Supplementary Materials for
“Genetics-driven Risk Predictions
leveraging the Mendelian
Randomization framework”

Contents

A1l Supplementary Information 1
A1.1 Related methods . . . . . . . .. ... 1
A1.2 Detailed Description of PRiMeR . . . . . . ... .. .. ... .. .... 2
A1.3 Reduction to Multivariable MR for linear function . . . . ... ... .. 3
Al.4 Bayesian Extension . . . . . . . . .. L oL o o 4
A1.5 Standard ML model baselines . . . . . . ... ... ... ... ... ... 4
Al.6 Simulations design . . . . . ... ..o L 5
A1.7 Definition of the cohort for T2D onset prediction . . . . . ... .. ... 6
A1.8 Definition of the cohort for Alzheimer’s Dementia prediction . . . . . . . 8
A1.9 Definition of the cohort for Parkinson’s Disease prediction . . . . . . .. 9

A2 Supplementary Figures 11

Al Supplementary Information

Al.1 Related methods

Risk predictions using longitudinal data. Risk prediction from electronic health
records traditionally employs longitudinal data [15, 36]. Predictive models used for
this task range from simple methods combining questionnaire responses [26, 33] to
ML supervised models integrating multiple data types [4]. To model event timing and
censored data, survival prediction methods like Cox regression become essential [9, 17,
38]. In contrast to approaches using longitudinal data, PRiMeR uses genetic effects
on health outcomes as the supervisory signal to train risk predictors.



MR methods. The traditional MR methodology has seen numerous extensions tai-
lored for varied settings. These encompass methods designed to address biases from
weak instruments [46, 41, 45, 7, 42] and horizontal pleiotropy [8, 6, 22, 32, 47, 13,
40, 32, 46, 41, 29], as well as nonlinear models [10, 39, 37]. Among all these methods,
PRiMeR is most related to multivariable MR [34, 11], which performs concurrent anal-
yses of multiple exposures under linear assumptions, and nonlinear MR [39, 10], which
enables the investigation of how a single exposure’s causal effect varies for different
values of the exposure [39, 10]. Importantly, PRiMeR does not aim to either discover
or quantify a causal effect, but rather leverages the MR framework to learn a model
for disease risk prediction.

Machine Learning in Instrument Variable Analysis. In the broader class of
instrument variable analysis methods, the integration of machine learning (ML) tech-
niques has recently begun to gain traction. For example, DeeplV leverages deep learn-
ing to predict treatment from high-dimensional instruments or intricate instrument
structures [21, 3, 19]. In the realm of MR, Malina et al [28] combined MR with In sil-
ico mutagenesis to examine causal relationships between genomic marks and outcomes.
Distinctly from these approaches, PRiMeR leverages gradient based optimization to
learn nonlinear functions of multiple single-risk factors utilizing the MR framework.

Polygenic Risk Scores. Historically, predicting disease risk using genetic data has
been realized through polygenic risk scores (PRSs), which estimate individuals’ genetic
risk by aggregating effects from associated genetic variants. This is commonly achieved
through a GWAS, followed by procedures accounting for linkage disequilibrium to
select independent loci [18, 31]. Notably, PRS can offer substantial potential for risk
assessment and personalized healthcare [25, 5, 2], especially when integrated with risk
trait data [25, 1, 23, 20, 24]. Unlike PRSs, which predict disease risk directly from
genetic variants, PRiMeR only uses genetic data to learn a risk prediction model as a
function of multiple single-risk factors.

A1.2 Detailed Description of PRiMeR

For a risk factor cohort consisting of N individuals, K risk factors, C' covariates, and
S independent genetic variants associated with at least one of the K risk factors, we
define the following matrices and vectors:

e X represents the N x K matrix of risk factors;

e F represents the V x C' matrix of covariates;

G denotes the NV x S matrix of genetic variants;

B, is the S x 1 vector of genetic effects on the disease outcome, obtained from
external GWAS summary statistics;

S, is the S x 1 vector of standard errors associated with 3,, also obtained from
external GWAS summary statistics.

