
Winnow: Interactive Visualization of Temporal Changes in
Multidimensional Clinical Data

Hsueh-Chien Cheng
Department of Computer Science,

University of Maryland

College Park, Maryland 20742

hccheng@umd.edu

Rainer von Coelln
Department of Neurology, University

of Maryland School of Medicine

Baltimore, Maryland 21201

rvoncoelln@som.umaryland.edu

Ann L. Gruber-Baldini
Department of Epidemiology and

Public Health, University of Maryland

School of Medicine

Baltimore, Maryland 21201

abaldin@som.umaryland.edu

Lisa M. Shulman
Department of Neurology, University

of Maryland School of Medicine

Baltimore, Maryland 21201

lshulman@som.umaryland.edu

Amitabh Varshney
Department of Computer Science and

UMIACS, University of Maryland

College Park, Maryland 20742

varshney@umiacs.umd.edu

ABSTRACT

Over the last two decades, an emerging paradigm of Parkinson’s

disease (PD) research that considers diverse clinical and biologi-

cal markers in evaluating disease severity has emerged. This can

lead to important insights including patterns of disease subtypes

and progression. However, identification of disease subtypes and

progression across multidimensional longitudinal variables repre-

senting diverse biomarkers, outcomes, and demographics remains

a challenge. In this paper we present our interactive visual ana-

lytics tool,Winnow™, to help clinicians understand and interpret

inter-relationships between a broad range of outcomemeasures and

patient subgroups. Based on a close collaboration between clinical

experts and computer scientists, Winnow is designed to intuitively

visualize data from multiple outcome measures to enable users to

easily filter and compare patient subgroups. We summarize the

challenges in multidimensional clinical data analysis, the visual

representations and design of Winnow, and present case studies

based on a public PD dataset.
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1 INTRODUCTION

Parkinson’s disease (PD) is a chronic neuro-degenerative disorder

characterized by gradual progression. Whereas motor impairments

are the most recognized symptoms of PD, there is increasing recog-

nition of the importance of a range of non-motor symptoms includ-

ing cognitive decline, sleep disturbance, and depression [20]. For
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example, the presence of inter-relationships between clinical sub-

groups and disease progression is supported by the discovery that

patients with greater postural instability and gait difficulty tend to

have faster rates of progression and greater cognitive decline [3].

This paradigm shift has resulted in large datasets with diverse clin-

ical and biologic markers [10]. For example, at the University of

Maryland PD Center, we have collected 15 years of heterogeneous

and multidimensional data (e.g. clinical and genomics) on 2, 500 PD

patients across 20, 000 office visits.

The expanded scope of disease beyond traditional motor symp-

toms raises the complexity of analysis significantly. These large

multidimensional longitudinal datasets need new tools to identify

disease subtypes and patterns of disease progression across diverse

biomarkers, outcomes, and demographic subgroups. Conducting

longitudinal studies of multidimensional data is challenging be-

cause of the limited human capacity to comprehend numerous

interactions among a large number of variables. The immense

cognitive load of such complex tasks causes these analyses to be

time-consuming and ineffective. To address this challenge, many

computational techniques such as data clustering and dimension-

ality reduction have been developed [1, 2]. Clustering techniques

group similar data points (patients) into clusters based on specific

criteria defined in a high-dimensional space. Dimension reduc-

tion techniques transform high-dimensional data points into low-

dimensional representations while preserving crucial information

required to proceed with the intended analysis.

Although these computational techniques provide a data-driven,

objective perspective generated mathematically and statistically,

they do not generate clinically meaningful results since clinical

insight and experience with the domains is disconnected from the

analysis. In addition, in some cases the stability of these results

is questionable. For example, PD subtypes generated by cluster

analysis were found to be inconsistent in various studies [22]. The

results generated by pure data-driven approaches can therefore

be misleading without proper clinical interpretation. We had a

similar experience when we applied computational techniques in

our preliminary studies, where the results were inaccessible to

clinicians and not clinically relevant. This observation led us to

believe that the most useful tools should be intuitive, interactive,
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Figure 1: This screenshot ofWinnow shows the results based on the Parkinson’s ProgressionMarkers Initiative (PPMI) dataset

(Section 4). Winnow consists of three panels: the Outcomes panel (left), the Demographics panel (top right), and the analytics

panel (bottom right). Here 55 patients (out of 320) with low baseline REM sleep behavior disorder (RBDQ < 5) and high RBDQ

(RBDQ ≥ 5) at the third annual visit are selected. The colors represent the gender of patients (magenta for females and blue

for males).

and generate results interpretable by clinicians. This tool should

allow clinicians to efficiently sift through arrays of longitudinal

data, identify patterns, and generate hypotheses, which can then

be subjected to rigorous statistical analysis.

