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approach for pharmacovigilance using real-world data (RWD).
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» Methods for identifying safety signals in the longitudinal healthcare databases

1) Pharmacoepidemiologic designs (e.g., case-only study, cohort study)

2) Sequence symmetry analysis (SSA)

3) Supervised machine learning (i.e., Gradient boosting machine, random forest)

4) Tree-based scan statistic

Arnaud M, et al. Methods for safety signal detection in healthcare databases: a literature review. Expert Opin Drug Saf. 2017 Jun;16(6):721-732.
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» Pharmacoepidemiologic designs (e.g., case-only study, cohort study)
- Exposure(s) and outcome(s) of interest need to be pre-specified

- (1) Cohort study design for safety surveillance

- New-user, active comparator design (comparator drug needs to be pre-specified)
- # of cohorts depend on the # of outcomes under assessment (i.e., Incident outcome cohort)

- Confounders in the exposure-outcome pathway need to be carefully selected
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» Pharmacoepidemiologic designs (e.g., case-only study, cohort study)
- Exposure(s) and outcome(s) of interest need to be pre-specified

- (2) Case-only study design for safety surveillance

- Self-controlled case series, Case-crossover, Case-case-time-control designs
- Ideal design in cases where...

- No adequate comparator group

- Transient exposure & outcome

- Need to control for time-invariant confounders
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B8 orenaccess - Association between human papillomavirus vaccination and
) Chock for updiates| serious adverse events in South Korean adolescent girls: I
' nationwide cohort study

Dongwon Yoon,' Ji-Ho Lee,'” Hyesung Lee," Ju-Young Shin'”’

Primary analysis: eohort design

Folow-up periad (each up to 1 year) Secondary analysis: sslf-controlled risk interval design
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Days after vaccination

Cohort SCRI B
Adjusted Rate Ratio Adjusted Rate Ratio Adjusted Relative Risk Adjusted Relative Risk
(95% Cl) (95% Cl) (95% ClI) (95% CI)

Endocrinal Endocrinal

Grawes’ disease —— 0.58 (0.27-1.22) Grawes’ disease — 0.63 (0.44-0.91) H

Hashimoto’s thyroiditis r 1.18 (0.64-2.19) Hashimoto’s thyroiditis —f 0.87 (0.65-1.15) OUtcomes Of IntereSt

Hyperthyroidism 1.04 (0.68-1.58) Hyperthyroidism - 0.8 (0.66-0.96)

Hypothyroidism 1 1.21 (0.91-1.61) Hypothyroidism - 0.77 (0.69-0.87) need to be pre-specified
Gastrointestinal Gastrointestinal

Crohn’s disease -_—l 0.61 (0.22-1.7) Crohn’s disease 0.92 (0.57-1.48)

Ulcerative colitis = 0.8 (0.16-4.04) Ulcerative colitis 0.58 (0.25-1.36) -

Peptic ulcer diseases _I 1.11 (0.99-1.24) Peptic ulcer diseases 0.94 (0.89-0.99)

Pancreatitis Pancreatitis )

Cardiovascular

Guillain-Barré syndrome
Optical neuritis

0.92 (0.68-1.24)

0.03 (0-0.35)
0.98 (0.42-2.31)

0.8 (0.69-0.91
Cardiovascular

-
_.——
e
-

Guillain-Barré syndrome
Optical neuritis

0.67 (0.11-3.99)

