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Method of predicting ADAS-Cog Score

Field of the Invention

The present invention relates to a method for predicting a level of cognitive function and particularly,
although not exclusively, to a method for predicting a patient or patient cohort's cognition score on the

Alzheimer’'s Disease Assessment Scale - cognitive subscale (ADAS-Cog).

Background

Alzheimer's disease is a neurological disease whereby excess protein builds up in the brain, impairing
neuronal function and eventually leading to cell death. The disease is characterised by continual

progression, but the rate of progression is individual.

The Alzheimer’s Disease Assessment Scale - cognitive subscale (ADAS-Cog) was developed in the
1980s to track the rate of progression of Alzheimer’s disease for an individual, and in particular to
determine and track an individual’s level of cognitive and non-cognitive function. Since then, it has also
been used to help in the diagnosis of Alzheimer’s, e.g. in pre-dementia populations. ADAS-Cog is now
considered the gold standard for assessing the efficacy of treatments for dementia, including Alzheimer’s

disease.

The diagnosis of Alzheimer's disease, and the monitoring of a subject’'s mental capacity once diagnosed
and under particular treatments, is an active and multi-faceted area of research, and is often the subject

of clinical trials.

Pharmaceutical companies are increasingly using advanced analytics to help run clinical trials.

This trend has been buoyed by a growing interest in personalized healthcare, and the rapid development
of modern statistical techniques and computing resources with the advent of machine learning (Shah et
al, 2019; Bhatt, 2021). Improving the efficiency of clinical trials by adapting their design and analysis is a
particular interest. Furthermore, dropouts (i.e., patients who do not stay for the full course of a clinical

trial) are a large source of bias in trials, and can be a significant reason why trials fail (Little et. al, 2012).

The present invention has been devised in light of the above considerations.

Summary of the Invention

In a first aspect, there is provided a method for predicting a patient or patient cohort’s cognition score on

the Alzheimer’s Disease Assessment Scale - cognitive subscale (ADAS-Cog), the method comprising:
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obtaining data relating to a plurality of patients or patient cohorts, the data including information
relating to the longitudinal trajectories of the plurality of patients’, or patient cohorts’, ADAS-Cog score
over time, each patient or patient cohort having undergone a treatment plan selected from a plurality of
treatment plans;

encoding the data into a tensor across patients or patient cohorts, time and treatment plan;

generating a synthetic model of a target patient or target patient cohort using a machine learning
process and the tensor; and

predicting an ADAS-Cog score of the target patient or target patient cohort under a target

treatment plan selected from the plurality of treatment plans, using the synthetic model.

The present inventors have found that this data relating to a plurality of patients’ ADAS-Cog trajectories
when undergoing a plurality of different treatment plans (e.g. from clinical trials for the treatment of
Alzheimer's disease) surprisingly displays significant latent linear structure in the induced tensors, despite
patients with Alzheimer’s disease having heterogenous health trajectories. This is particularly surprising
at the individual patient level. This means that there are a limited canonical patient (or patient cohort)
profiles such that all patients can be expressed as linear combinations of these profiles with respect to
their ADAS-Cog score. Consequently, this enables the prediction of the ADAS-Cog trajectory associated
with any patient under a particular treatment plan by leveraging information from other patients that

underwent that same treatment plan.

In this way, the ADAS-Cog score, or longitudinal trajectory of the ADAS-Cog score, of the target patient or
target patient cohort under an unseen treatment plan (i.e. a treatment plan which the target patient has

not undertaken) may be estimated.

It should be understood that the target treatment is generally an unseen treatment plan, i.e. a treatment
plan which the target patient has not undertaken, but for which a prediction of what would have been the

outcome if the patient had undertaken the target treatment plan, is wanted.

Optional features will now be set out. These are applicable singly or in any combination with any aspect

of the present disclosure.

It is to be understood that the synthetic model is a model which uses available data to create synthetic
trajectories (e.g. of the ADAS-Cog score over time for patient/patient cohorts and treatment combinations)

that are unseen in the available data.

Preferably, the data relating to the plurality of patients or patient cohorts is data from a clinical trial for

treating Alzheimer’s disease.

It is to be understood that the method may not be limited to a method for predicting ADAS-Cog score, but
may be applied to the prediction of other scores for predicting neurocognitive state or decline, such as
Mini-Mental State Examination (MMSE), Global Deterioration Scale (GDS) or Montreal Cognitive
Assessment (MoCA).
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As such, more generally, the method may be a method for predicting a patient or patient cohort's
neurocognitive state. The obtained data may thus include information relating to the longitudinal
trajectories of the plurality of patients’, or patient cohorts’ neurocognitive state over time. The target
patient or target patient cohort may be undergoing an actual treatment plan, wherein the actual treatment
plan is different from the target treatment plan. In particular, the target patient/cohort may be undergoing
an “actual” treatment plan, wherein the ocutcome of that first treatment plan can be observed. The
outcome of the target patient/cohort under a second, different “target” treatment plan, which the target
patient/patient cohort has not undertaken, can be predicted using the synthetic model. Here, the term
‘outcome” is to be understood as the ADAS-Cog score of the target patient/cohort at time t, or the ADAS-

Cog trajectory of the target patient/cohort over time.
The tensor may be an order-three tensor.

The data in the tensor may include, for each patient of the plurality of patients/cohorts, data relating to (i)
the ADAS-Cog trajectory of the respective patient/cohort over time (e.g. a baseline measurement (e.g. at
t=0) of ADAS-Cog score of the respective patient, and the ADAS-Cog score of the patient/cohort at a

plurality of times/visits thereafter); and (ii) the treatment plan undertaken by the respective patient/cohort.

One or more of the plurality of treatment plans may include one or more different neuropharmacological
interventions, such as a pharmaceutical or therapy, e.g. for the treatment of Alzheimer's disease. A
treatment plan in the plurality of treatment plans may correspond to no treatment (e.g. such that patient
undergoing this treatment plan are in a control group). The different treatment plans may include different
dosage regimes of the treatment/pharmaceutical. For example, a first treatment plan may correspond to a
high dose of a treatment in combination with use of a standard care of therapy, a second treatment plan
may correspond to a high dose of the treatment in combination with no use of the standard care of
therapy, a third treatment plan may correspond to a low dose of the treatment in combination with use of
the standard care of therapy, and a fourth treatment plan may correspond to a low dose of the treatment

in combination with no use of the standard care of therapy.

The synthetic model of the target patient or target patient cohort may be generated using data pertaining
to the target patient or target patient cohort. The data pertaining to the target patient or target patient

cohort may include data relating to (i) the ADAS-Cog trajectory of the target patient/cohort over time (e.g.
a baseline measurement (e.g. at t=0) of ADAS-Cog score of the target patient/cohort, and the ADAS-Cog
score of the target patient/cohort at a plurality of times/visits thereafter); and (ii) the actual treatment plan

undertaken by the respective patient.