In this paper, we present a preliminary analysis of a public PD

dataset with our tool Winnow (Figure 1) to study patterns of dis-

ease progression between time points. As a visual analytics tool,

Winnow presents complex data in a way that facilitates detection

of patterns and anomalies by the human eye. In contrast to the

fully-automatic analysis conducted with computational techniques,

visual analytics tools allow users to interactively explore the data

through dynamic filtering and subgrouping. By interacting with

intuitive visual representations, users can generate clinically rel-

evant hypotheses and insights that are not easily accessible with

conventional approaches.

Winnow visualizes multiple selected outcome measures simul-

taneously to enable the investigation of inter-relationships across

outcome measures in various domains. By representing each pa-

tient as a line defined by the values of a selected outcome measure

recorded at the first and second time points, the slope of lines indi-

cates the rate of disease progression of the corresponding outcome.

We also show a histogram of disease progression to facilitate the se-

lection of fast- and slow-progressing patients. All visualizations are

color-coded by demographic characteristics of patients (e.g. gender)

to foster understanding of demographic-related questions such as

whether female and male patients progress differently with respect

to specific outcomes. The panels in Winnow are linked together to

provide consistent visualizations during data exploration.

We have made our design choices in Winnow based on the feed-

back obtained from data scientists and clinicians in a long-term

collaboration following the guidelines of Multi-dimensional In-

depth Long-term Case studies (MILC) [19]. One example of the

design choices we collaboratively made is reducing the complex-

ity of visualization by choosing clinically relevant features, thus

improving the usability of the tool. Clinical investigators want the

opportunity for “hands-on” experience with clinical datasets to ex-

plore data based on experiential intuition. We repeatedly found the

interpretability of results to be the top priority for the clinicians.

We make the following contributions in this work:

• A visual analytics tool, Winnow, to help clinicians under-

stand the interactions across multiple disease features and

their changes over time.

• A MILC analyzing the needs of clinicians to facilitate the

design of a clinician-friendly tool for visualizing multidimen-

sional clinical data.

• A preliminary analysis of a public PD dataset based on 16

outcome measures in multiple domains.

In the following, we first review the work on computational and

visualization-based techniques in Section 2. We then summarize

our MILC in Section 3. We introduce the dataset used in our study
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in Section 4, the visual analytics tool Winnow in Section 5, and

the example case studies conducted with Winnow in Section 6.

Finally, we present conclusions and future extensions of Winnow

in Section 7.

2 RELATEDWORK

2.1 Data Clustering

Clustering techniques reveal patterns by grouping similar data

points together. These techniques create another layer of abstrac-

tion on top of the raw high-dimensional data, thus allowing users

to inspect the clustering results without directly addressing the

high dimensionality of the data. Because the grouping of data

points is based on an explicitly defined similarity function, defining

a reasonable function is key to the success of clustering analy-

sis. Typical k-means algorithm [11] defines dissimilarity of two

high-dimensional points as the Euclidean distance between them.

Density-based techniques such as OPTICS [1] rely on a neighbor-

hood function to determine whether two data points are (similar)

neighbors. Spectral clustering [18] requires a similarity function in

constructing the adjacency graph. In practice, different similarity

functions may lead to distinct results.

Nevertheless, the similarity of two data points is subjective,

application-dependent, and usually difficult to define especially

for high-dimensional data. This difficulty is fundamental because

typical distance functions (e.g. Euclidean distance) fail to measure

similarity precisely in high-dimensional space, a known problem

referred to as the “curse of dimensionality”. In an exploratory clin-

ical analysis that lacks a well-defined disease model, the limited

interpretability of clustering results also aggravates the generation

of clinically relevant, actionable results.

2.2 Dimension Reduction

Dimension reduction techniques reduce data dimensionality while

maintaining certain relationships among data points with respect

to specific criteria. Principal component analysis (PCA) finds a se-

ries of mutually orthogonal principal components that account for

the most variance in the data. Locally linear embedding (LLE) [17]

and Laplacian Eigenmaps [2] first construct a neighborhood rep-

resentation, typically based on pairwise Euclidean distances, and

then derive a low-dimensional space that preserves local distances

among neighboring data points. A neural network that learns to

reconstruct the original high-dimensional training data from the de-

rived low-dimensional latent variables can also be used for reducing

data dimensionality [7].

