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ABSTRACT: Background: Predicting Parkinson’s dis-
ease (PD) progression may enable better adaptive and
targeted treatment planning.

Objective: Develop a prognostic model using multiple,
easily acquired longitudinal measures to predict temporal
clinical progression from Hoehn and Yahr (H&Y) stage
1 or 2 to stage 3 in early PD.

Methods: Predictive longitudinal measures of PD pro-
gression were identified by the joint modeling method.
Measures were extracted by multivariate functional prin-
cipal component analysis methods and used as
covariates in Cox proportional hazards models. The opti-
mal model was developed from the Parkinson’s Progres-
sion Marker Initiative (PPMI) data set and confirmed with
external validation from the Longitudinal and Biomarker
Study in PD (LABS-PD) study.

Results: The proposed prognostic model with longitudi-
nal information of selected clinical measures showed
significant advantages in predicting PD temporal pro-
gression in comparison to a model with only baseline
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information ((AUC = 0.812 vs. 0.743). The modeling
results allowed the development of a prognostic index
for categorizing PD patients into low, mid, and high risk
of progression to HY 3 that is offered to facilitate
physician-patient discussion on prognosis.

Conclusion: Incorporating longitudinal information of
multiple clinical measures significantly enhances predic-
tive performance of prognostic models. Furthermore, the
proposed prognostic index enables clinicians to classify
patients into different risk groups, which could be adap-
tively updated as new longitudinal information becomes
available. Modeling of this type allows clinicians to utilize
observational data sets that inform on disease natural
history and specifically, for precision medicine, allows
the insertion of a patient’s clinical data to calculate prog-
nostic estimates at the individual case level. © 2021
International Parkinson and Movement Disorder Society
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Parkinson’s disease (PD) is a progressive, neurodegen-
erative disease with motor and nonmotor manifesta-
tions. Without curative treatments, it is critical to
identify significant, well-validated measures predictive
of PD progression.! While previous literature studied a
broad range of PD-related symptoms,>* the heterogene-
ity of signs and symptoms has led to difficulty in
predicting disease progression. Further, symptomatic
treatment by dopaminergic therapies positively impacts
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function in PD but obscures issues of natural disease
progression.

Several endpoints can define PD severity and catego-
rize subjects. Among them, the Hoehn and Yahr
(H&Y) scale is one of the most commonly used cate-
goric measures to assess overall PD dysfunction.’
Schrag et al® examined the responsiveness of various
PD progression measures and suggested that the H&Y
stage was the most practical and clinically pertinent
index of disease severity. Therefore, the H&Y scale has
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served as a validated endpoint to measure PD progres-
sion in many published studies. Goetz et al” found sig-
nificant differences in 4-year clinical impairment
progression between PD patients at H&Y stage 2 versus
stage 3, indicating a clinical distinction in disease pro-
gression trajectory before and after patients reached
H&Y 3 with balance deficits. Although H&Y 3 transi-
tion has since been widely used as the index of disease
progression,® ! only baseline variables have tradition-
ally been included in projection calculations. To the
best of our knowledge, no previous research focused on
predicting time to H&Y 3 transition using multiple lon-
gitudinally assessed measures in early PD.

Patient and Methods

Overview

To develop a prognostic model for risk calculation at
any time for disease progression defined as the H&Y
transitioning to stage 3, we chose an approach that
incorporates clinical information via the multivariate
functional principal component analysis (MFPCA)
method. This approach extracts features of multiple
longitudinal PD measures and includes the feature
scores in a prognostic model. We developed the pro-
posed model using the Parkinson’s Progression Marker
Initiative (PPMI) study data, which collected a broad
range of clinical longitudinal measures evaluated fre-
quently in initially untreated PD patients. For external
validation, we used the Longitudinal and Biomarker
Study in PD (LABS-PD) PostCEPT cohort to assess the
predictive performance of our prognostic model in an
independent sample. Moreover, we estimated a set of
prognostic indices to calculate the subject-level risk
scores which can be dynamically updated over time as
new measurements become available. Based on the lat-
est risk scores, PD patients can be categorized into low,
mid, and high risk of disease progression, to facilitate
targeted treatments and recommendations. The pro-
posed approach enables clinicians and patients to make
clinical decisions based on prognostic estimates devel-
oped from patient-specific information.