If the data is pertaining to a patient cohort rather than an individual patient, the respective ADAS-Cog

scores may be an average (e.g. mean) ADAS-Cog score over the cohort.

Preferably, the synthetic model may be generated using the machine learning process based, at least in
part, on a set of observed data in the tensor corresponding to a same treatment plan as the actual

treatment plan undertaken by the target patient or target patient cohort. In particular, the synthetic model
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may be learned, at least in part, from the set of observed data from the tensor pertaining to the actual
treatment plan undertaken by the target patient/cohort. This data may include a set of observed pairs
(time, treatment plan) of data that the target patient/cohort, and the patient data in the tensor, have in
common. In other words, the machine learning process may be based on the set of (trial visit, treatment
plan) data pairs for the target patient/cohort, and those patients in the tensor that correspond to a same

visit time (e.g. day) and under the same (actual) treatment plan.

The machine learning process may comprise determining a minimum-norm linear relationship between
the data pertaining to the target patient/cohort and the set of observed data in the tensor associated with

the actual treatment plan.

The machine learning process may comprise performing a principal component regression (PCR)
analysis. In particular, the machine learning process may include performing PCR between the data
pertaining to the target patient/cohort and the set of observed data in the tensor corresponding to the
actual treatment plan undertaken by the target patient/cohort. The PCR process may define a unique
minimum-norm linear relationship between the data pertaining to the target patient/cohort and the set of

observed data in the tensor associated with the actual treatment plan.

Alternatively, other known machine learning algorithms (parametric or non-parametric) could be used in
the machine learning process to learn a relationship between the data pertaining to the target
patient/cohort and the set of observed data in the tensor associated with the actual treatment plan. For

example, a neural network or a random forest may be used.

Optionally, the method may comprise validating the synthetic model of the target patient/cohort. This may
include determining a training error of the learned synthetic model and only proceeding to the step of
predicting the ADAS-Cog score of the target patient/cohort using the synthetic model if the determined
training error meets a predefined criterion/threshold. In this way, it can be verified that the synthetic model
is trained to a satisfactory standard. Furthermore, this step also verifies that the underlying data likely

satisfies the desirable properties to provide an accurate estimation.

The step of predicting the ADAS-Cog score of the target patient/cohort under the target treatment plan
may be based on the learned synthetic model, and a set of data in the tensor corresponding to the target

treatment plan.

The prediction may be a prediction of the ADAS-Cog trajectory of the target patient/cohort under the

target treatment plan over time, or may be a prediction of the ADAS-Cog score at a particular time t.

Optionally, the method may include predicting an ADAS-Cog score of the target patient/cohort under each

treatment plan of the plurality of treatment plans using the synthetic model.

As mentioned above, the data may be from a clinical trial for treating Alzheimer’s disease; e.g. for
assessing the efficacy of a neuropharmacological intervention (such as a pharmaceutical), in the

treatment of Alzheimer's disease. The plurality of patients may be a treatment group who have been
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diagnosed with Alzheimer’s disease. The plurality of patients may include patients who have not been

diagnosed with Alzheimer’s disease.

The above method may be computer-implemented. For example, the method may be implemented on
one or more computer processing devices. The one or more computer processing devices may be one or

more computers, servers, cloud-based devices, for example.

The method may further comprise using the predicted ADAS-Cog score of the target patient or target

patient cohort under the target treatment plan in results of a clinical trial.

As a first example, the method may be for predicting missing data in a clinical trial due to a dropout (i.e. a
patient who has not stayed for the full course of a clinical trial). As such, the target patient may be a
dropout of a clinical trial, and the method may further comprise using the predicted ADAS-Cog score of

the target patient as the result for the target patient in the clinical trial results.

In this way, even if a patient has dropped out of the trial such that their full ADAS-Cog trajectory over
time, and thus outcome of the trial, cannot be observed, their ADAS-Cog score over time can be
predicted by leveraging the observations of the other patients in the trial. Dropouts are generally a large

source of bias in trials, and can be a significant reason why trials fail. This method reduces this bias.

The method of the present aspect may include any combination of some, all or none of the above

described preferred and optional features.

As another example, the method may be used to design data-efficient clinical trials for personalised

treatments at the patient cohort level.

In particular, in a second aspect of the invention there is provided a method for processing data for a
clinical trial for treating a neurocognitive disease using the above described method, the method
comprising:

obtaining data relating to at least two patient cohorts, wherein a first patient cohort includes a first
subset of patients undergoing a first treatment plan and a second subset of patients undergoing a second
treatment plan, and a second patient cohort includes a first subset of patients undergoing the first
treatment plan and a second subset of patients undergoing a third treatment plan, wherein the data
includes information on the longitudinal trajectories of the patient cohorts’ ADAS-Cog score over time;

encoding the data into a tensor across patient cohorts, time and treatment plan;

generating a first synthetic model of the first patient cohort and a second synthetic model of the
second patient cohort using a machine learning process and the tensor; and

predicting an ADAS-Cog score of the first patient cohort under the third treatment plan using the
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first synthetic model, and an ADAS-Cog score of the second patient cohort under the second treatment

plan using the second synthetic model.

In this way, the first/second synthetic model can predict the ADAS-Cog scores (or ADAS-Cog trajectories
over time) for every patient cohort under unseen treatments. This could result in the design of clinical
trials including many fewer patients/subjects, as the outcome of subjects could be predicted by leveraging
corresponding outcomes from a smaller subset of subjects that have undergone the clinical trial. This

would result in a more data efficient clinical trial.

The clinical trial may be a trial for treating Alzheimer’s, or behavioural variant fronto-temporal dementia

(FTD), for example.
The tensor may be an order-three tensor.

The data in the tensor may include, for each patient in the patient cohorts, data relating to (i) the ADAS-
Cog trajectory of the respective patient over time (e.g. a baseline measurement (e.g. at t=0) of ADAS-Cog
score of the respective patient, and the ADAS-Cog score of the patient at a plurality of times/visits

thereafter); and (ii) the treatment plan undertaken by the respective patient.

The treatment plans may include one or more different neuropharmacological interventions, such as a
pharmaceutical or therapy, e.g. for the treatment of Alzheimer’s disease. One of the treatment plans may
correspond to no treatment (e.g. such that patient undergoing this treatment plan are in a control group).
The different treatment plans may include different dosage regimes of the treatment/pharmaceutical. For
example, the first treatment plan may correspond to a high dose of a treatment in combination with use of
a standard care of therapy, the second treatment plan may correspond to a high dose of the treatment in
combination with no use of the standard care of therapy, and the third treatment plan may correspond to
a low dose of the treatment in combination with use of the standard care of therapy. A fourth treatment
plan may correspond to a low dose of the treatment in combination with no use of the standard care of

therapy.

