Taking Adherence,
PROs and RWD Iinto
Account in Clinical Trials
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Current clinical trial challenges

Estimands

Quantifying the impact of adherence/retention

The hybrid trial
Real world data
Patient engagement in the home/work/travel

Using the data

ePRO and RWD
Cluster analysis — Which patients are similar
Deriving a Health Score

spencer health solutions
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| Pragmatic, hybrid and virtual trials

* Reduce costs and clinic visits
» Results should better reflect the real world
* Increase patient diversity

* Location

e Socio economic status

| Patient-centricity

« Make it easy for patients to participate in trials
* Reduce patient burden
* Include patients in planning




Late-Stage Priorities

How important is it for spencer® smart hub to demonstrate the following?

Late Stage Development Respondents Onl

Qualitative Customer Buying Factor

Increased patient adherence to greater than 90%

Tier Improved data quality and integrity of results

1 Reduction in the number of patient dropouts
Electronic traceability
Real time data to help principal investigators
A more defined and clearer outcome to a clinical trial
Shortened duration of a clinical study
Reduction in the number of patients required for a clinical trial
Reduction in clinical visits
spencer® interactions: a dedicated team to help with daily adherence
Test medication home delivery

A reduction in visits to the doctor

Encouraging messages sent to patients via spencer® to congratulate them on
taking their medications
Direct access for the patient to clinical team via video conference

Test medication dispensed along with vitamins and other supplements

Note: Respondents ranked each on a scale of 1-10, with 1 being the lowest score, and 10 being the highest score.
Kineticos © 2019
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EUROPEAN MEDICINES AGENCY

SCIENCI MEDICINES HEALTH
1 30 August 2017
. 2 EMA/CHMP/ICH/436221/2017
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and

Sensitivity s ICH E9 (R1) addendum on estimands and sensitivity
A | : s analysis in clinical trials to the guideline on statistical
nalysis e principles for clinical trials
7 Step 2b

Transmission to CHMP July 2017
Adoption by CHMP for release for consultation 20 July 2017
Start of consultation 31 August 2017
End of consultation (deadline for comments) 28 February 2018




Additional
data are
heeded to
gain clarity

on
freatment
effects




 Adherence and persistence

* Missingness

« Changes in medications and health conditions

 Environmental factors
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Clinical trials sample size Figure 1: IMP nonadherence in Clinical Trials" 17
calculations are often inflated
in order to accommodate
adherence issues and patient
dropouts
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Decrease in adherence
due to discontinuation -
of treatment (nonpersistence)

« By the end of 6 months ~ 40%
of patients have dropped out or
are non-adherent

Decrease In adherence
due to nonexecution

clinical teams:

« Plan on recruiting X% more
patients than would wl MATRS e ]
typically be needed

» Recruit additional patients ~ .
once the study ends if
power is insufficient for
analysis : - gha —

« Use an adaptive design Time (days)
approach to correct sam ple *16,907 participants derived from 95 clinical studies ranging from 30 to 1,400 days

sizes mid-study

« To accommodate this reality, %
S
£




Simulation involves the use of a model to describe a

process or system, executing the model, and analysing
the outputs

Simulation is useful when there are multiple, inter-
related factors that impact the outputs

Our example simulations are based on results taken
from a hypertension paper

Randomised trial of a perindopril-based blood-
pressure—lowering regimen among 6105 individuals
with previous stroke or transient ischaemic attack. The
Lancet Vol 358 Sept 2001

From the paper percentage of subjects with stroke over
a 4-year period

14.4% on placebo, 8.5% on treatment
Max window of effect = 5.9%
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Data Simulation Engine m Sample 1 (Sim 1) = Sample 2 (Sim 1)
1. Gets design options and data properties from E:g
options file. g 30
2. Creates probability distributions according to [~ gig I_M I I
design options and data properties. o ~=l | [ [
3. Generates subject level data by sampling o s 10 15
. those distributions. Data Value
properties 4. Repeats the process for many simulations = Sample 1(Sim2)  m Sample 2 (Sim 2)

(virtual studies).

