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degree of certainty between real measurements. They 
could see the variability clearly in the ripple graph because 
visualizing the degree of certainty enabled them to per-
ceive a time-series with many individual bars as a gestalt 
(i.e. unified whole) instead of a series of scattered bars.  

6.2 Case Study 

Dataset and procedure 
We designed and developed Stroscope involving three 
neurologists in the design process. After completing an in-
itial prototype, we have conducted two case studies with 
neurologists for four months in the real field. We had a 
meeting with two participants (female and male doctors 
enrolled in a stroke fellowship program) together for about 
90 minutes every 2 or 3 weeks for the first two months for 
exchanging ideas and sharing findings while improving 
the prototype as well if necessary. We had a 1-hour meet-
ing with each participant every 2 weeks for the rest two 
months. We used the following procedure for each meet-
ing: (1) Participants gave us feedback on Stroscope. (2) We 
installed an improved version and explained the improve-
ments. (3) We let participants try Stroscope to confirm 
whether they understood the new features. In this stage, 
we employed a modified pair analytics method, where as-
sistance is provided only when participants asked for help. 
(4) After the meeting, we updated Stroscope following the 
feedback and maintained contact with the participants by 
answering their questions via e-mails or phone calls.  

When the two participants first tried Stroscope, they 
were impressed by its visual and interactive nature be-
cause they had never used such a visualization tool before. 
They were also excited that they could find significant pat-
terns in a specific group by comparing different groups us-
ing matching, aligning, and clustering. 

Participant1 (P1) 
P1 was interested in the relationships between the variabil-
ity in blood pressure and the occurrence of symptomatic 
hemorrhagic transformation (SHT) of acute ischemic 
stroke. SHT is one of the important factors that influence 
the outcome of stroke treatment. Previous studies have 
shown that the occurrence of SHT relates to high variabil-
ity in blood pressure. But statistical summary measures 
did not bring him an intuitive understanding and it was 
always elusive to examine each record separately in detail 
using conventional statistical tools. 

P1 decided to conduct a case-control study with Stro-
scope. He first defined two groups: cases are the patients 
who have had a SHT and controls are the patients who 
have not had a SHT. He used the matching function of 
Stroscope to match each patient in the cases to the patients 
in the controls according to the initial SBP (± 5mmHg) and 
age (± 5 years). After he split the timeline view into two (up 
and down), he assigned the cases to the upper view and 
the controls to the lower view. He immediately noticed 
that the blood pressure was measured more frequently and 
the hospitalization period was longer for the patients in the 
cases. For a detailed analysis, he aligned patients by the 
SHT onset time, while aligning patients in the controls by 
the SHT onset time of the patient matched in the cases. 

High or low values are observed more frequently near the 
SHT event in the cases than in the controls. 

To analyze the variability of SBP, he first selected ᇞSBP 
as a measurement variable and manipulated the color pal-
ette to make positive values red and negative values blue. 
It was difficult to see the difference of variability between 
cases and controls by just checking the occurrence of dark 
blue or dark red regions. So, he dragged the horizontal axis 
of the ripple graph to the bottom to see only the increasing 
periods with positive ᇞSBP values. In the same manner, he 
dragged the horizontal axis to the top to see only the de-
creasing periods with negative ᇞSBPs (Figure 10). Then he 
could clearly see the difference between cases and controls, 
e.g. a rapid change in the blood pressure was observed 
more frequently in the cases near the occurrence of SHT 
event. During 6 hours before and after the SHT onset event 
in Figure 10, blue regions representing the periods with de-
creasing  SBP by more than 20 appear more frequently in 
the cases (upper view) than in the controls (lower view). 

To minimize the influence of individual differences 
among patients, he decided to examine the deviation of 
SBP values.  He first defined a reference variable named 
“SBPMean” as the average SBP during 3 days before dis-
charge. And then, he changed the measurement variable to 
a new reference variable defined by SBP-SBPMean. He eas-
ily found that there were many extreme values, especially 
higher values in dark red in the cases, before the occur-
rence of SHT (Figure 11). In addition, dark red and dark 
blue colors were observed more frequently in the cases, in-
dicating that the variability of SBP was high. 

While observing the patients in the cases, he found one 
patient with an anomalous pattern: the patient exhibited a 
dramatic decrease of the “SBP-SBPMean” value about 
seven hours before the occurrence of SHT (see the black ar-
row in Figure 11). After zooming in to the patient further, 
he found that the “SBP-SBPMean” value decreased ap-
proximately from 25 to -50 (see the black arrow in Figure 
12). He wondered why the SBP value suddenly decreased. 
He checked the medical history of the patient in the EMR  
(electronic medical record) system. He found that the pa-
tient received a treatment called mechanical throm-
bectomy for an occlusion in the sphenoid segment of the 
middle cerebral artery (a part of blood vessel in the brain). 
He reconfirmed the sudden decline in the SBP value 
though two MRI scans before and after the treatment to re-
move the offending thrombus. 

 
Fig. 10. Stroscope showing only SBP decreasing periods. After select-
ing △SBP (a difference between consecutive SBP values) as a meas-
urement variable, P1 can observe △SBP values less than -20. The 
yellow mark indicates when an SHT onset event occurred. 
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Participant2 (P2)  
In P2’s clinical research, she often found that patients’ 
blood pressure increased or decreased rapidly when they 
got worse. But there are previous studies that have shown 
conflicting results because most of these studies were 
cross-sectional which compared only statistical summary 
measures between groups without taking into account the 
temporal aspect of blood pressure change. P2 wanted to go 
beyond the statistical summary measures by visually ex-
ploring individual blood pressure values and their 
changes over time using Stroscope.  

