset. This allows the clini-

cians to utilize all possibilities of the visualization dashboard with-

out any constraints, i.e., all visual representations freely. Possible

actions include encoding data in visualizations, creating personal

dashboards and defining custom queries. We show in Figure 8 a

dashboard that includes bar carts (A), metrics (B), a treemap (C)

and a choropleth map (D) for the comparison of two subcohorts in

the data (visible in A). All views are linked in the dashboard.

Exp4: Analyze data for clinical studies
This task aims at discovering the dataset of the subcohort created

by the visual queries defined by the Engineers in Eng1. The dash-

board is depicted in Figure 9. The Domain Experts interpret the

data extracted in the tabular structure (D) from the entire cohort

shown in the treemap (A). This mainly means locating measures of

interest in the dataset and comparing them across the subcohort in

bar charts (B) or choropleth maps (C). Filtering actions can be per-

formed to view results more individually or to refine the subcohort

in the tabular view and the treemap.

Exp5: Intervention planning
In this task, the Domain Experts interact with the machine-learning

module. For this task, the dashboard template created by the Engi-

neers in Eng1 is reused. This is shown in Figure 10. It consists of

a bar chart (A) that displays the number of patients per facility and

the total number of patients (B), a treemap view on the entire co-

hort (C) and a choropleth map showing their geolocation (D). The

predictive analytics panel (E) is added to the visualization, pro-

viding all the necessary assessment information as discussed also

Figure 8: The dashboard of Exp3.

Figure 9: The dashboard of Exp4.

in Eng4 in a histogram view for the most significant features and

simple metrics for the accuracy scores. All views are linked.

6. Evaluation Results

For the evaluation of each task, we conducted brief evaluation ses-

sions with the users who were also included in the interviews for

the design study analysis. For this evaluation, we decided to in-

clude only the Engineers to obtain a first feedback, and to include

at the next stage the Domain Experts, after incorporating the pro-

posed changes. We documented the overall impression of the users

about the designed application, but no metrics were recorded, as

the sample of participants is too small for statistically relevant re-

sults (n = 4). We would like to conduct a more thorough evaluation

in the future, so we consider this first evaluation as a pilot study

where we gather comments and concerns with regard to preha.

We anticipate that the results will provide the necessary feedback

to revise our approach in the future.

Each evaluation session held with the users started with an ex-

planation of the system. In this, we included an overall introduc-

tion of the system, in particular kibana and how to use it in order

to generate the dashboards. We explained the relationship between

visualizations and dashboards, as well as which different types of

visualizations are supported in the environment of preha. Another

important point was which filters are available in preha, as well as

the available intereaction capabilities, and also how a dashboard is

affected when these are applied. We also provided a short reminder

of the tasks. We only discussed the tasks described in Section 4

and analyzed in Section 5. For this, we determined a number of

well-defined assignments that we provided as real-world scenarios

to be accomplished by the evaluation participants. For example, we

asked them to perform a meaningful partitioning of the cohort (ac-

cording to Eng1) that includes female patients above 50 years old

with a specific primary diagnosis and to answer how many patients

are present in the cohort and to visualize the distribution of one

of their rehabilitation scores with a bar chart. A second case was

to prepare a dashboard where they can use the predictive analytics

module (according to Eng4) to predict the rehabilitation outcome

of a specific cohort partition for two different therapies.

After the users completed the assignments, we asked them to

provide statements on how the application helped them to accom-

plish each task. All users agreed that preha is capable of realis-

Figure 10: The dashboard of Exp5.
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ing all the tasks, as they had been discussed in the first session.

Furthermore, the users highlighted that the multiple coordinated

views [WBWK00] in preha are a central feature and main ad-

vantage. The flexibility of the dashboards, including rearranging

and resizing visualizations, is a functionality especially appreciated

by the Engineers. In the course of work, we designed preha en-

tirely in English. However, the users suggested to provide preha
in their native language. All users stated that they would have re-

quired more knowledge to start with the first assignment. On the

other hand, the users reported that exploring the system on their

own helped them getting to know preha in their own working

style. The Engineers further suggested to prepare extensive train-

ing material including a lot of examples, before approaching the

Domain Experts. One Engineer stated that “the Domain Experts
are not used to work with tools such as preha, they lack required
technical knowledge”. Therefore, they recommended to adapt cer-

tain aspects to make the application more digestible for the Do-

main Experts. Our preha features some highly specialised and

complex features, as the first evaluation stage demonstrated. In the

course of this evaluation, some particular aspects were pointed out.

For example, a lack of extensive documentation, a steep learning

curve at the beginning, the placement of the time filter, which made

it hard to distinguish, and the oversupply of visualization types,

which is not always an easy choice to make. Incorporating the feed-

back from the Engineers will help us to improve the functionality

of preha and design appropriately an evaluation that will include

also the clinical domain experts.

7. Conclusions and Future Work

This design paper presents a novel application called preha. In

tight collaboration with the users, nine tasks have been identified

and suitable solutions have been designed for them. Our applica-

tion incorporates all functionalities that have been set by the task

analysis, including data preprocessing, storage, visualization and

prediction analysis. Our application is used by its intended users

to analyze rehabilitation data and utilizes the outcome to enable

precision rehabilitation. preha has been developed on kibana
providing flexibility in the creation of the dashboards and in the

adaptation to other tasks, and possibly to other domains. An initial

evaluation with the intended users of our work has been conducted,

with promising results for the future.

The main directions for future work include the incorporation

of the feedback of the evaluation participants to rework certain as-

pects of the tool and the conduction of a more thorough evalua-

tion with all intended users. The visualizations are prototypical ap-

proaches and are to be tested further. Other processes from other

facilities might need to be incorporated in the future. As visualiza-

tions are often used in the communication with patients, this user

group should be considered as well. In addition to this, we fore-

see that the predictive analytics module might need extensions in

the future to be able to accommodate more scalable solutions that

will be still interactive. Moreover, going towards the direction of

Guided Visual Analytics [CGM∗16] would be an interesting exten-

sion of our work, both for the choice of visualizations to employ

and for the conduction of the analysis. This would allow preha to

accommodate also users less familiar with visualization.
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