Ana |yS is Distributions g a0
Options 2\5‘”{{ > Ew ““Ill"
'_§ ) _-ll Inwm_
® Success <l . : S ° " oatavame
Ke.rl.Js Clopd Criteria ? ° Mealno ” % + man more
Clinical Trials :
Si lati Options
imulation File l

Outputs

Environment

Data Analysis (Sim 1)

Analysis Engine

1. Gets analysis options and success criteria from
options file —

2. Performs analysis for all combinations of

analysis and design options and over all

simulations

3. Applies Success Criteria to each simulation Data Analysis (Sim 2)

-
w

PoS

»
o}

Estimated Mean
w

(=]

Group 1 Group 2

Design Options

4. Computes the number of successes for each g 'o
design and analysis combination; calculates | § 6
probability of success (PoS) _E N
. “w o
Analysis | Success Group 1 Group 2
: ?
Options QAN — + many more
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Adherence
plays a

major role in
clinical trial
outcomes

spencer health solutions

Stroke Percentage

Placebo

Low adherence

Medium adherence

10.0%
8.5% 8.4%

High adherence

100% adherence

Powered by x
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Dropouts are
often related to
lack of efficacy

and seen in both
treated and
placebo arms

spencer health solutions

INFLUENCE OF ADHERENCE TO TREATMENT AND RESPONSE OF CHOLESTEROL ON
MORTALITY IN THE CORONARY DRUG PROJECT

THe CoroNaRY DrUG ProJECT RESEARCH GROUP

Abstract The Coronary Drug Project was carried out
to evaluate the efficacy and safety of several lipid-
influencing drugs in the long-term treatment of coro-
nary heart disease. The five-year mortality in 1103 men
treated with clofibrate was 20.0 per cent, as com-
pared with 20.9 per cent in 2789 men given placebo
(P = 0.55). Good adherers to clofibrate, i.e., patients
who took 80 per cent or more of the protocol
prescription during the five-year follow-up period,
had a substantially lower five-year mortality than
did poor adherers to clofibrate (15.0 vs. 24.6 per cent;

MANY pitfalls are encountered in the analysis of
data from clinical trials. This is true even of
trials that are properly randomized, controlled, and
double blind. Among these pitfalls are the following:
repeated analysis of the data as they accrue over the
course of the trial'?; “fishing” through many end
points, subgroups, and life-table intervals for maxi-
mal treatment effects’*; and exclusion of certain
groups of patients or events (or both) from analysis.*

Another pitfall is considered in this paper. Partici-
pants in a clinical trial will vary in adherence to the
treatment regimen and in physiologic, biochemical, or
behavioral response to the treatment or intervention.
Accordingly, there is often temptation to evaluate the
treatments with respect to mortality and morbidity in
only the patients who adhered to the treatment regi-
men. Similarly, there is temptation to confine analy-
sis to patients who manifested the desired effect of the
intervention on some intermediate response (such as
lowering of cholesterol or glucose, or suppression of

P = 0.00011). However, similar findings were noted in
the placebo group, i.e., 15.1 per cent mortality for
good adherers and 28.3 per cent for poor adherers
(P = 4.7x10-%), These findings and various other
analyses of mortality in the clofibrate and placebo
groups of the project show the serious difficulty, if
not impossibility, of evaluating treatment efficacy in
subgroups determined by patient responses (e.g., ad-
herence or cholesterol change) to the treatment pro-
tocol after randomization. (N Engl J Med. 1980;
303:1038-41.)

However, such analyses are unreliable or mislead-
ing because of the manner in which patients are se-
lected or select themselves into groups that are good
or poor with respect to adherence or response. Data
from the Coronary Drug Project for the clofibrate and
placebo groups clearly document such problems.