Venous thromboembolism = 0.59 (0.15-2.38) Venous thromboembolism 0.73 (0.34-1.6) More suitable for
Vasculitis 0.8 (0.4-1.6) Vasculitis 0.86 (0.61-1.21)
Hypotension -T= 1.19 (0.81-1.75 Hypotension 0.73 (0.63-0.85) = .
Mus)t/:ZIoskeletal ( ) Musculoskeletal SIQnaI evaluatlon /
Bechet's syndrome = 0.74 (0.15-3.66) Bechet's syndrome 1 1.18 (0.54-2.57) . .
Juvenile arthritis —1—— 1.86 (0.64-5.38) Juvenile arthritis 1.43 (0.89-2.3) hypotheSIS testlng
Rheumatoid arthritis e 0.94 (0.66-1.33) Rheumatoid arthritis - 0.77 (0.66-0.9)
Neurological Neurological
Bell’s palsy L — 0.48 (0.24-0.97) Bell’s palsy . 0.84 (0.51-1.36)
Epilepsy - 1.14 (0.79-1.65) Epilepsy -a 0.9 (0.76-1.06)
Narcolepsy —— 0.21 (0.04-1.01) Narcolepsy —_— 0.28 (0.12-0.65)
Paralysis = 0.56 (0.14-2.29) Paralysis 1.6 (0.55-4.62)
Migraine - 1.19 (1.03-1.37) Migraine 0.85 (0.8-0.9)
(
(
(

Neuralgia and neuritis

1.04 (0.67-1.62)

Neuralgia and neuritis

(
0.98 (0.64-1.5)
0.89 (0.73-1.09)
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Yoon D, et al. BMJ 2021; 372:m4931
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= Sequence symmetry analysis (SSA) — prescription based
- Case-only design; comparing temporal sequences of drug A - drug B

- Some advantages over cohort study designs include:
- Minimal dataset requirement, computationally efficient
- Controls time-invariant confounders

- ldeal design for safety signal detection / hypothesis generating
- Major drawback:

- Rely on an assumption of “event onset influences drug initiation”

- Prescribing time trends need to be accounted for

Lai EC, et al. Eur J Epidemiol 2017; 32:567-582.
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PHARMACOEPIDEMIOLOGY AND DRUG SAFETY 2015; 24: 858-864
Published online 22 April 2015 in Wiley Online Library (wileyonlinelibrary.com) DOL: 10, 1002/pds. 3780

ORIGINAL REPORT

&

Prescription sequence symmetry analysis: assessing risk, temporality,
and consistency for adverse drug reactions across datasets in five
countries

Amiodarone
initiation

o
=

5

Nicole Pratt', Esther W. Chan Nam-Kyong thm Michio Klmura Tomomi Klmum Kiyoshi Kubota
Edward Chla Cheng Lai®, Kennelh K. C. Man", Nobuhlro Qoba’, Byung -Joo Park” Tsugumu.m Sato”,
Ju-Young Shin®, Tan C. K. Wong Yea-Huei Kao Y'mg and El1zabeth E. Roughead""

Number of patients
Laa
[=]

Risk Ratia Risk Ratia 2
Study or Subgroup _ log[Risk Ratic]  SE Wasight IV, Random, 95% Cl IV, Random, 95% CI
Austrelia 16677 00624 223%  5.30([4,69,5899] . 107
Hang Kang 0B450 0.0805 221%  2.33[1.89, 273 .
Japan 0571 05435 128%  1.77[0.61,514] T 0
Korsa 04187 00837 221%  1.52[1.29,1.79) r ER R R R L
Tahwan 11817 018688  20.7% 326 (226, 4.70) -+ Weeks before and after amiodarone initiation
Total (95% CI) 100.0%  2E3[1.47,472 &

[ |

Hateroganety: Tau® = 0,38 Chi® = 158,96, df =4 (P <0.00001);1° = §7%
Test for overall effect: Z = 3.26 (P = 0.001)

=
L=
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=
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Pratt N, et al. PDS 2015; 24: 858-864.
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= Supervised machine learning (i.e., Gradient boosting machine, random forest)
- Data-driven approach for predicting new safety signals

- Input dataset for machine learning training

- All drug-event pairs in the database requires labeling (positive control, negative control, unknown)
- Training based on the features of positive and negative controls (i.e., label data)

- Validation with the subsets of label data to determine optimal threshold for signal detection