Study Population

PPMI is a multicenter study of early PD subjects
studied longitudinally (https://www.ppmi-info.org). PPMI
recruited 423 newly diagnosed PD subjects (421 enrolled at
H&Y stages 1 and 2) who were treatment-naive at base-
line. Clinical measurements, imaging data, and biological
samples were collected over a period of 6 years. PD
patients were scheduled to visit sites every 3 months from
baseline during their first year, with follow-up visits con-
ducted every 6 months thereafter. The maximum follow-up
time was 9 years. The LABS-PD study (ClinicalTrials.gov:

NCT00605163) enrolled a total of 537 PD subjects from
the PRECEPT trial (463 enrolled at H&Y stages 1 and
2).!2 Multiple motor and nonmotor measures were evalu-
ated annually during the study follow-up period.

Our research goal was to enhance predictive esti-
mates of PD progression by incorporating multiple lon-
gitudinal risk factors in our models. We defined disease
progression as the change from baseline H&Y stage
1 or stage 2 to stage 3, meaning that unilateral (1) or
bilateral (2) PD without balance compromise evolved
to include balance deficits (3). Following Muller’s
definition,” we defined time to PD progression (primary
outcome) as the time from study enrollment to patients
reaching H&Y stage 3 for the first time. Subsequent
observations were not included in our analysis and
model building, and we did not consider the issue of
reverting to H&Y stage 2 in our study. The following
candidate longitudinal measures were selected based on
their availability in the PPMI study and their associa-
tion with PD progression described in previous litera-
ture:'> Movement Disorder Society Unified Parkinson’s
Disease Rating Scale (MDS-UPDRS) Parts 1, 2, and 3;
Montreal Cognitive Assessment (MoCA); Total Scale
for Outcomes in Parkinson’s—autonomic questionnaire
(SCOPA-AUT); Modified Schwab and England Activi-
ties of Daily Living Scale (SEADL); Symbol Digit
Modalities Test (SDMT); Geriatric Depression Scale
(GDS); Letter Number Sequencing (LNS); Semantic
Verbal Fluency (SFT); and Questionnaire for Impulsive-
Compulsive Disorders in Parkinson’s Disease (QUIP).
The predictive model controlled for patient age, gender,
years of PD diagnosis. Two patients from the PPMI
study who had already reached H&Y stage 3 at base-
line were excluded from the analysis. Descriptive
statistics for these key baseline variables in PPMI and
LABS-PD are presented in Table 1.

Statistical Analysis

To model the contribution of multiple longitudinal
measures in predicting PD progression time to H&Y
3, we used a novel approach to extract features of the
longitudinal trajectories, which were then included in a
Cox proportional hazards model. By assuming that
a latent process existed for each observed longitudinal
measure, the functional principal component analysis
(FPCA) approach can be employed to extract subject-
specific features of the longitudinal process as a set of
scores.'® There are two distinct advantages of utilizing
FPC scores to capture subjects’ longitudinal features.
First, FPCA methods do not assume a parametric model
for underlying longitudinal trajectories; thus they are
more robust in modeling longitudinal data compared to
other parametric models that may deviate from the
truth. Second, only observed values are used for
extracting longitudinal measurement features, so that
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TABLE 1 Baseline demographic and disease characteristics of PPMI and LABS-PD participants