Within the PRiMeR framework, a differentiable function fg, parameterized by ¢,
transforms the input risk factors X into a single N x 1 aggregate risk factor vector
e(¢) = f4(X).* The PRiMeR framework treats the aggregate risk factor e(¢) as the

*This operation is applied row-wise to each individual in X.



exposure in an IVW regression model, formulated as:

Bo ~ N (,Be(d))a, o2 diag(sg)) ) (A1)

Here, B.(¢) represents the marginal regression weights for each genetic variant in G
against e(¢), adjusting for covariates F. For a single N X 1 genetic variant g, the
regression model to estimate its effect (5.) on a risk factor e(¢) can be written as:

e(p) =gBc+Fy+e, e~N(0,0ly), (A.2)

where Iy is the N x N identity matrix. Thus the maximum likelihood estimator
(MLE) of B.(¢) and v(¢) can be computed as:

S = (] F]>_1 HEsE (A3)

from which we can derive the MLE of the genetic effect as a function ¢ using block
matrix inverse properties:

Be(¢) = (979 — 9" F(FTF)'FTg) " g7 e(¢)). (A4)

M(g,F)

Thus, across all genetic variants, we have:

M(G. 1, Fe(¢)

ﬁe(‘ﬁ) = h(e(¢)7 G, F) = ) (A5)

M(G:,Sv F)e(¢)
where G, ; denotes the s-th column of G, corresponding to the genotype vector of
genetic variant s. For the from of the functional of fg4, we adopt:

K

folx) = ar x ELU(byzy + cx), (A.6)
k=1

where the parameters ¢ = {a1,...,ax,b1,...,bx,c1,...,ck}, and ELU (-) is the Ex-
ponential Linear Unit activation function.

A1l.3 Reduction to Multivariable MR for linear function

When adopting a linear function, PRiMeR reduces to the probabilistic model used in
Multivariable MR. Indeed, when e(¢) = X ¢, Eq (A.5) becomes
M(G. 1, F)X ¢ M(G:1, F)X

Be(¢) = . - . . (A7)
M(G. s, F)X¢| |M(G.s, F)X

B.

where B, are the S x K marginal effects of the S genetic variants on the K risk factors.
Replacing in Eq (A.10) we have

/Bo ~N B, d)a »Uzdiag(sg) ) (A8)
~~

where we redefined the effect size of the aggregate risk factor on the disease outcome
as a. This is equivalent to the multivariable MR model introduced in [34, 11].



Al.4 Bayesian Extension

First, we note that by replacing the parametric form of f from Eq (A.6) in Eq (A.5),
we have

M(G.r, F)X (b c)
Be(@) = e a, (A.9)
M(G. s, F)X (b,c)

B, (b,c)

where ¢ = {a,b, ¢}, and we introduced transformed risk factors X (b, ¢) through the
ELU function, and the S x K marginal effects B.(b,c) of the S genetic variants on
these K transformed risk factors. Replacing this expression into the IVW model in
Eq (A.10), we have:

Bo ~ N (Be(b,c) a,o’diag(s2)) . (A.10)
where we absorbed parameter « into a. Next, we extend this model to a Bayesian

setting to enhance robustness when the number of genetic variants S is limited. Specif-
ically, we introduce priors over the model parameters a, b and c:

a~ N(0,021), (A.11)
b~ N(0,021), (A.12)
c~N(0,0°1), (A.13)

where o2, 07 and o2 are the variances of the priors. The log marginal likelihood of

the model, integrating out the parameters, is given by:

p(Bolo2,08,0%) = /1og./\/(ﬁo|Be(b, c)a,oniag(si))
xN(al0,c2T)N (b|0,02I)N(c|0,02I) da dbdc
/ log N (8,0,02B.(b,c)Be (b, c)” + o*diag(s2))

log p(:@O‘bfcan)
xN(b|0,02I)N (c|0,021) dbdc, (A.14)

where in the last passage we analytically integrated over a. As the remaining integral
is intractable, we employ mean-field variational inference to derive an Evidence Lower
Bound (ELBO):