All these techniques share similar limitations with clustering

techniques such as requiring an explicitly-defined similarity func-

tion and limited interpretability of results. Whereas each princi-

pal component generated by PCA represents a linear combina-

tion of variables, the clinical meaning of adding (or subtracting)

two clinically-unrelated features from different domains is unclear.

The results generated by LLE and Laplacian Eigenmaps provide

little clue for further interpretation. In fact, even extending a low-

dimensional space derived by LLE or Laplacian Eigenmaps to in-

clude a new data point is non-trivial. The latent variables found

by neural-network-based techniques are usually cryptic unless

the training data are already labeled, which is not the case for

exploratory analysis.

2.3 High-dimensional Data Visualization

High-dimensional data visualization creates a visual abstraction

of high-dimensional data such that patterns and anomalies can be

detected by the human eye. Several successful visualizations of

high-dimensional data such as the scatter plot matrix (SPLOM) [4]

and parallel coordinates [8] have been widely applied. A SPLOM

organizes scatter plots generated for each dimension pair as the

elements inside a matrix; this layout facilitates efficient scanning of

correlations between dimension pairs. A parallel coordinates visu-

alization represents dimensions as individual parallel lines (axes);

a data point is therefore represented as a segmented line connect-

ing each point in order from the first axis to the last. Clusters of

data points can therefore be visually detected as clusters of lines.

Spreadsheet-based approaches that associate groups of cells with

various types of visual representations can also help understand

complex inter-relationships in heterogeneous datasets [23]. In con-

trast to the automatic analysis of computational approaches, data

visualization can be easily combined with user interactions (e.g.

brushing and linking) to allow interactive data exploration via fil-

tering and zooming in and out of specific subsets of data.

The amount of information that can be displayed in a single visu-

alization is, however, limited by the screen size and the perceptual

capability of the human visual system. Such limitations can cause

usability issues that adversely affect the efficacy of visual analytics

tools. For example, visualizing all pairs of dimensions in a SPLOM

is increasingly unrealistic as dimensionality grows. The parallel-

coordinates visualization is incomprehensible even with a moderate

number of dimensions. Better visual design strategies such as re-

ordering dimensions [16], subsampling [6], and edge bundling [25]

improve visual quality, but in general visualizing high-dimensional

data remains a challenging task.

3 PRELIMINARY STUDY: MILC

The Multi-dimensional In-depth Long-term Case studies (MILC)

method [19] evaluates the efficacy of visualization tools using

various approaches, such as interviews and observations, while col-

laborating closely with expert users. Here we describe the MILC we

conducted as a preliminary study in the development of a clinician-

friendly visual analytics tool.

We formed a multi-disciplinary research group of data scientists,

database specialists, neurologists, and biostatisticians in 2015, tar-

geting the analysis of the PD data collected at the University of

Maryland PD Center. Group members included movement disor-

der specialists (neurologists) with extensive expertise in PD but

little experience with visualization tools. In contrast, other group

members with computational backgrounds were only familiar with

computational and visualization techniques.

During each group session, a visualization tool or a new ver-

sion of a tool based on previous group discussion was presented.

Users then attempted to apply the tool for routine analysis tasks or

confirming/rejecting PD-related hypotheses. The comments and

feedback from users were recorded by the observers while they

interacted with the tool.
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(a) Cluster hierarchy

(b) Cluster #3

(c) Cluster #12

Figure 2: (a) Our early attempt created a hierarchy of clus-

ters to allow splitting and merging of clusters following a

pre-generated hierarchy. Nevertheless, the parallel set visu-

alization of two sibling clusters: cluster #3 (figure (b)) and

cluster #12 (figure (c)), are difficult to interpret even with

three dimensions.

Early in the project, we focused on identifying novel multi-

domain PD subtypes to extend the recognized motor-based sub-

types [9]. Our first attempt (April, 2015) was an interactive hierar-

chical clustering method based on OPTICS [1]. We implemented

an interactive tool that enables users to explore alternative clus-

tering results in a pre-generated hierarchy of clusters (Figure 2a).

We then tried a series of dimension reduction techniques including

PCA, LLE [17], Laplacian Eigenmaps [2], and t-Distributed Stochas-

tic Neighbor Embedding [21] to reveal possible low-dimensional

representations that lead to visually apparent clusters of patients.

