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Goals of Presentation

e To understand how to best model data

and knowledge for studying temporal
phenomenon

e To understand how such temporal
Information can be used to support the

maintenance, abstraction and analysis
of research data

Stanford Center for
Biomedical Informatics Research



Case Study

* Drug-resistant HIV mutations are a
major obstacle to successful
antiretroviral treatment

* Routine genotype testing IS
recommended before selecting a
treatment regimen

e Test-result interpretation is challenging

Stanford Center for
o Biomedical Informatics Research



Time Course of HIV Infection
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Current targets
of antiretroviral
therapy
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Antiretroviral Therapy

Protease Inhibitors (PI)

— Atazanavir (ATV)-Darunavir (DRV)Fosamprenavir (fAPV)-
Indinavir (IDV) - Lopinavir (LPV) - Nelfinavir (NFV)-Saquinavir (SQV)
- Tipranavir (TPV)
Nucleoside Reverse Transcriptase Inhibitors (NRTI)

— Abacavir (ABC)-Didanosine (ddl) - Emtricitabine (FTC)-Lamivudine
(3TC)- Stavudine (d4T)- Tenofovir (TDF)-Zidovudine (AZT)

Non-Nucleoside Reverse Transcriptase Inhibitors (NNRTI)

— Delavirdine (DLV)- Efavirenz (EFV)-Etravirine (ETR)-Nevirapine
(NVP)

Fusion Inhibitor (FI)
— Enfuvirtide (ENF)

Stanford Center for
Biomedical Informatics Research



Data on Drug Resistance
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Patterns of Drug Resistance

39663: A384_BBG67
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Stanford HIV Database

« Publicly available repository on HIV drug
resistance data about patients in clinical

practice
 Research records link treatment histories with
outcome data and genotype-test results

— ~18,000 subjects
— ~42,000 genotype test results
— ~850,000 mutations

Stanford Center for
° Biomedical Informatics Research



Temporal Phenomena in HIV
Drug Resistance

e Sequence of treatment regimens
e Patterns of drug resistance
e Appearance of new mutations

Stanford Center for
° Biomedical Informatics Research



Sampling of Temporal
Phenomena
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Modeling Temporal Data and
Knowledge

e Persistence

— Instance-based vs. interval-based data
e Composition

— Regimens consist of individual drugs

e Classification
— Patterns of resistance

Stanford Center for
° Biomedical Informatics Research



Temporal Persistence

e |nstant-based vs. interval-based
representation

 Temporal relational model

Stanford Center for
° Biomedical Informatics Research



%

Instant-Based Model

Time-Oriented Database Model

— Support queries on longitudinal clinical
research data

— Uses a three-dimensional view of medical
data (patient identification, clinical
parameter, and date of visit)



Instant-Based Model

Patient
identification

armeter | /77 77 777
/7777774
/777777

>
Visit date



Interval-Based Model

« Temporal Relational Model

— Supports instant-based and interval-based
temporal representations

— Allows temporal querying using arbitrarily
complex patterns

%



Standard Relational Model

Time Drawn Time Entered MRNO VL
Jun 12, 2009 6:50:23AM Jun 12, 2009 9:25:47AM 123-4567 2.5
Sep 13, 2009 7:33:54AM Sep 13, 2009 9:41:12AM 123-4567 2.7




Standard Relational Model

Time Started Duration | MRNO Drug Name Drug Dose
Aug 1, 2009 12:00AM 31 123-4567 AZT 600
Sep 1, 2009 12:00AM 30 123-4567 AZT 800

%




Standard Relational Model

Time Drawn Time Entered MRNO VL

Jun 12, 2009 6:50:23AM Jun 12, 2009 9:25:47AM 123-4567 2.5

Sep 13, 2009 7:33:54AM Sep 13, 2009 9:41:12AM 123-4567 2.7
Time Started Duration | MRNO Drug Name Drug Dose
Aug 1, 2009 12:00AM 31 123-4567 AZT 600
Sep 1, 2009 12:00AM 30 123-4567 AZT 800

%




Temporal Relational Model

Time Started Duration | MRNO Drug Name | Drug Dose
Aug 1, 2009 12:00AM | 31 123-4567 | AZT 600
Sep 1, 2009 12:00AM | 30 123-4567 | AZT 800
Start Time End Time MRNO Drug Name Drug Dose
Aug 1, 2009 Aug 31, 2009 123-4567 AZT 600
Sep 1, 2009 Sep 30, 2009 123-4567 AZT 800