ELBO(sz ng 0—37 >‘) = ]qu(b,c) [logp(ﬁo‘ba C, Ug)]
—KL[ga(b, ¢)[|N(b]0, 07 )N (¢[0,021)],  (A.15)

where gx (b, ¢) is the family of fully factorized Gaussian distributions on b and ¢ param-
eterized by variational parameters A = {by,, bs, €, €5}, and KL denotes the Kullback-
Leibler divergence. The ELBO is maximized with respect to 02 and A using gradient
ascent, employing the reparameterization Trick for gradients through the expectation
term. Prior parameters 05 are o2 are set to 0.8 and 3 respectively, based on our prior

assumptions on the type of nonlinearities we will see in the data.

Al1.5 Standard ML model baselines

In this section, we elaborate on the training procedure and implementation details of
the supervised machine learning models that have access to individual-level follow-up
labels: ElasticNet (EN), RandomForest (RF), and XGBoost (XGB).



Training Procedure. Hyperparameter optimization was conducted for all models
using a grid search approach. For each combination of parameters within the grid, an
inner 5-fold cross-validation was performed. The performance of each hyperparameter
configuration was assessed based on the average metric across all folds. After iden-
tifying the optimal hyperparameters, the models were refitted on the entire training
dataset and subsequently evaluated on the same held-out validation set of PRiMeR. In
the simulations, the mean squared error served as the performance metric for hyperpa-
rameter tuning, while in the type 2 diabetes (T2D) experiments, binary cross-entropy
was used for the RandomForest and XGBoost models.

Implementation Details. The ElasticNet and RandomForest models were imple-
mented using the regressor and classifier classes, respectively, from the scikit-learn [30]
Python package for simulations and T2D experiments. For XGBoost, we employed the
respective regressor and classifier implementations from the XGBoost Python pack-
age [12]. The following hyperparameter grids were utilized for optimization across
both simulations and T2D experiments:

ElasticNet. The hyperparameter grid for ElasticNet was as follows:
e 11 ratio: [0.1, 0.5, 0.7, 0.9, 0.95, 0.99, 1.0]
e eps: 5.0e-4
e n_alphas: 500

e max_iter: 5000

RandomForest. The hyperparameter grid for RandomForest included:
e n_estimators: [100, 200, 300]
e max depth: [10, 20, 30, None]
e min samples_split: [2, 5, 10]

e min samples_leaf: [1, 2, 4]

XGBoost. The hyperparameter grid for XGBoost was composed of:
e n_estimators: [100, 200, 300]
e max depth: [3, 9, 0]
e learning rate: [0.01, 0.05, 0.1]
e subsample: [0.6, 0.8, 1.0]

colsample_bytree: [0.6, 0.8, 1.0]

A1.6 Simulations design

For N individuals and S independent genetic variants, associated with at least one of
K risk factors, let G denote the N x S genotype matrix and S denote the N x K risk
factor matrix. The outcome is simulated as the sum of three contributions:

