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1. VERSION HISTORY

Table 1.

Summary of Changes

Version/
Date

Associated
Protocol
Amendment

Rationale

Specific Changes

1
25 Mar 2021

Original
19 Jan 2021

N/A

N/A

2
04 Jan 2022

Amendment
#1

28 September
2021

Change of
Primary
Objective and
Primary
Endpoints

Updated sample
size

Change of
Subset Analyses

Change of Primary Objective: “Obtain
data to characterize the relationship between
symptoms and voice features for
participants with acute viral respiratory
illness. This data will be used as the basis to
build voice and symptom algorithm(s) for
detection and monitoring of these illnesses.”

Rationale: Due to current low attack rate of
SARS-CoV-2 seen in this study thus far, the
primary objective has been modified and
expanded to include SARS-CoV-2,
influenza virus, and RSV.

The primary endpoints now reflect selt-
reported symptoms and voice changes due
to these three viruses.

Incorporated changes throughout the SAP
body to reflect this protocol update.

Change of Number of Participants: The
total sample size updated from 6250 to
approximately 8700 to reflect the updated
primary objective of the amendment, the
updated overall estimate of the symptomatic
attack rate for the 3 viruses, and the updated
data attrition rate.

Incorporated changes throughout the SAP
body to reflect this protocol update.

Change of Subset Analyses (Section 6.4):
Replaced subset analyses based on Male
>60 y/o; Male <=60

y/o; Female >50 y/o; Female <=50 y/o0) to
subset analyses based on the three viruses
(SARS-CoV-2, influenza virus, and RSV).
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Table 1. Summary of Changes
Version/ Associated Rationale Specific Changes
Date Protocol
Amendment
Added plots of well-to-sick changes by day
in symptomatic positive participants for the
four gender/age sub-groups.
3 Amendment | Added Appendix A contains the X9001293
08 Feb 2022 |#1 Appendix A Algorithm Development SAP, which
28 September provides the detailed methodology for
2021 summary and statistical analyses related to
the development of the screening algorithm
for Symptomatic COVID-19 illness using
voice features and symptoms data collected
in the X9001293 study.
Updated list of _
acronyms in Added acronyms related to Algorithm
Appendix B Development SAP.
4 Amendment | Updated sample [ Change of Number of Partici ants:r
06 May 2022 |#2 size to align
3 March with Protocol
2022 Amendment #2

Clarified the

voice quality

descriptions for

E-diary voice
recordings

Incorporated changes throughout the SAP
body to reflect this protocol update.

Section 6.2.2. In order to be consistent with
voice quality flags for SNR and signal
duration implemented in the study, the SNR
and duration thresholds were changed from
>= to > such that they SNR > 20 dB for all
tasks, and duration > 3 sec for phonemes or
> 10 sec for reading). An additional Noise
Loud criterion was incorporated to reflect

the presence of background noise in the
data.

PFIZER CONFIDENTIAL

Page 6



Protocol X9001293 Statistical Analysis Plan

Table 1. Summary of Changes
Version/ Associated Rationale Specific Changes
Date Protocol
Amendment

Incorporated changes throughout the SAP
body to reflect this clarification, including
the language of the secondary endpoint
related to voice quality in Section 2.1,
Table 2.

Clarified certain | The analysis sets for secondary analysis

Secondary listed in Section 6.2.1 and Section 6.2.4.1

analysis sets

Clarified
definition of
occurrence of
new or
increased
symptoms

Clarified
definition of
recovery phase

Added an
additional

were updated to exclude those participants
who experienced technical issues due to
study operational errors (e.g., received
wrong instructions for self-swabs).

Section 5.2.2.1. Provided definition of
occurrence of new or increased symptoms,
using the participants’ initial symptoms in a
time window of 3 days.

Section 5.2.2.2. The SAP defined the
beginning of recovery as “the time before 3
consecutive observations of decrease in
total symptom scores”. This definition was
clarified as follows: (a) restrict such
decrease to be after the occurrence of
new/increased symptoms and after the
maximal total symptom score is reached; (b)
allow the total symptom score to remain at
the same value after the initial drop.

Section Interim Analyses Section 7: This
section was updated to include a second
interim analysis that may be conducted to
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Table 1. Summary of Changes
Version/ Associated Rationale Specific Changes
Date Protocol
Amendment

Interim evaluate the study primary and secondary

Analysis objectives, and the algorithm development
analyses detailed in appendix SAP based on
Cohort 1 data (consisting of approximately
9,100 participants who have been enrolled
by 15 Feb 2022 prior to protocol
amendment #2).

Updated Section 2.1 and throughout the SAP: the

intercurrent intercurrent event wording for estimands in

event wording
for estimands

Updated well to
sick analysis

Clarified
definition of
return to well
state

this study was clarified. There are no
particular intercurrent events considered.

Section 5.2.2.3: The baseline for well to
sick analysis was clarified. To categorize
participants during well to sick and facilitate
model convergence, the main well to sick
analysis was updated to include: 1) a
summary was added with respect to those
who lack data during the period, non-
responders for the endpoint, and responders
(for which the days to maximal response
and the growth rate will be summarized); 2)
a linear mixed effect model was added to
evaluate the overall trend for the endpoint;
and 3) for endpoints that are statistically
significant from 2), the nonlinear sigmoid
model was modified to primarily use the
logit transformed linear mixed effect model
to estimate growth during the period.

Section 5.2.2.5: a clarification for return to
well state was added, using the participants’
initial 3-day symptoms.
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Table 1. Summary of Changes
Version/ Associated Rationale Specific Changes
Date Protocol
Amendment
Added a Section 5.2.2.5: a heatmap plot for the
heatmap plot correlation results was added for
for correlation |visualization.
presentation
Added Section 6.1.1.1: a corresponding mean/SD
corresponding  |plot for the well to sick descriptive

plot for well to
sick descriptive
summary

Added a
summary of
both symptom
and voice
compliance for
the compliance
analysis

Added a
summary of
contents for
analysis
methods section
for continuous
endpoints

Made consistent
across sections

summary was added for visualization.

Section 6.2.1: compliance analysis included
a summary for both symptom and voice
compliance.

Section 5.2.2: A summary of section
contents was added at beginning for clarity.

Section 5.2: Updated the p-value
specification for statistical significance in
this section from p<0.05 to p<0.10 to be
consistent with analyses across sections
(such as 90% CI).

For Appendix A
algorithm
development
SAP:
Updated the Appendix A SAP Section 3: Updated the
algorithm algorithm analysis sets and well/sick state
PFIZER CONFIDENTIAL
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Table 1. Summary of Changes

Version/
Date

Associated
Protocol
Amendment

Rationale

Specific Changes

analysis sets
and well/sick
state definitions

Added
additional
algorithm
analyses

definitions. Updated the analyses
accordingly in Appendix A SAP Section 5.

Appendix A SAP Section 4.2.5: Added
that in the classical machine learning
modeling a combination of spectrograms
and voice features may be explored.
Appendix A SAP Section 4.2.6:
Transformers-based acoustic models may
also be explored for deep learning
modeling.

Added Appendix A SAP Section 4.3: on
fusion of classical machine learning and
deep learning modeling.

Added Appendix A SAP Section 4.4: an
additional well vs. sick analysis with the
sick state definition centered around the
max total symptom score.

Added Appendix A SAP Section 4.5:
change from baseline analysis.
Appendix A SAP Section 4.6: Updated on
further model testing to incorporate the
additional analyses outlined in Section 4.
Appendix A SAP Section 5: Updated to
reflect the additional algorithm analyses.

5
15 July 2022

Amendment
#1

28 September
2021

Reverted
sample size and
descriptions to
align with
Protocol
Amendment #1

Change of Number of Participants and
Protocol descriptions: The protocol was
reverted from Amendment #2 back to
Amendment #1; as such the total sample
size was reverted to approximately 8,700,
and changes were incorporated throughout
the SAP body to reflect this protocol
reversion.
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Table 1. Summary of Changes

Version/ Associated Rationale Specific Changes
Date Protocol
Amendment

For Appendix A
algorithm
development
SAP:

Updated the Appendix A SAP Section 3: Updated the

analysis sets. analysis sets. Updated the analyses
(1) Removed accordingly in Appendix A SAP Section 5.
Primary

Analysis Set 1 -
since protocol
amendment #2
was not carried
out, there was
msufficient
matching data
to generate this
analysis set and
conduct the
corresponding
analysis.

(11) Included
influenza virus,
and RSV in
Secondary
Analysis Set B
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Table 1. Summary of Changes
Version/ Associated Rationale Specific Changes
Date Protocol
Amendment

and

to
incorporate all
RT-PCR
positive cases to
match the
primary
analysis.

Updated
machine
learning and
deep learning
output
performance
measures.

Updated the
classical
machine
learning
approach and
the change from
baseline
approach to
include an
additional
analysis method
- the covariance
approach.

Section 4.2.5.2., Section 4.2.6.4.

I Performance measures of interest:
sensitivity, specificity and balanced
accuracy. Dropped F1-score, positive
predicted value and negative predicted
value since these are sample-based
measures that depend on arbitrary
enrollment ratio.

Section 4.2.5. and 4.5. Added description
of the Covariance Approach.
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Table 1. Summary of Changes

Version/ Associated Rationale Specific Changes
Date Protocol
Amendment

2. INTRODUCTION

Text taken directly from the protocol 1s italicized.

The purpose of the AcRIS study is to obtain data to characterize the relationship between
symptoms and voice features for RT-PCR confirmed SARS-CoV-2, influenza virus, or RSV
positive participants with acute viral respiratory illness. This data will be used as the basis fo
build voice and symptom algorithm(s) for detection and monitoring of these illnesses. This
would benefit vaccine development across several key disease areas, including RSV and
influenza, beyond the immediate application to SARS-CoV-2.

The study also models concepts of more efficient “‘flexible” trials involving not only voice
recognition, but also web-based participant recruitinent, enhanced participant engagement,
and remote sample collection that could make future clinical studies more efficient. The
clinical data obtained in this observational study could provide the documentation of the
technology’s performance needed to enable its deployment in future interventional studies.