Progressed to H&Y stage 3 Not progressed to H&XY stage 3* Combined
PPMI study
Total 114 309 423
Age (v) 65.54 (8.94) 60.28 (9.62) 61.70 (9.72)
Education (y) 15.50 (2.75) 15.58 (3.05) 15.56 (2.97)
Male 68 (59.65%) 209 (67.64%) 277 (65.48%)
White 108 (94.74%) 293 (94.82%) 401 (94.80%)
Right handed 102 (89.47%) 273 (88.35%) 375 (88.65%)
Years of PD diagnosis (y) 0.61 (0.59) 0.52 (0.52) 0.55 (0.54)
MDS-UPDRS Part 1 7.49 (4.84) 4.85 (3.49) 5.56 (4.06)
MDS-UPDRS Part 2 7.88 (4.64) 5.16 (3.76) 5.89 (4.19)
MDS-UPDRS Part 3 23.42 (8.66) 19.96 (8.76) 20.89 (8.85)
MoCA 26.82 (2.45) 27.25 (2.26) 27.14 (2.32)
SDMT 37.52 (9.31) 42.54 (9.54) 4118 (9.73)
SEADL 91.67 (6.23) 93.69 (5.67) 93.14 (5.89)
QuUIP 0.36 (0.74) 0.34 (0.90) 0.34 (0.86)
SCOPA-AUT 10.48 (5.77) 7.66 (5.20) 8.42 (5.50)
LNS 10.06 (2.54) 10.78 (2.68) 10.59 (2.66)
GDS 2.81 (2.63) 2.15 (2.35) 2.32 (2.44)
SFT 47.47 (12.34) 49.11 (11.35) 48.67 (11.63)
LABS-PD study

Total 191 352 543
Age ) 66.4 (9.54) 61.7 (9.50) 63.4 (9.76)
Education (y) 5.16 (1.73) 5.42 (1.63) 5.33 (1.67)
Male 122 (63.9%) 234 (66.5%) 356 (65.6%)
White 183 (95.8%) 346 (98.3%) 529 (97.4%)
Right handed 173 (90.6%) 304 (86.4%) 477 (87.8%)
Years of PD diagnosis (y) 4.73 (1.81) 4.56 (1.23) 4.62 (1.46)
UPDRS Part 1 2.03 (2.23) 1.15 (1.25) 1.47 (1.72)
UPDRS Part 2 9.99 (5.84) 6.76 (3.89) 7.91 (4.92)
UPDRS Part 3 19.9 (9.14) 13.6 (6.99) 15.8 (8.37)
MoCA 25.4 (3.27) 26.9 (2.46) 26.3 (2.86)
SDMT Not Available Not Available Not Available
SEADL 85.2 (12.4) 91.5 (7.51) 89.3 (9.99)
QUIP Not Available Not Available Not Available
SCOPA-AUT Not Available Not Available Not Available
LNS Not Available Not Available Not Available
GDS 5.73 (1.72) 5.08 (1.16) 5.31 (1.42)
SFT Not Available Not Available Not Available

r PROGNOSTIC MODELING OF PD PROGRESSION

Abbreviations: PD, Parkinson Disease; MDS-UPDRS, Movement Disorder Society Unified Parkinson’s Disease Rating Scale; MoCA, Montreal Cognitive Assessment; SCOPA-
AUT, total Scale for Outcomes in Parkinson’s—autonomic questionnaire; SEADL, Modified Schwab and England Activities of Daily Living Scale; SDMT, Symbol Digit Modal-
ities Test; GDS, Geriatric Depression Scale; LNS, Letter Number Sequencing; SFT, semantic Verbal Fluency; QUIP, Questionnaire for Impulsive-Compulsive Disorders in
Parkinson’s Disease.

"Progressed to H&Y stage 3 is defined as ever reached H&Y stage 3 during patient’s follow-up time, up to 9 years from baseline. If patients never reached H&Y stage 3 during
follow-up period, they were considered as censoring at the last observed visit.
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missing visits are allowed without the need for imputa-
tion when calculating FPC scores. One limitation of
using FPCA on multiple measures separately is the possi-
bility of significant correlation among measures, leading
to multicollinearity in subsequent analysis. To address
this problem, we adopted the MFPCA method proposed
by Happ et al."> MFPCA adequately captures the joint
variation in measures and accounts for the potential cor-
relation directly while estimating the covariance matri-
ces. To model the survival outcome, the MFPC scores,
representing the features of the longitudinal trajectories,
were used as additional risk factors in a Cox model. Fur-
ther details are in Section S1.