Start Time End Time MRNO Drug Name

% Aug 1, 2009 Sep 30, 2009 123-4567 AZT
o



Allen’s Interval Logic
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Example Pattern: TCE

Start of new

regimen

On *failing’ :  On new regimen

regimen (no i (no changes to

changes to drug drug regimen

regimen after during first 12

baseline i weeks)

resistance testor  f------------- )

viral load) R
1 T 1 T T T 1T T T T 1 '
-12 -8 -4 0 4 8 12 16 20 24 28 32 time

(weeks)

- 4 F---=-=-=--- ' - - 4

Baseline At least one viral At least one viral

resistance test and load measure in load measure in

viral load the 4-12 week the 16-32 week

measures are latest period (week 8 period (week 24

made in the period viral response) viral response)

from onset of new
regimen to 12 weeks
prior

Stanford Center for

Biomedical Informatics Research (adapted from Phillips et al., 2005)



Temporal Extensions to SQL

TEMPORAL SELECT T1.1D, T2.Regimen, LAST(START(T2)) AS newRegimenStart,
LAST(FINISH(S)) AS baselineSequenceDate, LAST(VALID(V1)) AS baselineVLoad,
V2.VLoad, V3.VLoad

FROM Treatment AS T1, // Will contain pre baseline non-DDI regimen
Treatment AS T2, // Will contain the new DDI regimen lasting at least 12 weeks
Sequen AS S, // Will contain sequence data within 12 weeks of new regimen start
RNA AS V1, /I Will contain viral loads within 12 weeks of new regimen start
RNA AS V2, /I Will contain viral loads between 4 and 12 weeks after start of new regimen

RNA AS V3 // Will contain viral loads between 16 and 32 weeks after start of new regimen
WHERE S.ID =T1.ID AND S.ID =T2.ID AND S.ID = V1.ID AND

T1.Regimen NOT LIKE '%DDI%' AND T2.Regimen LIKE '%DDI%' AND V1.VLoad >= 500
WHEN DURATION(T2, 'weeks') >= 12 AND

BEFORE (S1, T2) AND DURATION(FINISH(S1), START(T2), 'weeks') < 12 AND

BEFORE(V1, T2) AND DURATION(V1, START(T2), 'weeks') < 12 AND

CONTAINS(PERIOD(START(T2) + ‘weeks(4), START(T2)+weeks(12)"), V2) AND

CONTAINS(PERIOD(START(T2) + ‘weeks(16)’, START(T2)+'weeks(32)), V3)

GROUP BY ID; X, Y
SUCH THAT X.ID=ID,Y.ID=ID
HAVING  MIN(DURATION (X .VALID (V2) , X.FIRST(START(T2)) + ‘weeks(8)’)) OR

MIN(DURATION (Y .VALID (V3) , Y.FIRST(START(T2)) + ‘weeks(24)")




Temporal Composition

e m e m e
.?555 ITC+DAT+5QV

. 7655 3TC+DAT+RTV

. 7655 3TC+D4T+IDV

. 7656 3TC+DAT+RTV

. 7656 3TC+D4T+IDV

. 7657 AZT+DDC+5QV

DDI+D4T+5QV

D4T+3TC+IDV
3TC+AZT+D4T+DDI+IDV+RTV+5QV
NVP+ABC+DA4T +NFV
ITC+AZT+D4T+DDC+RTV+5QV
NVP+ABC+NFV
3TC+AZT+D4T+DDI+IDV+5QV
NVP+ABC+D4T+RTV+5SQV
ITC+AZT+IDV+RTV

Stanford Center for
Biomedical Informatics Research

1996-07-01 00:00:00
1997-01-01 00:00:00
1997-06-01 00:00:00
1995-07-01 00:00:00
1996-07-01 00:00:00
1996-07-01 00:00:00
1956-12-01 00:00:00
1997-02-01 00:00:00
1956-09-11 00:00:00
1997-09-11 00:00:00
1996-11-06 00:00:00
1997-11-06 00:00:00
1996-11-06 00:00:00
1997-11-06 00:00:00
1996-11-06 00:00:00

1997-01-01 00:00:00
1997-06-01 00:00:00
1998-01-01 00:00:00
1996-07-01 00:00:00
1998-08-01 00:00:00
1996-09-01 00:00:00
1957-02-01 00:00:00
1967-11-01 00:00:00
1957-09-11 00:00:00
1968-01-01 00:00:00
19897-11-06 00:00:00
1988-01-01 00:00:00
1997-11-06 00:00:00
1998-01-01 00:00:00
1997-11-06 00:00:00