Common issues in all the above attempts were the limited inter-

pretability of the results and the lack of flexibility for clinicians to

steer and manipulate the analysis as desired. The goals from the

clinician’s perspective were to 1) visualize data on patient signs

and symptoms in ways that align with their experience and 2)

enable a simple hands-on interrogation of data to pose questions

and generate hypotheses. We tried to improve user-friendliness

by visualizing the constituent patient clusters but without success

because of the complexity introduced by high data dimensionality.

For example, one of our early attempts created parallel sets visual-

izations for each cluster. The visualizations containing overlapping

lines are, however, difficult to read even with only three dimensions

(Figure 2b and 2c). The lack of flexibility is related to the limited

capacity for user interventions in these techniques–the only way

users can modify the results is through reconfiguring the parame-

ters of the applied computational techniques. Furthermore, these

two issues of interpretability and flexibility are related and may

exacerbate each other. For example, one would not know how to

modify the parameters of OPTICS without a proper interpretation

of the results.

Acknowledging the obstacles in our group’s process, we devel-

oped two key strategies: 1) switching to a simpler PD dataset and

2) organizing two half-day group retreats (July and August, 2016).

We chose to use the Parkinson’s Progression Markers Initiative

(PPMI) dataset (Section 4) because it is a smaller, simpler, and more

structured dataset with a well-defined protocol, thus allowing us to

find patterns more easily with less interference from noise. Unlike

the University of Maryland PD dataset, PPMI patients are more

homogeneous (recently diagnosed and untreated at enrollment)

and are assessed at more standardized intervals (every six months).

A consultant with expertise in applied biostatistics and mod-

eling (Dr. Søren Bentzen) was invited to attend the retreats for a

fresh perspective and to recharge the group dynamic. After a lively

discussion, the major result of the first retreat was a preliminary

sketch of Winnow, a clear breakthrough to achieve our goals. As

compared to the previously developed methods, Winnow’s data

visualization is clinically intuitive and invites the hands-on expe-

rience that clinicians seek. In addition to Winnow’s approach, we

also discussed the following computational techniques for future

extensions.

• Clustering analysis that groups patients by their temporal

characteristics (e.g. multiple cross-sectional clustering or

clustering the change in clinical features).

• Supervised learning methods that predict a user-defined rate

of disease progression based on multiple outcome measures.

• Statistical methods, for example multivariate regression anal-

ysis, that prove or disprove hypotheses generated by users.

These techniques provide complementary strength to the visual

analytics approach of Winnow. We also reached consensus to add

a biomarkers panel in the future to include data from genomics,

imaging, serology, and cerebrospinal fluid. Group members had

mixed reactions on the importance of interactivity to a successful

tool; although most members ranked interactivity high on the list

of key components, some prioritized a robust data model or user-

friendly interfaces over interactivity.

Based on the results of the first retreat, we designed an inter-

active visualization tool with the features found to be useful for

clinicians. The second retreat was held in August, 2016 to present

the first version of Winnow and to review its strengths and weak-

nesses. The group was unanimous in their positive assessment of

the intuitiveness of the data visualization and the capacity for sim-

ple interaction with the data by users without intensive training

(e.g. selecting patient subgroups and outcomes for analysis). We

later developed new features proposed in the second retreat, includ-

ing statistical tests for group comparisons. We describe the design

of Winnow in Section 5.

4 DATA

We present the following examples and case studies using data ob-

tained from the Parkinson’s Progression Markers Initiative (PPMI)

database [14] (www.ppmi-info.org/data). The PPMI dataset con-

tains patient and clinician-reported outcome measures as well as

genetics, imaging and serologic data collected over a five-year pe-

riod since 2010. As of now, more than 400 PD patients have been

enrolled in the study. The PPMI is an ongoing study with patient

records being updated on a rolling basis. In this paper, we use the

data downloaded on March 2nd, 2017. For up-to-date information

on the PPMI study, visit www.ppmi-info.org.
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Table 1: List of the 16 outcome measures and six domains of PD in our study.