The first/second synthetic model may be generated using data pertaining to the first/second patient
cohort, respectively. The data pertaining to the first/second patient cohort may include data relating to (i)
the ADAS-Cog trajectory of the first/second patient cohort over time (e.g. a baseline measurement (e.g. at
t=0) of ADAS-Cog score of the first/second patient cohort, and the ADAS-Cog score of the first/second
patient cohort at a plurality of times/visits thereafter); and (ii) the actual treatment plan undertaken by the

patients in the respective patient cohort.
The respective ADAS-Cog scores may be an average (e.g. mean) ADAS-Cog score over the cohort.

Preferably, the first/second synthetic model may be generated using the machine learning process based,
at least in part, on a set of observed data in the tensor corresponding to a same treatment plan as the
actual treatment plan undertaken by the patients in the first/second patient cohort, respectively. For

example, the first synthetic model may be generated using the machine learning process based, at least
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in part, on a set of observed data in the tensor corresponding to the first treatment plan (as a subset of

patients in both the first and second patient cohorts undergo the first treatment plan).

The machine learning process may comprise determining a minimum-norm linear relationship between
the data pertaining to the first/second patient cohort and the set of observed data in the tensor associated

with the subgroup of patients in the first/second cohort undergoing the first treatment plan.

The machine learning process may comprise performing a principal component regression (PCR)
analysis. In particular, the machine learning process may include performing PCR between the data
pertaining to the first/second patient cohort and the set of observed data in the tensor corresponding to
the first treatment plan undertaken by the subset of patients in the first/second patient cohort respectively.
The PCR process may define a unique minimum-norm linear relationship between the data pertaining to
the first/second patient cohort and the set of observed data in the tensor associated with the first
treatment plan undertaken by the respective subset of patients in the first/second patient cohort,

respectively.

Alternatively, other known machine learning algorithms (parametric or non-parametric) could be used in
the machine learning process to learn the linear relationship. For example, a neural network or a random

forest may be used.

Optionally, the method may comprise validating the first and/or second synthetic model. This may include
determining a training error of the learned first/second synthetic model and only proceeding to the step of
predicting the ADAS-Cog scores of the target patient/cohort using the synthetic model if the determined
training error meets a predefined criterion/threshold. In this way, it can be verified that the synthetic
models are trained to a satisfactory standard. Furthermore, this step also verifies that the underlying data

likely satisfies the desirable properties to provide an accurate estimation.

The step of predicting the ADAS-Cog score of the first/second patient cohort under the third/second
treatment plan may be based on the learned first/second synthetic model, and a set of data in the tensor

corresponding to the third/second treatment plan, respectively.

The prediction may be a prediction of the ADAS-Cog trajectory of the first/second patient cohort under the
third/second treatment plan over time, or may be a prediction of the ADAS-Cog score at a particular time

t.

The above method may be computer-implemented. For example, the method may be implemented on
one or more computer processing devices. The one or more computer processing devices may be one or

more computers, servers, cloud-based devices, for example.

The method of the present aspect may include any combination of some, all or none of the above

described preferred and optional features.
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In a third aspect, there is provided a system including one or more processors and a memory, the
memory containing machine executable instructions which, when executed on the one or more

processors, cause the one or more processors to perform the method of the first aspect.

The memory may contain machine executable instructions which, when executed on the processor,
cause the processor to perform the method of the first aspect including any one, or combination insofar

as they are compatible, of the optional features set out with reference thereto.

As such, there is provided a system for predicting a patient or patient cohort’s cognition score on the
Alzheimer’s Disease Assessment Scale - cognitive subscale (ADAS-Cog), the system comprising:

data acquisition means, configured to obtain data relating to a plurality of patients or patient
cohorts, the data including information relating to the longitudinal trajectories of the plurality of patients’,
or patient cohorts’, ADAS-Cog score over time, each patient or patient cohort having undergone a
treatment plan selected from a plurality of treatment plans;

tensor generating means, configured to encode the data into a tensor across patients or patient
cohorts, time and treatment plan;

synthetic model generating means, configured to generate a synthetic model of a patient or
patient cohort using a machine learning process and the tensor; and

predicting means configured to predict an ADAS-Cog score of the patient or patient cohort under

a target treatment plan of the plurality of treatment plans using the synthetic model.

In some embodiments, the system may comprise one or more computers, servers, or cloud-based

devices, for example.

They system may be a system for processing data for a clinical trial for treating Alzheimer’s disease,

wherein:

the data acquisition means are configured to collect data from at least two patient cohorts,
wherein a first patient cohort includes a first subset of patients undergoing a first treatment plan and a
second subset of patients undergoing a second treatment plan, and a second patient cohort includes a
first subset of patients undergoing the first treatment plan and a second subset of patients undergoing a
third treatment plan, wherein the data includes information on the longitudinal trajectories of the patient
cohorts’ ADAS-Cog score over time;

the tensor generating means are configured to encode the data into a tensor across patient
cohorts, time and treatment plan;

the synthetic model generating means are configured to generate a first synthetic model of the
first patient cohort and a second synthetic model of the second patient cohort using a machine learning
process and the tensor; and

the predicting means are configured to predict an ADAS-Cog score of the first patient cohort
under the third treatment plan using the first synthetic model, and an ADAS-Cog score of the second

patient cohort under the second treatment plan using the second synthetic model.
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Accordingly, the system may be configured to perform the method of the second aspect including any

one, or combination insofar as they are compatible, of the optional features set out with reference thereto.

According to a fourth aspect, there is provided a non-transitory computer readable storage medium
containing machine executable instructions which, when executed on a processor, cause the processor to
perform the method of the first aspect or the second aspect, including any one, or any combination

insofar as they are compatible, of the optional features set out with reference thereto.

According to a fifth aspect, there is provided a computer program comprising executable code which,
when run on a computer, causes the computer to perform the method of the first aspect or the second

aspect.

According to a sixth aspect, there is provided a computer readable storage medium storing a computer
program comprising code which, when run on a computer, causes the computer to perform the method of

the first aspect or the second aspect.

The invention includes the combination of the aspects and preferred features described except where

such a combination is clearly impermissible or expressly avoided.