METHODS

The Coronary Drug Project was a randomized, double-blind,
placebo-controlled, multicenter clinical trial.”* Its primary objec-
tive was to evaluate the efficacy and safety of several lipid-influ-
encing drugs in the long-term therapy (secondary prevention) of
coronary heart disease. The drugs given were mixed conjugated
equine estrogens at two doses (2.5 and 5.0 mg per day), clofibrate
(1.8 g per day), dextrothyroxine (6.0 mg per day), and nicotinic
acid (3.0 g per day). Each of these drugs and a lactose placebo were
dispensed in capsules that appeared identical.

From March 1966 to October 1969, 53 cooperating clinical cen-
ters entered 8341 patients into the study; approximately 1100 were
randomized to each of the five drug groups, and 2789 were ran-
domly assigned to the placebo group. To qualify, a prospective par-
ticipant had to be a man 30 to 64 years of age with electrocardio-

_graphic evidence of a myocardial infarction that had occurred not
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Simulation Scenarios

A range of scenarios were simulated based on combinations of the following:

Adherence levels

Persistence

Correlation between
likelihood of drop out and
likelihood of stroke

Full adherence, no drop out (High)

70% subjects adherent 50% of the time (Low)

Complete

25% drop out (equivalent to a 12-month study)

High (correlation=0.4)
Low (correlation=0.1)
Positive correlation:patient is more likely to drop out with poor response

Powered by x
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Drop Out=0%, Strong Correlation
40 -

Drop Out=0%, Weak Correlation

30 -

Risk

378

Drop Out=25%, Strong Correlation

40 —

S1%

Drop Out=25%, Weak Correlation

30 -

@ Active Treatment, Remain in Study =

@ Active Treatment, Drop out of Study

Placebo, Remain in Study

Placebo, Drop out of Study

Labels (%) indicate the proportion of the overall stroke

population in the group of interest

Powered by Ex‘z
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Estimated impact non-

persistence on stroke risk
(high adherence)

* When the risk of drop-out is correlated with poor
response, the risk of stroke falls in patients remaining in
the study.

» This effect is considerable when there is a strong
correlation

» This leaves a smaller proportion of the stroke
population remaining in the study
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Drop Out=0%, Strong Correlation Drop Out=0%, Weak Correlation

Estimated impact of
persistence on stroke risk
(low adherence)

* A similar pattern is observed in the high
adherence group

Drop Out=25%, Strong Correlation| | Drop Out=25%, Weak Correlation * One difference is the hlgher risk of stroke in the
active group.

» The difference between the risk of stroke in
placebo versus active is reduced

« When the correlation is strong, 80% of the
stroke population drops out

» This compares with 35% when the correlation

B Active Treatment, Remain in Study @@ Placebo, Remain in Study IS Weak

@ Active Treatment, Drop out of Study @@ Placebo, Drop out of Study

Labels (%) indicate the proportion of the overall stroke
population in the group of interest

Powered by

exploristics




Probability of Success

Drop out=0%, Strong Correlation Drop out=0%, Weak Correlation

100

20 ~

spencer

Impact on probability
of success (study power)

Drop out=25%, Strong Correlation Drop out=25%, Weak Correlation

100 -

80 mf = o - ——

60 -

40 |

500 750 1000 1250 1500 1750 2000 500 750 1000 1250 1500 1750 2000

Sample Size

Adherence

High Low

« The probability of success increases markedly
with sample size and level of adherence

* Where there is a correlation between the risk of
drop out and the risk of stroke (i.e. poor response)
the statistical power reduces

* Non-persistence correlation with poor adherence
does not achieve the required statistical power for
any scenario evaluated

Powered by msz
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Understanding study
power (high adherence)

Drop Out=0%, Strong Correlation Drop Out=0%, Weak Correlation

1.25 —

100t oo e o e e - - - - ——— -

* Where there is a strong correlation between the risk of drop out
and stroke, the Odds Ratio confidence intervals increase in the
subjects remaining in the study.