Temporal Composition

Start Time End Time MRNO Drug Name
Aug 1, 2009 Sep 30, 2009 123-4567 | AZT
Aug 1, 2009 Sep 30, 2009 123-4567 | 3TC
Aug 1, 2009 Sep 30, 2009 123-4567 | NFV

Stanford Center for
° Biomedical Informatics Research




Temporal Composition

Start Time End Time MRNO AZ | 3TC NFV
T

Aug 1, 2009 | Sep 30, 2009 | 123-4567 |1

Oct 1, 2009 |Dec 31, 2009 |123-4567 |O 1

Jan 1, 2010 | Apr 30, 2010 |123-4567 |0 0 1

Stanford Center for
° Biomedical Informatics Research




Temporal Classification

« Knowledge-Based Temporal
Abstraction

— Uses interval-based representation and
reasoning

— Creates high-level abstractions from
primary data

%



Example Abstractions

Start of new

regimen

On ‘failing’ :  On new regimen

regimen (no i (no changes to

changes to drug drug regimen

regimen after during first 12

baseline i weeks)

resistance testor  f------------- )

viral load) R
1 T 1 T T T 1T T T T 1 '
-12 -8 -4 0 4 8 12 16 20 24 28 32 time

(weeks)

- 4 F---=-=-=--- ' - - 4

Baseline At least one viral At least one viral

resistance test and load measure in load measure in

viral load the 4-12 week the 16-32 week

measures are latest period (week 8 period (week 24

made in the period viral response) viral response)

from onset of new
regimen to 12 weeks
prior

Stanford Center for

Biomedical Informatics Research (adapted from Phillips et al., 2005)



Abstraction Process

Drug Regimen AZT + 3TC + NFV

Viral Load 50

(log value) 10 y X x X
3.0 X X x
2.0 « X X

1.0
Stanford Center for Time
° Biomedical Informatics Research



Abstraction Process

Context: Expected Drug Resistance

Drug Regimen AZT + 3TC + NFV ‘
Viral Load 50 1
log value
( g ) 40 X X X

3.0 X X x

. X
2.0 y X
1.0 >
Time

Stanford Center for
Biomedical Informatics Research




Abstraction Process

Context: Expected Drug Resistance

O o o o e e e e >
Baseline Week 8 Week 24
*----- * *-=-=-=-- * *----- *
Drug Regimen AZT + 3TC + NFV ‘
Viral Load 50 |
log value
(log ) 0 . X X
3.0 X X X
- X
2.0 y X
1.0 >
Time

Stanford Center for
Biomedical Informatics Research




Abstraction Process

Context: Expected Drug Resistance

O o e e e >
Baseline Week 8 Week 24
*----- * *-=-=-=-- * *----- *
TA: TA: TA:
Baseline Week 8 Week 24
VL VL VL
Viral Load 50 | ° . .
log value
(log ) 0 . X X
3.0 X X
2.0
X
1.0 >
Time

Stanford Center for
Biomedical Informatics Research




Abstraction Process

Context: Expected Drug Resistance

R e e >
Baseline Week 8 Week 24
*---—-- . *---—-- . MO ¢
TA: High TA: Low TA: High
Baseline Week 8 Week 24
VL VL VL
TA: TA: TA:
Baseline Week 8 Week 24
VL VL VL
Viral Load 50 1 ¢ ¢ ¢
log value
( g ) 40 X X X X
3.0 X X X
. X
2.0 y X
1.0 >
Time

Stanford Center for
Biomedical Informatics Research




Abstraction Process

Context: Expected Drug Resistance

R et T e L L P >
Baseline Week 8 Week 24
*---—-- . *---—-- . MO ¢
. TA: Treatment Failure .
TA: High TA: Low TA: High
Baseline Week 8 Week 24
VL VL VL
TA: TA: TA:
Baseline Week 8 Week 24
VL VL VL
Viral Load 50 1 ¢ ¢ ¢
log value
( g ) 40 X X X X
3.0 X X X
. X
2.0 y X
1.0 >
Time

Stanford Center for
Biomedical Informatics Research




Temporal Abstraction
Knowledge

« Structural knowledge
AZT Is a type of antiretroviral therapy

» Classification knowledge
A ‘low’ viral load level is between 1.0 and 2.5

 Temporal semantic knowledge

Two adjacent periods of ‘treatment response’ can
be catenated into one period

%



HIV Ontology

Model concepts as classes:

= Patient
hasVL
hasTreatmentHistory
hasClinicalResponse

» TreatmentHistory
hasARVRegimen

= Abstraction

= PatternAbstraction

»ClinicalResponse
Stanford Center for
° Biomedical Informatics Research
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Modeling Time in Ontology

