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Abstract
We propose a new approach, based on machine learning, to evaluating new treatments for
neurodegenerative diseases. Using data from two longitudinal studies of 299 participants with early
Huntington Disease, we learned the range of likely trajectories of 15 imaging and clinical biomarkers from
the premanifest to manifest disease stages. We positioned independent 11,510 patients on these maps
using their baseline data and hence forecast the values of their biomarkers at any timepoint. Applied to
trial design, we showed that sample size can be decreased by up to 50% by selecting individuals for
whom we predict a signi�cant change for their outcome measures during trial. Reduction occurs
whatever the selected outcome measures and the targeted disease stage. This approach does not only
select the right patient at the right time for the right trial, but also guides decisions about when to start
preventive treatments.

Introduction
No treatments now exist to slow disease progression in any neurodegenerative disorder. So far, disease-
modifying treatments have been uniformly unsuccessful, leaving patients, families and practitioners with
limited therapeutic options.

The repeated failures of potentially preventive interventions underscore the concern that treatments given
too late are not effective. While some drugs may interfere with the underlying pathological process, late
intervention, so far, was not been enough to restore brain function. Nor is earlier treatment by itself an
answer: treating apparently healthy people for decades raises both practical and ethical questions. An
important step in therapeutic development, then, is �nding the optimal time window for intervention,
which may be narrower than expected.

Identifying the optimal moment for each person is a di�cult challenge, however. Disease progression is
complex, with changes revealed by clinical and imaging biomarkers. Furthermore, the trajectories of these
changes are not linear, and their timing, ordering and pace are speci�c to each patient.

We show here that tailored machine learning tools can help clinicians and drug developers to anticipate
disease progression and to identify the optimal moment for intervention. These tools use previously
observed biomarker trajectories to forecast biomarker changes for new subjects.

Our approach can help clinical centres identify patients just before the onset of speci�c symptoms or of
biomarker changes. This precise selection should allow a more effective evaluation of putative
treatments. Once disease-modifying drugs are available, such a tool can also help ensure that each
patient is treated at the right time, not too early neither too late, improving the bene�t-to-risk ratio and
limiting costs.

We have evaluated our approach with data from Huntington disease (HD), where we can unambiguously
identify mutation carriers, based on genetic testing, who will develop clinical signs and symptoms. HD is
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the most common of the polyglutamine diseases, all of which are caused by a pathological expansion of
a CAG triplet repeat tract. In HD, expansion of the affected gene (HTT) above 36 repeats leads to disease,
and the longer the repeat, the earlier the disease onset and the more rapid the progression.1,2 Decades
before disease onset, even at birth or prenatally, genetic testing can identify people who will develop the
disease.

Despite the general trend of earlier onset with greater CAG expansions, prediction of disease onset for an
individual at risk to develop HD is di�cult: two individuals with the same length repeat may develop
clinical disease decades apart.3 The challenge for physicians and drug developers, as well as for eventual
patients and families, is not only to predict the timing and dynamics of motor, behavioural and cognitive
impairments, but also, crucially, to minimize the number of participants needed for a clinical trial.

Since 2004, several groups have developed methods to predict disease onset from pre-symptomatic
phases.4–7 These predictions have used several predictive indices, (1) burden or CAG-Age Product (CAP),
(2) CAG-Age Product Scaled (CAPS), (3) the PIN index, which uses the values of motor and cognitive
assessments in addition to the number of CAG repeats and age, and (4) the multivariate risk score base
(MRS), which incorporates 34 additional variables.4–7 Several studies have also used brain imaging or
CSF neuro�lament proteins to stratify premanifest individuals.8–10

All these indices improve predictions of HD onset, but so far none has been used to stratify participants
for clinical trials. Still, Paulsen and colleagues showed that they could identify populations most likely
develop the disease within three years, using Multivariate Risk Score (MRS), and to a lesser extent the
PIN.11 Further, Langbehn and colleagues show that the PIN index can increase the effect size of
hypothetical treatments for a range of possible clinical endpoints in addition to disease onset.12 This
property of the PIN index is only incidental, however, since PIN has been computed to predict clinical
onset, not the progression of particular biomarkers. A PIN adapted to each type of biomarker would most
likely give better results, but it is not possible to create and validate as many indexes as biomarkers and
to adjust threshold values according to a targeted therapeutic window.