= im i Al
Yy €si + hple o + \G/J ( 6)

simulated risk  horizontal pleiotropy Gaussian noise



Given the number of risk factors with a directional effect (K.), the variance explained
by simulated risk (vcaus), and the variance explained by horizontal pleiotropy (vpleio),
each term was simulated as described in the following;:
1. Simulated risk (egim)
e Select K, single-risk factors with indices {i1,...,ix,}

e Simulate risk
KC
1 .
€gim = — * Z std(u(E. ;, — quantile(E. ;,,0.75))) (A.17)
K. k

where
u(®)=(1-XA)-ELU(y-z)+ X -6(y-x), (A.18)

where ELU denotes the exponential linear unit function, and 6(z) = 2x0(2-
x)—11is a rescaled and shifted sigmoid function, sutch that the turning point
at which the risk either increases linearly (A = 0) or starts to saturate (A =
1) is always at « = 0. We used v = 3.16 and A\ = 0 as default parameters,
but also evaluated the robustness of our results across different choices in
Figure A2. Moreover, std(-) denotes the standardization function across N
individuals, which ensures that every contributing risk factor explains the
same variance;

e Rescale such that egj, has variance vcaus

€sim < v/ Ucaus €sim (Alg)

2. Horizontal Pleiotropy (hpieio)
e Select 10% genetic variants and standardize, G. = std(G[:, {s1,...,sm}])

e Simulate genetic effects and standardize
Bpieio = std(Geb),  with b % Unif({—1,1}) (A.20)

o Rescale such that hpicio has variance vpeio

hpleio — v/ Upleio hpleio (A21)
3. Gaussian noise (€)
€= \/1 — Ucaus — Upleio - Std(7), with n id N(0,1) (A.22)

A1.7 Definition of the cohort for T2D onset prediction

Cohort definition. To test the performance of PRiMeR for the prediction of T2D
development, we retrospectively created a cohort from UKB (see Figure 4a). We
considered unrelated Europeans from UKB who did not have diabetes at the time
of assessment. This was ensured by filtering the population based on the following
criteria:



e Do not have reports of any kind of diabetes before the baseline or within the
first six months after the assessment. The latter guarantees that the diagnosis
was not given directly after, based on the data collected at the baseline. The
comparison is done using the following fields: 130706, 130708, 130710, 130712,
130714, 130716, 130718, and Instance 0.0 of field 53.

e Do not have a critical level of the main biomarker for T2D, HbAlc (HbAlc <
48 mmol/mol) at the baseline (Instance 0.0, field 30750).

e Medication-based exclusion of patients from the initial cohort that reported tak-
ing one of the following drugs at the time of baseline assessment: 'metformin’,
‘glibenclamide’, ’glimepiride’, 'repaglinide’, 'nateglinide’, ’troglitazone’; 'piogli-
tazone’, 'rosiglitazone’, 'rosiglitazone 1mg/metformin 500mg tablet’, ’acarbose’,
‘gliclazide’, ’glipizide product’, ’tolbutamide’, ’insulin product’. The data was
taken from field 20003.

As we were aiming to predict the T2D development in 5 years after assessment,
some additional censoring was also implemented. Patients who have died or did not
have Health and Social Care Information Centre (HES) or General Practitioner (GP)
records during the 5 years of follow-up would not have received the right T2D diagnosis
if they had the disease. Hence, they were removed from the cohort.

After these exclusions, the size of the cohort was 218,665 people. According to the
ICD10 medical records in fields 41270 and 41280, 1,490 patients in the cohort developed
type 2 diabetes (code E11) within the next 5 years and were further considered as
”cases”. The rest of the filtered cohort was considered to be controls.

Risk factor selection. The prediction of T2D is based on the following 37 predictive
factors:
e 26 blood biomarkers (4 were excluded because of high percentage of missing
data):
— Albumin (field 30600)
— Alkaline Phosphatase (field 30610)
— Alanine Aminotransferase (field 30620)
— Apolipoprotein A (field 30630)
— Apolipoprotein B (field 30640)
— Aspartate Aminotransferase (field 30650)
— Urea (field 30670)
— Calcium (field 30680)
— Cholesterol (field 30690)
— Creatinine (field 30700)
— C-Reactive Protein (field 30710)
— Cystatin C (field 30720)
— Gamma-Glutamyltransferase (field 30730)
— Glucose (field 30740)
— Glycated Hemoglobin (field 30750)
— HDL Cholesterol (field 30760)