- Generates predictive probability of being safety signal amongst the “Unknown” drug-AE pairs
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l[ Gold standard dataset I——
iabe!pamr.eADRs-‘
Input dataset of every possible drug-event pairs Spontaneous reporting dataset T —
. KAERS database <Label negauve ADRs> f = b
Each pair need to be labeled as: = =T BTN LT B v—q o T
: £ | iy P 1@‘ 1A
® Positive: . e [ [ |- : —1
drug-event with established casual relationship ———{ Unknown ADR dataset [—— oo ol
. Reference set Lnkm“wky — — T Gn!:-enlbwsuns:.nthe
@ Negatlve: Labe! eformation ‘ o '-:-g mu_":; ol m—%l Raw model * Y5
DA MA MDS | |
drug-event with no casual relationship R e I = o
& Lobel postros ADR ) optimal threhold evaluation
® Unknown: P [T
Potential event of interest Signal detection
e e
AE Usiwown ADR Porensial ADR.
AE Uskrowe ADR Noa potestial AD2
| 1 v 7 1 database: FDA. U.S Food and
TABLE 3 | Distribution of labets for two input data, ;:;;:y‘“;ﬁ'f“;‘:‘:f:’:::‘ M‘;'R:M n:‘ e l;ctiom
Study drugs Suspected ADRs Gold standard Unknown ADRs*
Label-positive ADRs * Label-negative ADRs"
Mivalumak 136 (100%) 7O 51 %) 15 (11%) 51 (38%)
Dacatamsl 485 (100%) 26T (55%) 71 (15%) 148 (30%)

ADA, adverse drug reachan.

“Label-positve ADRs ae defined as the advarse evants (AEs) of respectie drug that were listed in the labeis af the Ministry of Food and Drug Safstly, UL 5. Food and Drig Admiistration,
arnd European Medicimes Agancy.

TLabe-nagalive ADRs are defined a= the AEs not Rsted in the labaels of fhe taget dnig and any other arugs 0 the same therapeutic class and consdsred unikaly to be ADR signals by
expevts.

1linkrown ADRz are drug-AE pairs naither label-poztive ADAE nar [abael-nagative ADRsE.

Bae J, et al. Front Pharmcol 2021; 11:602365.
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Abbreviations: KIDS-KD, Korea Institute of Drug Safety and Risk Mana
Drug Administration: EMA. European Medicines agency: MFDS. ministry o!

MLSD. machine leamning signal detection

-Korea adverse event reporting system database: FDA. U.S Food and
and drug safety: AE, adverse event: ADR. adverse drug reaction:

UNIVERSITY
—I Gold standard dataset I——
<Label posstrve ADRs> Optimal probability threshold
Spontaneous reporting dataset : = i
KAERS database <Label negative ADRs> L 2P 43 E;
Stady Compuatie % b 08 —
ERs &p e propm <Test s> <Ti e 5
[ T [t T [ ] . . "
- - - - —I= = . 04
h ~=—Nivolumab
—( Unknown ADR dataset } Machine learner .g S
Reference set <Unknowa ADRs> n G""“. it boosting """‘*“"‘ 02 etax
Label mformation - s Raw model 0 ‘'~" 58 0
DA BA | ws 0 o1 02 03 04 05 06 07 08 09 1
. . 2 . Probability threshold
[ | ] MLSD Fdthe ][ Performanc
model |«
™ Lobel postrs ADR optimal threhold evaluation Positive Negative
Optimal  Area under gy
. ot ot threshold & Accuracy Sensitivity Specificity  predictive pn'dkth'e
! cary value value
| Signal detection | Nivolumab 0.57 0.9643 97% 100% 93% 95% 100%
':: ';::: g :—:‘rm - Docetaxel 0.55 0.8626 87% 83% 89% 86% 87%

*The values of arca under curve, accuracy, sensitivity, specificity, positive predictive value, and negative
predictive value on the optimal threshold are calculated for each study drug.