We have therefore taken a different approach, using longitudinal observational data to describe the
progression of 15 biomarkers. By combining data from patients at different stages, we can recreate
trajectories of progression over long periods of time.13,14 Once trained, our program can automatically
incorporate data for a new subject. From the values of the biomarkers of a new participant at a given
time, we can now predict future biomarker trajectories for that same mutation carrier. By using a single
algorithm, we can thus anticipate changes of any biomarker at any stage of the disease. With our ability
to predict biomarker trajectory and clinical signs, we can reduce the sample size for a clinical trial,
whatever selected outcome measures and the targeted disease stage. Our strategy is systematically
better than those based on CAP or PIN indexes. Our method will allow clinicians to improve patient
monitoring and, once treatments are available, to make informed decisions about the timing of
treatments.
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Results
HD COURSE MAP depicts the progression of 15 radiological and clinical outcomes across all disease
stages

We established HD COURSE MAP with longitudinal data from TRACK-HD and TRACK-ON, studies with
299 participants followed for 7 years (1,333 visits).
Subjects included both asymptomatic and symptomatic carriers of the pathological expansion (Table 1).
Figure 1, panels a, b, and c, illustrates the method we used to build HD COURSE MAP from these data.
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Table 1
Demographic description of participants from the two TRACK studies (TRACKHD and TRACK ON) and the

ENROLL-HD study.
Variable
description
and
characteristics

TRACK HD & TRACK ON ENROLL

Number of
participants
(and of visits)

299 (1,333) 11,510 (28,189)

Distributions
of follow-up
visits

39 participants with 2 visits, 46 with 3, 118
with 4, 11 with 5, 5 with 6 and 80 with 7

3,599 participants with 1 visit,
2,764 with 2, 2,535 with 3, 1,777
with 4, 665 with 5, 166 with 6 and
4 with 7

Age (± std)
years old

45.0 (± 10.2) 49.0 (± 13.8)

Number of
CAG
repetitions (± 
std)

43.2 (± 2.7) 43.6 (± 3.6)

Woman/ Men
/ Unknown
(%)

53.2 / 45.5 / 1.3 53.9 / 46.1 / 0

Education
level (± std)

Number of years (± std): 3.8 (± 1.2) ISCED level (± std): 3.6 (± 1.2)

Clinical
features

Total motor score from the Uni�ed
Huntington disease Rating Scale (TMS)

Total Functional Capacity from the UHDRS
(TFC), and the apathy rating from the
Problem Behavior Assessment (PBA-Apathy)

Total motor score from the Uni�ed
Huntington disease Rating Scale
(TMS)

Total Functional Capacity from the
UHDRS (TFC), and the apathy
rating from the Problem Behavior
Assessment (PBA-Apathy)

Cognitive
features

Stroop Word Reading Test (Stroop), Symbol
Digit Modality Test (SDMT), Direct Circle
Tracing (Circle Tracing), and Indirect Circle
Tracing (Circle Tracing Indirect).

Stroop Word Reading Test
(Stroop), and Symbol Digit
Modality Test (SDMT)
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Variable
description
and
characteristics

TRACK HD & TRACK ON ENROLL

Imaging
features
(volumes)

1. Striatum,

2. Globus Pallidus,

3. Putamen,

4. Caudate,

5. White matter,

6. Grey matter,

Ventricles and total brain

Not done

 

The map is a long-term trajectory constructed from these 299 participants at different disease stages. It
depicts the course of 15 radiological and clinical biomarkers along a normalized time axis, which we call
“Huntingtonian Age “(HA). Participants had HAs between 30 and 80 years, so our model represents about
50 years of the natural history of the disease.