— IGF-1 (field 30770)

— LDL Direct (field 30780)

— Phosphate (field 30810)

— SHBG (field 30830)

— Total Bilirubin (field 30840)
— Testosterone (field 30850)
— Total Protein (field 30860)
— Triglycerides (field 30870)
— Urate (field 30880)

— Vitamin D (field 30890)

Diastolic blood pressure, automated reading (field 4079)

Systolic blood pressure, automated reading (field 4080)

Pulse rate, automated reading (field 102)

Waist-Hips circumference ratio, calculated from Waist circumference (field 48)
and Hip circumference (field 49) is

BMI, Body mass index (field 21001)

6 blood-count features (easiest to measure):

— Hemoglobin concentration (field 30020)

— Mean corpuscular volume (field 30040)

— Mean platelet (thrombocyte) volume (field 30100)
Red blood cell (erythrocyte) count (field 30010)
White blood cell (leukocyte) count (field 30000)
Platelet count (field 30080)

Missing values within the data were imputed using the mean of the respective feature.

A1.8 Definition of the cohort for Alzheimer’s Dementia prediction

To test the performance of PRiMeR for the prediction of dementia, we created a
cohort from UKB with 31,552 unrelated individuals of European descent with available
T1 MRI brain imaging data. As predictive features, we used brain T1 MRI volume
measurements from categories 1101 and 1102 of UKB. Out of these 153 brain volume
features, we selected 70 traits, which had at least 5 genetic variants (P < 5-107%)
identified by our variant selection procedure (Methods). Missing values within the
data were imputed using the mean of the respective feature.



A1.9 Definition of the cohort for Parkinson’s Disease prediction

To evaluate PRiMeRs performance in predicting Parkinson’s Disease (PD) develop-
ment, we considered a subset of the 103,712 individuals in UKB for which accelerometer
data [43, 16, Category 1008] was available. Our final cohort comprised 67,199 unre-
lated Europeans without PD at baseline, of whom 124 developed PD within 5 years.
PD cases were identified based on the date of diagnosis (field 131022), including par-
ticipants without a PD diagnosis at baseline or whose PD diagnosis occurred within 5
years following the initial accelerometer measurement (field 90003).

Participants included in the study had accelerometer data (field 90003), passed quality
control for accelerometer data (field 90016), and had sufficient wear time (field 90015).
Individuals who died within 5 years post-accelerometer measurement (field 40000)
were excluded to ensure adequate follow-up duration. Participants who reported us-
ing anti-parkinsonism drugs before or during the accelerometer wear period (up to 7
days post-initiation) were also excluded, based on medication data (field 20003), to
avoid significant effects of medications on acceleration measurements. The list of anti-
parkinsonism drugs was defined using the Anatomical Therapeutic Chemical (ATC)
classification code N04 [44].

Following the procedures described by Schalkamp et al. [35], we computed 69 ac-
celerometer derived features and conduct a GWAS for each feature, where missing
values were imputed using the mean of the respective feature. Following our variant
selection procedure (Methods) we obtained 45 independent genetic variants which
are associated with at least one of the 69. After dropping features which did not have
at least one associated genetic variant we arrive at the following 38 for the experiment:

e Average Acceleration from lam onwards (1-hour period)
e Average Acceleration from 2am onwards (1-hour period)
e Average Acceleration from 3am onwards (1-hour period)
e Average Acceleration from 5am onwards (1-hour period)
e Average Acceleration from 7am onwards (1-hour period)
o Average Acceleration from 8am onwards (1-hour period)
e Average Acceleration from 11pm onwards (1-hour period)
e Average Acceleration from 12am onwards (1-hour period)
e Average Acceleration from 1pm onwards (1-hour period)
e Average Acceleration from 6pm onwards (1-hour period)
e Average Acceleration on Monday

e Average Acceleration on Friday

e Average Acceleration on Sunday

e Average Light Activity Duration per 24 hours

e Average Maximum Consecutive Light Activity Duration per 24 hours



Average Maximum Consecutive Moderate-to-Vigorous Activity Duration per 24
hours

Average Maximum Consecutive Sedentary Activity Duration per 24 hours
Average Maximum Consecutive Sleep Duration per 24 hours