Overall Design: This is a low-interventional, observational study with planned enrollment of
approximately 8,700 participants 18 years of age or older. Participants will record acute
respiratory illnesses and SARS-CoV-2 symptoms and voice data daily for up to a maximum of
8 weeks in both the well state and, should they become ill, the sick state, utilizing the
Electronic diary on their Mobile application. Once enrolled, the participant will start
recording symptoms and voice in the Electronic diary, with daily time commitment to this
portion of the study expected to be 2-4 minutes. Two nasal self-swab collection kits will be
ordered for delivery to the participant once they are enrolled in the study. The participant
will be asked to self-swab when the test kit arrives (swab #1). The kit, including the
specimen, will be returned to the central lab for SARS-CoV2/Influenza/RSV RT-PCR testing.
The participant is expected to complete 3 phonemes and 5 lines of reading each day, in
addition to score the self-reported symptoms in the Electronic diary. If participants become
sick (self-report) with new or increased symptoms of respiratory illness, they will be asked to
self-swab (swab #2) and return the sample for central SARS-CoV-2/Influenza/RSV RT-PCR
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testing. If the participant does not develop any new or increased symptoms between swab #1
and end of Week 6, they will obtain a self-swab (swab #2) at Day 42.

If the participant tests positive for any of the three viruses at swab #1 or swab #2, they will
continue the study until end of week 8. If they test negative for any of the three viruses at
swab #1 and swab #2, they will exit the study at approximately the end of week 6. Results of
the RT-PCR testing will be shared with participants.
Demographic, medical history, and smoking status data will be collected. At the end of the
study, voice and symptom trajectories will be analyzed to understand the SARS-CoV-2 and
other infectious respiratory disease trajectory. Analysis of symptom and voice changes will
be examined based on SARS-CoV-2/Influenza/RSV test results. The study design purely
contemplates capture of symptoms and voicing by a research participant. It does not involve
in any respect the assessment, examination, diagnosis, prognostication or treatment of any

study participant.

This statistical analysis plan (SAP) provides the detailed methodology for summary and
statistical analyses of the data collected in Study X9001293. This document may modify the
plans outlined in the protocol; however, any major modifications of the primary endpoint
definition or its analysis will also be reflected in a protocol amendment.

2.1. Study Objectives, Endpoints and Estimands

Table 2.  Study Objectives, Endpoints and Estimands
Objectives Endpoints Estimands
Primary Objective(s): Primary Endpoint(s): Primary Estimand:

e Obtain data to
characterize the
relationship between
symptoms and voice
features for participants
with acute viral
respiratory illness. This
data will be used as the
basis to build voice and
symptom algorithm(s)
for detection and
monitoring of these
illnesses.

e Change in self-reported
symptom scores in the
Electronic diary from
well to sick in
symptomatic participants
with RT-PCR confirmed
SARS-CoV-2, influenza
virus, or RSV.

e Change in voice
features, such as pitch,
Jjitter, harmonicity,
entropy, flatness,
shimmer from the voice
collection as captured by
the Electronic diary from
well to sick in
symptomatic participants
with RT-PCR confirmed

For this primary objective,
analyses will include
modeling of well to sick
changes for symptoms and
voice features in
symptomatic SARS-CoV-2,
Influenza virus or RSV
positive participants, and
evaluating the well state
baseline across all
participants who are initially
SARS-CoV-2/ Influenza
/RSV negative and have no
acute symptoms.

Estimand E1: This estimand
is intended to provide a
population level estimate of
the well state as well as

PFIZER CONFIDENTIAL
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Table 2.

Study Objectives, Endpoints and Estimands

Objectives

Endpoints

Estimands

SARS-CoV-2, influenza
virus, or RSV.

changes in symptoms and
voice features from well to
sick in symptomatic SARS-
CoV-2, Influenza virus or
RSV positive participants
using Electronic diary.

Population: Participants who
are >18 years of age as
defined by the inclusion and
exclusion criteria, initially
are SARS-CoV-2/ Influenza
/RSV negative and have no
acute symptoms, and are at
risk of developing
symptomatic SARS-CoV-2,
Influenza virus or RSV
illness.

Intercurrent events:

e There are no particular
intercurrent events
considered. Participants
who have events that
lead to missing data will
be included and missing
data will not be imputed.

e Inadequate compliance —
data will be used as
recorded.

Secondary Objective(s):

Secondary Endpoint(s):

Secondary Estimand:

1. Assess compliance of
the participants using
the Electronic diary to
collect data.

e Percentage of total days
of symptoms entered in
the Electronic diary.

e Percentage of total days
of voice recordings
entered in the Electronic
diary.

Estimand E2: This estimand
is intended to provide a
population level estimate of
the percentage of occurrence
for these endpoints.

Population: Participants who
are >18 years of age as

PFIZER CONFIDENTIAL
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Table 2.  Study Objectives, Endpoints and Estimands

Objectives

Endpoints

Estimands

2. Test the quality of the
recording from the
Electronic diary to
collect data that is
usable for interpretation.

e Percentage of quality
voice recordings based
on signal to noise ratio,
sound duration and
background noise
measures.

3. Determine rates of
positivity for SARS-CoV-
2/Influenza/RSV
infection.

e Percentage of
participants with SARS-

and/or RSV RT-PCR
based positivity in self-
swabs.

CoV-2; and/or Influenza;,

4. Evaluate the feasibility
of obtaining self-swabs.

e Percentage of
participants
administering the self-
swab at self-
swab #1 and self-
swab #2.

e Percentage of
participants reporting
symptoms in the
Electronic diary, who
have a self-swab
collected at or around
symptom onset.

e Percentage of self-swabs
with valid (positive or
negative) or invalid
(non- reportable due to
technical or self-
collection failures)
results.

defined by the inclusion and
exclusion criteria.

Intercurrent events:

There are no particular
intercurrent events
considered. Participants
who have events that
lead to missing data will
be included and missing
data will not be imputed.
Inadequate compliance —
data will be used as
recorded.
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Table 2. Study Objectives, Endpoints and Estimands

Objectives Endpoints Estimands

Fi
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Table 2. Study Objectives, Endpoints and Estimands

Objectives Endpoints Estimands

Safety Objective(s): Safety Endpoint(s):

To describe the safety profile | Incidence and severity of No defined estimand for the
of self-administered nasal adverse events safety endpoints. These
swabs for SARS-CoV- (AEs)/research related endpoints will be analyzed
2/Influenza/RSV RT-PCR injuries (RRIs) among all using Pfizer data standards
among participants. enrolled participants. as applicable.

2.1.1. Primary Estimand(s)

The primary estimand is intended to provide a population level estimate of the well state as
well as changes in symptoms and voice features from well to sick in symptomatic SARS-
CoV-2, Influenza virus or RSV positive participants using Electronic diary. This estimand
(Estimand E1) is defined according to the primary objective and is in alignment with the
primary endpoints. It includes the following 4 attributes:

e Population: Participants who are >18 years of age as defined by the inclusion and
exclusion criteria, initially are SARS-CoV-2/Influenza/RSV negative and have no
acute symptoms, and have potential to develop symptomatic SARS-CoV-2, Influenza
virus or RSV illness.
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Variables: (1) Change in self-reported symptom scores in the Electronic diary from
well to sick in symptomatic SARS-CoV-2, Influenza virus or RSV positive
participants; (2) Change in voice features, such as pitch, jitter, harmonicity, entropy,
flatness, shimmer from the voice collection as captured by the Electronic diary from
well to sick in symptomatic SARS-CoV-2, Influenza virus or RSV positive
participants.

Intercurrent event(s):

e There are no particular intercurrent events considered. Participants who have
events that lead to missing data will be included and missing data will not be
imputed.

e Inadequate compliance — participants’ data will be used as recorded.

Population-level summary: The well state characteristics as well as changes in
symptoms and voice features from well to sick in symptomatic SARS-CoV-2,
Influenza virus or RSV positive participants using Electronic diary.

2.1.2. Secondary Estimand(s)

The secondary estimand of this study is to provide a population level estimate of the
percentage of occurrence for the compliance, quality of voice recordings, infection rates and
feasibility of self-swabbing. This estimand (Estimand E2) is defined according to the
secondary objectives and is in alignment with the secondary endpoints. It includes the
following 4 attributes:

Population: Participants who are >18 years of age as defined by the inclusion and
exclusion criteria.

Variables: All secondary endpoints, when appropriate.

Intercurrent event(s):

e There are no particular intercurrent events considered. Participants who have
events that lead to missing data will be included and missing data will not be
imputed.

e Inadequate compliance — participants’ data will be used as recorded.

Population-level summary: The percentage of occurrence for the endpoints.

PFIZER CONFIDENTIAL
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2.2. Study Design

This is a low-interventional, observational study with planned enrollment of approximately
8,700 participants 18 years of age or older in order to collect a total N=100 participants
with (1) RT-PCR confirmed negative SARS-CoV-2, influenza virus and RSV (swab #1) and
(2) RT-PCR confirmed positive SARS-CoV-2, influenza virus and RSV (swab #2 or any
subsequent swab) symptomatic completers.

Each participant will be required to stay in the study for 6 weeks. If the participant tests
positive for any of the three viruses at swab #1 or swab #2, they will continue the study until
the end of Week 8.

Participants will record acute respiratory illnesses and SARS-CoV-2 symptoms and voice
data daily for up to a maximum of 8 weeks in both the well state and, should they become
ill, the sick state, utilizing the Electronic diary on their Mobile application. Once enrolled,
the participant will start recording symptoms and voice in the Electronic diary, with daily
time commitment to this portion of the study expected to be 2-4 minutes. Two nasal self-swab
collection kits will be ordered for delivery to the participant once they are enrolled in the
study. The participant will be asked to self-swab when the test kit arrives (swab #1). The kit,
including the specimen, will be returned to the central lab for RT-PCR SARS-
CoV2/Influenza/RSV RT-PCR testing. The participant is expected to complete 3 phonemes
and 5 lines of reading each day, in addition to score the self-reported symptoms in the
Electronic diary. If participants become sick (self-report) with new or increased symptoms
of respiratory illness, they will be asked to self-swab (swab #2) and return the sample for
central SARS-CoV-2/Influenza/RSV RT-PCR testing. If the participant does not develop any
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new or increased symptoms between swab #1 and end of Week 6, they will obtain a self-swab
(swab #2) at Day 42.

If the participant tests positive for any of the three viruses at swab #1 or swab #2, they will
continue the study until end of week 8. If they test negative for the three viruses at swab #1
and swab #2, they will exit the study at approximately the end of week 6 when the test results
are returned. The results of the RT-PCR testing will be shared with participants.