Figure 2a shows the progression of six of these biomarkers, two clinical evaluations (total motor score
[TMS] and total functional score [TFC], two imaging markers (striatal and grey matter volumes), and two
cognitive markers (Stroop Word Reading Test and Symbol Digit Modality Test [SDMT]). Some features,
such as TMS, show sharp increases at some point. Others, including Stroop and striatal volume, progress
in a nearly linear fashion. (See Supplementary Figure S1 for the progression of all 15 biomarkers)

Figure 2b and 2c show the distinct trajectories of these six biomarkers in two subgroups: subjects with
fewer than 42 CAG repeats, and those with more than 44 repeats. As expected, subjects in the group with
the longest repeat lengths had earlier onset and faster progression.

The 15 markers deviate from control values following the sequence shown in Fig. 3. (Supplementary
Figure S3 shows details of the method). The �rst biomarker to diverge from controls who do not have the
HD-causing allele is TMS, at HA of 37 years and an interquartile con�dence interval [CI] from 34.5 to 39.2
years. TMS is the most powerful biomarker of early stages. Generally, both subjects and doctors become
aware of onset only well after the �rst motor changes.

Changes of basal ganglia volumes are next: striatum at 42.2 years (CI=[39.8,43.4]); putamen at 42.9
years (CI=[40.2,44.3]); globus pallidus at 43.0 years (CI=[40.7,45.1]); and caudate at 46.8 years (CI=
[44.1,48.3]). These volumetric imaging markers are well suited for studies of early and even premanifest
individuals.
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On the other hand, many biomarkers change only 20 years after motor onset. These late biomarkers
include most clinical measurements as well as volume changes of whole brain, ventricles, total white
matter, and total grey matter. These latter markers are therefore ill suited for studies of early stages.

TFC decline is a feature only of advanced HD. Despite the regulatory appeal of a functional readout, our
analysis shows that TFC is an inappropriate endpoint for early-stage trials.

TRACK-HD and TRACK-ON did not measure neuro�lament light chain in CSF, which may represent an
important marker of early changes.10

Overall, HD COURSE MAP succinctly summarizes the natural history of HD biomarkers. Our conclusions
are consistent with current knowledge of the disease.

HD COURSE MAP summarizes the variability in disease progression across subjects.

HD COURSE MAP not only represents the general trajectory of disease progression, but it also
summarizes the trajectories of individual readouts in each participant. For each subject, three parameters
describe these changes: (1) time-shift [τ], (2) acceleration [α], and (3) 15 inter-marker spacings [ω]
(Fig. 1c). The �rst two parameters (τ and α) summarize differences in the timing and rate of progression.
They map the actual age of the participant to HA.

The intermarker spacing parameters (ωi) represent the different trajectories of individual biomarkers,
accounting for individual phenotypic differences at a given HA. HD COURSE MAP summarizes the range
of biomarker trajectories and captures the variability of progression among mutation carriers.

Together with the general trajectory determined by our analysis, these parameters allowed us to describe
the progression of each biomarker for each participant. By comparing these parameters across subjects,
we examined the in�uence of socio-demographics and genetics (Supplementary Figure S4). Our analysis
showed that some cofactors (such as longer CAG repeats) modulate HD progression, while others (such
as educational level or sex) do not. On average, the disease starts 2.4 years earlier for every CAG
repetition (p-value: 5.0 10− 25, CI=[2.756, 1.980]), and the rate of progression is multiplied by 1.043 for
every CAG repetition (p-value = 4.3 10− 4, CI=[1.020, 1.067]). Increased CAG repeats also advance
degradation of Stroop test (p = 5.5 10− 3) and delays grey-matter changes (p = 5.4 10− 8), brain atrophy (p 
= 4.9 10− 4) and ventricles volumes (p = 5.1 10− 4) (Supplementary Figure S4).

HD COURSE MAP forecasts individual biomarkers up to four years in advance.

Using only baseline data, we can place each new mutation carrier on the HD COURSE MAP, estimating the
parameters that allow the best �t to the general curve. We then used these parameters to predict each
subject’s progression curves for each biomarker. These curves forecast the value of all the biomarkers.
We compare then these predictions with data at follow-up visits (Fig. 1d).
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Baseline data are su�cient to determine inter-marker spacings (ωi), the relative timing of biomarker
changes. In principle, we would need data from two time-points to estimate the dynamic parameters α
and τ. In practice, however, baseline data are often su�cient if we restrict the dynamic parameters to the
range of values already observed in the training data.