Average Moderate-to-Vigorous Activity Duration per 24 hours

Average Movement during Light Activity

Average Movement during Sedentary Activity

Average Movement during Sleep

Average Number of Light Activity Intervals per 24 hours

Average Number of Moderate-to-Vigorous Activity Intervals per 24 hours
Average Number of Sedentary Intervals between 11pm and 7am

Average Number of Sleep Intervals between 11pm and 7am

Average Number of Sleep Intervals between 7am and 11pm (only used during
relaxed run (Methods))

Average Number of Sleep Intervals per 24 hours

Average Sedentary Activity Duration per 24 hours

Average Sleep Duration per 24 hours

Maximum Consecutive Light Activity Duration

Maximum Consecutive Sedentary Activity Duration

Maximum Consecutive Sleep Duration

Standard Deviation of Acceleration over the Week

Standard Deviation of Moderate-to-Vigorous Activity Duration per 24 hours
Standard Deviation of Movement during Sedentary Activity

Standard Deviation of Movement during Sleep

Standard Deviation of Sedentary Activity Duration per 24 hours
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A2 Supplementary Figures

PRiMeR A I
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Figure A1l: Model calibration under simulations with no directional effects.
The figure presents Spearman’s correlation coefficients (p) between simu-
lated risk factors and predictions from PRiMeR, PRiMeR-LIN, MVMR-
based, and UVMR-based on the held-out validation set, when no direc-
tional effects are simulated. Error bars denote standard errors across 10
repeat experiments. The dashed line at p = 0 indicates the expected ran-
dom chance correlations in this simulated setting. These results confirm
calibration of our simulation and evaluation procedure.
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Figure A2: Simulations of Different Single-Risk Factor Monotonic Functions.
Each subfigure displays a specific single-risk factor monotonic function
used to simulate the aggregate risk (left panel) and the corresponding
performance of all methods (right panel). The sharpness of the function
varies from less sharp (bottom) to sharper (top), and saturation from non-
saturating (left) to saturating (right), parameterized by v and X respec-
tively. Refer to Section A1.6 and Eq (A.18) for details. Bar plots indicate
the mean Spearman’s correlation coefficients (p) between the simulated
and aggregate risk factor, with standard error shown across 10 repeat ex-
periments. These results show that PRiMeRs performance is robust across
all settings, outperforming the comparison methods in scenarios where the
risk increases abruptly and does not saturate.
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Figure A3: Simulations with Varying Number of Genetic Variants. This fig-
ure illustrates the mean Spearman’s correlation coefficient (p) and stan-
dard error across 10 repeat experiments for different numbers of subsam-
pled genetic variants. Details are provided in the Methods section. The
results demonstrate that both PRiMeR and PRiMeR-LIN exhibit more ro-
bust performance in scenarios with limited genetic variants, compared to
MVMR-based and UVMR-based predictors. This robustness stems from
the Bayesian framework implemented in PRiMeR. Notably, PRiMeR-LIN
and MVMR-based models share the same likelihood function; the distin-
guishing factor is the Bayesian prior on regression weights in PRiMeR~LIN,
which provides regularization in scenarios with a low number of instru-