Domain Outcome Measure Description Range

PD Severity:

Motor &

Non-Motor

MDS-UPDRS Part I (UPDRS1) Non-motor aspects of experiences of daily living 0–52

MDS-UPDRS Part II (UPDRS2) Motor aspects of experiences of daily living (disability) 0–52

MDS-UPDRS Part III (UPDRS3) Motor examination for signs of PD 0–132

MDS-UPDRS Total Score (T-UPDRS) General PD severity: sum of MDS-UPDRS Part I-III 0–236

Autonomic Autonomic Scale for Outcomes in PD (SCOPA-AUT) Autonomic symptoms in PD 0–75

Cognitive

Hopkins Verbal Learning Test (HVLT) Verbal short-term memory and new learning 0–12

Benton Judgment of Line Orientation (JOLO) Visuospatial perception and orientation 0–30∗

Semantic Fluency (SFT) Semantic and phonetic memory > 0

Letter Number Sequencing (LNS) Attention, working memory, and visuospatial ability 0–21

Symbol Digit Modalities Test (SDM) Processing speed 0–110∗

Montreal Cognitive Assessment (MoCA) Global cognitive evaluation 0–30∗

Sleep

Epworth Sleepiness Scale (ESS) Daytime sleepiness 0–24

Rapid Eye Movement Sleep (REM) Behavior Disor-

der Questionnaire (RBDQ)
Abnormal behaviors during REM sleep 0–13

Behavior
Geriatric Depression Scale (GDS) Depressive symptoms in the elderly 0–15

State-Trait Anxiety Inventory (STAI) State and traits of anxiety in adults 40–160

Disability
Modified Schwab & England Activities of Daily

Living (SEADL)
Independent and dependent function of daily activities 0–100∗

∗ Lower score indicates more severe symptom. For all others, higher score indicates more severe symptoms.

We selected the 16 outcome measures listed in Table 1 that were

collected when patients were enrolled (BL) and at their third annual

follow-up visit (Y3) to study disease progression. The MDS-UPDRS

(Movement Disorders Society-Unified PD Rating Scale) measures

PD severity and the other measures are selected from the autonomic,

cognitive, sleep, behavior, and disability domains. We chose the

third instead of the fifth annual visit to generate a representative set

of data with a sufficient number of patients. We excluded patients

with missing or incomplete data (e.g. enrolled for less than three

years) from our analysis. In summary, a total of 320 patients (90 fe-

male, 211 male and 19 unknown) born between 1927 and 1979 were

included. Each patient is represented by 34 features (16 outcome

measures collected at BL and Y3, and two demographic attributes).

The outcome measures are aggregated scores calculated from sets

of items from validated questionnaires.

5 WINNOW

Figure 1 shows a screenshot of Winnow consisting of three panels:

the outcomes panel (left), the demographics panel (top right), and

the analytics panel (bottom right). The number near the top shows

the total number of selected patients (55 in Figure 1). We also

provide the option for descriptions of the selected ranges of the

currently applied filters in a tooltip (not shown here).

5.1 Outcomes Panel

Each selected outcome measure corresponds to two plots in the

outcomes panel: one showing the values at BL and Y3 (top) for each

individual patient, and the other showing the number of patients

with a certain amount of change between BL and Y3 as a stacked

histogram (bottom). In the top plot, each patient is represented by

a line connecting the values of that outcome measure at BL and Y3

for that patient. Using this visual representation, changes in values

correspond to the slope of lines, whose differences can be detected

efficiently by human eye [13]. We reverse the positive direction of

axes in the plots, if needed, such that a positive slope always indi-

cates PD progression (from mild to severe symptoms). Therefore, a

line with a steep upward slope shows the corresponding patient is

experiencing rapid progression on that outcome measure. This axis

reversal is applied to Benton Judgment of Line Orientation (JOLO),

Symbol Digit Modalities Test (SDM), Montreal Cognitive Assess-

ment (MoCA), and Modified Schwab & England Activities of Daily

Living (SEADL) where higher scores indicate milder symptoms

(marked with an asterisk in Table 1).

Although the slope of lines can be easily seen for a moderate

number of lines (patients), the difficulty in locating individual lines

increases significantly with the degree of occlusion. We therefore

also show the number of patients with a certain amount of change

between BL and Y3 in a stacked histogram in the bottom plot to

provide a summary of disease progression. A similar axis reversal

is applied to the histograms such that a bar on the right represents
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more rapid progression. In both the top and bottom plots, the col-

ors of lines and bars are determined by the selected demographic

attribute in the demographics panel (Section 5.2).

Users can select a subset of patients by dragging the target in-

terval on the target axis. During selection, all plots, including the

ones in the demographics panel, are updated interactively to reflect

the latest selected patients through brushing and linking. We show

the mean and standard deviation of the values at BL, Y3, and the

changes in between the two for the total sample and for the selected

patients to allow for easy comparison.

