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Data Are the King

Data-centric computing will dominate the
future!

BIG DATA:
- SEIZING OPPORTUMNITIES,
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* Now data are of
- High volume
- High velocity
- High variety

dn.com/bi grewards-chong-150502043013-conversion-ga g-data-big-rewards-4-638.jpg?cb=1430559062; w.eweek.com/imagesvr_ 3_ew_Hul
http://itlaw.wikia.com/wiki/Big_Data:_Seizing_Opportunities,_Preserving_Values ; https://www.smartinsights.com/internet -market ing-statistics/happens -online-60-seconds, /

210M Emails sent

4.2M google searches

15.2M text sent

350K tweets sent

- 510K comment posted on FB
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= Data-centric computing makes the computing
system design a totally different story...

Value

* To-do list throughout the data lifecycle... Data
Data analytics

processing &
Data management

Data storage
acquisition
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s DICOM #3¢

. :&&&%&@ﬁ]ﬁzi (DICOM - Digital Imaging and
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InstitutionName

¢ FIRRRIN T

DICOM File Metadata - Header
SOPClassUID 1.2.840.10008.5.1.4.1.1.7
SOPInstanceUID 2.16.840.1.113662.2.256..
" StudyDate 19970205
— \\ SeriesDate 19970205
_____ / AcquisitionDate 19970205
StudyTime 074737.000000
SeriesTime 074737.000000
AcquisitionTime 074737.000000
Modality cT
ConversionType WsD
Manufacturer Picker International, Inc.

BOSTON MED CENT E.N.C

ReferringPhysiciansName OREGAN
StudyDescription <VYGR> Path: dicom
ManufacturersModelName PQ5000

Unknown 70

PatientsName CT BRONCHOSCOPY
PatientlD 000003 M 47
PatientsSex 0]

Unknown 122
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= Analyze Data
 Value or Garbage?

Global Average Temperature, °C

16.5
16.0
15.5
15.0
14.5
14.0
13.5
13.0

Global Average Temperature vs. Number of Pirates

2000
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1920
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400

Number of Pirates (Approximate)
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AL HEALTH INSUJANCE A
sioN, MINISTRY OF HEALTH

F&
https://www.cna.com.tw/news/afe/202208120333.aspx EREXE: (TEBRE /PR
https://www.thenewslens.com/article/171564
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?% 3 & B E A¥ ¥ (diagnosis) ~ g {2 (prognosis) ~ i
& (treatment)

n Al 4P § hps s
« 8 /B| (detection)
* 4 #F (classification)
* 4 3 (segmentation)
« 3R] (prediction)
« 2% (recommendations)

B #R3% 3 &2 (natural language processing)

% #-1 B2 (multimodel processing)
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= YOLO: Real-Time Object Detection
« FhTEHE
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https://www.mdpi.com/2079-3197/12/3/44
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Abnormal behavior
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Android Studio Open CV

https://youtu.be/wAb38Ldgp0o
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Fully-connected

pooled oot pooled
feature maps featuremaps o - 9P feature maps
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Convolutional
Convolutional Layer 2

Layer 1
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Al model training  wanuaiy tabetea

Original image tissue classification

o e %y

Red (/415 granulation tissue)

Manually labeled Mask

MOdeI Segmentation Black (necrotic tissue) Red (granulation tissue) Vis (qukl ; e )
. ellow (i slough tissue

Non Red Yellow Black Yellow (slough tissue) B Biack (5% necroic tissue)
o Non l
£ = , HI "
8  Red "H ] g
© - ' l
g Yellow H - !-H
“ - porw Jad Rl U
g H P ooas

Black em - o
Total accuracy rate: 85% " .
Automatic tissue U-net CNN

Evaluation segmentation model training
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() Signal Processing .
( - Raw ECG Signal =N
.“‘ ) O‘,‘ { 1 {  PeaksDetection \ ! Beat classification
’;."’I,. ! |‘ \ ,:'~.> { T
“ilp| W ot i i B3 AT DS D e o K, p-Wave Detection N —— Normal
| | \ \ ( Denolsing ) ( Segmentation | [ Termporal features
i Ay o o extraction
1 1 [ Base-line removing )
/ \ normal
U Beat ( Abnosrmal _,
= #1 s
) | t-Wave Detection ‘ ‘ '
| Beat I
- #2 + Pre-RR
Power-fine removing A | 7 « Post-RR
Z ' + Local-RR
G » Global-RR
R-Peak Detection | Beat ] |
-/ . 3 "\_g" > L
\
\ ‘ |