Bradycardia 17 0.99 160 160 | 048 | 168
Pericardial effusion 15 0.98 544 5.43 197 | 523
| Cardio-respiratory arrest 8 0.69 171 | 171 | 037 | 179
Pulseless electrical activity 8 0.89 1595 | 1594 | 229 | 1607
| Cardiorenal syndrome 8 0.19 16111 | 16097 | 280 | 14514
' Cardiotoxicity 7 0.83 1059 | 1059 190 | 9.63
' Cardiomyopathy 4 0.07 129 | 129 |-033 | 137

Bae J, et al. Front Pharmcol 2021; 11:602365.
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» Tree-based scan statistic (TreeScan)

- Data mining method that scans for disproportionate reporting (observed > expected #s) of outcomes

- Uses hierarchical classification trees* to scan for outcomes at different granularity

£11.3411 Type 2 diabetes mellitus with severe nonprolife;tliv;dli; betic retinopathy with macular edema, left eye F11.3413 £11.3499 Level 7 (Leaf)
10 I |
Level 1 Diseases of the |
genitourinary system i i o N Soemy T] 3 n n
Type 2 diabetes mellitus with severe nonproliferative diabetic retinopathy with macular edema £11.349 Level 6
E11.341
\
Level 2 10.01 10.02 10.03 Type 2 diabetes mellitus with severe nonproliferative diabetic retinopathy v
Diseases of the Diseases of male Diseases of female E1130°E11.33 E11.34 E11.35°E11.39 Level 5
urinary system genital organs genital organs | |
/J\ /J\ Level 4
Level 3
100001 100102 10.01.03- 10.01.08
Nephritis, nephrosis, Acute and unspecified
renal sclerosis renal failure Type 1 diabetes mellitus Type 2 diabetes mellitus
E10 E11 Level 3
\___./
Level 4 Diabetes mellitus
10.01.02.01 10.01.02.02 Level 2
. e EO8-E13 evel
Acute renal failure Unspecified
Endocrine, nutritional and metabolic diseases L 11 (R t)
Leaf ICD 9 codes: ICD 9 codes: 586 E00-E89 eve o0
g
584.6

Example of ICD-10 code hierarchical structure
(Ref: Tan G, et al. American Journal of Epidemiology 2025; 194(7): 1999-2011.)

Example of a multi-level clinical classification tree of ICD-9 codes
(Ref: Wang SV, et al. Epidemiology 2018; 29(6): 895-903.)
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= Key features of TreeScan
- No need to pre-specify drug-outcome pairs for hypothesis generating

- Hierarchical screening - ideal for determining the granularity for outcome definition

(e.g., cardiovascular disorder > ischemic heart diseases > myocardial infarction)

- Adjusts for multiple testing using Monte Carlo hypothesis testing (multiplicity-adjusted p-values)
- Incorporate temporal risk windows

—> allows for specifying observation period for cohort or self-controlled case series analysis

Kulldorff M, et al. Data safety mining with a tree-based scan statistic. PDS 2013; 22: 517-523.

.
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= TreeScan as a proposed approach for PV in multi-database study

Outcome tree (i.e., ICD-10):

Longitudinal healthcare database Modify (i.e., pruning) tree structure
(claims data, EMR) at investigator’s discretion

PS matched
comparator group

New users of PS matched :

exposure dru -' exposure grou -' IS CEEE
Cohort P 9 P group TreeScan analysis:
study ratio of obs : exp outcomes
design

New users of - -1

comparator drug

in the exposed group
Incident outcomes

Base cohort for surveillance Confounder handling Analytic cohort Identification of statistical alerts
(New-user, active comparator) (Propensity score based)
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(1) TreeScan for PV using RWD

Received: 20 October 2020 | Revised: 17 lanuary 2021 | Accepted: 23 January 2021

DO: 10.1002/edm2.237 . )
Endocrinology, Diabetes

& Metabolism
ORIGINAL RESEARCH ARTICLE e e WILEY

A novel data mining application to detect safety signals for
newly approved medications in routine care of patients with
diabetes

Michael Fralick™?© | Martin Kulldorff® | Donald Redelmeier®® | Shirley V. Wang® |