28.393928 3

38.858 8538

Figure 3: After using the bottom histogram for selecting pa-

tients with the most rapid progression in the motor domain

(Δ(UPDRS3) > 12), the corresponding plot of UPDRS3 in the

outcomes panel shows only the 109 matching patients, rep-

resented by the lines with steep upward slopes. The mean

UPDRS3 at Y3 of the group of selected patients (right arrow)

is greater than that of the total patient sample (left arrow).

For example, users can select the rapidly progressing patients

whose UPDRS3 (motor exam) score increased by more than 12 over

three years in the bottom histogram (bottom of Figure 3). After

applying the filter, the 109 selected patients are represented by lines

with steep upward slopes in the top plot (right of Figure 3). The

mean UPDRS3 at Y3 for the selected patients (38.85, right arrow

in Figure 3), is higher than the mean UPDRS3 at Y3 for the total

patient sample (28.39, left arrow in Figure 3).

5.2 Demographics Panel

The demographics panel shows the gender and the year of birth in

two individual histograms (top right of Figure 1). Instead of showing

every year as a separate bar in the histogram, which would result

in a crowded visual display, the years are grouped into decades to

facilitate interpretation of age distribution and efficient use of the

limited screen space.

The color scheme used in Winnow is determined by the selected

demographic attribute. For example, when gender is selected, the

lines (top plot) and bars (bottom plot) in the outcomes panel are

colored in magenta and blue for female and male patients, respec-

tively. Users select a subset of patients with respect to a particular

demographic attribute by clicking the corresponding bar.

For example, users can select the 24 female patients from the

previously selected 109 rapidly progressing patients using the de-

mographics panel (left of Figure 4). After applying the gender filter,

the mean value of Δ(SDM) is −3.33 (comparable to the decline of
−3.36 before filtering by gender); this shows that the female pa-
tients in the selected cohort progress similarly to the mean total

sample in terms of cognitive function as measured by SDM.

Users can also identify female patients with the most rapid pro-

gression in SDM. For example, they can select the four patients with

Δ(SDM) < −16.62, which is more than one standard deviation from
the mean, represented by lines with significantly steeper slopes

when compared with other female patients (center of Figure 4). If

we select those four patients and switch from gender to year of

birth in the demographics panel, we see that these four patients

were born between 1940 and 1960, corresponding to ages between

56 to 76 years (right of Figure 4).

5.3 Analytics Panel

The analytics panel shows the relationships between pairs of vari-

ables through statistical analysis (bottom right of Figure 1). The

first tab shows the correlation of a pair of outcomes evaluated by

the Spearman’s rank correlation; a high correlation coefficient for

a pair of outcomes indicates that patients with severe symptoms

in one outcome are likely to have severe symptoms in the other

outcome; similarly, those with low on one outcome are likely to

be low on the other. The second tab shows the p-values of the
Mann-Whitney test comparing the distributions of outcomes in

the selected patients and the remainder of the patients in the total

sample; an outcome has a low p-value when its distributions are
different in the selected patients and the remainder of the patients.

Both the Spearman’s rank correlation and the Mann-Whitney test

are non-parametric. The variable tested can be selected from the

values at BL, Y3, or the change in values from BL to Y3.

In the following example we use the Mann-Whitney test to

compare the changes in values between two groups: The 109 fast-

progressing patients with respect to UPDRS3 (selected in Figure 3)

and the remainder of the patients (n = 211). The result shows, beside
the trivial case comparing Δ(UPDRS3) in the two groups, the other
two UPDRS sub-scales (Δ(UPDRS1) and Δ(UPDRS2)–non-motor
symptoms and disability) have low p-values (p < 0.05). Other vari-
ables with low p-values in increasing order are Δ(GDS), Δ(SDM),
Δ(SCOPA-AUT), Δ(SEADL), Δ(STAI), and Δ(LNS), associated with
a range of domains (behavior, cognitive, autonomic, and disability).

In summary, disease progression in motor functions is associated

with progression of autonomic dysfunction, cognitive decline, de-

pression, anxiety, and disability.
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Figure 4: Users can filter the 109 previously selected patients (in Figure 3) by gender by clicking the corresponding bar in the

demographics panel. After selecting female patients (left) with unusually rapid changes in cognitive function as measured by

SDM (center), users can then change the color scheme to explore the year of birth of the selected patients (right).