Summary of the Figures

Embodiments and experiments illustrating the principles of the invention will now be discussed with

reference to the accompanying figures in which:

Figure 1 includes two graphs showing the spectra of order-3 tensors of clinical trial data (i) at the patient
cohort level under mode-2 unfolding; and (ii) at the individual patient level under “high-using”,

respectively;
Figure 2 includes two tables showing actual and data-efficient trial data, respectively;
Figure 3 is a graph showing the errors associated with a data-efficient trial;

Figure 4 includes plots showing the average mean absolute errors and standard errors of imputing
missing data for dropouts of a clinical trial across different treatments and varying numbers of observed
treatments using a method according to an aspect of the disclosure compared to other baseline

measurement methods;
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Figure 5 includes plots showing a comparison between the observed density associated with compliers of
a clinical trial, with the estimated density associated with dropouts as predicted using a method according

to an aspect of the disclosure;

Figure 6 is a flow diagram of a method for predicting a patient or patient cohort’s cognition score on the

Alzheimer’'s Disease Assessment Scale - cognitive subscale (ADAS-Cog); and

Figure 7 is a schematic of a system for performing the method of Figure 6.

Detailed Description of the Invention

Aspects and embodiments of the present invention will now be discussed with reference to the
accompanying figures. Further aspects and embodiments will be apparent to those skilled in the art. All

documents mentioned in this text are incorporated herein by reference.

The inventors carried out an analysis of the above method on real clinical trial data to ascertain that
clinical trial data can be used with a synthetic interventions (SI) estimator designed to recover low-rank

tensors with missing not at random data (i.e., is causally valid).
Clinical trial overview

Data from a phase lll clinical trials (TRx-237-005 and TRx-237-015) for Alzheimer's disease was
obtained. These clinical trials involved 1162 patients. Before the trials began, each patient’s baseline
measurements were collected, which included the patient's sex, age, baseline ADAS-Cog and mini-

mental state examination (MMSE) score.
Hereinafter, X; is denoted as the vector of baseline measurements associated with patient i.

Across the two phase Il studies, each patient was randomly assigned to a treatment of 8, 150, 200 or
250 mg/day of LMTM (developed by TauRx Therapeutics), but a lack of dose-response was observed in
both trials. Further population pharmacokinetic analyses showed steep concentration-response
relationships for steady-state plasma levels in the 8mg/day range. Patients were subsequently
categorised into those with ‘low’ and ‘high’ plasma levels using a threshold based on the lower limit of
quantitation of the assay on Day 1. This analysis yielded highly significant differences in cognitive decline
and brain atrophy in the group with ‘high’ plasma levels (Schelter et. al., 2019). Additionally, each patient
entered the trial either already using the standard care of therapy or not. This yielded D=4 possible
combinations: “low-using’, “low-none”, “high-using” and “high-none”. The trial spanned 5 visits with 13
weeks in between each visit. At each visit ¢, every patient i’s progressive ADAS-Cog score, Y;; € R, was
measured and recorded. For completeness, it is noted that a positive change in ADAS-Cog score from

baseline indicates that the disease is worsening.

Encoding Clinical trial data as a tensor



20

25

30

35

WO 2023/126170 PCT/EP2022/085684

11

The clinical trial data can be encoded both at a patient cohort and on an individual patient level, as an

order-3 tensor.

To demonstrate this, the clinical trial data was first encoded in an order-3 tensor at the patient cohort
level. Before the trial began, the patients were clustered into 6 cohorts based on the baseline
measurements X;. The goal was to estimate the causal effect of all four treatment combinations on each
of the 6 patient cohorts. The clusters were not formed using observed trial visit outcomes (i.e., Y;;). For
each patient cohort, the ADAS-Cog trajectories were observed under every treatment combination (with
the exception of one cluster in which none of the patients underwent the treatment “low-none”). This data
was encoded into an order-three tensor, ¥, € R®***4, where [¥{];;, refers to the observed mean ADAS-

Cog trajectory for patient cohort i at visit j under treatment d.

Next, the data on an individual patient level was analysed, rather than at a cohort level. The available
individual patient ADAS-Cog trajectory data was encoded into an order-three tensor, Y, € R1162X5%4
where [¥;];;4 refers to the patient i at visit j under treatment d. Unlike Y4, Y, is only partially observed
since each patient can only undergo a single treatment. However, for every treatment d, if only those
patients within treatment arm d are considered, J,, then the resulting matrix, denoted by Y,% € RV4*5 is

fully observed; here N; = | J;|. J; only included patients that attended all five visits.

The spectral profile of ¥, was analysed by inspecting its mode-1 and mode-2 unfoldings, as shown in plot
10 of Figure 1. Further details of tensor unfoldings can be found at Section 7 of Agarwal, A et al.,(2020).
As shown in plot 10, it was found that ¥, in effect has a low canonical polyadic (CP) tensor rank of 1. Y,
was also analysed. Plot 12 of Figure 1 shows the spectral profile of ¥,% under “high-using” treatment. It

was shown that, as with ¥, Y,% is also approximately rank 1.

As both ¥, and Y, are both low-rank tensors, it was found that there is significant latent linear structure
in the induced tensors/matrices. Specifically, it means that there are only a limited number of canonical
patient, or patient cohort, profiles such that all patients can be expressed as linear combinations of these
profiles with respect to their ADAS-Cog score. This is surprising given the heterogenous health
trajectories of patients with Alzheimer’s disease. Consequently, the present inventions found that this
enables the prediction of ADAS-Cog trajectory associated with any patient under a particular treatment by
leveraging information from other patients that underwent that treatment using known synthetic

intervention estimators.
Trajectory Prediction via Synthetic Interventions

Without loss of generality, the aim of the above method is to predict the ADAS-Cog score for patient (or

cohort) i on visit t under treatment d, which we denote as ¥,;(®.

A two-step Synthetic Intervention Estimator is used to estimate the heterogeneous ADAS-Cog trajectory
of each patient under each treatment. An example of such a two-step Sl estimator is disclosed in
Agarwal, A et al.,(2020).
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A first step builds a “synthetic” model of the target patient i, parametrized by a machine learning model,
w®D which is trained based on the common observations between patient i and the patients in 7,. A
second step leverages observed outcomes of patients in J; and the learned synthetic model to simulate

patient i’'s ADAS-Cog score under treatment d at time &.
The notation used to aid understanding is set out below.

Let Q, < [T] x [D] denote the set of observed (trial visit, treatment) pairs that patient i and those patients
in J; have in common, i.e., the set of (trial visit, treatment) pairs for patient i and those in 7, that are for

the same visit day and under the same treatment; let T; = |Q,].

Let Y; = [¥,;“: (1,a) € Qy] € R¥ and Z; = [V;, X;] € R"a*X denote the concatenation of baseline

measurements X; € RX with Y;.