The univariate joint model of each candidate longitu-
dinal measure was fitted to investigate the strength of
association with time to reaching H&Y stage 3 (Section S2).
Based on Z-score of the association parameters, SEADL,
MDS-UPDRS Part 2, MDS-UPDRS Part 3, LNS, and
SFT were selected to be included in the prognostic
model. The first 10 extracted MFPC scores, account-
ing for at least 99% of the total variation, were
included in the Cox model in addition to the selected
baseline variables, including age and sex. This model
was referred to as MFPCA-based Cox model (Model
1). For comparison purpose, another Cox model was
built using only subjects’ baseline information, includ-
ing those selected baseline variables and baseline
values of these five candidate longitudinal measures.
We referred to this model as baseline Cox model
(Model 2). The Schoenfeld residuals were used to
check proportional hazards assumption (Figure S4).
The individual and global tests for nonrandom pattern
of the residuals were not significant, suggesting the
proportional hazards assumption was reasonably sat-
isfied. The technical details of Models 1 and 2 are
presented in Section S3. Comparing these two models
allowed us to assess the gain in predictive performance
from incorporating longitudinal information. To ensure
that each longitudinal measure had sufficient observa-
tions to calculate the MFPC scores, we excluded subjects
who did not have a minimum of at least three valid
measurements for any of the five longitudinal measures
or had missing data in baseline variables, resulting in a
sample size of 384.

The predictive performance of Models 1 and 2 was
assessed from two aspects: discrimination (the ability
to discriminate between individuals with and without
an event) and calibration (how well the model pre-
dicts the observed data). The discrimination was
assessed by the integrated time-dependent AUC
(1IAUC) on the interval from time 0 to the maximum
follow-up time.'® The calibration was measured by
the integrated Brier score (iBS) on the same time
interval."” The iBS is a measure of the agreement
between the predicted and true risks. Higher iAUC

and lower iBS usually indicate a better predictive
performance. To compare the time-dependent AUC
between Models 1 and 2, we adopted the Blanche
et al'® approach to compute the confidence regions
of the weighted time-dependent AUCs and tested for
differences between two models. Ten-fold internal
cross-validation (CV) was repeated 100 times on the
PPMI data set. The iAUC and iBS were calculated for
each repetition and averaged to assess the improve-
ment in prediction by incorporating the longitudinal
information.

External validation was conducted using the data
from the LABS-PD study. Because LNS, SFT, and
MDS-UPDRS measures were not collected in the LABS-PD
study, measures to be included in the prognostic model
were re-selected among commonly available longitudinal
data. Based on Z-score of joint model association parame-
ters, we selected the top five measures (SEADL, UPDRS
Part 2, UPDRS Part 3, GDS, and UPDRS Part 1) to be
included in the external validation prognostic models for
the LABS-PD study. The MFPCA-based Cox model and
baseline Cox model for external validation were referred as
Model 1a and Model 2a, respectively. MDS-UPDRS mea-
sures were used in Model 1la and Model 2a for PPMI
study due to data availability. The forms of the prognostic
models for external validation were similar to the models
for internal validation, with the only difference being in the
set of five longitudinal measures. In Model 1a and Model
2a, after excluding subjects with fewer than three observa-
tions for any of the measures or those who had any miss-
ing baseline variables, we obtained 400 subjects in the
PPMI study and 458 subjects in the LABS-PD study. To
evaluate the predictive performance of the proposed
models within and across studies, internal validation was
first conducted in the PPMI and LABS-PD studies sepa-
rately, and external validation was then conducted by
applying the fitted models using the PPMI data on the
LABS-PD data.