We evaluated this prediction in two independent groups: (1) the TRACK/TRACK-ON subjects and (2) an
independent set of HD subjects (“ENROLL”).

We �rst undertook a cross-validation with the TRACK HD/ON subjects. Using only 80% of the subjects, we
redetermined the generalized HD COURSE MAP. We then predicted biomarker progressions for the
remaining 20%. We compared the predicted values to the data at follow-up visits one, two, three and four
years later. Figure 4 shows the distribution of prediction errors. For instance, once rescaled on a 0-100
scale, the mean absolute error on TMS is of 2.97 at one year, 3.93 at two years, 4.55 at three years and
2.77 at four years which is of the order of the error in the measurements.15

We repeated this process with 11,510 ENROLL participants. We positioned each patient on the HD
COURSE MAP, using only baseline data. We then evaluated the distribution of prediction errors after one,
two, three, and four years (Fig. 4). For example, the mean absolute errors for ENROLL subjects are
respectively of 5.04, 5.77, 6.43 and 6.84 for the TMS. Although HD COURSE MAP used data from TRACK-
HD and TRACK-ON only, we could predict biomarker progression of subjects from the ENROLL registry
with a mean absolute error of less than 5% for all biomarkers.

We have also applied our method to increasing cognitive impairment in Alzheimer’s disease. Our
predictions were better than the 56 alternative methods in an open data challenge.16,17 We know of no
alternative method that can predict the values of a range of HD biomarkers.

HD COURSE MAP can select participants for clinical trials before signi�cant disease progression.

Our ability to predict the trajectories of outcome measures for each mutation carrier can greatly improve
subject selection for clinical trials. Knowledge of the temporal ordering of biomarker allows us to select
outcome measures that progresse most rapidly at the stage targeted by the drug (Fig. 3). Trialists will
then be able to select participants close to the time when selected outcome measures will change. This
approach will reduce the fraction of subjects in whom an outcome measure is unlikely to change during
the course of a trial.

To test the ability of HD COURSE MAP to help clinical trial design, we simulated four clinical trials, each
centred on a different stage of disease development, from pre-manifest to early symptomatic (Table 2).
We determined disease stage using TMS and TFC, with TMS < 15 as premanifest or early HD. The
maximum, or worst, TMS score is 124, and HD-mutation carriers with normal motor examination have a
TMS < 5.18 Subjects with TMS between 5 and 15 have only early signs, and they may not recognize these
signs as pathological. After choosing the disease stage and the corresponding best-suited endpoint for
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each trial, we further selected subjects and markers for whom HD COURSE MAP predicted a signi�cant
change during trial duration.

We compared our simulations with trials with unselected participants or with two alternative selection
criteria, based on Burden Score or PIN score (Fig. 5). We then computed, for each selection, the sample
size needed to detect hypothetical treatment effects (Fig. 6).

Table 2
Trial designs to compare selection procedures and sample sizes (Fig. 6). Simulations target different

disease stages, trial durations and outcome measures. Three designs aim to reproduce the ones of the
Crest-D, Pride-HD and 2Care-HD trials.26–28

  Premanifest or very early stages de�ned by motor score
(maximum worse value TMS = 124)

Early affected based
on functional
(maximum worst
value TFC = 13)

Inclusion
criteria

0 ≤ TMS ≤ 
10

0 ≤ TMS ≤ 5 5 ≤ TMS ≤ 15 7 ≤ TFC ≤ 10

Trial
duration

2 years 4 years 3 years 3 years

Outcome
measure

Rate of
change of
normalized
caudate
volume

Change of absolute
TMS

Rate of change of
TMS

Rate of change of
TMS

Treatment
effect

15–30%
less change
in the
caudate
rate

1.5 to 3.0 points less
change in the TMS

25–40% less in the
TMS rate of change

30–50% less in the
TMS rate of change

Experiments 319
patients
from
TRACK HD
/ ON

(using
cross-
validation)

HD Course map
estimated on
TRACK-HD/ON. 330
predictions on
ENROLL.