Similarly, for those patients within 7,, define Y,, = [YT]-(“) (1,a) €Q4,j € Jg] ERTNe, X, = [X;:j € Iy €

R¥, and ZJd = [y]d'de] € RTa+K)xNg
The singular value decomposition is represented as Z;, = ¥;»1 s;u; ® v,, where ® is the outer product.

The two step S| estimator has a single hyper-parameter k that quantifies the number of singular

components of Z;, to retain. Section 3 of Agarwal, A et al.,(2020) provides examples of how k can be

chosen.

As mentioned above the first step of the Sl estimator, is to build a “synthetic” model of the target patient i,

parametrized by a machine learning model, w%®, wherein:

. ko1
wid = (zl=1(s_1)w ® uz)Zi

The second step of the Sl estimator is to leverage observed outcomes of patients in J,; and the learned

synthetic model to simulate patient i's ADAS-Cog score under treatment d at time t:

?ti(d) _ z W;(i,d)ytj(d)
j€Jq

Data efficient clinical trials for personalised treatments

As mentioned, the above described method may be used to design data-efficient clinical trials for

personalized treatments at the patient cohort level.

To demonstrate this, the present inventors defined the “low-using” drug combination as the control, since
patients in this cohort are essentially on the current standard of care. To simulate a data-efficient trial, the
Sl estimator described above was allowed to observe ADAS-Cog scores under control for all 6 patient
cohorts. However, the Sl estimator was only allowed to observe each patient cohort under one of the
three other possible treatments (high-using, low-none, high-none). That is, the inventors purposively held
out data under these three treatments as a test set to see if the S| estimator can recreate these

trajectories. A graphical depiction of the observation patterns for the actual trial data can be seen in table



20

25

30

WO 2023/126170 PCT/EP2022/085684

13

14 of Fig. 2, and for the simulated data-efficient trial data in table 16 of Fig. 2. In Fig. 2, a tick in a cell

represents observed outcomes and bank cells represent unobserved (i.e., held out) outcomes.

Given the sparsity in the pattern in table 16 of Fig. 2, the objective was to estimate the mean ADAS-Cog
trajectory for every patient cohort under each of the two treatments that are unobserved, i.e., for an

unobserved treatment d, the aim is to estimate:

1 1
gi(d) = EZ}esi(;ZtsTYtj(d))y
where S; refers to individuals in cohort i.

To quantify the prediction accuracy of the S| estimator for any cohort i and treatment d, a randomized
control trial (RCT) estimator was used as the baseline. The RCT estimator takes the average ADAS-Cog
outcome across all patients that received treatment d as its prediction. Thus, to predict the ADAS-Cog
outcomes of cohort 3 in Fig. 2 under high-using for instance, the RCT estimator will take the average
ADAS-Cog outcome of all patients in cohorts 1 and 2. If the patients within the trial were homogeneous,
then the RCT estimator would be a strong predictor. More formally, for any cohort i and treatment d, the

square error is defined as:
. 2
(91' @ — 91'(‘0)

SE@W :=1—
‘ @ _ 1 @Y’
(0~ (gD Tjesa )

where 8; “is the output of the S| estimator. The numerator and denominator above represent the Sl and

RCT error, respectively. SEL.(‘D can be interpreted as a madified R2 statistic, which captures the gain in

accuracy by “personalizing” predictions on a cohort-by-cohort basis.

Under the set-up above, the Sl estimator was applied to predict the ADAS-Cog trajectories for every
patient cohort under unseen treatments. To mitigate randomness, this experiment was repeated 10 times

with a different treatment assignment in every iteration. The results can be seen in graph 18 of Figure 3.

Graph 18 of Figure 3 shows the square error, SEi(d), and standard errors (shaded) across each cohort

under every treatment.

Across nearly all cohorts i and treatments d, it is found that the median SEi(d)~U.95. This indicates that the
Sl estimator far outperforms the RCT estimator. Even in cohort 3 under low-none, where the difference
between the RCT estimator and Sl estimator is less pronounced, the Sl estimator still outperforms the
RCT estimator.

This confirms that there is indeed significant heterogeneity between cohorts and remarkably, the Si
estimator accurately predicts outcomes despite this heterogeneity and access to only a small subset of

data.
Imputing missing values of dropouts in clinical trials

Dropouts (i.e. patients who do not stay for the full course of a clinical trial) are a large source of bias in

trials, and can be a significant reason why trials fail (Little et. al, 2012). The present inventors have found
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that the above method for predicting ADAS-Cog score can be used to impute missing data values due to

dropouts.

To validate the above described Sl estimator, dropouts for patient data that were observed were
simulated. To make the simulation realistic, the probably of a patient being a dropout was made a
function of their change in ADAS-Cog score. This closely matches reality where patients that tend not to

respond to a treatment are more likely to drop out.
The simulation was set up as follows.

T, < T was chosen as the number of visits at which point no patient has dropped out. Patients were
clustered based on their average change in ADAS-Cog score from baseline after visit T, into poor,
moderate and good responders. Poor responders are patients whose average change from baseline is
more than one standard deviation above the average across all patients; good responders are one
standard deviation below the average; moderate responders are the remaining patients, i.e., those within
one standard deviation. As mentioned above, an increase in ADAS-Cog score means the disease is

worsening.

The probability of dropping out after visit Tywas selected for poor, moderate, and good responders as
60%, 30% and 10% respectively. Due to the small number of patients under the low-none combination,

the other three combinations were focussed on.

The aim was to estimate the average change from baseline for each treatment across all patients

(simulated compliers and dropouts);

- 1 1
@ = _z _z v, _p
U N, ie]d(T rer ti 1)

where B; is the measured baseline ADAS-Cog score for patient i before the trial began.

The accuracy was measured via the relative mean absolute error:

A — 1 1
H M N z : z : o (@
MAE@ = I— @ = — <_ Y.’ — B )
I . Ny Lajeg \T tST( " o
o

Yei ¥ s the output of the S| estimator described above if i is selected as a dropout, and is equal to the

observed Y,,\? if i is a complier.

The estimates were compared against baseline estimators used in Little et. al., 2012; (i) complete-case:
estimates 4 (® only using data from compliers; (i) RCT; (iii) Last Observation Carried Forward (LOCF):
imputes missing data for dropouts using the last available outcome (commonly using in longitudinal
studies); (iv) multivariate singular spectral analysis (MSSA): imputes missing data for dropouts using a
spectral-based time series algorithm (this estimator has proven to outperform many state-of the art time

series algorithms on standard benchmarks (Agarwal, et. al., 2021).

T, was varied from 1 to 4. The procedure was repeated 10 times for each T;,, and the resulting average

mean absolute errors and standard errors are shown in plot 20 shown in Fig. 4. The standard errors are
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shown in plot 20 by shaded bands. It was found that the S| estimator not only achieves low relative error,

but also consistently outperforms the existing baselines.