It is often desirable to make prognosis in the context
of dynamic prediction, that is, the conditional probabil-
ity of an event, given the information leading up to the
time of prediction. In this study, we developed an
MFPCA-based prognostic index (PI), which allows for
dynamic prediction of patients’ risk of progression. The
PI was computed from the inference results of Model
1 using the PPMI data. The formula of calculating the
PI is presented in Section S4. As patients come in for
additional visits, the PI can be recalculated by updating
MFPCA scores using patients’ most recent longitudinal
observations. Therefore, the PI is reflective of the
progression of patients’ disease profile, and it makes
full use of the collected data in a sequential manner.
Based on the PI’s quartiles, we categorized subjects
into three risk groups (<50%: low risk, 50%-75%:
mid risk, >75%: high risk) with regard to the risk of
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transitioning to H&Y stage 3. For comparison, we also
calculated PI using only baseline information (based on
Model 2) and compared performance between these
two approaches. With the calculated PI, we could esti-
mate the survival probability for different risk groups
based on the Kaplan—-Meier estimates. Subject-specific
survival risk of time to H&Y stage reaching 3 can also
be calculated with the approximated baseline risk func-
tion (eg, using piece-wise constant functions or splines).

Results (Table 2)

There were 111 H&Y 3 conversion events out of
384 PPMI subjects. The internal prediction perfor-
mance index (IAUCpyr) was significantly higher in
Model 1 by incorporating longitudinal information
(0.812 vs. 0.743) than Model 2. To illustrate, at month
70, ROC curves of Model 1 and Model 2 (Figure S1)
showed that Model 1 performed better than Model 2.
For a given specificity, the sensitivity from Model 1 is
markedly higher than that from Model 2; for example,
given 90% specificity, Models 1 and 2 have 59% versus
41% in sensitivity, whereas given 80% specificity,
Models 1 and 2 have 76% versus 52% in sensitivity.
Similarly, the internal Brier Score (iBSyyt) indicated a
smaller bias in Model 1 in comparison to Model
2 (0.110 vs. 0.128). This difference along with 95%
confidence bands is illustrated graphically in Figure
Figure S2. The AUC of Model 1 is significantly higher
than that of Model 2 after month 40 (eg, multiplicity
adjusted P-value = 0.001 at month 50).

We selected Model 1 to compute the PI due to its
higher iAUC and lower iBS. Based on the regression

r PROGNOSTIC MODELING OF PD PROGRESSION

coefficients estimated from Model 1, we calculated the
PI for each subject in the PPMI study and categorized
them into low-, mid-, and high-risk groups using PI
quartiles. A similar prognostic risk score based on
Model 2 was also calculated for comparison purpose.
Figure 1 displays the Kaplan—-Meier (K-M) curves cate-
gorized into risk groups by the two prognostic models.
Comparing the K-M curves of the three risk groups
based on Model 1 (left panel) and Model 2 (right
panel), we found that the PI calculated from Model
1 distinguished the risk groups more clearly, whereas
the risk groups derived from Model 2 overlapped in
their survival probability confidence bands, espe-
cially in later follow-up times. The findings from
Figure 1 and Figure S2 suggest that Model 1 per-
formed better than Model 2 in discrimination, espe-
cially after month 40.

Table 2 shows the external validation under Model
la (MFPCA-based Cox regression) and Model 2a
(baseline Cox regression). First, 10-fold internal cross-
validation was performed for each combination of
models (Model 1a, Model 2a) and study data (PPMI,
LABS-PD). Then external validation was performed
using models built with the PPMI study and validated
on the LABS-PD study. For Model 1a and Model 2a,
there are 114 H&Y 3 conversion events out of
400 PPMI subjects, whereas for the LABS-PD study,
there are total 151 events out of 458 subjects. Although
the five newly chosen longitudinal measures in Model
1a and Model 2a were not optimal due to data avail-
ability, they still allowed Model 1a and Model 2a to
perform well relative to the iAUCs in Model 1 and
Model 2. We continued to observe in both the internal

TABLE 2 Comparison of prognostic models in both internal validation and external validation