L temporal:Entity
temporal:Granularity
L temporal:Proposition
L temporalExtendedPropozition
- ExtendedAbzstractProposition
[ ExtendedPrimitiveProposzition
L temporalValidTime
tempoaralValidinzstant

tempoaral:ValidPeriod
Stanford Center for
’ é Biomedical Informatics Research



Adding Temporal Properties

L R R R RS |

ARVREeEgimen

'y N

o
£

Cantext

ContextClazs L
db:Fareignkey
db:patient k4
db:zequence
dbtreatment
dbwiral_load

DrugClazz

Stanford Center for
Biomedical Informatics Research

[ hasContext  (multiple Context)

P hazsDrugCombination
1

[ hasDrugs
1

(| temporal:hazvalidTime

rmultiple ztring)  {cardinality 1)

(multiple ARMDrug)  {minCardinality 1)

rmultiple temporalvalidTime)



Temporal Abstraction Rule

Patient{rp) & hazsTreatmentHistory{/p, *thl A hasARVRegimens{th, 7arv) &
hasCantextiary, Ycontext] A hasContextClass{fcontext, YcantextClasz) A
hasCantextClaszMamefcontextClazsz, "AtLeast Thirty TwoWk"] A
temporalhasValidTime{/context, 7cW1) A hasViralLoadi?p, 7rna) A
temporalhasValidTime{/rna, frnait] A

temparal:.cantainzg’ ch, Yroav, temporal:Days) & hasvalue(rna, Yrnavalue) A
swnrlbigreaterThanOrEqual{frnavalue, 1.01 A swrlblezzThan{/rnavalue, £2.51 A
sl createDWLThing(frnata, Yrha) —

Ehaitatedbstractiond’rnasAl & hazstateAbstractiond’rhna, 7frnasa) a
hasMamei’rnasah, "Lown™)

Stanford Center for
o Biomedical Informatics Research



Rule Paraphrasing

- Rule EMAStateA bstractionblow

IF
"p" 15 A Patient
AMND "p" HAS TreatmentHiztory "th"
WHERE "th" HAS ARVEegimens "ar"
WHERE "arv" HAS Context "context”
WHERE "context" HAS ContextClass "contextClazs"
WHERE"contextClazz" HASY ContextClazsMame "AtLeastThirty Twoiik!
AND"context" HAS ValidTime "cWt" WHERE "Wt contains "rnavt" AND "Days"
AMD "p" HAS YWiralload "rna"
WHERE "rna" HAS ValidTime "rnavt”
AMD "rna" HAS YWalue "rnavalue" WHERE "rna'alue” 15 GREATER THAR OR EQUALTO 1.0
AMD "rnavalue" 15 LESS THAN 2.5

THERM
FORE&ACH"rna" THERE IS & "rhnasa" SUCH THAT
"rnaths" 15 A RMAStates bstraction
AMD "rnasA" HAS Mame "Low!

"rha" HAS Statefbstraction "rnasa”

Stanford Center for
Biomedical Informatics Research




Using Temporal Information In
Data Analysis

Temporal associations

— Between treatment regimen and new
mutation

— Between new mutation and drug resistance

Temporal similarity

— Between treatment histories and
recommended treatments

% — Between treatment histories of patients
*)

Stanford Center for
Biomedical Informatics Research



Temporal Associations

 Which new mutations are associated
with which prior treatment regimens?

Stanford Center for
° Biomedical Informatics Research
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Method

Association Rule Mining
— Unsupervised learning method

— Market Basket Analysis: commonly
associated sets of items that appear
together in market baskets

Stanford Center for
° Biomedical Informatics Research



Assoclation Rule Mining

E/ N dl\ /Ch' k \
gg Noodles icken
Sour Cream / \ Spaghetti / \

Sausage Soda Tomatoes Spinach
/ \ Milk Lasagna
TR / \ / \ Cheese
Macaroni Soda / \
Soda Bologna Chi Milk
Bread P s
bl Chips