The Sl estimator method described above was also used to quantify the bias present due to actual
dropouts in the actual clinical trial that was performed by TauRx described above, by building a

counterfactual ADAS-Cog trajectory for every dropout patient had they stayed on.

In Fig. 5, the distribution of the average change from baseline for compliers (actually observed), and for

dropouts (this is a counterfactual distribution created from the S| estimator) is shown.

Although the estimated densities cannot be validated as the dropout data is actually missing from the real
life trial data, the qualitative conclusions agreed with feedback received from the dropout patients. In
particular, plot 22a suggests a natural narrative where the dropouts likely withdrew from the study
because they responded poorly to the low-using combination. Indeed, these were patients that vocalized
how their assigned combination made them feel unwell. A similar narrative is shown in plot 22b, though
the discrepancy between compliers and dropouts is less pronounced. In comparison, plot 22¢ suggests
that the dropouts and compliers responded similarly to the high-none combination. Indeed, many of the
dropouts for this particular combination stated that they left the study due to external circumstances such

as moving to an inconveniently far location for a new job.

Therefore, the present inventors have shown that the above-described method may be used to accurately

impute missing data values due to dropouts.
Method for predicting ADAS-Cog score

Figure 6 shows a flow diagram of a method for predicting the ADAS-Cog score of a target patient under

an unseen treatment plan. The method may be performed at one or more computing devices.

At S101, data from a clinical trial for treating Alzheimer’s disease is obtained (e.g. from an internal or
external storage system). The data includes information relating to the longitudinal trajectories of a
plurality of patients’ ADAS-Cog score over time, and the treatment plan each patient has undergone (e.g.

the data includes ADAS-Cog score information, time information, and treatment plan information).
At S103, this data is encoded into an order-3 tensor across patients, time and treatment plan.

At S105, a synthetic model is generated in a first step of a Synthetic Intervention Estimator. The synthetic
model is of the target patient, and is generated using a machine learning process. As shown in S106,
optionally, the synthetic model is trained based on a set of observed data in the tensor corresponding to
the actual treatment plan undertaken by the target patient, and data pertaining to the target patient. For
example, the machine learning process may include determining a minimum-norm linear relationship
between the data pertaining to the target patient and the set of observed data in the tensor associated
with the actual treatment plan undertaken by the target patient. In particular a PCR process may define a
unique minimum-norm linear relationship between the data pertaining to the target patient and the set of

observed data in the tensor associated with the actual treatment plan.



20

25

30

35

WO 2023/126170 PCT/EP2022/085684

16

S107 is an optional step. At S107, the synthetic model is validated to check its accuracy. A training error
of the learned synthetic model is computed based on the data pertaining to the target patient, and the
synthetic model to test whether the synthetic model can accurately predict the observed data pertaining to
the target patient. If the computed error is less than a predefined threshold, the method proceeds to
S§109. Otherwise, the method ends.

At S109, an ADAS-Cog trajectory of the target patient under an unseen treatment plan is predicted using
the synthetic model, and, as shown in S110, a set of data in the tensor corresponding to the target

treatment plan.

In this way, the ADAS-Cog trajectory of a target patient under a particular treatment plan which has not
been completed by the target patient can be predicted. This prediction can be used as the outcome of a
treatment plan by the target patient in clinical trial results, e.g. if the target patient has dropped out of the
clinical trial. This prediction could also be used to provide more data efficient clinical trials (e.g. by
predicting some of the results, less subjects in the clinical trial are necessary). This prediction could also
be used to design more data efficient clinical trials, or to direct personalised therapy, e.g., by predicting

which treatment plans may be more efficient.

Based on the predictions, subpopulation-treatment pairs that yield promising outcomes can be further
investigated and pairs that yield undesirable outcomes can be abandoned. In this way, the above method
can be used as a recommendation engine to strategically decide the experiments to prioritize and as a

tool towards the development of precision medicine.

As one or more of the predictions can be used to forecast an outcome of a clinical trial, the above
described method can also be used in early termination applications, e.g. to decide whether to continue

or abandon the clinical trial, based on the predicted results.
Further applications of the above method are described below.

A first application is in regard to uncontrolled, single-arm trials, which may be common in rare and/or
orphan disease areas. These disease areas have small patient populations and may lack established
standard-of-care treatments. These clinical trials may have insufficient statistical power and may raise
ethical concerns on administering placebo to patients. In order to address these issues, external control
data may be used. This external control data may be used as the data relating to a plurality of patients or
patient cohorts in the above described method. In this way, the synthetic model can be used to construct
a synthetic twin of every in-trial patient under control using a weighted combination of data from external

control patients. The cohort of synthetic twins may then form a synthetic control arm.

Further applications focus on demonstrating real-world safety and effectiveness of an approved
treatment. In particular, to provide evidence of safety, a comprehensive surveillance of newly-approved
treatments may be performed, to identify potential hazards that could be harmful to patients. This may be
known as adverse event reporting, and may be used to determine whether adverse events are caused by

a newly-approved treatment. Generally, assessments involve observational studies where the incidence
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of adverse events is compared between a patient population under a treatment plan, and a natural control
group. The above-described method may be used to construct an artificial control group. In particular, for
every patient under the treatment, a synthetic twin under control may be constructed from external (e.g.
real-world) control data. If the incidence of an adverse event is statistically higher in the observed
treatment group compared to the synthetic control group, then it may be determined that the treatment
contributes to the adverse event. To demonstrate effectiveness, evidence may be provided that a newly-
released treatment is competitive with an established standard-of-care treatment plan. The above-
described methods may be used to construct synthetic cohorts under the standard-of-care treatment plan.
In particular, for every patient under a new treatment plan, the above described-method may generate a
synthetic twin under the standard-of-care treatment plan. The therapeutic outcomes of the two treatment
groups may be compared, in order to assess the comparative effectiveness of the new treatment

compared to the standard-of-care treatment,

The above-described methods may also be used for label-expansion. For example, in the context of off-
label patients (e.g. individuals that are underrepresented or not represented in a randomized control trial),
the above-described method may be used to construct, for every off-label patient, a synthetic twin under a
(newly released) treatment plan as a weighted combination of data from on-label patients. This may
effectively simulate a synthetic trial of off-label patients under the (newly released) treatment plan. This
may provide researchers with evidence in support of or against expanding the treatment to the off-label

sub-population.