Demographic, medical history, and smoking status data will be collected. At the end of the
study, voice and symptom trajectories will be analyzed to understand the SARS-CoV-
2/influenza virus/RSV respiratory disease trajectories. Analysis of changes in symptoms and
voice characteristics will be stratified by SARS-CoV-2/Influenza/RSV test results.

Figure 1. Schema for AcRIS Study Design
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3. ENDPOINTS AND BASELINE VARIABLES: DEFINITIONS AND
CONVENTIONS

3.1. Primary Endpoint(s)
The primary endpoints for this study are:

(a) Change in self-reported symptom scores in the Electronic diary from well to sick in
symptomatic participants with RT-PCR confirmed SARS-CoV-2, influenza virus, or RSV.
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(b) Change in voice features, such as pitch, jitter, harmonicity, entropy, flatness, shimmer
from the voice collection as captured by the Electronic diary from well to sick in
symptomatic participants with RT-PCR confirmed SARS-CoV-2, influenza virus, or RSV.
3.2. Secondary Endpoint(s)

The endpoints linked to each secondary objective are as follows:

Endpoints for secondary objective 1: (a) Percentage of total days of symptoms, (b)
Percentage of total days of voice recordings entered in the Electronic diary.

Endpoints for secondary objective 2: Percentage of quality voice recordings based on signal
to noise ratio, sound duration and background noise measures.

Endpoints for secondary objective 3: Percentage of participants with SARS-CoV-2; and/or
Influenza; and/or RSV RT-PCR based positivity in self-swabs.

Endpoints for secondary objective 4: (a) Percentage of participants administering the self-
swab at self-swab #1 and self-swab #2. (b) Percentage of participants reporting symptoms in
the Electronic diary, who have a self-swab collected at or around symptom onset. (c)
Percentage of self-swabs with valid (positive or negative) or invalid (non-reportable due to
technical or self-collection failure) results.

3.4. Baseline Variables

Demographic variables will be summarized. Age and gender may be used to investigate
symptoms and voice features in four groups (Male >60 y/o; Male <=60 y/o; Female >50 y/o;
Female <=50 y/0). Race may be included as a covariate in the analyses.

The enrollment questionnaire will be summarized. The following components of the
enrollment questionnaire may be considered to stratify groups or be included as covariates:
e Current symptoms associated with respiratory infection, such as cold and flu; asthma
and allergies
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e Pre-existing medical conditions (yes/no)
e Current symptoms associated with pre-existing conditions (yes/no)
e Smoking status and frequency

3.5. Safety Endpoints

Safety profile of self-administered nasal swabs for SARS-CoV2/Influenza/RSV RT-PCR
among participants: Incidence and severity of adverse events (AEs)/research related injuries
(RRIs) among all enrolled participants.

4. ANALYSIS SETS (POPULATIONS FOR ANALYSIS)

Data for all participants will be assessed to determine if participants meet the criteria for
inclusion in each analysis population prior to releasing the database and classifications will
be documented per standard operating procedures.

Population Description

Full Analysis Set (FAS) | All participants who sign the informed consent document and
enroll in the study.

Qualified participants are males or females aged 18 years and
older (or the minimum state-specific age of consent if > 18) at
Screening visit, who are willing and able to comply with daily
symptom and voice assessments on the Electronic diary
application and other study procedures including self-collection
of nasal swabs, are expected to be available for the duration of
the study, and are capable of giving informed consent.

Primary Analysis set Participants in FAS who initially are SARS-CoV-2, Influenza
and/or RSV negative and have no acute symptoms.

5. GENERAL METHODOLOGY AND CONVENTIONS

An interim analysis will be performed once the first 1000 participants have completed the study
(See Section 7). The study will continue whilst the interim analysis 1s being conducted.

A second interim analysis will be performed on Cohort 1 data, consisting of approximately
9100 participants enrolled by 15 Feb 2022 prior to Protocol Amendment 2. The study will
continue whilst the second interim analysis 1s being conducted.

The primary analysis will be performed after the study is completed and final database is
locked.

5.1. Hypotheses and Decision Rules

This is an exploratory study primarily intended to collect data to characterize the
relationship between symptoms and voice features for participants with acute viral
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respiratory illness. The data will be used to quantify changes from well to sick using voice
and self-reported symptoms collected with an Electronic diary in symptomatic SARS-CoV-
2/influenza virus/RSV positive participants. The hypotheses that voice and self-reported
symptoms will change with acute viral respiratory illness will be tested. This data will be
used as the basis to build voice and symptom algorithm(s) for detection and monitoring of
these illnesses. No decision rules will be made.

5.2. General Methods

Data will be summarized using descriptive statistics (number of participants (n), mean,
median, standard deviation (SD), minimum and maximum, as appropriate) for continuous (or
near continuous) variables, and using frequency and percentages for discrete variables.

Participants can complete the Electronic diary multiple times per day, and each time is
considered a session. The session with the most compliant voice and symptom data, and the
highest quality voice data will be used for that day to compute the summary statistics. All
individual sessions will be used for statistical modeling.

P-values will be generated where appropriate and any p-value < 0.10 will be considered
statistically significant. Due to the exploratory nature of the study, p-values will not be
adjusted for multiplicity. P-values will be rounded to 3 decimal places and therefore
presented as 0.xxx; P-values smaller than 0.001 will be reported as ‘<0.001".

5.2.1. Analyses for Binary Endpoints

For binary endpoints we will derive summary percentages and the corresponding descriptive
statistics, as appropriate.

5.2.2. Analyses for Continuous Endpoints

Log transformation may be performed for continuous endpoints as appropriate. Voice task

data that fail in technical QC will be excluded in analysis as appropriate.

This section provides analysis methods for continuous endpoints in various well to sick, well
state, * analyses. It is organized as follows:

e 5.2.2.1 defines occurrence of new or increased symptoms (symptom onset)
e 5.2.2.2 defines occurrence of recovery phase

e 5.2.2.3 provides methods for well to sick analysis, which covers participant’s sickness
progression period from symptom onset to before recovery

e 5.2.2.4 provides methods for well state analysis, which covers participant’s well state
period from study start to before symptom onset (or to study end if no symptom onset
is found)

e 5.2.2.5 provides methods for correlation analysis between symptoms and voice
features, which uses participant’s data from symptom onset to the time before return
to well state (the latter of which will be defined in this section)
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. _
5.2.2.1. Definition of Occurrence of New or Increased Symptoms

To define the first occurrence of new or increased symptoms for each participant who has no
acute symptoms at enrollment, firstly the maximal total symptom score during the first 3
days with available symptom data of the participant is identified (defined as the Initial
Symptom Score). The total symptom score is the sum of all the symptom responses per
session converted to numeric as described in Section 5.2.3. An observation is defined as the
mean of the daily total symptom score across sessions for each compliant day.

Then the first occurrence of new or increased symptoms is defined as the first day after these
3 days when the observed total symptom score is greater than the Initial Symptom Score.

If no greater value i total symptom score is observed after the first 3 days with available
symptom data, no occurrence of new or mncreased symptoms 1s defined, and the participant is
considered as asymptomatic.

5.2.2.2. Definition of Recovery Phase

To define the recovery phase for each participant who has new or increased symptoms (as
defined in Section 5.2.2.1), firstly the maximal total symptom score on or after the first
occurrence of new or increased symptoms, as well as the first day on which this maximal
total symptom score 1s reached (defined as the Maximal Score Day), are identified.

Then the beginning of recovery is defined as the first day after the Maximal Score Day when
the total symptom score is decreased from the previous day with available symptom data,
followed by two more days of non-increasing total symptom scores.

When no beginning of recovery is observed, all days up to the final study day of the
participant are considered as before recovery.

5.2.2.3. Well to Sick Analysis

For continuous endpoints during well to sick, 1.e. after first occurrence of new or increased
symptoms in participants based on Electronic diary (defined in Section 5.2.2.1), the change
from baseline will be summarized descriptively by day, defining the first occurrence of new
or mcreased symptoms based on Electronic diary as day=1. For the purpose of the well to
sick analysis, the baseline is defined as the average of the endpoint values during the 7-day
period before the first occurrence of new or increased symptoms. If a participant has no data
during these 7 days, the average of the endpoint values for the closest 3 available days prior
to these 7 days will be used for the baseline.

The disease progression from well to sick will be modelled monotonically using data only up
to the time before recovery, so that the potential recovery phase afterwards is excluded. The
tume before recovery is defined in Section 5.2.2.2.
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To categorize the well to sick progression during this period (from day=1 to the time before
recovery), for each endpoint, the change from baseline will be summarized as follows:

a. The number and percentage of participants who have less than two days of available
data for the endpoint during this period.

b. For each participant who has two or more days of available data for the endpoint
during this period, a linear regression of the change from baseline vs. day, without
intercept, will be fit. The participants without a statistically significant trend from the
model will be categorized as non-responder, and number/percentage will be
summarized.

c. For each participant with a statistically significant trend from the model in b, two
measures will be computed: the day at which the first maximum change from baseline
value (direction determined by linear fit in b) is reached during the period (defined as
Tmax), and the ratio of the maximum change to the Tmax (defined as Growth Rate).
The descriptive summary of the two measures for these significantly responding
participants will be presented.

In addition, the well to sick progression period for each endpoint will be modelled
monotonically. Firstly, a linear mixed effect model for the change from baseline vs. day will
be used, with slope (i.e. without intercept) included as both fixed effects and random effects
(to account for participant level variation). The number of participants used by the model,
estimate of the slope’s fixed effect mean, standard error, 90% CI, and p-value, as well as the
variance estimate for its random effect will be presented.

Secondly, for the statistically significant endpoints determined by the linear mixed effect
model, a logistic sigmoid growth/Emax model will also be considered for the population
model:

d—al-o

yl] Qi = b+ ij
day;
1+ (52)

where irepresents the ith participant, j represents the jth day, a;, is the baseline value for the
ith participant, and y;; is the continuous endpoint value modelled as response. Parameters b,
¢, d represent the Hill slope, the day at which 50% effect is reached, and the asymptotic
maximum sick response for the model, respectively, which can have participant level
variation.

To facilitate model convergence, the maximum value observed during the period for each
participant (direction determined by individual linear fit from b above), max;, will be used to
substitute parameter d, and a linear mixed effect model of the logit transformed

log((max; — y;;)/(Vij — aio)) vs log(day) will be used for the longitudinal changes, with its
intercept and slope included as both fixed effects and random effects. The number of
participants used by the model, estimates of the fixed effect means, standard errors, 90% Cls,
and p-values, as well as the variance estimates for their random effects will be presented. The
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back-transformed mean estimates and 90%CIs for the parameters b and c, where b =
— slope and ¢ = exp(— intercept/slope), will also be presented.