Seanna Vine® | Sebastian Schneeweiss’ © | Elisabetta Patorno®
Methods: In a U. 5. commercial claims dataset (29 March 2013-30 Sept 2015), two pair- Results: We identified two pairwise propensity score variable ratio matched cohorts
wise cohorts of patients over 18 years of age with type 2 diabetes (T2D) who were newly of 44,733 canagliflozin vs. 99,458 DPP4 initiators, and 55,974 canagliflozin vs. 74,727
dispensed canagliflozin or an active comparator, that is a dipepti tidase 4 inhibitor GLP1 initiators. When we screened inpatient and emergency room diagnoses, dia-
(DPP4) or a glucagon-like peptide 1 receptor agonist (GLP1), were identified and propensity betic ketoacidosis was the only severe adverse event associated with canagliflozin
smre-matcl'-red. \,E.rE used variable ratio match?gg with up to four people receiving a DPP4 initiation with p < .05 in both cohorts. When outpatient diagnoses were also consid-
or GLP1 for each person receiving canaglifiozin. We identified potential safety signals using ered, signals for female and male genital infections emerged in both cohorts (p < .05).
a hierarchical tree-based scan statistic data mining method with the hierarchical outcome Conclusions and relevance: In a large population-based study, we identified known but
tree constructed based on international classification of disease coding, We screened for no other adverse events associated with canagliflozin, providing reassurance on its safety

incident adv events where there were more outcomes observed a et among adult patients with T2D and suggesting the tree-based scan statistic method is a

vs. comparator initiators than expected by chance, after adjusting for multiple testing. e e i

Fralick M, et al. Endocrinol Diab Metab 2021; 4e00237.
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(1) TreeScan for PV using RWD

Longitudinal healthcare database + Baseline covariates for propensity score matching (PSM)
(e ealis), EhlRy = Chronic medical conditions
/ = Markers of diabetes severity

PS matched N . :
comparator group « Pairwise PSM (Cana vs DPP4i; Cana vs GLP-1RA)

comparator drug

New users of PS matched » Healthcare utilization
Cohort exposure drug - exposure group = Drug utilizations (diabetes and non-diabetes)
study
design

New users of -

= Nearest neighbor matching (caliper 0.05)

Base cohort for surveillance Confounder handling = Variable ratio matching (up to 4 comparators)
(New-user, active comparator) (Propensity score based)
l » Standardized difference of 0.1 as balance cut-off

« Patients with type 2 diabetes (T2DM)
* Newly prescribed canagliflozin, DPP4i or GLP-1 RA

« 180-day washout period for defining “new users”

Fralick M, et al. Endocrinol Diab Metab 2021; 4e00237.
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(1) TreeScan for PV using RWD

Outcome tree (i.e., ICD-10):
Modify (i.e., pruning) tree structure

at investigator’s discretion

3

» Five-level Hierarchical tree of potential outcomes (ICD-9 codes)

- Level 1 (Broadest): Entire disease category (e.g., ICD-9: 001-139 - ICD-10: A0O0-B99)
- Level 2: subgroups of disease/injury (e.g., ICD-9: 130-136)
- Level 3: ICD-9 codes without a decimal value (e.g., ICD-9 010 [Primary tuberculosis] 2 ICD-10: A15)
- Level 4: ICD-9 codes with one decimal value (e.g., ICD-9 010.0 - ICD-10: A15.9)

- Level 5: ICD-9 codes with 2+ decimal value

Fralick M, et al. Endocrinol Diab Metab 2021; 4e00237.
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(1) TreeScan for PV using RWD

» Incident cases ascertainment using the 180-day period

/ « Prevalent cases determined at “level 2”

Incident outcomes * In case of more than one incident outcomes on the same day...