Provided below is an example generalised algorithmic overview of the method of FIG. 6 for constructing
synthetic data for a given target “unit” i had it received intervention d, where we assume data associated
with unit { is missing. Here, a “unit” may refer to a patient or a patient cohort, and an “intervention” may

refer to a treatment plan.
1. Data preparation

a) Prepare a database where for each unit, there is data associated with all interventions that unit

goes through.
b) Query database for all observations associated with target unit i.
c) Query database for all observation associated with “donor” units that underwent intervention d.

d) Filter the data so as to identify the collection of observations associated with common
interventions between target unit i and the relevant donor units that maximized the minimum

between (i) the number of satisfactory observations and (ii) number of filtered donor units.

e) Create a new table that only consists of data pertaining to the common interventions associated
with the target unit and filtered donor units (from step (d)); denote these two data structures as y,

and X, respectively.
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f) Create a new table that only consists of data pertaining to the interventions associated with the

filtered donor units under intervention d; denote this data structure as X,.

2. Data Validation via Diagnostic Tests

a) Create a new table than concatenates X, X, i.e. X = [X,,X,] in a column-wise manner.

b) Perform the singular value decomposition of X and inspect its spectral profile. Check to see if X

exhibits

need to

low-dimensional structure. If X does not exhibit low-dimensional structure, then X may

be pre-processed (e.g., apply an autoencoder to X to identify a new low-dimensional

representation of X .

c) Perform the subspace inclusion hypothesis teston X;,X,, e.g. as detailed in Section 5 of

Agarwal et. al., 2020. If the hypothesis test passes, then there is strong diagnostic evidence that

we can accurately create synthetic data for unit i under intervention d.

Note, it is set out above in relation to Fig. 1 that data from a clinical trial for treating Alzheimer’s disease

generally has a low tensor rank, and there is strong diagnostic evidence that we can therefore accurately

create synthetic

data for unit i under intervention d.

3. Synthetic Data Generation

a) Choose

a pre-defined training error tolerance e.

b) Follow the synthetic data generation procedure set out above, and further detailed in Section 3 of
Agarwal et. al., 2020:

().

(ii).

(ii).

Model Learning: perform principal component regression (PCR) between y, and X, to
yield 8, which defined the unique minimum-norm linear relationship between the target
unit ¢ and filtered donor units. Alternatively, a different machine learning (ML) algorithm
(parametric or nonparametric) can be used to learn a relationship between y, and X,
(e.g. using a neural network or a random forest). Denote the learned model between y,

and X, as f.

Intermediary Synthetic Data Model Validation: compute the training error between the
observations y; and estimates X, §; If the error is below ¢, then proceed to the next step
as the learnt model between the target unit and donor units is satisfactory, with respect to

prediction.

Synthetic Data Generation: create synthetic data associated with target unit i under
intervention d as X,f. From here, further procedures may be applied on top of estimates
X, £ (or more generally £(X,)), e,g, by the computing the mean, which expresses the

average counterfactual outcome of target i under intervention d.

4. Diagnosis of Accuracy of Synthetic Data
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a) As an added layer of evaluation, “cross-validation” studies can be performed to investigate
whether the steps above are successful in creating the observed dataset. Each donor unit may
be iteratively assigned to be the target unit, and the remaining donor units then form the donor
groups for that particular intervention. That is, the temporary target unit's observations under
intervention d can be observed (i.e., have access to the “synthetic” data which is to be
reproduced). The same procedure described above can then be carries out with the extra
validation of measuring the prediction error between X, £ (or more generally f(X,)), where X, is
now defined over the temporary donor group, and the observations associated with the temporary

target unit under intervention d.

Figure 7 is a schematic of a system 200 for performing the method of Figure 6. The system 200 may

comprise one or more computing devices, for example.

The system 200 comprises data acquisition means 202, configured to obtain data relating to a plurality of
patients or patient cohorts, the data including information relating to the longitudinal trajectories of the
plurality of patients’, or patient cohorts’, ADAS-Cog score over time, each patient or patient cohort having
undergone a treatment plan selected from a plurality of treatment plans. The data may be obtained from

an external storage medium 210 via a wired or wireless connection.

The system 200 also comprises tensor generating means 204, configured to encode the data acquired by

the data acquisition means 202 into a tensor across patients or patient cohorts, time and treatment plan.

A synthetic model generating means 206 is configured to generate a synthetic model of a patient or
patient cohort using a machine learning process and the tensor generated by the tensor generating
means 204. Predicting means 208 is configured to predict an ADAS-Cog score of the patient or patient
cohort under a target treatment plan of the plurality of treatment plans using the synthetic model
generated by the synthetic model generating means 208. This predicted ADAS-Cog score may be output

from the system, e.g. by a wired or wireless connection.

The systems and methods of the above embodiments may be implemented in a computer system (in
particular in computer hardware or in computer software) in addition to the structural components and

user interactions described.

The term “computer system” includes the hardware, software and data storage devices for embodying a
system or carrying out a method according to the above described embodiments. For example, a
computer system may comprise a central processing unit (CPU), input means, output means and data
storage. Preferably the computer system has a monitor to provide a visual output display. The data
storage may comprise RAM, disk drives or other computer readable media. The computer system may
include a plurality of computing devices connected by a network and able to communicate with each other

over that network.
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The methods of the above embodiments may be provided as computer programs or as computer
program products or computer readable media carrying a computer program which is arranged, when run

on a computer, to perform the method(s) described above.

The term “computer readable media” includes, without limitation, any non-transitory medium or media
which can be read and accessed directly by a computer or computer system. The media can include, but
are not limited to, magnetic storage media such as floppy discs, hard disc storage media and magnetic
tape; optical storage media such as optical discs or CD-ROMs; electrical storage media such as memory,
including RAM, ROM and flash memory; and hybrids and combinations of the above such as

magnetic/optical storage media.

The features disclosed in the foregoing description, or in the following claims, or in the accompanying
drawings, expressed in their specific forms or in terms of a means for performing the disclosed function,
or a method or process for obtaining the disclosed results, as appropriate, may, separately, or in any

combination of such features, be utilised for realising the invention in diverse forms thereof.

While the invention has been described in conjunction with the exemplary embodiments described above,
many equivalent modifications and variations will be apparent to those skilled in the art when given this
disclosure. Accordingly, the exemplary embodiments of the invention set forth above are considered to
be illustrative and not limiting. Various changes to the described embodiments may be made without

departing from the spirit and scope of the invention.

For the avoidance of any doubt, any theoretical explanations provided herein are provided for the
purposes of improving the understanding of a reader. The inventors do not wish to be bound by any of

these theoretical explanations.

Any section headings used herein are for organizational purposes only and are not to be construed as

limiting the subject matter described.

Throughout this specification, including the claims which follow, unless the context requires otherwise, the
word “comprise” and “include”, and variations such as “comprises”, “comprising”, and “including” will be
understood to imply the inclusion of a stated integer or step or group of integers or steps but not the

exclusion of any other integer or step or group of integers or steps.