HD Course map
estimated on
TRACK-HD/ON. 665
predictions on
ENROLL.

HD Course map
estimated on
TRACK-HD/ON. 527
predictions on
ENROLL.

 
 
Our �rst simulation started with 527 ENROLL participants in early symptomatic stages, with a baseline
functional score (TFC) between 7 and 10.
We simulated a trial whose endpoint was a 40% reduction in the rate of TMS change over the 3 years of
the study. All three selection methods decreased the number of required participants. HD COURSE MAP
was the most effective, requiring a sample size of 150, while the Burden Score required nearly 300, and
PIN score 220, compared to the 527 initially selected. HD COURSE MAP therefore reduced the number of
participants by 50% compared to the burden score and 32% compared to the PIN index.
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The second simulation, which sought a 30% reduction after 3 years in the rate of TMS change, began
with 630 ENROLL participants with TMS between 5 and 15. In this case, PIN and HD COURSE MAP had
similar performance, yielding a sample size of 360 while Burden Score required a sample size of 400. In
this case, HD COURSE MAP reduced the number of needed inclusions by 10% compared to the Burden
Score.

The third simulation started with 326 ENROLL participants who were asymptomatic, with TMS < 5. The
endpoint of this simulated trial was a 3-point decrease in TMS at the end of 4 year trial. PIN and Burden
Score identi�ed participants whose progressions were not particularly different from the starting cohort,
leading to a greater sample size than initially.

By contrast, HD COURSE MAP required a sample size of 85 participants, as opposed to 100 without any
selection, yielding a 15% reduction.
Finally, we simulated a trial in very early stage mutation carriers (TMS < 10) using only imaging as an
endpoint, rather than clinical evaluation. The trial was designed to detect a 25% decline in the rate of
caudate atrophy in two years. Because ENROLL-HD did not include imaging data, we used 108 TRACK
HD/ON participants. Again, HD COURSE MAP allowed the best reduction of sample size, with a required
sample size of 210, compared to 400 for burden score and 320 for PIN.

Here our method reduced the number of needed participants by 48% and 34%.
Our proposed selection method demonstrates a signi�cant bene�t at any disease stage. For
presymptomatic mutation carriers—for whom therapeutic intervention could prove the most bene�cial—
only HD COURSE MAP reliably identi�es participants likely to be informative in a clinical trial.

Discussion
We present an interpretable machine learning model, HD COURSE MAP, that allowed us to position each
HD mutation carrier onto an idealized timeline and predicted the values of their outcome measures up to
four years.

Using this map to identify HD individuals likely to progress in the course of a trial, we allow a signi�cant
reduction (up to 50%) in the number of participants necessary for each clinical trial when compared to
current selection methods.
This method is applicable for a wide range of disease stages and outcome measures, even for
premanifest stages. In all cases, our method will help trial designers to maximize their chances of
success. HD is a rare disease, conducting trials with fewer participants while maintaining statistical
power is particularly important.

With the development of new drugs, treatment of neurodegenerative diseases will require personalised
therapeutic strategies, or precision medicine. This approach has already bene�ted cancer patients, whose
treatments differ with the genetic characteristics of their cancers. For neurodegenerative diseases, a
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critical question for precision medicine will be the optimal time to treat. Our data-driven approach will
improve the ability to choose that time and will provide an important tool for future care.

Previous approaches to these questions for HD have been neither versatile nor easily explained. Our
approach, HD COURSE MAP, starts by building a "digital twin" for each patient, based on a set of
biomarkers determined at a single time. Our program allows both physician and patient to see,
understand, and anticipate disease progression several years in advance.

HD COURSE MAP can enhance not only the e�ciency of clinical trials but also the ability to follow
disease progression and to prescribe effective treatments.