Model 1 Model 2 Model 1a Model 2a
Study iAUCnT iAUCnT iAUCnT iAUCgxt iAUCnT iAUCgxr
PPMI (N = 384) (N = 384) (N = 400) (N = 400)
0.812 0.743 0.794 = 0.756 =
LABS-PD (N = 458) (N = 458)
= = = 0.798 0.728 0.719 0.709
iBSint iBSint iBSint iBSexT iBSint iBSexT
PPMI (N = 384) (N = 384) (N = 400) (N = 400)
0.110 0.128 0.112 - 0.123 -
LABS-PD (N = 458) (N = 458)
= = 0.114 0.146 0.131 0.145

Abbreviations: PPMI, Parkinson’s Progression Marker Initiative; iAUC, integrated time-dependent AUC; iBS, integrated Brier score; INT, internal validation; EXT, external
validation; MDS-UPDRS, Movement Disorder Society Unified Parkinson’s Disease Rating Scale; SEADL, Modified Schwab and England Activities of Daily Living Scale; GDS,
Geriatric Depression Scale; LNS, Letter Number Sequencing; SFT, semantic Verbal Fluency.
In PPMI study, measures included in Model 1 and Model 2 are SEADL, MDS-UPDRS Part 2, MDS-UPDRS Part 3, LNS, and SFT; measures included in Model 1a and
Model 2a are SEADL, MDS-UPDRS Part 2, MDS-UPDRS Part 3, GDS, and MDS-UPDRS Part 1.
In LABS-PD study, measures included in Model 1a and Model 2a are SEADL, UPDRS Part 2, UPDRS Part 3, GDS, and UPDRS Part 1.
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prognostic index derived using Model 1 and Model 2. (A) Risk groups categorized based on Model 1. (B) Risk groups categorized based on Model 2.
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and external validation that the model containing longi-
tudinal information outperforms the model with only
baseline covariates. These findings suggested that the
improved prognostic ability derived from including lon-
gitudinal clinical assessments is consistent even across
studies. Figure 2 shows the K-Mplot for the low-, mid-,
and high-risk groups of PD progression in the PPMI
study (left panel) and the LABS-PD study (right panel),
respectively, based on Model 1a. The pattern of risk
curves for the LABS-PD study was similar to that in the
PPMI study, where low-risk group identified based on
PPMI-derived PI had the highest progression free sur-
vival probability, and high-risk group had the lowest
survival probability. The plots suggest that the PI for-
mula derived from Model 1a using the PPMI study data
can be applied to LABS-PD to classify subjects with dif-
ferent levels of progression risk. Moreover, the low-risk
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subject group in the LABS-PD study progressed faster
than the same risk group in PPMI, indicating a poten-
tial more severe underlying disease.

Clinical Examples

To illustrate how PI scores can be dynamically
updated when additional longitudinal information
becomes available, we selected one target PPMI patient
with his clinical measures over time (Table 3). The PI
scores based on available longitudinal measures up to
each time point are presented in Table 4, along with
dynamically updated MFPCA scores. At baseline, the PI
of this patient was 2.03, which categorized him into the
low conversion risk group. When post-baseline longitu-
dinal information became available, the PI score was
updated and increased to 2.89 at year 1, which
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FIG. 2. Kaplan—-Meier plot for risk groups of PD progression to Hoehn and Yahr stage 3 in the PPMI and LABS-PD studies based on prognostic index
derived using Model 1a. (A) Kaplan—Meier plot for subjects in Parkinson’s Progression Marker Initiative. (B) Kaplan-Meier plot for subjects in LABS-PD.
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TABLE 3 Baseline characters and longitudinal measures of the target
Parkinson’s Progression Marker Initiative participant

Baseline characters Baseline
Age in years 59
Gender Male
Longitudinal

measures Baseline Year 1 Year 2 Year 3 Year 4 Year 5
SEADL 90 90 80 90 80 70
MDS-UPDRS 2 15 9 15 15 18 17
MDS-UPDRS 3 27 41 36 38 36 44
LNS 12 11 8 11 7 8