Sannino, G., & De Pietro, G. (2018). A deep learning approach for ECG-based
heartbeat classification for arrhythmia detection. Future Generation Computer
Systems, 86, 446-455.

https://www.sciencedirect.com/science/article/pii/S0167739X17324548
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Atrial
Fibrillation

8 channel PPG

computed based
on 50, beat-to-

beat variability
etc.

https://ieeexplore.ieee.org/abstract/document/7897225 https:/fwww jmir.org/2020/5/e16443/

] ] ) ) Kwon, S., Hong, J., Choi, E. K., Lee, B., Baik, C., Lee, E., ... & Yi, Y. (2020).
Shashikumar, S. P., Shah, A. J., Li, Q., Clifford, G. D., & Nemati, S. (2017, petection of atrial fibrillation using a ring-type wearable device (CardioTracker
February). A deep learning approach to monitoring and detecting atrial and deep learning analysis of photoplethysmography signals: prospective
fibrillation using wearable technology. In 2017 IEEE EMBS international observational proof-of-concept study. Journal of Medical Internet
conference on biomedical & health informatics (BHI) (pp. 141-144). IEEE. Research, 22(5), e16443.
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Input Modalities

Imaging

Capabilities

Enhanced Interactive

. = Communication
Foundation 3 ;
Model

Radiograph MRI cT L Radiology Report
Language % \/ Generation
Radiology Reports Clinical Notes

o- - -
g’ Ex . _ Advanced Diagnostic
= Training T Adaptation 3 syupport
g Self-supervised
Pl

Textbooks Medical Literature Multi-modal .7 Streamline Workflows

Other Health Data Emergent

§ @ ;é “ &\ @ Discover Population

Insights
Omics Sensors EHR Demographics
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Input image/prompt

| /lfélf\E“ g?f ']

%+ EHR + Lab +

Clinical Text

L

-3l

S EE TR

e report

Injection of contrast via the orifice of purulent discharge
showed opacification of the left perianal abscess. No evidence
of obvious contrast extravasation into the anal canal or
rectum.

d report

Injection of contrast via the orifice of purulent discharge
showed opacification of the perianal abscess. No evidence of
obvious contrast extravasation into the anal canal or rectum is
seen.

P

—— Input image/prompt

e report
A 43*36mm hetero-enhancing mass is noted at right renal sinus. There is
no sign of local invasion to adjacent structures and no vascular
extension. No regional lymphadenopathy is identified. Degenerative

changes as osteophytosis are seen at the lumbar spine. Grade |
spondylolisthesis of LS on S1 is present with bilateral spondylolysis.

d report
A 35 mm large exophytic mas: seen in the lower pole of the right
kidney. The neoplasm has a slrmlar densuty to normal renal parenchyma
on non-enhanced CT scan. No regional lymphadenopa wted. After
IV contrast media injection, the ion value didn‘t d and
the mass didn't enh: Mild deg: changes as phytosi:
are seen at the lumbar spine.
Input image VQA Type Example Prediction
Q: Is there evidence of
Closed-ended == pleural effusion? A: Yes

Open-ended =——»

A: Yes.

Q: Which abnormalities
can be detected in the
right hilar region?

A: Mild right-sided
pleural effusion is noted.

A: Right pleural effusion
is present, small in
volume.

Open-ended =—>

Closed-ended =

Q: What is the CT phase
of the image?

Choices:

A. Non-contrast

8. Contrast

C. Arterial phase
D. Portal venous phase

A: C. Arterial phase

A: C. Arterial phase

Q: Which contrast phase

is shown in this CT image? ‘A* Arterial phase
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Cancer Targeted Therapy Efficacy Prediction
Toolkit Software

This software delineates both direct and indirect paradigms of imaging Al for predicting targeted-therapy response across
multiple cancer types, explicitly distinguishing classical machine-learning from deep-learning approaches.

Indirect Prediction Direct Prediction
Use imaging features to predict molecular alterations (e.g., End-to-end association between imaging representations and
EGFR, ALK, HER2) as surrogates for therapy selection. outcomes to predict benefit from a specific therapy.
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A: Foundational LLMs 9 User

What are the latest ACR guidelines for incidental thyroid nodule
ow-up?