PS matched
exposure group

-

- select one with lower frequencies

PS matched .
Incident outcomes
comparator group
\ * Incident outcomes assessed at level 2 -5
Confounder handlin Analytic cohort . .
(Propensity score basﬂd) + Level 1 not considered due to broad nature of the categories

Fralick M, et al. Endocrinol Diab Metab 2021; 4e00237.
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TABLE 2 Signals for potential adverse events based on inpatient or emergency department diagnoses among canagliflozin initiators vs. initiators of other diabetes drugs in two pairwise
propensity score-matched cohorts

Canagliflozin vs. DPP4I Canagliflazin vs. GLP-1RA
Potential adverse event N events N events M events N events
(ICD-% code)* Treelevel Canagliflozin DPP4i RR RO LLR p Canagliflazin GLP-1RA RR RD® LLR 7]
Diabetes with ketoacidosis 4 b &0 2.2 24 B8O 043 92 53 23 31 13.0 SO0
1250.1)
Diabetes, type 2 with 5 41 32 2.6 1.7 6.6 230 56 30 24 20 8.4 032
ketoacidosis (250.12)

Abbreviations: DPP-4i, dipeptidyl peptidase 4 inhibitors; GLP-1RA, glucagon-like peptide-1 receptor agonists; LLR, log-likelihood ratio; p, p-value; RD, rate difference; RR, rate ratio.
“Based on inpatient or emergency department diagnoses lany position).
Per 1,000 person years.

TABLE 3 Signals for potential adverse events based on any diagneses among canagliflozin initiators vs. initiators of other diabetes drugs in two pairwise propensity score-matched cohorts

Canagliflozin vs. DPP4I Canagliflozin vs. GLP-1RA

Potential adverse event (ICD-9 Tree N events N events N events N events

code)* level Canagliflozin DPP4i RR RD" LLR ] Canagliflozin GLP-1RA RR RD® LLR [}

Mycoses {110-118) 2 1861 2.741 14 33.4 44.7 0001 2217 2,041 1.4 8.4 639 0001

Candidiasis {112.x] 3 872 635 27 ar7 137.8 0001 1.047 525 2.6 383 1729 0001

Candidiasis of vulva and vagina 4 498 254 39 25.2 137.8 0001 S04 232 3.4 25.5 143.1 0001
1112.1)

Candidiasis of other urogenital 4 &1 34 34 3.0 156.8 0001 &0 29 27 2.2 84 0681
sites (112.2)

Candidiasis of unspecified site 4 143 Bé 38 B.2 40.8 0001 178 Bé 3.0 A 41.2 J0001
1112.9)

Balanoposthitis |607.1) 4 88 70 5 .6 15.8 0001 83 35 a1 a3 144 0002

Inflammatory disease of female 2 640 544 24 25.0 81.8 0001 785 489 2.1 244 106.1 0001
pelvic organs (614 -516)

Inflammatory disease of cervix 3 1003 492 25 24.5 872 0001 751 422 2.3 254 119.6 L0001
vagina and vubva (616.x)

Waginitis and vulvovaginitis 4 519 3463 29 23.0 98.8 0001 661 3048 2.8 253 135.2 0001

1616.1x)

Fralick M, et al. Endocrinol Diab Metab 2021; 4e00237.
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(2) Beyond PV — TreeScan as a tool for drug repurposing

American Journal of Epidemiology, 2025, 194, 1999-2011

"”a ](')H,\'S HOPKINS https://doi.org/10.1093/aje/kwae355
W' T BLOOMBERG SCHOOL Advance access publication date September 11, 2024

Original contribution

OXFORD

Tree-based scan statistics to generate drug repurposing
hypotheses: a test case using sodium-glucose
cotransporter-2 inhibitors

George S. Q. Tan**2 (), Judith C. Maro® {3, Shirley V. Wang* (), Sengwee Toh** (1, Jedidiah 1. Morton®? (1), Jenni llomaki* {3,

Jenna Wong* '~ {3}, Xiaojuan Li~*

» Proof-of-concept of TreeScan for identifying “repurposing” signals
- “...to demonstrate how TBSS can be used to generate new drug repurposing hypotheses from RWD.”

- “...inverse association between drug exposure and a health outcome identified by the scan statistics may

suggest a potential repurposing signal relating to the outcome.”