Additional models may also be considered as appropriate, and the models' goodness of fit will
be assessed using Akaike/Bayesian information criteria.

5.2.2.4. Well State Analysis

For each of the continuous endpoints during the well state, 1.e. from enrollment day to the
day before the first occurrence of new or increased symptoms in participants based on
Electronic diary, the average of the endpoint values across all days will be summarized for
the participants descriptively.

A mixed effects model will also be conducted, with participant and day as random effects, to
evaluate the inter-participant variation and intra-participant day by day variation. Gender, age
and race may be included as covariates to assess the effects. Estimates of the overall mean
value per feature, its standard error, and 90% CI, as well as the variance components will be
presented.

5.2.2.5. Correlation Between Symptoms and Voice Features

Change from baseline in symptom, after first occurrence of new or increased symptoms and
before return to well state based on Electronic diary, will be modelled using a mixed-effects
model with repeated measures (MMRM) with the change from baseline in the voice feature
as covariate, day (categorical factor) as fixed effect, and participant as random effect. For the
purpose of this analysis, the baseline 1s defined as the average of the endpoint values during
the period up to 7 days before the first occurrence of new or increased symptoms, and the
first occurrence of new or increased symptoms at day = 1. The day of return to well state 1s
defined as the first day after the Maximal Score Day (defined in Section 5.2.2.2) when the
total symptom score is less than or equal to the Initial Symptom Score (defined in Section
5.2.2.1).

Autoregressive AR(1) variance-covariance structure will be used for the MMRM. The
estimate of the coefficient for the change in voice feature, its standard error, 90% CI, and p-
value will be presented.

Pearson and Spearman rank order correlations between changes in symptoms and voice
features will also be computed for each participant across days. These correlations will be
summarized across participants. A heatmap plot will also be presented for each of these
correlations.
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5.2.3. Analyses for Categorical Endpoints

For Electronic diary symptom measures that have ordinal categorical responses, the values
will be converted to numeric values (i.e. 0-4 for fever and 0-7 for other symptoms, where 0 =
no symptoms), and analyzed as continuous endpoints according to Section 5.2.2.
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5.2.4. Analyses for Time-to-Event Endpoints
N/A.
5.3. Methods to Manage Missing Data

All summaries and analyses will be based on observed data and missing data imputation is not
planned.

6. ANALYSES AND SUMMARIES

Throughout the analyses, a participant is defined as symptomatic if they report at least one
new or increased symptom in the Electronic diary during the course of the study.

6.1. Primary Endpoint(s)

Change in self-reported symptom scores in the Electronic diary from well to sick in
symptomatic participants with RT-PCR confirmed SARS-CoV-2, influenza virus, or RSV;
Change in voice features, such as pitch, jitter, harmonicity, entropy, flatness, shimmer from
the voice collection as captured by the Electronic diary from well to sick in symptomatic
participants with RT-PCR confirmed SARS-CoV-2, influenza virus, or RSV.

6.1.1. Main Analysis
6.1.1.1. Well to Sick

e Estimand: Primary Estimand E1(Section 2.1.1). This estimand is intended to provide a
population level estimate of the well state as well as changes in symptoms and voice
features from well to sick in symptomatic SARS-CoV-2, influenza virus, or RSV positive
participants using Electronic diary.

e Analysis Sets: (a) Participants in Primary Analysis Set (Section 4) who become SARS-
CoV-2, influenza virus or RSV positive (at Swab#2) and symptomatic during the study;
(b) A subset of (a) who are symptom free at enrollment; (c) A subset of (a) who have
symptoms due to chronic pre-existing conditions at enrollment. These analysis sets will
be considered as deemed appropriate by data.

e Intercurrent events and missing data: (a) There are no particular intercurrent events
considered. Participants who have events that lead to missing data will be included and
missing data will not be imputed. (b) Inadequate compliance — data will be used as
recorded.

e Statistical Method: Summary statistics and linear mixed effect analyses as described in
Section 5.2.2.3. The total symptom score, each symptom and each voice feature will be
modelled individually.

e Summaries:
a. Descriptive summaries and corresponding plots of the mean/SD will be provided. For
linear mixed effect model analyses, estimates for all parameters fixed effect means,
standard errors, 90% Cls, and p-values, as well as the variance estimates for their
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random effects will be provided (as described in Section 5.2.2.3). Results from all
models will be presented in a table.

b. To assess the well-to-sick analysis baseline: For voice features that are determined as
statistically significant based on linear model mixed effect analysis, the difference of
the voice feature values between every pre-symptomatic day (starting from
enrollment day) and the well-to-sick baseline (i.e. 7-day average before symptomatic
onset as described in Section 5.2.2.3) will be computed. The mean/SD of the
differences across participants in the analysis set will be plotted by day up to the
symptomatic onset.

6.1.1.2. Well State

Estimand: Primary Estimand E1 (Section 2.1.1).

Analysis Sets: (a) Primary Analysis Set (Section 4). (b) A subset of (a) who are symptom
free at enrollment; (c) A subset of (a) who have symptoms due to chronic conditions at
enrollment. These analysis sets will be considered as deemed appropriate by data.

Intercurrent events and missing data: (a) There are no particular intercurrent events
considered. Participants who have events that lead to missing data will be included and
missing data will not be imputed. (b) Inadequate compliance — data will be used as
recorded.

Statistical Method: Summary statistics and mixed effect analyses as described in
Section 5.2.2.4. The total symptom score, each symptom and each voice feature will be
modelled individually.

Summaries: Descriptive summaries, and for mixed effect model estimates of the overall
mean value per feature, its standard error, and 90% CI, as well as the variance
components will be presented.

6.1.1.3. Correlation of Symptoms and Voice Features

Estimand: Primary Estimand E1(Section 2.1.1).

Analysis Sets: (a) Participants in Primary Analysis Set (Section 4) who become SARS-
CoV-2, influenza virus, or RSV positive (at Swab#2) and symptomatic during the study;
(b) A subset of (a) who are symptom free at enrollment; (c) A subset of (a) who have
symptoms due to chronic conditions at enrollment. These analysis sets will be considered
as deemed appropriate by data.

Intercurrent events and missing data: (a) There are no particular intercurrent events
considered. Participants who have events that lead to missing data will be included and
missing data will not be imputed. (b) Inadequate compliance — data will be used as
recorded.
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e Statistical Method: MMRM model, and Pearson and Spearman rank order correlations, as
described in Section 5.2.2.5.

e Summaries: Estimates of the coefficient for the change in voice features, standard errors,
90% ClIs, and p-values will be summarized. Results from all models and the correlations
will be presented in a table. Correlation plots will be presented.

6.1.2. Sensitivity/Supplementary Analyses

Sensitivity analyses may be conducted to assess the effect of compliance. Participants who
have less than 3 out of 7 days of baseline data prior to symptom onset will be excluded and
analyses in Section 6.1.1 repeated.

6.2. Secondary Endpoint(s)

Estimand: The estimand for all secondary endpoints is based on Estimate E2 (Section 2.1.2),
which is intended to provide a population level estimate of the percentage of occurrence for
the secondary endpoints.

Analysis Set: The analysis set for all secondary endpoints is based on FAS (as described in
Section 4).

Intercurrent events and missing data: (a) There are no particular intercurrent events
considered. Participants who have events that lead to missing data will be included and
missing data will not be imputed. (b) Inadequate compliance — data will be used as recorded.

Statistical methods and summaries for each of the secondary endpoints are detailed below.

6.2.1. Percentage of total days of symptoms and total days of voice recordings entered in
the Electronic diary

For each participant, compute:

a. Symptom compliance = number of compliant days* of symptoms entered in the
Electronic diary divided by the total number of days in the study, and expressed as a
percentage. Compute mean, SD, median, maximum and minimum percentage of days
of symptoms across participants.

b. Voice compliance = number of compliant days* of completed voice recordings
entered in the Electronic diary divided by the total number of days in the study, and
expressed as a percentage. Compute mean, SD, median, maximum and minimum
percentage of days of completed voice recordings across participants.

c. Partial voice compliance = number of compliant days* of partially completed voice
recordings entered in the Electronic divided by the total number of days in the study,
and expressed as a percentage. Compute mean, SD, median, maximum and minimum
percentage of days of partially completed voice recordings across participants.
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d. Symptom and voice compliance = number of days* with both symptom compliance
and voice compliance, divided by the total number of days in the study, and expressed
as a percentage. Compute mean, SD, median, maximum and minimum percentage of
days of symptoms across participants.

*Since participants may complete the Electronic diary multiple times per day, a compliant
day will be counted as valid and included in these analyses if participants have one or more
sessions of an Electronic diary completed for symptoms (a. and d.) or completed/partially
completed for voice recordings (b., c. and d.).

The analysis set for this analysis will be the FAS (as described in Section 4), excluding those
participants who experienced technical issues due to study operational errors (e.g., received
the wrong instructions for self-swabs).

Plots of number of compliant days of completed symptoms, completed voice recordings and
partially completed voice recordings along day for all participants will be generated.

6.2.2. Percentage of quality voice recordings based on signal to noise ratio, sound
duration and background noise measures

Compute number of days of quality voice recordings (i.e. recordings exceeding signal-to-
noise ratio (SNR) and duration thresholds) per task from the total number of voice compliant
days (see Section 6.2.1) per participant, and express as a percentage:

a. Percentage of voice recordings with P1 ‘ah’ (SNR > 20dB AND duration > 3 sec) OR
(SNR <= 20 dB AND Noise Loud = ‘N’ AND duration > 3 sec)

b. Percentage of voice recordings with P2 ‘ee’ (SNR > 20dB AND duration > 3 sec) OR
(SNR <= 20 dB AND Noise Loud = ‘N’ AND duration > 3 sec)

c. Percentage of voice recordings with P3 ‘mm’ (SNR > 20dB AND duration > 3 sec)
OR (SNR <=20 dB AND Noise Loud = ‘N’ AND duration > 3 sec)

d. Percentage of voice recordings with Reading Task (SNR > 20dB AND duration > 10
sec) OR (SNR <= 20 dB AND Noise Loud = ‘N’ AND duration > 10 sec)

e. Percentage of quality voice recordings

In the case of multiple Electronic diary sessions per day, the session with the highest quality
voice recordings for that day will be used in this analysis.