5.4 Implementation

Winnow is implemented in JavaScript (frontend) and Python (back-

end). Users can conveniently run Winnow on modern browsers

without installation through a link to the website1.

6 CASE STUDIES

We now summarize two case studies we conducted with Winnow.

The results shown in this section are for demonstration only. Anal-

yses with Winnow are intended to uncover promising relation-

ships between a range of outcome measures for selected patient

subgroups. These analyses are for the purpose of generating hy-

potheses and need to be reproduced in future studies.

6.1 Questions

We have identified two clinically relevant questions about disease

progression in PD with input from our clinical experts.

Q1 Does gender affect Parkinson’s disease severity at year three?

Q2 Does the baseline severity of REM sleep behavior disorder

(RBDQ) affect year three outcomes?

In the following we assess the effect of grouping using the Co-

hen’s d [5], which is the difference between two sample means

divided by the pooled standard deviation:

d =
x1 − x2√
σ
2
1 +σ

2
2

2

, (1)

1http://hccheng.pythonanywhere.com/vis/

where xi and σi are the mean and standard deviation of the i-th
group. A Cohen’sd of value 0.2, 0.5, or 0.8 suggests a small, medium,
or large magnitude of relationship, respectively [5]. We use Cohen’s

d to provide a different but complementary perspective on group
differences in addition to the rank-based Mann-Whitney test.

6.1.1 Q1: Does gender affect Parkinson’s disease severity at year

three?

Gender differences in PD-related symptoms have been studied

in the past. For example, RBD (REM sleep behavior disorder) was

shown to bemore prevalent inmale patients than female patients [24].

A thorough review of gender differences in cognitive functions can

be found in [12]. In the following analysis, we first applied a filter

in the demographics panel and then used the plots in the outcomes

panel to investigate various outcome measures at Y3 (Figure 5).

For UPDRS3 in the motor domain, female patients have a mean

value of 25.89 at Y3 (first plot in the top of Figure 5) andmales have a

mean value of 29.36 at Y3 (first plot in the bottom of Figure 5). There-

fore, comparing female with male patients, females have less severe

motor symptoms than males at Y3 (d = 0.27). The Mann-Whitney

test shows a significant difference (p = 0.003, shown in Table 2)

between the female and male patients. In contrast, female patients

have more severe symptoms on semantic fluency (SFT in the cogni-

tive domain) at Y3. Females have mean SFT of 53.13 whereas males

have mean SFT of 45.98 at Y3. The difference in mean SFT at Y3 for

females and males shows a medium to large magnitude (d = 0.59
and d = 0.63). The Mann-Whitney test confirms the significance of

gender difference in SFT at Y3. Other measures that significantly

differ by gender at Y3 are listed in Table 2, including measures in the
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cognitive, sleep, and disability domains. Male patients have more

severe symptoms than females in seven out of the nine outcome

measures (marked in bold in Table 2). These seven outcomes are

UPDRS2, UPDRS3, and T-UPDRS (general PD severity), MoCA and

SDM (cognition), ESS (sleep), and SEADL (disability).

Table 2: Outcome measures that are significantly different

(p < 0.05) by gender at year three (Y3)

Domain
Outcome Mean value at Y3

p-value
Measure Female male

PD Severity:

Motor &

Non-Motor

UPDRS2 6.98 9.31 < 0.001

T-UPDRS 41.07 46.71 0.001

UPDRS3 25.89 29.36 0.003

Cognitive

SFT 53.13 45.98 < 0.001

JOLO∗
11.80 12.98 < 0.001

MoCA∗ 27.08 25.94 < 0.001

SDM∗ 42.48 38.19 0.006

Sleep ESS 6.49 7.49 0.013

Disability SEADL∗ 89.06 87.49 0.021

∗ Lower score indicates more severe symptom.

6.1.2 Q2: Does the baseline severity of REM sleep behavior disor-

der (RBDQ) affect year three outcomes?

In this question, we investigate how the baseline severity of REM

sleep behavior disorder (measured by RBDQ) affects the severity of

outcomes in other domains over three years. We approached this

question by selecting patients with increasingly severe REM sleep

behavior disorder (greater values of RBDQ) at BL and comparing

the severity of the other outcomes at Y3.