0.75 ~

I

0.25 -

» Likewise, the estimate of the odds ratio is biased as the effects of
patients dropping out are not evenly distributed across treatment
groups

« Treatment response in the placebo group is better than
expected, underestimating the stroke risk

Drop Out=25%, Strong Correlation| | Drop Out=25%, Weak Correlation

Odds Ratios

1.25 =

100 -|-H H# - — Yt == - - = . . . . . .
 When the correlation is weak, the increase in confidence intervals

in the remain group is much smaller and the bias is reduced
075 U §

0.50 - "r r (i

0.25 -

» Therefore, the study power is decreased when the correlation is
stronger.

| I | I | 1 | 1
500 1000 1500 2000 500 1000 1500 2000

Sample Size

|Group e Remain e Drop Out |
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Drop Out=0%, Strong Correlation Drop Out=0%, Weak Correlation

1.50 —

Understanding study power
(low adherence)

125 -

100l == == = o e = e = = e e e -

=t

0.25 —

« Where there is a strong correlation between the risk of drop out and
stroke, the confidence intervals increase markedly in the group of subjects
that remain on the study.

» Likewise, the estimate of the odds ratio is biased as the effects of patients
dropping out are not evenly distributed across treatment groups

Drop Qut=25%, Strong Correlation Drop Out=25%, Weak Correlation

Odds Ratios

1.50 —

1.25 =

« Treatment response in the placebo group is better than expected,
underestimating the stroke risk

100 -H|-H 4 2 = — 4+ |-

L Il

0.25 —

 When the correlation is weak, the increase in confidence intervals in the
remain group is much smaller, and the bias is reduced

T T T T T T T T
500 10C0 1500 2000 SC0 1000 1500 2000

Sample Size

Group e Remain e Drop Out
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Adherence/Persistence Simulation Summary poneredty S

exploristics

Simulation was developed to estimate the impact of non-adherence and persistence (drop-outs).
Estimated the impact of adherence and non-persistence when correlated with poor response (in
this instance, higher risk of stroke).

The inter-relationships between these factors is complex.

Non-adherence and non-persistence has a dramatic impact on the success of a clinical trial.

This leads to a significant reduction in study power or a large increase in the study size to

compensate for the reduction in power.

When non-persistence is linked with lack of efficacy then
the observed treatment response is biased because

non-responders are more likely to drop out

This leads to an over-estimation of treatment response
This has a disproportionate effect on the placebo arm leading to an inflated placebo response




FRAMEWORK FOR FDA'S

REAL-WORLD
EVIDENCE
PROGRAM

Real World Data

spencer health solutions

Available across a large population
Provide additional insights
Useful for disease studies

Not well controlled
Bias can muddy the waters
Often contradictory



Uses for
real world
data (RWD)
In clinical
studies

spencer health solutions

See BASS
ePROs and surveys can 555 Cappelleri

be used as endpoints tutorial

RDW can also be

combined to create Pain scores,

Quality of life

supporting evidence

RDW can be used to monitor
patients over time




Real World
Data can
be

collected
anywhere!




health solutions

Technology to the Rescue!
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< Questions fa i e . N

You contacted your doctor
about dizziness last week.
Are you still fealing dizzy?

§

'0Y0' On Participant’s
Mobile Device

Select an answer below:

=) Not at all
Heto, Uety,
v o
Occassionally )
| ‘ O & = ar
A Lot k] 1 “ e B
& | —
—

With Participant’s
Care Team
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Collecting RWD Daily

Question Rotation: One question asked
during medication dispense

* Any new problems with your health?
« Would you recommend spencer to a friend?
« Are you more active today than yesterday?

« Have you stopped taking any medications?
« Rate your ability to perform activities today

« Have you challenged your brain today?