Compute summary statistics (mean, SD, median, maximum and minimum percentage of
days) of these percentages across participants.

6.2.3. Percentage of participants with SARS-CoV-2; and/or Influenza; and/or RSV RT-
PCR based positivity in self-swabs

Compute the percentage of participants who:
(a) Had a valid self-swab #1 result that was positive for

a. SARS-COV-2
b. FluA
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c. FluB
d. RSV
e. Any of the above (combined)

(b) Had a valid self-swab #2 that was positive for

a. SARS-COV-2

b. FluA

c. FluB

d. RSV

e. Any of the above (combined)

6.2.4. Feasibility of obtaining self-swabs

6.2.4.1. Percentage of participants administering the self-swab at self-swab #1 and self-

swab #2

a.

Number of participants who administered self-swab #1 divided by total number of
participants in the study, reported as a percentage.

Number of participants who administered self-swab #2 divided by total number of
participants in the study, reported as a percentage.

Number of participants who administered self-swab #1 and self-swab #2 divided
by total number of participants in the study, reported as a percentage.

The analysis set for this analysis will be the FAS (as described in Section 4), excluding those
participants who experienced technical issues due to study operational errors (e.g., received
the wrong instructions for self-swabs).

6.2.4.2. Percentage of participants reporting symptoms in the Electronic diary, who
have a self-swab collected at or around symptom onset

a. Number of days from symptom onset (reporting new or increased symptoms in

the Electronic diary) to Record Swab #2 day in the Electronic diary averaged
across participants who administered self-swab #2. Compute mean, SD, median,
maximum and minimum days across participants.

Number of participants who administered self-swab #2 and reported new or
increased symptoms in the Electronic diary before Week 6 divided by the
number of participants who reported new or increased symptoms in the
Electronic Diary before Week 6, reported as a percentage.

Number of participants who administered self-swab #2 and reported new or
increased symptoms in the Electronic diary before Week 6 divided by the
number of participants who administered self-swab #2 before Week 6, reported
as a percentage.
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6.2.4.3. Percentage of self-swabs with valid (positive or negative) or invalid (non-
reportable due to technical or self-collection failures) results

a.

I
|

Number of self-swabs #1 with valid (positive or negative) result for each of
SARS-CoV-2/Flu A/Flu B/RSV divided by total number of self-swabs #1
received, reported as percentages.

Number of self-swabs #2 with valid (positive or negative) result for each of
SARS-CoV-2/Flu A/Flu B/RSV divided by total number of self-swabs #2
received, reported as a percentage.

Total number of self-swabs (#1 and #2) with valid (positive or negative) result
for each of SARS-CoV-2/Flu A/Flu B/RSV divided by total number of self-swabs
(#1 and #2) received, reported as a percentage.

Total number of self-swabs (#1 and #2) with NOT DONE divided by total
number of self-swabs (#1 and #2) reported in the Electronic diary (Record Swab),
reported as a percentage.

Il

PFIZER CONFIDENTIAL

Page 34




Protocol X9001293 Statistical Analysis Plan

PFIZER CONFIDENTIAL

Page 35



Protocol X9001293 Statistical Analysis Plan

6.4. Subset Analyses

The study participants and analysis sets may be split in three acute viral respiratory illness
groups (SARS-CoV-2, Influenza virus, and RSV) and the primary analysis detailed in
Section 6.1.1 may be conducted on each group separately, if the n for each of the groups is
deemed sufficient. Summary plot of well-to-sick changes by day in symptomatic positive
participants may also by generated in four gender/age sub-groups (Male >60 y/o; Male <=60
y/o; Female =50 y/o; Female <=50 y/o) for each of the symptoms and statistically significant
voice features (based on primary analysis) if data allows.
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6.5. Baseline and Other Summaries and Analyses

6.5.1. Baseline Summaries

Demographic data and specific components of the enrollment questionnaire as listed in
Section 3.4 will be summarized, and their descriptive statistics (n / percentages and/or mean,
median, maximum and minimum statistics as appropriate) summarized and tabulated.

6.5.2. Study Conduct and Participant Disposition

Participants’ evaluation, disposition and discontinuation will be summarized according to
Pfizer standards.

6.5.3. Study Treatment Exposure

N/A.

6.5.4. Concomitant Medications and Nondrug Treatments
N/A.

6.6. Safety Summaries and Analyses

The safety analysis set is the FAS. The incidence and severity of adverse events
(AEs)/research related injuries (RRIs) will be summarized according to Pfizer standards.

7. INTERIM ANALYSES
7.1. Introduction

An interim analysis (IA) #1 will be conducted once the first 1000 participants have
completed the study to reassess study feasibility and enrollment requirements, including
sample size.

An additional TA #2 may be conducted to evaluate the study primary and secondary
objectives, and the algorithm development analyses detailed in the appendix SAP based on
Cohort 1 data, consisting of approximately 9,100 participants who have been enrolled by 15
Feb 2022, prior to protocol amendment #2.

7.2. Interim Analyses and Summaries
7.2.1. IA #1

The list of study feasibility and compliance measures that will be summarized for the IA is:
e Number of participants enrolled
e Number of participants completed

e Number of participants without symptoms at enrollment (including or excluding chronic
symptoms)

e Self-swab #1, number completed and by its outcome
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e Self-swab #2, number completed before and after Day 42, and by its SARS-CoV-2
outcome (if after Day 42, number symptomatic participants during Day 42 — Day 56)

e Average % day Electronic diary completion, and before or after self-swab #2
e Average % quality voice Electronic diary entries
e Number of well to symptomatic sick (SARS-CoV-2) participants

All 1000 participants (the IA analysis set) will be included in the interim analysis based on
observed cases, and missing data will not be imputed. To define the well to symptomatic sick
participants for the IA, all following conditions need to be met to be included:

e Without symptoms at enrollment (two participant sets will be considered: including
or excluding chronic symptoms)

e Negative self-swab #1 results for SARS-CoV-2, Influenza, and RSV
e Positive self-swab #2 result for SARS-CoV-2
e Reported new or increased symptoms during the study

Number and its percentage, or median/minimum/maximum will be summarized as
appropriate. The summary will be produced for all participants, as well as by gender/age
groups (i.e. Male >60 y/o; Male <=60 y/o; Female >50 y/o; Female <=50 y/o).

In addition, for the IA analysis set as well as for the well to symptomatic sick SARS-CoV-2
participant sets (including or excluding chronic symptoms at enrollment), the number of
participants with quality Electronic diary completion will be plotted along day for all
participants, and by gender/age groups.

7.2.2. 1A #2

The analyses and summaries for this IA will include the primary and secondary analyses
detailed in Section 6.1 and Section 6.2 respectively, and the algorithm development analyses
detailed in appendix SAP (Section 8 Appendix A).
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8. APPENDICES

Appendix A. X9001293 Algorithm Development Statistical Analysis Plan

Appendix B. List of Abbreviations

Abbreviation Term

AcRIS acute respiratory illness surveillance
ADAM adaptive moment estimation

AE adverse event

AR autoregressive

AUC area under the curve

AWS amazon web services

CI confidence interval

CNN convolutional neural network

dB decibel

EOS end of study

FAS full analysis set

FFT fast Fourier transform

FN false negatives

FP false positives

1A interim analysis

LGBM light gradient boosting machine

MFCC mel frequency cepstral coefficients

MMRM mixed-effects model with repeated measures
N/A not applicable

PCA principal component analysis

PPS predictive power score

RNN recurrent neural networks

ResNET residual neural network

RFECV recursive feature elimination with cross validation
ROC receiver operating characteristics

RRIs research related injuries

RT-PCR reverse transcription polymerase chain reaction
RSV respiratory syncytial virus

SAE serious adverse event

SAP statistical analysis plan

SARS-CoV-2 severe acute respiratory syndrome coronavirus 2
SD standard deviation

SGD stochastic gradient descent

SHAP shapley additive explanations

SNR signal-to-noise ratio

SVM support vector machine

STFT short-time Fourier transform

N true negatives
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Abbreviation Term

TP true positives

t-SNE t-distributed stochastic neighbor embedding
%AP uniform manifold aiiroximation and projection
VGG visual geometry group

WAV waveform audio file format

XGBoost extreme gradient boosting

y/o years old
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1. INTRODUCTION

This Appendix to the X9001293 SAP provides the detailed methodology for summary and
statistical analyses related to the development of the screening algorithm for Symptomatic
COVID-19 illness using voice features and symptoms data collected in the X9001293 study.

2. DEFINITIONS AND CONVENTIONS

The longitudinal nature of the data collected in X9001293 study (i.e., well and sick state data
from the same participants) allows for a robust estimation of well and sick states and
provides a controlled dataset for the training of the algorithm.

Definition of Total Symptom Score: the sum of all the symptom responses in the Electronic
Diary converted to a numeric as described in Section 5.2.2.1. of the main SAP.

3. ANALYSIS SETS (POPULATIONS FOR ANALYSIS)

Data for all participants will be assessed to determine if participants meet the criteria for
inclusion in each analysis population prior to releasing the database and classifications will
be documented per standard operating procedures.

Algorithm Population Description
Full Analysis Set (FAS) as | All participants who sign the informed consent document and
per the Main SAP enroll in the study, as defined in the main SAP.

Qualified participants are males or females aged 18 years and
older (or the minimum state-specific age of consent if > 18) at
Screening visit, who are willing and able to comply with daily
symptom and voice assessments on the Electronic Diary
application and other study procedures including self-collection
of nasal swabs, are expected to be available for the duration of
the study, and are capable of giving informed consent.

Primary Analysis Set Participants in FAS who have a negative RT-PCR test (at swab
#1) and no acute symptoms (as determined by the enrollment
questionnaire), and who become positive for SARS-CoV-2,
influenza virus, or RSV (at swab #2) and symptomatic during
the study.

Secondary Analysis Set A |Participants in FAS who have a negative RT-PCR test (at swab
#1) and a negative RT-PCR test (at swab #2) irrespective of
symptoms.

Secondary Analysis Set B | Participants in FAS who have a positive SARS-CoV-2,
influenza virus, or RSV RT-PCR test (at swab #1) and are
symptomatic.
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For the purpose of algorithm development and testing, the sick and well states are defined for
each of the analysis sets (when applicable).

For Primary Analysis Set

The sick state is defined by considering a window of Electronic Diary data around a positive
RT-PCR test at swab #2.