After applying a filter on baseline RBDQ with a cut-off value of

four (Figure 6a), the mean values of T-UPDRS (PD severity) at Y3 is

50.17 for the top 50% of patients for RBDQ at BL (left of Figure 6b),

and 39.96 for the bottom 50% of patients for RBDQ at BL (not shown

here). These results show that for patients with greater baseline

REM sleep behavior disorder, their general PD severity (T-UPDRS)

is more severe at the third annual follow-up visit (d = 0.57).
In fact, if we use the analytics panel to compare the top and bot-

tom 50% of baseline RBDQ ratings, the Mann-Whitney test shows

that the distributions of nearly all outcome measures at Y3 are

significantly different (p < 0.05) between the two groups except for
a single cognitive measure, the semantic fluency test (SFT). These

results show that the baseline severity of REM sleep behavior disor-

der is an important predictor of three-year outcomes across all the

domains. Further studies are needed to investigate this important

finding.

The difference in outcomes at Y3 between patients with more

and less baseline REM sleep behavior disorder becomes even more

apparent if we adjust the filter to select increasingly greater RBDQ

ratings at BL (Figure 6a). The patient groups with the top 50%, 25%,

and 10% baseline RBDQ ratings have increasingly greater mean

values of T-UPDRS at Y3 (50.17, 53.65, and 58.54 from left to right

in Figure 6b). In summary, these results show a positive correlation

between the severity of baseline REM sleep behavior disorder and

the severity of multiple other domains at year three, indicating that

the baseline severity of REM sleep behavior disorder is an important

predictor of Parkinson’s disease progression.

6.2 Discussion

Winnow enables clinicians and scientists to interactively and flex-

ibly query complex and high-dimensional datasets with minimal

training. This hands-on experience is critical for clinicians to gen-

erate hypotheses and to discover actionable, clinically-relevant

results. Currently hypotheses are investigated with basic statistics;

in the future we plan to use Winnow as an interface for complex

analytic methods, such as supervised learning. For example, users

can define patient subgroups with distinct profiles of progression

in Winnow and then use these defined subgroups as the targets for

supervised learning methods.

Based on the features of the dataset used in our examples, our

analysis is limited to three years of longitudinal data. Whereas

Winnow currently supports comparing two groups of patients (se-

lected and unselected), future modification will enable selecting

and switching between multiple patient groups to allow more so-

phisticated comparisons. In addition to the outcome measures used

in our preliminary study, biologic data (e.g. genomics and serologic

markers) may enable more precise and reliable groupings.

7 CONCLUSIONS

Over the last 25 years, chronic medical conditions have been rede-

fined with an expanding scope of symptoms and biologic disease

markers. These advances have resulted in complex multidimen-

sional clinical datasets. Such datasets pose substantial opportunities

for discovery, but also pose unique challenges for traditional analy-

sis. Parkinson’s disease (PD) is a key example of these challenges–a

complex progressive neurodegenerative disorder with rapidly ex-

panding biologic data including genetics, imaging, and serologic

markers. Since the diverse symptoms of PD progress over different

timeframes, and are likely to vary in different patient subgroups,

novel tools and approaches are needed to capitalize on the large,

multidimensional, and longitudinal datasets available today.

In this paper we present Winnow, a visual analytics tool that is

intuitive, interactive and insightful for both scientists and clinicians.

The design of Winnow is based on an intensive long-term collab-

oration between experts from diverse backgrounds. Winnow is a

significant step to conduct complex analysis on existing databases

that are necessary to advance the study of chronic medical condi-

tions.

We are designing more concise and scalable visualizations by

grouping similar patients in the outcomes panel and creating a

graph-based representation summarizing the changes in outcomes [15].

We are also working on extending Winnow to incorporate new

emerging biomarkers including genetics, imaging, serology, and

biosensor metrics. The extension will also include a machine learn-

ing module to perform automatic data analysis.
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Figure 5: After applying the gender filter, the plots show that female patients (top) have comparablemotor symptoms (UPDRS3)

and general PD severity (T-UPDRS) at BL and less severe symptoms at Y3 than male patients (bottom). In contrast, female

patients have more severe symptoms on semantic fluency (SFT) at Y3. arrows mark the mean values at Y3 for the males and

females.
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50%

25%

10%

(a) Filtering baseline RBDQ

50.171750 53.656553
58.545458

(b) Increasing mean T-UPDRS at Y3 from 50% to top 10% of patients (left to right)

Figure 6: (a) A filter that selects patients with increasingly greater baseline RBDQ. (b) As the filter moves to select patients

with more severe baseline RBDQ (top 50%, 25%, and 10% from left to right), the mean T-UPDRS at Y3 increases from 50.17 to

53.65 and 58.54.
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