ments.
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Figure A4: Comparison with Supervised Longitudinal Models for Varying
Cohort Size. This figure demonstrates the predictive performance of var-
ious supervised machine learning models as the number of samples with
available follow-up labels varies, compared with PRiMeR, which is trained
on 7all” data and does not rely on follow-up labels. Panel (a) showcases
comparisons in simulations, using Spearman’s correlation coefficient (p)
between the predicted outcomes and simulated aggregate risks as the met-
ric for prediction accuracy. To evaluate the performance of longitudinal
models across different cohort sizes, we simulate training sets with varying
sample sizes and evaluate all models on the same held-out test set. The
models include ElasticNet (EN), RandomForest (RF), XGBoost (XGB),
and a model with the same functional form as PRiMeR’s risk prediction
function (Longitudinal Reference Model; LRM). Panel (b) presents a sim-
ilar analysis in a type 2 diabetes dataset, where the training subset is
modified to contain a specific number of future cases while maintaining a
fixed incidence rate, and the test set is consistent across all experiments.
We use the area under the receiver operating characteristic curve (AU-
ROCQ) for 5-year T2D risk predictions as the prediction accuracy metric,
comparing the same set of models adapted for classification. These results
illustrate the sample size of the longitudinal cohort needed to surpass the
predictive power of PRiMeR.
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Figure A5: Distributions of AUC Scores for Type 2 Diabetes Risk Prediction.
Panel (a) displays the distribution of AUC scores for PRiMeR, PRiMeR-
LIN, MVMR-based, and UVMR-based models. Panel (b) contrasts the
distribution of the AUC score of PRiMeR against a polygenic risk score
(PRS) model. In both Panels the black horizontal bar indicates the mean
value across 50 repeat experiments.
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Figure A6: Correlation of the T2D risk predictions with clinical blood mark-
ers. Shown are the mean Spearman’s correlation coefficients (p) between
the aggregate risk factor of PRiMeR and the analyzed blood traits on the
test set across 50 repeat experiments. Red dots represent markers with
positive correlations, while blue dots indicate negative correlations. Shown
are the average correlations on the test set of 50 repeat experiments.

16



Grey Matter In Amygdala (Right) -
Thalamus (Left)
Hippocampus (Left)
Thalamus (Right) -
Grey Matter In Ventral Striatum (Left)
Grey Matter In Ventral Striatum (Right)
Grey Matter In Thalamus (Left) -
Putamen (Right) -
Grey Matter In Frontal Orbital Cortex (Right)
Putamen (Left)
Grey Matter In Frontal Orbital Cortex (Left) q
Grey Matter In Hippocampus (Left)
Grey Matter In Thalamus (Right) -
Grey Matter In Hippocampus (Right) -
Grey Matter In Parahippocampal Gyrus, Anterior Division (Right)
Grey Matter In X Cerebellum (Right)
Grey Matter In Parahippocampal Gyrus, Posterior Division (Left)
Grey Matter In X Cerebellum (Left)
Grey Matter In Frontal Pole (Left) -
Grey Matter In Parahippocampal Gyrus, Posterior Division (Right)
Caudate (Left)
Grey Matter In Paracingulate Gyrus (Left) §
Caudate (Right) 4
Pallidum (Right)
Grey Matter In Vi Cerebellum (Vermis) 4
Grey Matter In Crus | Cerebellum (Left)
Grey Matter In Subcallosal Cortex (Left)
Grey Matter In Intracalcarine Cortex (Right)
Grey Matter In Putamen (Right) -
Grey Matter In Frontal Pole (Right)
Grey Matter In Intracalcarine Cortex (Left)
Grey Matter In V Cerebellum (Left)
Grey Matter In I-lv Cerebellum (Left)
Grey Matter In Crus | Cerebellum (Right)
Grey Matter In V Cerebellum (Right) -
Grey Matter In Occipital Pole (Right)
Grey Matter In Subcallosal Cortex (Right)
Grey Matter In I-lv Cerebellum (Right)
Grey Matter In Viiia Cerebellum (Vermis)
Grey Matter In Putamen (Left)
Grey Matter In Crus li Cerebellum (Vermis)
Pallidum (Left) 4
Grey Matter In Crus li Cerebellum (Left) §
Grey Matter In Viiib Cerebellum (Vermis)
Grey Matter In Vi Cerebellum (Right)
Grey Matter In Viib Cerebellum (Vermis)
Grey Matter In Crus li Cerebellum (Right)
Grey Matter In Occipital Pole (Left)
Grey Matter In Insular Cortex (Right)
Grey Matter In Viib Cerebellum (Right)
Grey Matter In Middle Frontal Gyrus (Right) q
Grey Matter In Vi Cerebellum (Left) 4
Grey Matter In Insular Cortex (Left) q
Grey Matter In Caudate (Left)
Grey Matter In Viib Cerebellum (Left) q
Grey Matter In Caudate (Right)
Grey Matter In Viiia Cerebellum (Left)
Grey Matter In X Cerebellum (Vermis)
Grey Matter In Planum Temporale (Left)
Grey Matter In Viiib Cerebellum (Left)
Grey Matter In Central Opercular Cortex (Right)
Grey Matter In Precuneous Cortex (Right) -
Grey Matter In Precuneous Cortex (Left) §
Grey Matter In Inferior Temporal Gyrus, Posterior Division (Left)
Grey Matter In Middle Frontal Gyrus (Left)
Grey Matter In Ix Cerebellum (Vermis)
Grey Matter In Lingual Gyrus (Right) 4
Grey Matter In Ix Cerebellum (Right)