To determine the start of the sick state window, consider the difference in symptoms between
consecutive recordings. The start of the sick window will be a symptom increase within 3
days prior to swab 2. If there is no symptom increase within these 3 days, the start of the
window will be on swab #2 day.

If the number of days between swab #1 and swab #2 is less than or equal to 3, the sick state
window will start on swab #2 day.

The end of the window is after swab #2 and defined by either:
a. The last time the total symptom score is above 40% of the maximum total symptom
score, or
b. The final available datapoint if the total symptom score stays above 40% of the
maximum score.
If the total symptom remains below 40% of the maximum total symptom score after swab #2,
the end of the window will be the swab #2 day.

The well state is defined by considering a window of Electronic Diary data around a
negative RT-PCR test at swab #1, from 8 days before swab #1 up to 14 days before a positive
swab #2. If there are less than 14 days between swab #1 and swab #2, the well state window
ends on the day of swab #1.

For Secondary Analysis Set A

The well state is defined by considering an:
e Analysis time window from 8 days before swab #1 up to 8 days after swab #1.
e Analysis time window of 8 days up to and including swab #2.

For Secondary Analysis Set B

The sick state is defined by considering an analysis time window of 3 days before and 3 days
after swab #1, including swab #1 day.
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4. GENERAL METHODOLOGY AND CONVENTIONS
4.1. Hypotheses and Decision Rules

Given the algorithm’s intended use as a screening tool in the general population not guided
by a healthcare professional, we would define the success criteria for the algorithm as
achieving a sensitivity on par with that of a rapid antigen test for SARS-CoV-2 infection as
observed in real world studies, which is between 60% and 80%'. Hence, the success criteria
for the algorithm will be an observed sensitivity of 70% or better.

The specificity of the algorithm will be assessed with a target minimum specificity of 60% as
observed in other studies that use audio signals to detect SARS-CoV-2 infection 2. The goal
is to optimize the sensitivity of the algorithm as the primary performance measure without
compromising the minimum specificity, since this algorithm is meant to be used as a
screening tool (high sensitivity) and not a diagnostic tool.The reference rapid antigen test
benchmarks compared to RT-PCR test for SARS-CoV-2 are as follows': sensitivity > 80% in
symptomatic individuals and sensitivity > 60% in asymptomatic individuals.

The probability that the observed sensitivity for symptomatic RT-PCR positive participants
in AcRIS is greater than 70% with a total number of 100 cases is given in the following table
for two assumed true values of expected sensitivity.

Table 1.  Probability that observed sensitivity in symptomatic RT-PCR positive
participants in AcRIS is greater than 70% with total of 100 cases.

True Sensitivity Probability of Observed Sensitivity > 70%'
60% 0.02
75% 0.88
80% 0.99

Thus, with at least 100 symptomatic RT-PCR positive participants in AcRIS, we hypothesize
that the study has high probability of success under these conditions.

Furthermore, Figure 1. illustrates the number of cases required to achieve target sensitivity
values for a given screening tool — e.g., for a sensitivity of 70% with 10% margin of error for
the 95% confidence interval (i.e., 60% to 80%), 81 cases are required (assuming a binomial
distribution for the sensitivity values). Identifying 100 symptomatic positive cases should
allow us to attain 70% target sensitivity with precision of 8.98%.

!'Under the assumption of a binomial distribution.
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Figure 1. Estimation of the number of cases required to achieve target sensitivity
values assuming a 10% margin of error.

4.2. General Methods
4.2.1. Voice Data Preparation

Audio data collected during the performance of voice tasks (i.e., phonemes and reading) in
the Electronic Diary will be processed as follows:

Automatic checks are performed in the Electronic Diary for duration and background noise,
with the latter used to drive the speech signal to a desired signal-to-noise ratio for analysis
with feedback provided to the user so corrective action may be taken during data collection.
In addition, cleaning will be performed on the audio data before data analysis to remove
leading and trailing background noise associated with the speech signal. The data pipeline
performing feature extraction will at a minimum have the following functions:

1. Auto-cleaning: to remove leading or trailing noise artifacts, log cleaning success or
failure, and log percent change to audio signal.

2. Automatic transcription: The transcript and timing of each spoken word from the
reading task will be automatically derived using proprietary Amazon Web Services
(AWS) speech-to-text technologies °. Transcription content may be compared to the
expected reading passage using the Levenshtein ratio metric* to measure differences
between the transcribed speech and the canonical rainbow passage as a potential
measure of incoming sample quality °.

4.2.2. Voice Feature Extraction

The following list of features will be extracted from each voice task using established
routines ¢ for all participants in the FAS who have voice data and at least one RT-PCR test
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result. Each audio task will be matched with an appropriate subset of these features. Short-
duration phoneme tasks EE and MM will be paired with features from lists 1, 2, and 3 below
which generally focus on power, pitch, and spectral structure. Sustained phonation task AHH
will be paired only with feature 4.d, which will provide information related to lung capacity.
The reading task will be paired with features 3.f and 4.a-c, which cover both spectral
structure and measures related to shortness of breath and breathlessness.

1. Features capturing power and power variability in speech:
a. Shimmer
i. Local
ii. Local decibel (dB)
b. Third octave band energy
2. Features capturing pitch and pitch variability in speech:
a. Formants
1. Mean formant values for formants 1, 2, 3.
1i. Mean formant bandwidth values for formants 1, 2, 3.
b. Jitter
i. Local
ii. Local absolute
c. Coefficient of variation FO
d. Voiced frames
3. Features capturing spectral structure of speech:
a. Harmonicity
Entropy
Spectral flatness
Voiced low-to-high ratio
Cepstral peak prominence
Mel-frequency cepstral coefficients
1. Mean coefficients 1-13
ii. Standard deviation coefficients 1-13
iii.  Delta coefficients 1-13
iv. Delta-delta coefficients 1-13
4. Features capturing information related to shortness of breath, breathlessness, and/or
lung capacity.
a. Speaking rate
b. Number of pauses
c. Average pause length
d. Maximum phonation time

mo a0 o

4.2.3. Feature Selection and Dimensionality Reduction Methods

The univariate analysis performed as part of the primary objective of the study and detailed
in the main SAP will be employed on the features listed in Section 4.2.2. This analysis will
help inform which voice features and symptoms change with SARS-CoV-2 infection to guide
the classical machine learning analysis described in Section 4.2.6. To minimize the amount
of noise or irrelevant information in model training, validation, and testing, both feature
selection and dimensionality reduction methods will be used. This process will include
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feature values paired with their respective sick and well labels (supervised learning) and may
also include the symptom scores associated with each sample. This analysis will be
performed on participants’ data within the primary analysis set.

Clustering methods such as t-distributed Stochastic Neighbor Embedding (t-SNE) °, Uniform
Manifold Approximation and Projection (UMAP) '°, and/or 2-component Principal
Component Analysis (PCA) !! will be used to qualitatively investigate to what degree
features and/or the combination of features and symptoms can separate the well and sick
states. While the resulting clusters will not be used to directly remove certain features from
consideration, they will help inform which features and/or symptoms group together, which
will be useful in understanding how the final model makes predictions.

Feature and/or symptom correlations will provide an understanding of symmetrical linear
relationships in the data. Features that are highly correlated with one another will be
identified as features that could potentially be dropped, as they provide similar information.
The Predictive Power Score (PPS)!'?, which compares a feature’s ability to predict another
feature against the performance of a naive classifier (e.g., choosing the most frequent class,
choosing the median), will be used to investigate asymmetrical non-linear relationships
among the features. Features with a PPS indicating low predictive utility (e.g., less than 0.1
using F1-score as an evaluation metric) will also be separated as features that can potentially
be eliminated. Other metrics may also be used to assist in this analysis, such as the chi-square
test, information gain, or random forest feature importance.

Once this process has been completed, automated feature elimination algorithms will be used
iteratively to further remove any remaining redundant features. This will be accomplished
with Recursive Feature Elimination with Cross Validation (RFECV) %, which recursively
removes features until predictive performance degrades, and/or the Boruta algorithm ',
which removes features that fail to perform better than a random classifier.

Finally, PCA may be used to perform dimensionality reduction by projecting the remaining
features from a high-dimensional space m to a lower-dimensional space n. Depending on the
size of the remaining feature set, if PCA can significantly reduce the number of features (e.g.,
n < 75% of the total number of features m) while maintaining a high degree of explained
variance (e.g., >95%), then it may be appropriately used to reduce the final feature set.
Assuming PCA is deemed to be a viable option, both the resulting PCA features, that is,
those n components that explain a high percent (e.g, >95%) of the variance, and the features
remaining after RFECV/Boruta will be used as separate inputs for performing the repeated
stratified k-fold cross-validation outlined in Section 4.2.6.1. This way, the cross-validation
performances of the PCA feature set and the reduced feature set can be compared to ensure
that this last dimensionality reduction step does not significantly impact performance.

4.2.4. Spectrogram and Mel-spectrogram Extraction

Spectrograms of each of these WAV (waveform audio file format) audio files will be
computed to obtain a visual representation of the spectrum of audio frequencies against time
15, The spectrogram will be log-transformed, converting it from an amplitude representation
to a decibel representation. Spectrograms are generated by performing the Short-Time
Fourier Transform (STFT) with a sliding Hamming or Hann window. Examples of
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parameters are sliding window size 32ms, hop window of 10ms, and a 512-point Fast Fourier
Transform (FFT). This would give spectrograms of size 257 x 201 for 2 seconds of audio
data recorded with a 16k Hz sampling rate. The resulting spectrogram will be integrated into
Mel-spaced frequency bins (such as 64), where the magnitude of each bin is log transformed
16, The Mel spectrogram has the advantage over a typical frequency spectrogram because the
Mel scale in the Mel spectrogram has unequal spacing in the frequency bands and provides a
higher resolution in lower frequencies, as compared to the equally spaced frequency bands in
a normal spectrogram.

