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Visual Analytics
is the science of analytics reasoning
guided by
statistical analysis, machine learning
and interactive visualization
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Visual analytics to enhance:

Teamwork for healthcare
Operation & performance of extreme-scale systems
Comprehension of large collection of documents



EHR Data Analytics

to Enhance Patient Care Multiteam Systems




Multiteam Systems for Healthcare
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ML Assisted Visual Analytics

Informed by:
Communication network theories: structure, position, and flow

Systems engineering principles: workflow, value, waste (time, cognition)

Designed to assist HCPs with visualization guided information-
processing to:

quickly browse an overview of their patients’ medical care

identify MTS members involved at specific points and periods in time

drill down to discover important details (i.e., notes, messages, reports, etc.)
see who has accessed/reviewed specific EHR documentations

efficiently rectify gaps in information-sharing by members of the MTS
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Case Study 1

Patient Group: 53 patients, between age 65-75 with Stage 3 lung cancer, in
which 27 survived and 26 did not.

Communication effectiveness metrics are weighted combinations of multiple
network measures (e.qg., degree, distance, closeness, betweenness, etc.)
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Case Study 1

Patient Group: 53 patients, between age 65-75 with Stage 3 lung cancer, in
which 27 survived and 26 did not.

Communication effectiveness metrics are weighted combinations of multiple
network measures (e.qg., degree, distance, closeness, betweenness, etc.)

The distance measure is the distance Metric Swarmplot distance
average number of directed :
ADecad Threshold = 0.2034 AAlive

edges between every HCP
node and note node in a

network.
(o) L]
02 04 06 08 A A A A 4%, ‘04 08 a8
A network with a higher | T A §“§“ . (a2]
distance value suggests the “ (a) 0
HCPs in the network are ) wa_ | 2
0.1

more connected.

Ld L]
0.2 0.3

: Communication Effectiveness Metric Score 0 -
time time



Information Reachability

Note Reachability: 0.77 HCP Reachability: 0.79 Note Reachability: 0.07 HCP Reachability: 0.17

e ’

[ REVIEWED ] : X [ DISSEMINATED |
NS o

Information reachability visualization for a patient who survived

I:B:I HCP ‘ Note



Information Reachability
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Information Reachability

Note Reachability: 0.77
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Streaming Data Analytics

for Hardware System Monitoring




Monitoring Supercomputing Systems

Visual Analytics
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Supercomputer Hardware Logs

Streaming, multivariate, time series

A representative dataset
Extracted from the K Computer, Riken, Japan

864 Racks
390 temperature and 480 voltage readings per rack
1162 measures per rack
288 time points per measure (every 5min)

Data volume: ~2GB per day

©RIKEN




Technical Approach

Expect to start with select readings and initial time points

We adopt the magnitude-shape plot (MS plot by Dai and
Genton 2018), which reveals both the functional magnitude
and shape outlyingness of time-series data.

Incrementally compute the MS plot with every new time
point added to the continuum

Progressively update the MS plot with every new time
series added

Employ FPCA together with MS plots to conduct further
analysis of select outliers



Magnitude Shape Plot

W. Dai and M. Genton, “Multivariate Functional Data Visualization
and Outlier Dection”, J. Comput. Graph. Stat. 27(4) 2018

Designed to visualize both the magnitude outlyingness
(MO) and shape outlyingness (VO) of multivariate
functional data based on measures of directional
outlyingness (O)

The plot depicts how much a time series has a different
magnitude and shape with other time series, and thus
visually reveals outliers.



Visual Outlier Detection
with the Magnitude Shape Plot
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Incremental Update of the MS Plot

Recomputing the MS Plot when new time points
for each series arrive is costly, infeasible for real-
time monitoring tasks.

Incremental update of exact MO and VO!
MOT+1 (XT+1) = le(TMOT(XT) + O(XTH[T+1]))

The required memory space to save the previous results,
MO and FQO, for all N time series is O(N).



Progressive Update of the MS Plot

The exact update for a new time series requires recomputation of the
measures for all N time series at all time points!

When the number of time series, N, in a system is large, this
recomputation is computationally prohibit.

To avoid recomputation, a progressive algorithm is designed to
generate the MS plot with approximated O.

Exact update is made only when the KL (Kullback-Leibler) divergence
of the mean absolute deviation between the new and original sets of
time series becomes larger than a set threshold value.