SFT 51 39 38 35 40 36

Abbreviations: PD, Parkinson Disease; MDS-UPDRS, Movement Disorder Soci-
ety Unified Parkinson’s Disease Rating Scale; SEADL, Modified Schwab and
England Activities of Daily Living Scale; LNS, Letter Number Sequencing; SFT,
Semantic Verbal Fluency.

categorized him into the mid-risk group. Moreover,
using the first 4 years of longitudinal information, we
updated his PI score to 3.31 at year 4, which catego-
rized him into the high-risk group. This indicates that
the risk of transitioning to H&Y 3 continued to
increase for this patient and clinical intervention may
be necessary. Further investigation of how the PI per-
forms among different risk groups is presented in
Section S5 and Figure S3. This dynamically updated PI
may help clinicians make informed decision and pro-
vide targeted patient counseling, especially for those
who are at increased risk. To facilitate the clinical use
of this complex model, we have developed a web-based
interactive calculator https:/xuehan-ren.shinyapps.io/

TABLE 4  Dynamic updating of MFPC scores and prognostic index

r PROGNOSTIC MODELING OF PD

PROGRESSION

shinyppmi2/, which takes as input an individual’s base-
line characteristics and the longitudinal measurements
up to the present time. It will produce the PI and the
risk group classification. Figure S4 suggests that the
proportional hazards assumption was reasonable.

Discussion

PD progression is of clinical interest, and the H&Y
scale has been shown to be a valid endpoint for
assessing disease severity.® Goetz et al” showed a signif-
icant difference in motor impairment progression
between H&Y 2 and 3 patients. In stage 2, parkinso-
nian impairment could be stabilized over 4 years with
dopaminergic drugs at the expense of dyskinesia,
whereas in stage 3, impairment progressed regardless of
treatment intervention. Therefore, predicting the time
to transition from H&Y 2 to 3 is clinically meaningful,
and identifying markers that track progression rate can
help clinicians monitor the conversion risk to H&Y 3.

The existing prognostic models to predict PD pro-
gression are either simple logistic regression, or Cox
regression models that only account include baseline
information,'®?° or univariate longitudinal models
predicting rates of change in longitudinal scores rather
than time to disease progression.'® Relatively few stud-
ies accounted for longitudinally derived measurements
when modeling PD progression, whereas no previous
study utilized multiple measures and their longitudinal
patterns of progression to predict H&Y transition.
He and Luo?' proposed a joint model of multilevel item
response theory sub-model and Cox sub-model to

Longitudinal measures Baseline Year 1 Year 2 Year 3 Year 4 Year 5

MFPCscores; —5.43 —66.38 —66.12 —104.11 —106.39 —110.81
MFPCscores —31.51 —24.82 —24.69 —18.48 —33.49 —38.49
MFPCscores; —21.36 17.43 16.06 23.34 12.36 9.96
MFPCscoresy 38.6 —20.92 —29.22 —38.14 —28.14 —22.15
MFPCscoress —11.81 —5.76 —6.85 —11.12 —6.58 —2.35
MFPCscoresg 1.48 —3.26 1.80 8.46 —9.14 —8.40
MFPCscores; —2.96 —13.40 —13.15 —20.16 —9.85 —8.65
MFPCscoresg —2.08 2.99 —2.93 2.16 7.86 11.89
MFPCscoresg —1.12 0.31 —0.50 3.96 3.22 4.89
MFPCscoresy 5.40 6.84 6.76 —0.94 2.75 7.59
Prognostic index 2.03 2.89 2.95 2.86 3.31 3.36
Risk group Low Mid Mid Mid High High

Abbreviation: MFPC scores, Multivariate Functional Principal Component scores.

The MFPCA scores represent the feature extracted from longitudinal trajectories of multiple clinical measures; it can be thought as a set of feature scores describing subject-

specific changing pattern in clinical measures of interest.
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assess the effect of tocopherol on slowing down PD
progression. Iddi et al*? applied a joint mixed-effects
model on PD diagnostic category and found specific
binding ratio on striatum and total UPDRS scores best
provided discrimination among disease stages. How-
ever, the predictive performance of these models with
regard to PD progression was not assessed.