" ”

It must be noted that, as used in the specification and the appended claims, the singular forms “a,” “an,
and “the” include plural referents unless the context clearly dictates otherwise. Ranges may be expressed
herein as from “about” one particular value, and/or to “about” another particular value. When such a range
is expressed, another embodiment includes from the one particular value and/or to the other particular
value. Similarly, when values are expressed as approximations, by the use of the antecedent “about,” it
will be understood that the particular value forms another embodiment. The term “about” in relation to a

numerical value is optional and means for example +/- 10%.
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Claims:

1. A method for predicting a patient or patient cohort's cognition score on the Alzheimer’s Disease
Assessment Scale — cognitive subscale (ADAS-Cog), the method comprising:

obtaining data relating to a plurality of patients or patient cohorts, the data including information
relating to the longitudinal trajectories of the plurality of patients’, or patient cohorts’, ADAS-Cog score
over time, each patient or patient cohort having undergone a treatment plan selected from a plurality of
treatment plans;

encoding the data into a tensor across patients or patient cohorts, time and treatment plan;

generating a synthetic model of a target patient or target patient cohort using a machine learning
process and the tensor; and

predicting an ADAS-Cog score of the target patient or target patient cohort under a target

treatment plan selected from the plurality of treatment plans, using the synthetic model.

2. The method of claim 1, wherein the synthetic model of the target patient/cohort is generated

using data pertaining to the target patient or target patient cohort.

3. The method of claim 1 or claim 2, wherein the tensor is an order-three tensor.

4. The method of any preceding claim, wherein the target patient or target patient cohort are
undergoing an actual treatment plan, wherein the actual treatment plan is different from the target

treatment plan.

5. The method of claim 4, wherein the synthetic model is generated using the machine learning
process based, at least in part, on a set of observed data in the tensor corresponding to a same treatment

plan as the actual treatment plan undertaken by the target patient/cohort.

6. The method of claim 5, wherein the machine learning process comprises determining a minimum-
norm linear relationship between the data pertaining to the target patient/cohort and the set of observed

data in the tensor associated with the actual treatment plan.
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7. The method of any preceding claim, wherein the machine learning process comprises performing
a principal component regression, PCR, analysis.
8. The method of any preceding claim, further comprising:

validating the synthetic model of the target patient or target patient cohort, by determining a
training error of the generated synthetic model and only preceding to the step of predicting the ADAS-Cog
score of the target patient or target patient cohort using the synthetic model if the determined training

error meets a predefined criterion.

9. The method of any preceding claim, wherein predicting the ADAS-Cog score of the target
patient/cohort under the target treatment plan is based on the synthetic model and a set of data in the

tensor corresponding to the target treatment plan.

10. The method of any preceding claim, wherein the data relating to the plurality of patients or patient

cohorts is data from a clinical trial for treating Alzheimer’s disease.

11. The method of claim 10, further comprising using the predicted ADAS-Cog score of the target

patient or target patient cohort under the target treatment plan in the results of the clinical trial.

12. The method of any preceding claim, wherein the method is for predicting missing data in a clinical

trial due to a dropout.

13. A method for processing data for a clinical trial for treating a neurocognitive disease using the
method of any preceding claim, the method comprising:

obtaining data relating to at least two patient cohorts, wherein a first patient cohort includes a
first subset of patients undergoing a first treatment plan and a second subset of patients undergoing a
second treatment plan, and a second patient cohort includes a first subset of patients undergoing the first
treatment plan and a second subset of patients undergoing a third treatment plan, wherein the data

includes information on the longitudinal trajectories of the patient cohorts’ ADAS-Cog score over time;
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encoding the data into a tensor across patient cohorts, time and treatment plan;
generating a first synthetic model of the first patient cohort and a second synthetic model of the
second patient cohort using a machine learning process and the tensor; and
predicting an ADAS-Cog score of the first patient cohort under the third treatment plan using the
first synthetic model, and an ADAS-Cog score of the second patient cohort under the second treatment

plan using the second synthetic model.

14. The method of claim 13, wherein:
the first and second synthetic models are generated using the machine learning process based,

at least in part, on a set of observed data in the tensor corresponding to the first treatment plan.

15. The method of claim 13 or claim 14, wherein:
predicting the ADAS-Cog score of the first patient cohort under the third treatment plan is based
on the first synthetic model and a set of data in the tensor corresponding to the third treatment plan; and
predicting the ADAS-Cog score of the second patient cohort under the second treatment plan is
based on the second synthetic model and a set of data in the tensor corresponding to the second

treatment plan.

16. The method of any preceding claim, wherein the method is computer-implemented.

17. A system for predicting a patient or patient cohort’s cognition score on the Alzheimer's Disease
Assessment Scale — cognitive subscale (ADAS-Cog), the system comprising:

data acquisition means, configured to obtain data relating to a plurality of patients or patient
cohorts, the data including information relating to the longitudinal trajectories of the plurality of patients’,
or patient cohorts’, ADAS-Cog score over time, each patient or patient cohort having undergone a
treatment plan selected from a plurality of treatment plans;

tensor generating means, configured to encode the data into a tensor across patients or patient
cohorts, time and treatment plan;

synthetic model generating means, configured to generate a synthetic model of a patient or

patient cohort using a machine learning process and the tensor; and
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predicting means configured to predict an ADAS-Cog score of the patient or patient cohort under

a target treatment plan of the plurality of treatment plans using the synthetic model.

18. The system of claim 17, wherein the system is processing data for a clinical trial for treating
Alzheimer’s disease, wherein:

the data acquisition means are configured to collect data from at least two patient cohorts,
wherein a first patient cohort includes a first subset of patients undergoing a first treatment plan and a
second subset of patients undergoing a second treatment plan, and a second patient cohort includes a
first subset of patients undergoing the first treatment plan and a second subset of patients undergoing a
third treatment plan, wherein the data includes information on the longitudinal trajectories of the patient
cohorts’ ADAS-Cog score over time;

the tensor generating means are configured to encode the data into a tensor across patient
cohorts, time and treatment plan;

the synthetic model generating means are configured to generate a first synthetic model of the
first patient cohort and a second synthetic model of the second patient cohort using a machine learning
process and the tensor; and

the predicting means are configured to predict an ADAS-Cog score of the first patient cohort
under the third treatment plan using the first synthetic model, and an ADAS-Cog score of the second

patient cohort under the second treatment plan using the second synthetic model.

19. A non-transitory computer readable storage medium containing machine executable instructions

which, when executed on a processor, cause the processor to perform the method of any of claims 1-16.