¢
°
¢
®
°
I
®
®
®
¢
°

Grey Matter In Ix Cerebellum (Left)
Grey Matter In Lateral Occipital Cortex, Superior Division (Left) -

Figure A7: Correlation of the AD risk predictions with T1 imaging traits.
Shown are the mean Spearman’s correlation coefficients (p) between the
aggregate risk of PRiMeR and the analyzed T1 MRI features on the test
set across 50 repeat experiments. Red dots represent markers with positive
correlations, while blue dots indicate negative correlations. The strongest
negative correlations, indicative of gray matter reduction, are observed
in regions known to be impacted by Alzheimer’s pathology, such as the

amygdala and hippocampus [14].
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Figure A8: Distributions of AUC Scores for Parkinson’s Disease Risk Pre-
diction. Panel (a) displays the distribution of AUC scores for PRiMeR,
PRiMeR-LIN, MVMR-based, and UVMR-based models. Panel (b) con-
trasts the distributions of PRiMeR against a polygenic risk score (PRS)
model, which was evaluated using the same scheme as PRiMeR, which is
detailed in our Methods. The horizontal black bars in both panels indi-
cate the mean across 50 repeat experiments.
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Figure A9: Correlation of PD Risk Predictions with Accelerometer derived
Features. Shown are the mean Spearman’s correlation coefficients (p)
between the aggregate risk of PRiMeR and the considered accelerome-
ter features on the test set and across 50 repeat experiments. Red dots
represent features with positive correlations, while blue dots indicate neg-
ative correlations. Top features such as ” Average Maximum Consecutive
Sleep Duration per 24 hours” and ” Maximum Consecutive Sleep Duration”
emphasize the role of sleep quality and duration [27]. Furthermore, fea-
tures like ”Standard deviation of Average Acceleration over the Week” and
” Average Movement during Sedentary Activity” reflect the importance of
physical activity, as reduced mobility is commonly observed in PD patients.
These results highlight the relevance of non-motor symptoms and physical

activity monitoring in assessing PD risk [35].
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Figure A10: AUC Scores for Parkinson’s risk prediction using a relaxed
threshold P < 1079 for instrument selection. Panel (a) displays
the distribution of AUC scores for PRiMeR, PRiMeR-LIN, MVMR-
based, and UVMR-based models. Panel (b) contrasts the distributions of
PRiMeR against a polygenic risk score (PRS) model, which was evaluated
using the same scheme as PRiMeR, which is detailed in our Methods.
The horizontal black bars in both panels indicate the mean across 50 re-
peat experiments.
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