The Mel spectrogram follows speech recognition systems. The lower coefficients which map
to the lower frequencies associated with human hearing capabilities will be examined. There
are several methods for converting the frequency scale to the Mel. One way to convert
frequency f'into Mel scale m as '’

f

m = 2595 X log,o(1 + 200

Cepstral analysis will be performed on the Mel spectrum of audio samples to compute their
Cepstral coefficients, so called Mel Frequency Cepstral Coefficients (MFCC)17. The
extracted MFCC features result in a two-dimensional matrix for every sample, where each
column represents one signal frame, and each row represents extracted MFCC features for a
specific frame. MFCC features can be used in several ways for classification. Spectrograms,
Mel spectrograms and MFCC will be used as input to the Deep Learning Modeling described
in Section 4.2.6 18

4.2.5. Classical Machine Learning

Using the reduced feature set from Section 4.2.3., classical machine learning algorithms will
be trained to perform the binary classification of well versus sick states. Ensemble learning
algorithms are the preferred method because they: typically generalize well, are very robust
to overfitting, can be trained efficiently, require little hyper-parameter tuning to achieve
competitive results, perform predictions quickly and can be easily packaged for deployment
2. The classical machine learning approach also lends itself to making understandable
predictions. SHapley Additive exPlanations (SHAP)?! will be used to investigate the most
successful models to determine to what degree each feature influences model output. The
main classical machine learning models of interest include: Random Forest **; Bagging *;
Extreme Gradient Boosting (XGBoost)** ; Light Gradient Boosting Machine (LGBM) %*;
Support Vector Machine (SVM) Ensemble 2°.

Additional modeling may include a combination of spectrograms (described in Section
4.2.4.) and voice features described in Section 4.2.2. The spectrogram averaged across time
may be combined with the voice features and used as the input to the classical machine
learning model. In early fusion, a classifier is trained on the combined set of voice features
and averaged spectrograms. In late fusion, separate models are trained on averaged
spectrograms and voice features, and the final prediction is the average of the output from the
two models 27,

In addition, covariance approach which quantifies the linear relationship between features
will also be explored to perform the binary classification of well versus sick states. This
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approach has been shown to be invariant to the linear transformation of the features®°. This
invariance property might diminish the intersubject variability of the acoustic features and
can also reduce any learning effects of the acoustic features over time on the model
performance. The input data for this approach will be the MFCCs matrix, as described

in Section 4.2 4.

Specifically, the covariance matrix between MFCCs will be estimated using the Ledoit-Wolf
shrinkage estimator.>! Each covariance matrix is an instance of symmetric positive definite
matrix and represents a point on the Riemannian manifold.*? To apply classical distance-
based machine learning algorithms, the resulting covariance matrix can be mapped to the
tangent space®® which is an instance of a vector space. This transformation to the tangent
space also permits the fusion of other acoustic features in the covariance model. Finally,
classical machine learning models like Random Forest **; Balanced Random Forest™*,
Bagging **; Extreme Gradient Boosting (XGBoost)** ; Light Gradient Boosting Machine
(LGBM) ; Support Vector Machine (SVM) Ensemble 2® will be explored in the tangent
vector space to perform the binary classification of well versus sick states.

4.2.5.1. Classical Machine Learning Model Training and Testing

The data will be randomly divided into two sets by subject: training (e.g., 80% of subjects)
and test set (e.g., 20% of subjects). Repeated stratified k-fold cross validation (on the subject
level) on the training data will be used to evaluate performance, as it provides confidence in
the resulting performance values. Both k (number of folds) and n (number of repetitions) will
be chosen based on the final sample size. The test set will be a hold-out test set until model
training and validation is complete.

4.2.5.2. Classical Machine Learning Model Selection

In order to evaluate model performance, predictions from each model will be summarized in
a confusion matrix, as shown in Table 2. Performance metrics including sensitivity,
specificity and balanced accuracy will be computed as shown in Table 3. Area under the
receiver operating characteristic curve (AUC-ROC) showing sensitivity vs. 1 — specificity
will also be assessed. A proposed classical machine learning model will be chosen based on
the repeated stratified k-fold cross validation performance. This model may be further tuned
to maximize performance, will be trained on the entire training set to generate a final model,
and will finally be tested on the hold-out test set to generate the final performance results.

Table 2. Confusion Matrix. True Positives (TP), True Negatives (TN), False
Positives (FP), False Negatives (FN); in terms of total number among

predictions.
Actual
Positive Negative
Predicted Positive TP FP
Negative FN TN
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Table 3. Definition of Performance Measures. True Positives (TP), True Negatives
(TN), False Positives (FP), False Negatives (FN).

Performance Measure Formula

Sensitivity TP /(TP + FN)

Specificity TN /(TN + FP)

Balanced Accuracy (Sensitivity + Specificity) / 2

4.2.5.3. Classical Machine Learning Model Output

The final output of the classical machine learning approach will be the full set of model
predictions for the best-performing model’s repeated k-fold cross-validation, as well as the
full set of predictions of this model on the hold-out test set. Both sets of predictions will be
paired with their respective labels so that all performance metrics can be calculated.

4.2.6. Deep Learning

In addition to classical machine learning algorithms, deep learning models will be used to
perform the binary classification of well versus sick states. The input data for the deep
learning models will include spectrograms, Mel-spectrograms, or other variants of
spectrogram such as log-Mel-spectrogram or MFCC, as described in Section 4.2.4 for the
CNN models or the audio files in case of Transformer models.

Deep learning models have been widely used to classify covid positive and negative
participants using voice or cough data (e.g., see review papers by Deshpande et al *>and Qian
et al,*®). Most studies have used various architectures of convolutional neural network (CNN)
models, and few have applied recurrent neural networks (RNN) *’. More recently,
Transformers have been found useful for speech analysis **2°. We may apply various
architectures of the CNN models such as ResNet18 (Residual Neural Network 18) *°, VGG16
(Visual Geometry Group 16) *!, VGG19 ** or custom built models.

We will choose the CNN architecures based on the dimension of the final dataset. The details
of the CNN architectures that may be computed are as follows:

ResNet18: ResNet-18 is a convolutional neural network that is 18 layers deep (Figure 2).
ResNet is more recent architecture than original CNN architectures like VGG. The advantage
of ResNet is the skip connections, or shortcuts to jump over some layers. One of the
problems of deep neural networks is that the first layers’” weights will not change much
during the training process. This is called vanishing gradient. The skip connections solve the
problem of vanishing gradients in deep neural networks by allowing this alternate shortcut
path for the gradient to flow through. These connections also help by allowing the model to
learn the identity functions which ensure that a higher layer will perform at least as well as
the lower layer, and not worse. Layers may be added or removed based on our data. Cross-
validation will be used to determine if the model is overfitting the training data. In that case,
layers will be removed to reduce the complexity of the model. If the model is underfitting the
data, more layers will be added.
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Figure 2. ResNet18 architecture. Conv stands for convolution; FC is fully-connected
layer and SoftMax is the activation function used in the last layer. The last
layer will be adjusted using a sigmoid function for a binary classification.
Figure source: Ramzan et al., 20194,

VGG16: VGG16 is a simple and widely used CNN architecture with 16 layers depth

(Figure 3), which was originally built for ImageNet, a large visual database project used in
visual object recognition software research. VGG16 is popular due to its ease of
implementation and is used in many deep learning image classification techniques. Recently,
VGG16 and VGG19 has been used for classifying SARS-CoV-2 infection positive and
negative individuals using voice data *>*. Layers may be added or removed based on our
data.

Figure 3. VGG16 architecture. Figure source: https://neurohive.io/en/popular-
networks/vgg16/

State-of-the-art architectures: Studies '>*%® using state-of-the-art CNN architectures which

are less dense (<10 layers) than typical standard CNN models (>16 layers), have been shown
to be successful for SARS-CoV-2 classification as well. Therefore, CNN architectures that
do not follow standard architectures (e.g., ResNet or VGG) will be built. This allows for the
choosing/adjustment of the number of layers, kernel size, filter size, padding, stride, pooling
type and size, batch normalization, and number of nodes in the fully connected layer based
on the classification task. Dropout will be used at various layers for regularizing the
parameters to help prevent the neural network from overfitting *’. Lastly, we might add Long
Short-Team Memory layer to the CNN model which will help to find temporal relationships
48 A schematic display of a conventional CNN architecture is shown in Figure 4.
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Figure 4. Example CNN model with three convolutional layers followed by fully
connected layer. The last layer is the classification layer which has only two
nodes with sigmoid function as the activation function. Figure adapted from
Kulchyk et al, 2019 ¥

Pooling/Dropout  Pooling/Dropout

Conv1 Conv2 Conv3

Convolutional Layers Fully

Connected

In addition to the above described modeling, we may try two open source, Transformers-
based acoustic models that use audio files as the input.

The first model is the Nvidia Connectionist Temporal Classification model>’, an encoder-
decoder based transformer model originally developed as a speech-to-text model trained on
thousands of hours of human speech. The pretrained encoder model will be used to generate
acoustic features and develop a classification algorithm to predict whether a participant is
sick or well.

The second model is Wav2vec23® wav, a self-supervised, deep-learning transformer model
which learns latent encodings of audio recordings using contrastive predictive coding tasks.
A custom wav2vec2 model will be trained on the reading task and a deep-learning
classification model will be trained to predict whether a participant is sick or well.

4.2.6.1. Pre-Training

Studies have shown that pre-training significantly improves the performance of the model.
For example, Bagad et al. ** found 17% improvement in area under the curve (AUC) when
using a pre-trained model compared to one without pre-training. This is particularly
important when dealing with small (<1000 samples) or medium size data (<10,000 samples).
Therefore, we may use this approach. For example, one way of pre-training the model is to
classify “mm” vs “ah” using the data from participants that were negative at both swab #1
and swab #2. Using transfer learning the weights of this model can be used for a sick vs. well
classifier '°. Other pre-training approaches will be considered.

4.2.6.2. Data Augmentation

A common approach to increase the sample size or balance the data when dealing with
imbalanced datasets is to use data augmentation. It has been shown that data augmentation
helps to improve the performance of the model '®5!. Various data augmentation methods may
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be used such as adding gaussian noise to the audio file, pitch shifting, shifting the time signal
and stretching the time signal '35,

4.2.6.3. Deep Learning Model Training and Testing

The dataset will be divided into three separate datasets: training (e.g., 70% of data),
validation (e.g., 10% of data) and test set (e.g., 20% of data). We will replicate the training
and validation split three times at the subject level to ensure the results are not biased by
single randomization. The training of the model requires the choice of an error function, so
called a loss function, that can be used to estimate the loss of the model so that the
parameters can be updated to reduce the loss on the next evaluation. Given that we have a
binary classification problem (sick vs well), our loss function would be binary cross entropy,
or weighted binary cross entropy. To optimize the parameters of the model, we will either
use ADAM or Stochastic Gradient Descent (SGD) approach. The name ADAM is derived
from adaptive moment estimation. ADAM uses momentum of the optimization object and
adaptive learning rate to converge faster than SGD?*. We will use learning rates such as
0.001 or 0.0001 as the starting point.