{8} Model

As my knowledge cutoff is October 2024, the mest recent ACR white paper on management of incidental
thyroid nodules that I'm aware of was published in 2017, with updates in 2021.

These guidelines stratify nodules by size, patient age, and risk factors, recommending follow-up ultrasound
for nodules =1 cm in patients under 35 and for nodules =1.5 cm in older patients. If you need the most
current guidelines, I'd recommend checking the ACR's official website or journal publications, o | could use
asearch functien to find the updated information if you'd like

B: Augmented LLMs o User

urrently taking any medications that may lead to

Is the pati
lung fibrasis

{8} Model

[E] Calling "EHR" tool: Getting patient current medications...

Result: Medication list includes: methotrexate (15mg weekly, started 4 years ago), leflunomide
(20mg daily, started 2 years aga), hydroxychloroquine (200mg twice daily, started & years ago),
folic acid (1mg daily), and omeprazole (20mg daily).

(E) caling "DrugBank" tool: Getting medication adverse events...

Result: Known risk of 10.3-11.6% i y fibrasis with
chronic use. Leflunomide: Associated with interstitial lung disease (0.5-1.2% incidence), higher risk
when combined with methotrexate. Hydroxychloroquine: Rare reports of drug-induced respiratory
disease [<0.1%). Omeprazole: No reports found. Folic acid: No reports found.

The patient is on methotrexate and leflunomide, both of which have an increased risk of pulmonary
fibrosis. When used in combination, this risk is further els d, necessitating careful evaluation of the CT
pattern

C: Al Agents

s. Whi

{©} Model

Il analyze this pediatric pancreatic tail lesion to determine the likely differential diagnosis and management
recammendations. | will need ta get the differential diagnosis first.

and the differential for pancreatic tail cystic lesions with calcifications in

Step 1: First, | need to undk
pediatric patients

cystic lesions with calcifications"...

Calling "STATdx" tool: Searching for "pediatric pancre

Result: Differential includes: solid pset neoplasm (SPN),
pseudacyst with calcifications, and mucinous cystic neoplasm. SPN is most common with this
presentation in adalescents.

Hmm, | need more patient-specific information ta refine this differential. Let me check the patient
demographics. Given patient's demographic information (adolescent female) makes solid pseudopapillary
neoplasm the leading diagnosis. Hows should check the clinical context to ensure we're not missing
anything

Step 2: Let me search for the clinical indication and history.

[E calling "EHR" tool: Retrieving clinical history and indication for this study...

Result: Clinical indication: “Intermittent epigastric and LUQ pain for 3 months, palpable mass on
physical exam." No documented history of pancreatitis o trauma.

The absence of pancreatitis or trauma makes pseudocyst less likely. Let me check the ACR
recommendations for this scenario.

Step 3: Checking standard management recommendations.

[E) Calling "ACR Appropriateness Criteria" tool: Searching guidelines for "pediatric pancreatic mass"

Result: ACR recommends MRI with MRCP as me next imaging study of choice for further
of pediatric masse ultrasound with possible FNA may be
appropriate depending on institutional expernsa

I should alse check if there are any institutional protocols specific to our center.

Step 4: Ghecking for institution-specific protocols

[E) calling "Institutional Protacols" tool: Searching for "pediatric pancreatic mass protocol..

Result: Institution protocel recommends: (1) MRI with MRCP, (2} Pediatric surgical oncology
consultation, (3) Consider tumor markers including beta-HCG, AFP, and CA 18-9.

Based on my systematic analysis, the most likely diagnosis for a cystic pancreatic tail lesion with
calcifications in a 14-year-old female is Solid Pseudopapillary Neoplasm (SPN). This is supported by
Patient demagraphics (teen female) strongly match SPN's typical ation
- The imaging features (cystic lesion with calcifications) are consistent with SPN
The clinical presentation of vague symptoms over months is classic for SPN
- Na history of pancreatitis or trauma makes pseudacyst less likely

Recommended next steps per institutional protocol:
ancreatic protocol MRI with MRCP to better ch

2. Pediatric surgical oncology consultation

3. Consider tumor marker panel (beta-HCG, AFP, CA 19-9)

terize the lesion
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