As soon as she loaded her dataset and sorted patients 
by TOAST (a classification stroke according to the causes 
of stroke), she started to make her discoveries in her da-
taset: (1) Overall, SBP value was decreasing during a day 
after the first measurement; (2) patients in ‘TOAST 2’ and 
‘TOAST 6’ groups were hospitalized for a shorter period of 
time; and (3) SBP values of patients in ‘TOAST 3’ and 
‘TOAST 4’ groups tended to be relatively low.  

Using the matching and alignment functions in Stro-
scope, P2 also figured out that the blood pressure of pa-
tients with lacunar infarcts in ‘TOAST 2’ was increasing or 
decreasing rapidly before and after an END_progression 
event. Then, she partitioned patients with lacunar infarcts 
into 5 clusters by performing a clustering using our en-
hanced I-kMeans algorithm (section 5.3): two clusters with 
high blood pressure, two clusters with low blood pressure, 
and a cluster with slightly high blood pressure. She aligned 
records by the onset time to check whether there exists any 
difference among the clusters in the elapsed time from on-
set to the END_progression event. She observed that the 
END_progression event occurred within about 30 hours 

from onset in the clusters with low blood pressure (Figure 
13). But, the number of patients with the event was not 
enough to conclude that her observation was meaningful. 
So she decided to explore in the same manner after collect-
ing more time-series for patients with lacunar infarcts. 

Discussion 
Two long-term case studies helped us test the efficacy and 
utility of Stroscope. Although Stroscope was the two par-
ticipants’ first visualization tool for time-series data, they 
became rapidly proficient in using it. We allowed them to 
ask us for help whenever they were faced with any prob-
lems. But, they used Stroscope skillfully without any help 
after the first one month of the case study. 

They used sorting, aligning, and matching functions for 
comparison of two groups, which was one of the main 
tasks in the analytical exploration of the blood pressure 
data. They could easily find differences in measurement 
frequency and variability as well as measurements, espe-
cially before and after a specific event. These findings con-
firmed what they already knew and also yielded the re-
sults contradicting previous studies. 

They changed the visual representation from a familiar 
graph such as the line graph or bar graph to their own rip-
ple graph depending upon their goals and the available 
display space. To see an intuitive overview of multiple rec-
ords, they often made all bars have the same height of 1 
pixel and then adjusted the color palette and confidence 
interval (Figure 13). For participant 1, to see only the in-
creasing/decreasing periods, he adjusted the position of 
horizontal axis and ROI values. He was satisfied with that 
he created his own graph to show the peak only. He could 
also observe one record in detail by adjusting ROI values 
after increasing the height of the ripple graph (Figure 12). 
He commented on our visualization model and interactive 
widget as follows: “It is very nice that I can progressively 

 
Fig. 11. Stroscope showing a “SBP-SBPMean” variable. A black ar-
row indicates a patient with an anomalous pattern. Dark blue repre-
sents a sudden decrease in SBP (a great negative value of “SBP-
SBPMean”). The yellow mark is the indicator of SHT onset event. 

 
Fig. 12. Stroscope showing the detail of the patient with anomalous
pattern in Fig. 11. P1 identified that the “SBP-SBPMean” value de-
creased approximately from 25 to -50 about 7 hours before the SHT
onset. The yellow mark is the indicator of SHT onset event. 

 
Fig. 13. Stroscope showing hierarchical grouping result. P2 aligned 
patients by onset time and grouped patients according to Cluster and 
END variables after performing a clustering function. Black 
rectangular spots in the timeline view represent the END_progression 
event. In the two clusters with low blood pressure (the first and last 
clusters), the event tends to occur within about 30 hours from onset.
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narrow down to a range of values of my interest after un-
derstanding the context.” 

Although our multi-scale visualization model enables 
users to choose the best representation for a given display 
space, the scalability issue still remains. It can only scale up 
to a point where each time-series takes a pixel height. It is 
possible to scale up further by employing aggregation or 
data reduction techniques, but then we may lead to a more 
aggregated overview, thus inducing information loss. 
Such information loss is in general unacceptable in the 
medical field since it could complicate or mislead medical 
decision-making.  

Another limitation is that we conducted two case stud-
ies in only one domain, i.e. medical domain with a blood 
pressure data. Further case studies are required to show 
that Stroscope based on the ripple graph is not a domain-
specific tool. Thus, more case studies in other domains can 
be meaningful future work. 

7 CONCLUSION AND FUTURE WORK 
In this paper, we presented a multi-scale visualization 
model, i.e. a ripple graph for irregularly measured time-
series data, concerned with measurement frequency and 
confidence in values between measurements. To investi-
gate the efficacy and potential of the ripple graph, we im-
plemented an interactive visualization tool, Stroscope in 
which we provided an interactive widget to enable intui-
tive control of the ripple graph and several analytical func-
tions. We then evaluated the ripple graph and Stroscope 
by conducting a controlled user study and two long-term 
case studies with neurologists. Results showed a promis-
ing possibility that our ripple graph is generally applicable 
visualization model for time-series. Case study partici-
pants could efficiently exploit the visualization model and 
the analytical functions of Stroscope throughout their ex-
ploratory analysis processes.  

While the ripple graph focused on quantitative values 
only at discrete time points, more work is needed to gen-
eralize Stroscope to deal with a time axis not only as time 
points but also as time intervals (e.g. a representation like 
Gantt charts). We are also planning to adopt a different 
method to accommodate individual differences among pa-
tients in the analysis of temporal change rate. For example, 
conditional variance used in stock data analysis can be 
used as an alternative variable. Furthermore, to make our 
multi-resolution clustering technique more generalizable, 
it is necessary to adopt a different wavelet transform, e.g. 
lifting scheme, which makes it possible to do a discrete 
wavelet transform without regularizing irregularly meas-
ured time-series. 
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