Methods
Participants

The study used data from two multicenter observational studies: TRACK-HD and TRACK-ON.18–21 These
studies measured motor, cognitive, and neuropsychological biomarkers. They also determined the
volumes of several brain structures, using methods developed at the University of Iowa and at University
College London.22,23 The purpose of these studies was to identify features sensitive to disease
progression, starting well before anticipated clinical onset. TRACK-HD followed 117 pre-symptomatic HD-
mutation carriers and 116 patients with early-stage HD. TRACK-ON’s 239 participants included previous
TRACK-HD participants as well as new presymptomatic HD-mutation carriers. These studies also
included 186 “control” subjects, most of whom were sibs or other family members without a pathogenic
HD-mutation.

In order to validate our prediction method in an independent cohort, we used data for ENROLL-HD, a
global clinical research platform designed to facilitate clinical research in HD (https://enroll-hd.org).

As part of this multicenter, longitudinal observational study, core data sets are collected annually from all
research participants.
Using a risk-based monitoring approach, all collected data are monitored for accuracy and quality.

Overall, we used data from 11,510 participants with a total number of visits of 28,189.
Feature selection and preprocessing

We selected 15 features in our initial modelling of biomarkers’ progression based on TRACK-HD and
TRACK-ON participants:

Clinical (1) TMS, the total motor score from the Uni�ed Huntington disease Rating Scale [UHDRS], (2)
Total Functional Capacity [TFC] from the UHDRS and (3) the apathy rating from the Problem
Behavior Assessment [PBA-Apathy].

Cognitive (1) Stroop Word Reading Test [Stroop], (2) Symbol Digit Modality Test [SDMT], (3) Direct
Circle Tracing, and (4) Indirect Circle Tracing.
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Imaging (1) striatum, (2) globus pallidus, (3) putamen, (4) ventricles, (5) caudate, (6) white matter, (7)
grey matter, and (8) total brain volumes– all normalized to total intracranial volume.

Each of these measurements increased or decreased monotonically. To deal with all 15 biomarkers in the
same way, we adopted the convention that their values increase with progression. For cases where
measures decrease with progression (such as caudate volume and SDMT) we reverse the temporal
pro�le. We normalize each reading to a scale of zero to + 1, taking the value for controls as 0 and the
value of the pathological state as + 1. This operation is easy for values that have inherent maximum and
minimum values, such as TMS, SDMT, TFC and PBA Apathy.

We adopted a different normalization for the unbounded features such as Circle Tracing and Stroop tests,
both measured in seconds, and imaging-derived brain volumes. For the 0 of each feature, we selected the
95th percentile of the control distribution. For the + 1 of the scale, we take the maximum value of each
feature among all the subjects.

In each case, most temporal pro�les start at values near 0 (control value), increasing to 1 (abnormal
values) with disease progression. Some features, such as volume and SDMT start with values greater
than zero, even for controls.
Multimodal digital model of disease progression (HD COURSE MAP)

HD COURSE MAP is built on a new statistical learning technique named disease course
mapping.13,14,16,24 The method has two goals: (1) to model the long-term changes of clinical and imaging
biomarkers from the repeated observation of multiple subjects at various disease stages; (2) to predict
the future values of these biomarkers from measurements at the entry of each new participant.

The approach resembles that of the Talairach brain atlas, which maps brain structures independently of
individual variations in the size and overall shape of the brain.25 In this atlas, each structure has its
unique set of (x,y,z) coordinates, allowing it to be located easily and reproducibly. Additionally, images
from any new subject can be transformed to be superimposed on the atlas. In the same manner, the
method places subjects along a time axis representing the stage of disease progression. For a single
biomarker, each value along an idealized logistic progression indicates a moment on the time axis that
we call “Huntingtonian age (HA).” While HA increases with disease progression, it does not directly
correspond to the subject’s Actual Age (AA).