We propose a novel prognostic model of time to
H&Y 3 based on from longitudinally derived measures
using the MFPCA method. Although Generalized Esti-
mating Equation (GEE) is widely used to model effects
of time and time-varying measures, it is a marginal
model that focuses on population mean and is not
capable of predicting subject-specific event risk. In con-
trast, our proposed model predicts each individual’s PD
progression risk based on longitudinal information, and
the risk prediction can be dynamically updated to
reflect the latest disease profile.

Based on absolute Z-scores from joint models, five
longitudinal PPMI measurements were found most pre-
dictive of time to H&Y 3 conversion. Including selected
measures, an optimal MFPCA-based Cox model was
constructed and validated. When benchmarked against
the conventional Cox model with baseline information
only, our proposed model demonstrated better predic-
tive performance, that is, higher iAUC and lower iBS.
Results indicated that the improvement by using
MFPCA-based Cox model was significant in later pre-
diction times, suggesting that with more available
observations, we were able to make a better prediction
of PD progression risk. The comparison results
remained consistent in external validation using LABS-PD
data, indicating a generalization of our findings in
other PD studies. The lower iAUC of the external vali-
dation compared to internal validation in LABS-PD
from both Model 1a and Model 2a may be due to
patient population differences between two studies;
that is, whereas the PPMI cohort consists of only de
novo PD patients, the LABS-PD PostCEPT cohort has a
mixed population with treated PD patients. Although
the LABS-PD study adopted the original UPDRS scores,
the PPMI study uses the revised MDS-UPDRS. The use
of different rating scales may further affect the iAUC
when comparing across studies. Moreover, model over-
fitting may be present in Model 1a used in the PPMI
study, because it included 12 covariates (10 extracted
MFPC scores, plus age, and sex) with fewer than
10 survival events per covariate (111 events in final
PPMI analysis set). Reducing the number of MFPC
score variables could address this issue, leading to a
more robust model. This possibility warrants further
investigation.

Our analytic approach is also innovative in offering a
PI incorporating longitudinal measures and dynamically
classifying patients into one of three risk groups
for H&Y 3 conversion. If validated in wide clinical

settings, this approach would allow patients and
caregivers to understand the current prognosis in a
data-driven way while making it simple to understand
in the context of one’s own past and present informa-
tion. The prognosis is anchored in data from all
patients with PD, but is individualized with the
patient’s own evolving data set of disability and impair-
ment measurement. The approach is highly flexible and
allows ongoing data collection to refine the model and
new markers of interest to be added.

Study limitations include the requirement for subjects
to have at least three observations for each of the
selected longitudinal measures to ensure estimation
accuracy. In the case of small sample sizes, excluding
subjects without sufficient longitudinal observations
may lead to a model that is inapplicable to a more het-
erogeneous PD population. Because visits were sched-
uled every 6 months, the exact H&Y stage transition
time cannot be directly dated. We will consider this
form of interval censoring in future works. Expanding
the number of data assessments has the potential to
enhance predictive precision as well as to protect
against problems of missing values, as systematically
collected longitudinal data allow applications of such
refined strategies as multidimensional latent linear
mixed modeling, allowing a patient’s prior and future
data to impute a missing value with enhanced accu-
racy.>> We chose five specific tests in our model, due to
their availability across the multiple data sets. We do
not purport that these scales are the decisive prognosis
elements, but their longitudinal changes accurately
determine H&Y prognosis.

Lastly, we only evaluated clinical measures. Recent
studies suggest potential associations between imag-
ing and biological measures from non-clinical
domains and neurological diseases.***° Assessing PD
progression using measures from such domains may
amplify prognostic estimates and warrants further
investigation. In the absence of curative treatments
for PD, our study proposes an efficient monitoring
method based on multivariate longitudinal observa-
tions to identify patients with different progression
risks, allowing clinicians to provide prognostic infor-
mation and personalized treatments based on disease
progression estimates. @
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