{LHS} =>{RHS} Confidence: Prob(RHS | LHS)
Support: Prob(LHS U RHS)
cs

Stanford Center for
Biomedical Informatics Research



Assoclation Rule Mining

AN N

Egg Noodles Chicken
Sour Cream / \ Spaghetti
Sausage Soda Tomatoes

/// \\\ Milk

Cheese / \
Macaroni / \

Soda
Bologna
Soda -
Bread Chips
Chips

{Soda} => {Chips} Confidence: 0.50

Support: 0.25
Stanford Center for
O Biomedical Informatics Research

N

Spinach
Lasagna
Cheese

Milk
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Chips



Extracted Temporal Data Set

* 4,907 records (“time windows” associating
regimens with new mutations)

e 2,681 unique patients

e Variables

— Treatments
7 Pl (APV, IDV, NFV, RTV, SQV, LPV, ATV)
NRTI
NNRTI

— Protease gene sequence
99 positions (P1 — P99)

{ ]
Stanford Center for
o Biomedical Informatics Research



Assoclation Rule Mining

e Apriori algorithm
e High sensitivity
— Support = 0.002

— Confidence = 0.1
— Max number of items = 10

e 449,077 rules mined In total
— 1,406 rules: treatment — new mutation

Stanford Center for
° Biomedical Informatics Research



%

Top 10 Confident Rules

LHS RHS Support| Confidence
{APV, SQV, LPV} {P10} 0.0022 0.50
{APV, SQV, LPV, NRTI} {P10} 0.0022 0.50
{APV, RTV, LPV, nNRTl} | {P10} 0.0029 0.47
{APV, SQV, LPV} {P54)} 0.0020 0.45
{APV, SQV, LPV, NRTI} {P54)} 0.0020 0.45
{APV, LPV, nNRTI} {P10} 0.0049 0.44
{APV, LPV, NRTI, nNRTI} | {P10} 0.0047 0.43
{APV, LPV, nNRTI} {P54)} 0.0047 0.43
{APV, RTV, LPV} {P13} 0.0035 0.43
{APV, LPV, NRTI, nNRTI} | {P54} 0.0044 0.42

Stanford Center for
Biomedical Informatics Research




Temporal Similarity

 How do | find patients who have a
clinical history similar to
recommended treatment patterns?

Stanford Center for
° Biomedical Informatics Research



Local Alignment Tool for
Clinical Histories

0EOE-©
POO® - | OO ©

BIOIORO
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BLAST

Query sequence: PQGEFG

Word 1: PQG
Word 2: QGE
Word 3: GEF

Word 4: EFG

Stanford Center for
Biomedical Informatics Research

Scoring Substitution Matrix

High Scoring Segment Pair

Query sequence:BE P P Q G L F
Database sequence:D P P E G V V
L’Exa:t match is scanned.

Score:-2 7 7T 2 &6 1 -1

|_'HS:F'

Optimal accumulated score = 7+7+2+6+1 = 13
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Method

e |nput

— Interval-based query pattern

— Database of sequences

— A minimum threshold score from 0 to 1
e Output

— Sequences with matching score greater
than or equal to threshold
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Scoring Function

uer Sequence
(NnDg+nDs)*match
[gD1, gD2,..., qDn] [SD1, sDz,..., sSDn]  drugScore = NDq2 + NDs?
(NCq+nCs)*match
[aC1, qCa,..., aCn]  [SC1, SCa,..., sCn]  classScore = =5 c 2/nce?)
_ Timeg Times
Timeqg Times overlapScore = or =
Times Timeqg

Score = overlapScore*(drugScore+classScore)/1.5

stanford Centerfor 0 S Score £ 1
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Example Scoring

threshold = 0.7

@ @ S
0.8 0.9 0.7 0.4 1.0 0.7 0.2 0.7 1.0
Score =0.8 Score =0.7 Score = 0.63
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Reducing the Search Space

threshold = 0.7

First match Second match

ONONO @@@

x  [1.0] [1.0] X [1.0]
i

Minimum

Qualifying x=0.1 x=0.7

Score

X + cumulative score + ideal score

2 threshold
length of query
Q




Query: Q,(EFV,FTC,TDF), Q,(SQV,DDI,AZT)

Threshold = 0.5

Results: 944 matches identified
Top 20 matches

Match Regimen1 Regimen?2 StartIndex EndIndex  Score
1 EFV,3TC,TDF | LPV,AZT,3TC 0 1 0.67
LPV,SQV,DDI,
2 EFV,DDI, TDF TDE3TC 8 9 0.66
3 EFV,DDI,NFV SQVRTV,DDI, 13 14 0.54
AZT
4 |NVRPDLAZL ooy po1AzZT 6 7 0.54
NFV
5-20 DDI,AZT | SQV,DDI,AZT 1 2 0.52

®
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| essons Learned

 Understand what temporal phenomena
need to be studied

 Model temporal data and knowledge as
explicitly as possible
 Reframe questions about temporal

phenomena into existing data-analytic
frameworks
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