Using data from three hypothetical subjects, we sketch two idealized curves corresponding to the
progression of two biomarkers (Fig. 1). We can �t individual data onto the two idealized curves of Fig. 1B
using three computed parameters:

(1) time-shift 𝞃i, the temporal onset of disease progression for all features in subject i; 𝞃i is negative for
earlier-than-average progression and positive for later-than-average progression,
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(2) acceleration 𝝰i, the change in the rate of progression of subject i; 𝝰 =1 means that, for that subject, all
the biomarker trajectories match the idealized curves after adjusting the timing with 𝞃 and 𝝎. When 𝝰 >
1, it takes less time for the same changes to occur, e.g. 𝝰=2 means that it will twice as fast as average for
that subject to undergo a given change in a biomarker trajectory,

(3) intermarker spacing 𝝎ij, the temporal ordering of biomarker j with respect to other biomarkers for
subject i. The sign of 𝝎ij, indicates whether a single feature in a particular subject exhibits earlier or later
changes relative to other features (after normalizing the age at onset 𝞃 and pace of progression 𝝰): 𝝎ij < 
0 means earlier degradation, and 𝝎ij > 0 means later.

The �rst two parameters allow us to map the actual age of the participant onto his Huntingtonian Age
(HA) using the a�ne transformation HAij = 𝝰i *(tij - 𝞃i), where tij is the age of the i-th subject at her/his j-th
visit, and HAij his corresponding Huntingtonian Age. This computation resembles the burden score except
that it includes both a multiplicative and an additive factor. We also treat, as separate parameters, the age
at onset and the pace of progression. Further, the pace of progression is estimated from the participant’s
biomarkers and is not fully determined by the number of CAG repeats. We veri�ed a posteriori that these
parameters are both indeed dependent on the number of CAG repeats.

The idealized set of logistics thus serves as a reference pattern of biomarker development. Our �tting to
this set of curves requires simultaneous estimation of the individual parameters (𝞃i, 𝝰i, and 𝝎ij) of each
individual in a longitudinal setting. Each mutation carrier has a single 𝞃, a single 𝝰, and one 𝝎 for each
biomarker (15 in this analysis). We determined the shape and position of the logistic curves so that mean
value of 𝞃i across all subjects is 0, the mean value of the logarithm of 𝝰i is 0, and the mean value of each
𝝎ij is 0. The resulting idealized set of logistic curves represents therefore the typical subject in the
studied population. All in one, the estimation of the disease course map takes the form a non-linear
Bayesian mixed-effects model where the shape and position of the logistics curves represent the �xed
effects and the subject’s parameters (𝞃i, 𝝰i, and 𝝎ij) the random effects. We iteratively performed joint
estimations of these population parameters with the individual ones to minimize errors between the
idealized curves and the individual projections.11 The result is called HD COURSE MAP.

We can apply the reference model to baseline data of a new participant. We estimate the individual
parameters for the subject and then transform the idealized logistic curves to match empirical data
(Fig. 1D). This process accomplishes two goals: (1) characterization of subjects according to values of 𝞃,
𝝰 and 𝝎 (Figs. 1B and 1C); and (2) prediction of future biomarker values from our data-derived curves
(Fig. 1D).

We use the open-source software Leaspy to estimate the model parameters from a longitudinal data set
and �t the trained model to new data. The software is publicly available at: https://gitlab.com/icm-
institute/aramislab/leaspy/
Experimental design
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The estimation of HD COURSE MAP on TRACK-HD and TRACK-ON data required a minimum of two visits
per participant. Our analysis therefore included 299 participants, and 1,333 visits (for further
demographics, see Table 1). To estimate con�dence intervals, we performed 100 bootstrap runs. We
compared the mean progression of each feature in terms of HA to prede�ned thresholds, thereby
revealing the temporal ordering of the deviation of the biomarkers from their control values
(Supplementary Figure S3).

Our analysis allowed us to predict the values of individual features up to four years after the �rst
evaluation of each participant, that is, without the need of longitudinal data.
To cross-validate our prediction method of TRACK participants, we examined its predictive power for 20%
with eight features, using the other 80% for calibration.
This operation was repeated �ve times so that each participant was examined once. Further validation
was performed on ENROLL-HD participants whose data were not used in the initial training thus
representing an independent cohort for replication. We report the error between the predicted values and
the actual values.