 How would you rate your overall health today

* How is your emotional health?

* Are you experiencing any pain today?

 How do you feel?

« Will you take all the meds in this dose?

* Are you getting regular care, tests & treatments?
* Any new problems with your health?

« Are you more active today than yesterday?

spencer Adherence (Last 30 days)

100- — J—

— e

vvvvv



Univariate
statistics can
give insights

into patient
compliance

and health

MIGHT GO SOON

50
I

today?

Recent hospital, ER
or Urgent care visit?

100

150 200

Are you more of less active

M Less active

m More active

m Same activity

spencer health solutions

Have you received any new
or updated prescriptions?

NO
YES

MAYBE

Have you added any over
the counter, herbal or
natural supplements?

NO 73
YES 28
DON'T REMEMBER | |

0 20 40 60 80 100
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Data can be combined and fed into
predictive models

Key inputs
Current . D inf "
medications, rug information
supplements, hospitalization ¢ Dally adherence
Diagnoses & death risk ,
predictions « Diagnoses
« Biometric data (e.g. glucose,
body weight)
Likely .
: diagnoses « Health/Disease related
Daily adherence :
and Real-World questions

Data

Health Score
computation

B ——

spencer Health Score

2480 2480 2480
232.6 182.6 232.6 182.6
2240 2240

200.0 200.0

194 224.0 274.0



Deriving additional data
to better understand a
cohort of patients

 Clinical Trial participants
may or may not provide
adequate health history at
recruitment

» Current and past
medications can be used to
potentially fill in gaps

« Ontologies exist for drugs,
indications and medical
concepts

* Predictive models using
ICD10 codes can be used to
derive additional data and or
reconcile patient records.

spencer health solutions

Metformin Diabetes Metabolic Disorders

Medical
Indications

Current Meds Medical Concepts

NDC codes MedDRA

ICD10 codes

Drug Classes Medical Risks

Chronic Med Count Hospitalization and
High Risk Med Count Comorbidity indexes

These derived data are combined with existing data to help group similar
patients and also become the base predictors for health outcomes models
and health scoring




# Code for computing comorbidities and risk indexes from icd10m codes

# set up the librarys
library(medicalrisk)

library(plyr)

# pull in my csv file
#first row contains variable names, comma is separator

mydata <- read.table("/Users/codes.dat", header=TRUE, sep=",")

# Now generate a comorbidity dataframe
comord <- generate _comorbidity df(mydata)

# compute charlson comorbidity indexes for each user
chari <- generate_charlson_index_df(generate _comorbidity df(mydata))

# compute the Elixhauser Categories

cases_with_cm <- merge(mydata, icd9cm_elixhauser_ahrq37(levels(mydata$icd9cm)), by.x="icd9cm", by.y="row.names", all.x=TRUE)
# generate crude comorbidity summary for each patient

library(plyr)

hapelix <- ddply(cases_with_cm, .(id),

function(x) { data.frame(lapply(x[,3:ncol(x)], any)) })

# Now Compute RSI (cardiac Risk Stratification Index)

hapddply <- ddply(mydata, .(id), function(x) { icd9cm_sessler_rsi(x$icd9cm) } )

# Now export the results
write.csv(hapddply, file = "/Users//hapddply.csv")

write.csv(chari, file = "/Users/hapcharl.csv")
write.csv(hapelix, file = "/Users/hapelix.csv")