4.2.6.4. Deep Learning Model Selection

To evaluate the performance of the deep learning models, performance metrics including
sensitivity, specificity and balanced accuracy will be derived on the test and validation sets
(Table 2 and Table 3). The model AUC-ROC will be assessed. The final model will be
trained on the entire training set to maximize fine tuning, and will finally be tested on the
hold-out test set to generate the final performance results.

4.2.6.5. Deep Learning Model Output

The final output of the deep learning approach will be the full set of model predictions for the
best-performing model validation, as well as the full set of predictions of the final model on
the hold-out test set for the three replications. Both sets of predictions will be paired with
their respective labels so that all performance metrics can be calculated.

4.3. Fusion of Classical Machine Learning and Deep Learning Modeling

Methods such as stacking® or bagging®® may be used to combine the outputs of the classical
machine learning and deep learning models. Performance of the combined models will be
assessed as detailed in Section 4.2.6.4.

4.4. Well vs. Sick Analysis with Sick State Definition Centered Around Maximum Total
Symptom Score

This analysis will investigate the distinction of well and sick states from voice features, with
the sick state definition centered around the maximum total symptom score instead of
centered around a positive RT-PCR test. For the purpose of this analysis, the sick and well
states will be defined as follows:

For participants who have a negative RT-PCR test at swab #1 and a positive RT-
PCR test at swab #2:
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The sick state is defined by considering a window of Electronic Diary data centered
around the maximum total symptom score, from 3 days before to 3 days after the
maximum total symptom score, with the following conditions:

e I[fthere are less than or equal to 3 days between maximum total symptom
score and swab #1, the start of the sick period will be the day of the maximum
total symptom score.

e [fthere are more than 3 days between the maximum total symptom score and
swab #1, the start of the sick period must be at least 3 days after swab #1.

e If'there are multiple days with maximum total symptom score, consider the
one closest to the day of swab #2 as the center of the window.

The well state is defined by considering a window of Electronic Diary data around a
negative RT-PCR test at swab #1, from 8 days before swab #1 up to 14 days before
the maximum total symptom score. If there are less than 14 days between swab #1
and the maximum total symptom score, the well state window ends on the day of
swab #1.

For participants who have a positive RT-PCR test at swab #1, the sick state
definition is as follows:

The sick state is defined by considering a window of Electronic Diary data centered
around the maximum total symptom score, from 3 days before to 3 days after the
maximum total symptom score.

e If'there are multiple days with maximum total symptom score, consider the
one closest to the day of swab #1 as the center of the window.

For participants who have a negative RT-PCR test at both swab #1 and swab #2,
the well state definition will remain as defined in Section 3, namely:

The well state is defined by considering an:

e Analysis time window from 8 days before swab #1 up to 8 days after swab #1
e Analysis time window of 8 days up to and including swab #2.

This well and sick data will serve as the input to the machine learning and deep learning
analysis, and the models will be trained, validated and tested as described in Section 4.2.5.
and Section 4.2.6.

4.5. Change from Baseline Analysis

This analysis will investigate change from individual-level baseline in participants who start
the study as well (negative swab #1) and who become sick and symptomatic during the study
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(positive swab #2). The individual-level baseline will be defined by up to the first three
available days of that participant’s data within the first 7 days in the study.

The individual baseline will be subtracted from endpoint values that fall within the sick and
well state windows as defined in Section 3. This data will serve as the input to the machine
learning models. The models will be trained, validated and tested as described in Section
4.2.5. Deep learning modeling may also be performed on this data as described in Section
4.2.6.

For the covariance model described in Section 4.2.5, MFCC features will be used as the input
to the model. The MFCCs matrices are not aligned in time across Electronic Diary sessions.
Moreover, the difference between two positive definite matrices is not positive definite in
general >°. To account for this, MFCCs from the baseline will be mapped to the tangent space
using methods described in Section 4.2.5. Then the projected baseline vector will be
subtracted from well or sick vectors in this tangent space.

4.6. Further Model Testing

The best-performing output models from the classical machine learning (Section 4.2.5.) deep
learning (Section 4.2.6.), fusion method (Sections 4.3.) and well vs. sick analysis with sick
state definition centered around maximum symptom score (Section 4.4.) will be tested on
data of:

(a) Negative cases to get an estimate of the false positive rate.

(b) Symptomatic positive participants at swab #1 as an additional dataset for testing the
sensitivity rate of the models.

cc__________________________________________________________|
I
For the Change From Baseline Analysis (Section 4.5.), the best performing model will be

tested on participants who are negative at both swab #1 and swab #2 to investigate the false
positive rate of this approach.
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4.8. Methods to Manage Missing Data

All summaries and analyses will be based on observed data and missing data imputation is not
planned. Inadequate compliance data will be used as recorded.

5. ANALYSES AND SUMMARIES
5.1. Classification of Well and Sick States using Classical Machine Learning Models
e Analysis Set: Participants in Primary Analysis Set (Section 3).

e Statistical Method: Classical machine learning modeling will be performed as described
in Section 4.2.5. The best performing model will be selected based on performance
metrics listed in Section 4.2.5.2.

e Summaries:
Using the output of the best performing model described in Section 4.2.5.3. the following
results will be generated for the specified analysis set (data permitting):
o Listing of the features used in the final model
o Summary statistics of the performance measures listed in Section 4.2.5.2. (mean
and standard deviation) for classification of sick and well states for the validation
set. Results will be presented in a table.
o The confusion matrix for the test set will be tabulated and a listing of the
performance measures provided.

5.2. Classification of Well and Sick States Using Deep Learning Models
e Analysis Set: Participants in Primary Analysis Set if deemed appropriate by data.
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e Statistical Method: Deep learning modeling will be performed as described in Section
4.2.6. The best performing model will be selected based on performance metrics listed in
Section 4.2.6.4.

e Summaries:
Using the output of the best performing model described in Section 4.2.6.5., the following
results will be generated for the specified analysis set (data permitting):

o Listings of the specifications of the spectrograms and mel-spectrograms used for
the final deep learning model (Section 4.2.4.)

o Summary statistics of the performance measures listed in Section 4.2.6.4. (mean
and standard deviation) for classification of sick and well states for the validation
set. Results will be presented in a table.

o The confusion matrix for the test set will be tabulated and a listing of the
performance measures provided.

If a fusion model is deemed appropariate by data (as described in Section 4.3.), the following
will be generated:

o Listings of the voice features (Section 4.2.2.) and specifications of the
spectrograms and mel-spectrograms used for the final model (Section 4.2.4.)

o Summary statistics of the performance measures listed in Section 4.2.6.4. (mean
and standard deviation) for classification of sick and well states for the validation
set. Results will be presented in a table.

o The confusion matrix for the test set will be tabulated and a listing of the
performance measures provided.

5.3. Well vs. Sick Analysis with Sick State Definition Centered Around Maximum Total
Symptom Score

e Analysis Set: Participants in Primary Analysis Set (Section 3) if deemed appropriate by
data.

e Statistical Method: Listed in Section 4.4.

e Summaries:

Using the output of the best performing classical machine learning (Section 4.2.5.), deep
learning (Section 4.2.6.) or fusion method (Section 4.3.), the following results will be
generated for the specified analysis set (data permitting):

o Listing of the features used in the final classical machine learning model and/or
Listings of the specifications of the spectrograms and mel-spectrograms used for
the final deep learning model (Section 4.2.4.)

o Summary statistics of the performance measures listed in Section 4.2.5.2. (mean
and standard deviation) for classification of sick and well states for the validation
set. Results will be presented in a table.

o The confusion matrix for the test set will be tabulated and a listing of the
performance measures provided.
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5.4. Change from Baseline Analysis

Analysis Set: Participants in Primary Analysis Set (Section 3).
Statistical Method: Listed in Section 4.5.

Summaries: Using the output of the best performing classical machine learning (Section
4.2.5.), deep learning (Section 4.2.6.) or fusion method (Section 4.3.) , the following
results will be generated for the specified analysis set:
o Listing of the features used in the final model
o Summary statistics of the performance measures listed in Section 4.2.6.2. (mean
and standard deviation) for classification of sick and well states for the validation
set. Results will be presented in a table.
o The confusion matrix for the test set will be tabulated and a listing of the
performance measures provided.

5.5. Further Model Testing
5.5.1. Model Testing on RT-PCR Negative Participants

Analysis Set: Participants in Secondary Analysis Set A to test models trained on the
Primary Analysis Set (Section 3).

Statistical Method: (a) As listed in Section 4.6., the best-performing output model from
the classical machine learning (Section 4.2.5.), deep learning (Section 4.2.6.), fusion
method (Section 4.3.) and well vs. sick analysis with sick state definition centered around
maximum total symptom score method (Section 4.4.) will be tested on negative cases to
estimate the false positive rate of the models. (b) The best performing Change From
Baseline model will also be tested on analysis set above.

Summaries: The following results will be generated for the specified analysis set (data
permitting):
o Confusion matrix will be tabulated and a listing of the performance measures
provided for the two models (a) and (b).
o Table of values of specificity as a function of Total Symptom Score thresholds for
both models.
o Plot of specificity against Total Symptom Score thresholds for both models.

5.5.2. Model Testing on Positive Symptomatic Participants at Swab #1

Analysis Set: Participants in Secondary Analysis Set B (Section 3) to test model trained
on the Primary Analysis Set.

Statistical Method: As listed in Section 4.6., the best-performing output model from the
classical machine learning (Section 4.2.5.), deep learning (Section 4.2.6.), fusion method
(Section 4.3.) and well vs. sick analysis with sick state definition centered around
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maximum total symptom score method (Section 4.4.) will be tested on participants who
are positive and symptomatic at swab #1 as an independent test set.

e Summaries:
o Confusion matrix will be tabulated and a listing of the performance measures
provided.
o Table of values of sensitivity as a function of Total Symptom Score thresholds.
o Plot of sensitivity against Total Symptom Score thresholds.

5.7. Sensitivity/Supplementary Analyses

Additional analysis may be conducted to investigate the influence of potential covariates
such as age, gender, race, and smoking status on the performance of the models. If data
allows, tables with model performance measures (sensitivity, specificity and balanced
accuracy) for different cohorts defined by these covariates will be generated.
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