Tan GSQ, et al. Am J Epidemiol 2025; 194:1999-2011.
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(2) Beyond PV — TreeScan as a tool for drug repurposing

= Pruning ICD-10 code branches with diagnoses that are el
less pIaUSIble as a “repurpOSing” candidates Exposure 1:1 propensity score

cohort matching

Matched intiatars

Tree Description

All ICD-10-CM codes

EXC Anal?ﬁ:al Incident outcomeas
: A cident outcomes
* VOO-Y99
(External causes of morbidity and mortality)

- « Z00-299
Original i i TreeScan analysis
oruned tree (Factors influencing health status and contact lreescan analysis
with health SerViceS) - Interchange exposurs and contral group
« P0O0-P96 to identify inverse associations
Conditi iqinati in th inatal iod - Specify unconditional Bernoulli model with case probability = %
( onaiuons originating Iin the perinatal perio ) - Calculate expected outcomes of exposed = ¥ ¥ total outcomes
« O00-0O9%A : - Calculate ratio of observed: expected outcomes of exposed
Pruned i )
(Pregnancy, childbirth and the puerperium) outcome tree = nfobserved outcomes) = n(expected outcomes)

Tan GSQ, et al. Am J Epidemiol 2025; 194:1999-2011.
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(2) Beyond PV — TreeScan as a tool for drug repurposing

= TreeScan operates in a way that it identifies clusters of signals niators of

with higher-than-expected (i.e., positive association between Exposure 1:1 propensity score

cohort matching

exposure & outcome)

Matched intiatars

= For the purpose of identifying the “repurposing” signals...

Analytical

(i.e., Lower-than-expected; inverse association) canart

Incident outcomeas

= Y ..implemented by Interchanging the exposure and TreeScan analysis

- Interchange exposure and control group
to identify inverse associations
- Specify unconditional Bernoulli model with case probahility = %
- Calculate expected outcomes of exposed = ¥ % total outcomes
- Calculate ratio of observed: expected outcomes of exposed
= n{observed outcomes) + nlexpected outcomes)

comparator groups...”

Pruned
outcome tree

Tan GSQ, et al. Am J Epidemiol 2025; 194:1999-2011.
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(2) Beyond PV — TreeScan as a tool for drug repurposing
Table 2. Tree-based scan statistics for associations between SGLT2i vs DPP4i and cutcomes (only for associations with P = 1) 3
Total Observed Expected Observed: Log likelihood
Node Description outcomes | CUtcomes putcomes®  expected ratio P value
(SGLT2i) (SGLT2i) outcomes (SGLT2{) (scan statistic)
Associations with statistical alert (P = .01)
M18 Chronic kidney disease (CED) 1470 594 735 081 2721738 0.0001
MN13.3 Chronic kidney disease, stage 3 712 o 361 0.75 23.18835 0.0001
[moderate)
Ded Other anemias 1415 581 Jors 082 227401 0.0001
Det 5 Anemia, unspecified 1356 556 678 0.82 2207283 0.0001
RG0.0 Localized edema 941 in 470.5 079 2120165 0.0001
R&0 Edemna, not elsewhere classified 1564 656 7E2 0.84 20.35056 0.0001
11z Hypertensive chronic kidney disease 833 333 416.5 0.8 16.85408 0.0001
EB3.4 Disorders of magnesium metabalism 307 106 153.5 0.69 1494376 0.0002
1129 Hypertensive chronic kidney disease &02 324 401 081 14 87777 0.0002
with stage 1-4 or unspecified chronic
kidney disease .
Monsignificant associations (P = 0.01)®
150 Heart failure 846 357 423 0.84 10.34007 00167
Rl4.2 Eructation 42 7 21 0.33 10.13861 0018
MNZ5 Disorders resulting from impaired renal 95 26 475 0.55 1005454 0.0158
tubular function
DE3 Anemia in chronic diseases classified 17 76 108.5 oz 9 886091 0.0236
elsewhere
MNZ5.81 Secondary hyperparathyroidism of renal 70 17 35 049 5.715734 0.0266
arigin
RO9 Other symptoms and signs invelving the 1967 Ba7 983.5 09 9.483731 0.0372
circulatory and respiratory system
N13.2 Hydronephrosis with renal and ureteral 127 40 635 063 8907116 00713
caleulous obstruction
M19 Unspecified kidney failure 119 iz 585 062 B.72376 00782
“Refer to table in Table 56 for associations with P = 1. SQ, et al. Am J Epidemiol 2025; 194:1999-2011.