We �nally demonstrate the value of our predictions by applying it to identify mutation carriers most likely
to reveal a drug effect during clinical trials targeting early HD patients. To do so, we simulate multiple
clinical trials that differ in term of durations, drug effects, inclusion criteria, endpoints and disease stage
– see Table 2. Trial simulation was inspired from the design of past clinical trials, in particular Crest-D,
Pride-HD and 2Care-HD.26–28
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Figure 1

HD COURSE MAP describes the changes of clinical and imaging biomarkers in early HD; and then
predicts the future values of these biomarkers at the entry of a new participant. a) Schematic
representation of two imagined biomarkers (orange and blue) for three subjects of different ages and
disease stages (Subject A, B and C). Biomarker values are normalized between 0 and +1, the latter
corresponding to the maximum pathological value. Example: subject C shows biomarker values similar to
controls at age 60, but the blue biomarker increased to 0.4 at age 72 b) The method estimates two
idealized curves for the two biomarkers. Each derives from stitching together the transformed data from
these three subjects and using iterative �tting to �nd best-�t parameters for each biomarker and each
subject. The Huntington Age (x axis; HA) of each subject derives from two of these parameters, as
described in the text. c) Three parameters describe the relationship of the idealized curves to the actual
data: α (acceleration factor); τ (time shift), and ω (intermarker spacing). The modeling assumes that each
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subject has a single α, a single τ, and an ω for each biomarker. d) The standard curves are �tted to the
baseline data a new subject. The best-�t parameters predict a personalized trajectory of changes of the
subject’s biomarkers. The predicted values are compared to the subject’s data at follow-up visits 1 to 4
years after baseline.

Figure 2

Progression of six out of 15 biomarkers in HD according to the number of CAG repeats. a) The
progression estimated from all 299 participants in the TRACK-HD and TRACK-ON studies. Shaded areas
correspond to the interquartile con�dence intervals around the mean (central curves). Some biomarkers
progress in a nearly linear fashion while others exhibit a sharp increase over time. TMS: UHDRS total
motor score, Stroop: Stroop Word Reading Test, SDMT: Symbol Digit Modality Test, TFC: UHDRS Total
Functional Capacity, Striatum and grey matter: striatal and grey matter volume. b and c) Typical
progression for participants with fewer than 42 CAG repeats (b) or more than 44 repeats (c).
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Figure 3

Huntington disease shows a speci�c temporal ordering of biomarker changes. We repeatedly recalculated
the age at which each biomarker diverged from control values (Figure S3). The central line is the median
age of 100 simulations. The boxplots show the �rst and third quartiles, and the whiskers show the �rst
and ninth decile. For instance, motor changes (TMS) are the �rst detectable sign of HD at HA of 37 years,
with an interquartile con�dence interval from 34.5 to 39.2 years.
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Figure 4

HD COURSE MAP predicts progression at four years in participants from TRACK and ENROLL studies.
Prediction of three clinical measurements is shown, SDMT (a), Stroop word reading (b) and TMS (c).
Distribution of absolute errors are shown. Prediction on TRACK participants is pictured in red, prediction
on ENROLL participants in black. Central squares represent the median and the 25th and 75th percentiles.
Whiskers: represent 5th and 95th percentiles. Outliers are removed for clarity. Although HD COURSE MAP
was built using TRACK data only, it predicts progression of ENROLL patients with a mean absolute error
that does not exceed 5%.
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Figure 5

HD COURSE MAP allows the identi�cation of potentially good responders. After selecting participants
based on their disease stage, we can further identify participants who will show a signi�cant change
during the trial. We have compared the power of hypothetic trials using this approach to hypothetic trials
with unselected participants or with selection based on disease burden or PIN scores.

Figure 6
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HD COURSE MAP reduces the number of necessary participants regardless of disease stages compared
to existing methods. Each panel represents a simulated trial on a particular disease stage with different
outcome measures. Blue curves represent every participant meeting the prespeci�ed inclusion criteria.
Orange, green and red curves represent participants selected based on the burden score, the PIN score or
HD COURSE MAP respectively. The experiments from a to c use ENROLL participants. Experiment in d use
TRACK participants.
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