Example Output from Medical Risk

id Num of High Risk Drugs  Charlson index chf arrhythmia  valve pulmcirc  perivasc htn htnex para neuro chrnlung dm dmcx hypothy  renlfail liver
65 0 3TRUE FALSE FALSE FALSE FALSE FALSE FALSE FALSE TRUE FALSE FALSE FALSE FALSE FALSE FALSE
66 3 S5TRUE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE TRUE FALSE FALSE FALSE FALSE FALSE
67 0 OFALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
68 0 2TRUE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
69 0 2TRUE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
81 0 2TRUE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
84 0 OFALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
130 0 OFALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
131 0 2TRUE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
132 3 3TRUE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
133 0 2FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE TRUE FALSE FALSE FALSE FALSE FALSE FALSE
134 0 OFALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
135 0 OFALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE TRUE FALSE FALSE FALSE FALSE FALSE FALSE
136 0 2TRUE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
137 0 2TRUE FALSE FALSE FALSE FALSE FALSE FALSE FALSE TRUE FALSE FALSE FALSE FALSE FALSE FALSE
138 0 2TRUE FALSE FALSE FALSE FALSE FALSE FALSE FALSE TRUE FALSE FALSE FALSE FALSE FALSE FALSE
142 0 2TRUE FALSE FALSE FALSE FALSE FALSE FALSE FALSE TRUE FALSE FALSE FALSE FALSE FALSE FALSE
143 1 7TRUE FALSE FALSE TRUE FALSE FALSE FALSE FALSE TRUE FALSE FALSE FALSE FALSE FALSE FALSE
144 0 2TRUE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
148 0 2TRUE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
149 0 O FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
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Combined real world data can be used
to group similar patients

K-means cluster analysis used to define three distinct groups of patients based on derived medical information

000 '+ Initial user indications
Alzheimen\'s Anxiety, Attention deficit  Attention deficit Cardiac Cerebral artery ~ Chronic duodenal Congestive heart
disease Angina pectoris  dissociative ... Asthma disorder with ... disorder ... dysrhythmias occlusion, ... ileus failure, ... Constipation Convulsions

e T — Two users with a
similar medical
risk profile

(eg. diabetes and
living alone)

S

[«

[+ Initial user indications >
|» Source

[v|Columns (62/0)

i Patientld <2

ik Acquired hypothyroidism

ik Allergy, unspecified, not elsewt

i Aizheimen\'s disease

b Angina pectoris

b Anxiety, dissociative and soma
ik Asthma

b Attention deficit disorder with
il Attention deficit disorder witho
il Cardiac dysrhythmias

ik Cerebral artery occlusion, unsg
ik Chronic duodenal ileus
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Baseline health information can be combined with
real world data collected daily to create a score

spencer Health Score

Dayof Date

4vg. Health Score
Julyl,  July2,  July3,  Julyd,  July5,  JulyB. July7, July8, JulyS, July10, July®l, July12, July13, Julytd, July15, July18, July17. July1s, siyts, TR, N
PatientID 2017 2017 2017 2017 2017 2017 2017 2017 2017 2017 2017 2017 2017 2017 2017 2017 2017 2017 2017 585 4000
&5
86 : : 8.5
&2 240.7 2407 2407 240.7)27400 2407 2740 2740 2407 2740 2740 240.7 2740 2407 2407 2407 2740 2740 2240
83 2480 2480 2480 2480 2480 2480 2480 2480 2480 2480 2480 2480 2480 2480
131 2328 1828 2328 1828 g
132 0 2240 1740
133 . .
124 7
135

128 2240 2240 2240 2740 2740 2240 2740 2740 2740 2740 2740 2240 2240 2240 2740 2240 2740 2240 174.0
165 . 1750 1750 2417 2084 2417 2417 2417 1750 2084 2084 2417 2417 2417 2084 2417 2417 2417 2417 2417




The clinical trial paradigm is evolving

 The need to establish estimands and conduct
sensitivity analyses

* Real World Data
» Pragmatic, hybrid and virtual trials
« Patient Centricity
Clinical trial simulation is a very useful way to explore

different trial designs and quantify the potential impact of
multiple factors

Real world data will become more and more prominent and
should be embraced

Decreasing patient burden will be key to gathering
accurate data, increasing adherence and reducing
dropouts.



Contact

J. Alan Menius, Jr.
Spencer Health Solutions

Mobile:
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