¥The number of exﬁted outcomes at a node was calculated as half of the total number of outcomes from both exﬁsu:e and cn‘mia:atccr ﬁui
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(3) Steps to be undertaken after signal detection

[ Signal detection in longitudinal database

¥

I Pre-specify target drug X to be scanned

Is there an
approgriate cormparator drug Y
for comparison?

Ve

¥

Potential ADRs
resulted from
mutual indication

[ M 1‘
[ ] [ ]
Perform 554 for drug Perform P5- Perform 554 for Perform self-
¥ and drug ¥ ad|usted TreeScan drug X controlled TreeScan
¥ * ¥ ¥
Caollect alerts detected
in drug X 554 Collect alerts Collect alerts Collect alerts
Did these alerts also
appear In alerts detectad
i drug ¥ 5547
Na
¥
Alerts detected
only in drug X 554
[
All detected All detected
alerts alerts

Classification of detected alerts

Clinical Epidemiology Dove
@ ORIGINAL RESEARCH

A New Drug Safety Signal Detection and Triage Y
System Integrating Sequence Symmetry Analysis
and Tree-Based Scan Statistics with Longitudinal
Data

Miyuki Hsing-Chun Hsieh (%, Hsun-Yin Liang™*, Chih-Ying Tsai’, Yu-Ting Tseng?, Pi-Hui Chac?, Wei-| Huang?,
Wen-Wen Chen?, Swu-Jane Lin (5, Edward Chia-Cheng Lai (5"

Classification of detected alerts

Is detected alert Tasg
listed im drug
belfCCDS2

knaonwn ADR

Na

Listed as indication
In drug label?

review of risk profile
literature / case repors
from SRS / expert

¥ ¥ ¥ ¥ ¥
| ADRF | Ir CH | PT U: Unknown alerts (dentified
as potential signals
¥
| Skgnal prioritizathon
¥
Protocol-based

signal evaluation

Hsieh MH, et al. Clinical Epidemiology 2023; 15:91-107.
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UNIVERSITY

= |nsummary...

1) Pharmacoepidemiologic designs (e.g., case-only study, cohort study)
* More suitable for signal evaluation or hypothesis testing
2) Sequence symmetry analysis (SSA)
* Rely on an assumption of “event onset influences drug initiation”
3) Supervised machine learning (i.e., Gradient boosting machine, random forest)
* No established guides on constructing input dataset (positive and negative label) for training and validation
4) Tree-based scan statistic

* |deal candidate for outcome surveillance in RWD

« Combined with pharmacoepi approaches (i.e., new-user, active comparator design, PS-based methods)




Multiple data sources 53$K“

UNIVERSITY

| Classification of detected alerts |

» Federated network approach and multi-database study using TreeScan

- Select drug(s) of interest and comparator drug(s)

- Apply TreeScan to establish outcome candidates from each database

&
literature / case repo
from SRS f expert

- Triage system (Hsieh, et al.) for shortlisting outcome candidates

¥
U: Unknown alerts identified
as potential signals

¥ ¥ ¥ ¥
- Protocol development and execution in each database o JLe e [l ]

| Signal prioritization ]

Protocol-based
signal evaluation

» Considerations and discussion points
- Common hierarchical outcome tree that can be implemented across different databases
- How to handle the heterogeneity in detected signals across databases
- For each outcome candidates, further evaluation needed for feasibility (i.e., outcome definition)

- Covariates for PS that can be used generically for all outcomes




UNIVERSITY

ggsm(

Thank you for your attention

napa928@hotmail.com
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