Visual Analytics Interface

MS piot
264 B central curves
244 Outliers with large I outlvina curves
asd VO \.: B Uner eolechione
20 ’
18+ .';
1.6+ e ’.
-
o y =
> 1 o ® Outliers with small VO and
10 % varying MO are selected
08 .t (brown)
06 .\\ &
- ° ° =
02+ e ..~
0.0 COENNNIND ©aD ® © @ed®®®
® ’0 3 <; 2 o‘ 1 o'o o 0‘2 O‘J 0‘4 OIS O‘I
) MO
Data View

Temperature (C)

Functions

from rack ‘040’ and MS

-
corresponding to plot show abnormal
brown selections in readings with the drop
MS plot
@ Mean tunction
03 AM 06 AM 09 AM 2P o3 Pm o6 PM oM ’
Time

C3AM  OSAM OBAM 12PM COPM  0SPM  09PM
Time Points
— Mean function
Negative perturbation

\ -

CIAM OSAM OSAM 1ZPM OIPM OSPM 09PM
Time Points

10 20 30 40 50 60 70 80 90 100110120130
Dérara

Smoothing Basis: (Cubic Regression Splines v

Basis Dimension: (10|

ou l '

'NEWTO
BFGS
Optimizer: |OPTIM

jon Method: [GCV.Cp v




Outlier Identification and Validation
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Outlier Identification and Validation
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Visual Analytics for

Comprehension of
Large Collections of Documents




LLM in Document Analysis
LLM as Agents

A chatbot that directly answers questions
Easy to develop and highly generalizable

Lacking transparency & mechanisms to convey uncertainty/confidence

No robust, established ways of evaluating the quality of responses

LLM as NLP (Natural Language Processing) Task Solvers
NLP Tasks: Topic analysis, sentiment analysis, relation extraction, etc.

Transparent processes, interpretable results, and customizable tasks

Prompt engineering is non-trivial and using LLMs is still a costly approach



A Combined Approach

Sensemaking of large collections of unstructured text
Design considerations:

Overview of article topics, keywords, and their connections
Support of drill-down, progressive disclosure
Transparency, interpretability, and direct manipulation
Detailed analysis of a specific target of interest

A combined approach:

Processing data with LLMs followed by interactive visualization to
find and keep track of targets of interest

Sensemaking on the targets of interest with LLM Chatbots
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Example I: HyperMap
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Sil d in Impeach t Trial - The New York

Times
The article discussed Dilma Rousseff's impeachment trial in the
Senate, where she defended herself against charges of
manipulating the federal budget. She compared her situation to
past Brazilian presidents who were ousted by their opponents and
argued that her removal would increase the risks of investing in
the country. If convicted, Michel Temer, the interim president,

will serve until 2018.
Article ID: #21479 Topic: Political Developments in the Modern World
Relevance:

New Zealand Struck by Powerful Earthquake -

The New York Times
The article discussed a powerful earthquake that hit the east coast
of New Zealand's South Island, causing tsunami waves and
resulting in at least two deaths. The earthquake was followed by
several aftershocks, and officials warned people living near the
coast to move to higher ground. Prime Minister John Key
confirmed the deaths and reported damage to buildings in

Given the selected documents, what was the reason
for Dilma Rousseff to be impeached?

According to the selected article, Dilma Rousseff was
impeached because of allegations that she
manipulated the federal budget to hide Brazil's
economic problems.

Could you elaborate more on these allegations?

Certainly! The allegations against Dilma Rousseff
revolved around her alleged manipulation of the
federal budget. It was claimed that Rousseff used
accounting tricks, known as "fiscal pedaling" or
"creative accounting,” to hide the true level of
Brazil's budget deficit during her re-election
campaign in 2014. Specifically, Rousseff was accused
of taking unauthorized loans from state-owned
banks to cover budget shortfalls and make
government finances appear better than they
actually were. By doing so, she was allegedly
violating Brazil's fiscal responsibility laws, which
prohibit such practices. The impeachment process
accused Rousseff of committing a "crime of
responsibility" by manipulating the budget and
violating fiscal laws. The charges were based on an

1 a4 +.

Wellington, where he had met with Secretary of State John Kerry.
Article ID: #22321 Topic: Political Developments in the Modern World |
Relevance:

Five Illuminating Takeaways From Your Family
Money Letters - The New York Times
The article discussed the value of writing a "money letter" to

impart financial wisdom to loved ones. Joe Olivier wrote a letter el
to his niece, asking her to read books on personal finance, take an
online accounting course, and write reports. Other letter writers
Use Summary Clear Chat

emphasized the importance of recognizing emotions around
money, the connection between money and sex, the need for risk
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Example I: HyperMap

User Study on literature review using HyperMap
Chatbot group vs HyperMap group

Findings

Chatbot is good at explaining unknown keywords and summarizing
articles or the course of conversation.

Users have less trust over the Chatbot for critical questions
(e.g., if a statement/claim is true/justified )

The performance of the Chatbot group is less consistent (e.g., the
user may get contradictory answers or be unsure what to ask next.)

Visualizations can help direct the process and track the analysis
targets.



Example II: Sea of Voices

SEA OF

VOICLES

Surfacing the Unheard Voices
Lyudao Resident Interview Exploration
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Visual Analytics for High Dimensional Data
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