POLITECNICO
MILANO 1863

SCUOLA DI INGEGNERIA INDUSTRIALE

E DELLINFORMAZIONE

EXECUTIVE SUMMARY OF THE THESIS

Causal proteomic predictors of diabetes in South-Asia:
a methodological and applied study using Stability Selection and

Mendelian Randomization

LAUREA MAGISTRALE IN MATHEMATICAL ENGINEERING - INGEGNERIA MATEMATICA

Author: PAorLo TRIFILIO
Advisor: PRorF. FRANCEsScA IEvaA
Co-advisors: SOLENE CADIOU, NICOLE FoNTANA

Academic year: 2025-26

1. Introduction

Type 2 diabetes is a chronic metabolic condition
characterized by high blood sugar levels due to
the body’s ineffective use of insulin. Globally,
type 2 diabetes is a growing public health cri-
sis, with the sharpest increases seen in low- and
middle-income countries. Bangladesh is partic-
ularly affected, currently ranking eighth world-
wide in diabetes prevalence. In this context, it
is critically important not only to identify early
predictors of type 2 diabetes, but also to un-
cover causal factors that could serve as therapeu-
tic entry points to prevent disease onset. Blood
proteins in particular are interesting causal can-
didates because of both their functional rele-
vance and suitability as drug targets. This thesis
addresses both methodological and clinical re-
search objectives. On the methodological side,
it assesses the usability of SS as a causal selec-
tion method. Although SS is not a formal causal
inference method, it’s expected to perform well
in this regard. The method prioritizes stable
predictors, and since these are repeatedly se-
lected across various model configurations, they
may more likely represent underlying causal re-

lationships rather than random noise or simple
associations. We will therefore apply SS to se-
lect proteins related to diabetes onset among a
set of 7244 plasma proteins. To assess whether
the proteins selected by SS can indeed be con-
sidered causal, their associations will be evalu-
ated against existing evidence from the litera-
ture as well as through Mendelian Randomiza-
tion (MR), a well-established causal inference
approach. The second, clinical aim, of the the-
sis is to evaluate causal effects of all available
plasma proteins on type 2 diabetes. The data
used in this thesis come from the BELIEVE co-
hort study [1], a South-Asian cohort which con-
tains genetic and clinical data and extensive pro-
teomics measurements for around 10000 individ-
uals.

2. Methods

2.1. Stability Selection

Stability Selection (SS) is a statistical method
designed to identify a stable set of predictors,
especially for high-dimensional datasets. Intro-
duced by Meinshausen and Biihlmann in 2010
[2], it can be seen as an extension of LASSO (or



any variable selection model that depends on a
regularization parameter \). This method ad-
dresses a key limitation of methods like LASSO:
small changes in the data often lead to differ-
ent sets of selected variables, particularly when
features are highly correlated or when the num-
ber of variables greatly exceeds the number of
observations. In Stability Selection, data are
perturbed multiple times through subsampling,
and the selection frequency of each variable is
recorded across a large number of iterations. A
variable is considered “stable” if it is selected
with a frequency higher than a chosen thresh-
old 7, across N repetitions and for a given reg-
ularization parameter X\. However, choosing op-
timal values for the parameters (A, 7) is non-
trivial and can lead to suboptimal results. In-
deed, in its first version SS lacked an analyti-
cal method to derive such values simultaneously
and had to find the optimal value of one pa-
rameter given a fixed and arbitrary value of the
other. To address this calibration problem, Bo-
dinier et al. [3| proposed a likelihood-based met-
ric known as the stability score. This score quan-
tifies how unlikely it is that the observed pattern
of variable selection arises under a null model
of random selection. Assuming independence of
subsamples and binomially distributed selection
counts, they derived the likelihood of observing
a certain classification of variables (as stably se-
lected, unstably selected, or stably excluded).
The stability score is then defined as the nega-
tive log-likelihood under the null hypothesis of
equiprobability of selection:

S)\Jr = _IOg(LA,W)v (1)

where L) , is the likelihood of the observed se-
lection pattern given the model parameters. A
higher score indicates greater stability, meaning
that the selected set of variables is less likely to
result from random noise. Therefore, an optimal
pair (A\*,7*) can be formally determined as the
one maximizing the stability score:

(A*,m*) = arg max S) . (2)

A,
Although Stability Selection is not a formal
causal inference method, it identifies predictors
that remain consistently selected across different
model specifications, subsamples, or small data
perturbations. Indeed, true causal relationships

tend to be stable, whereas spurious associations
often disappear or change direction when the
data or model changes. Therefore, predictors
repeatedly selected by SS are more credible as
potential causal candidates.

2.2. Mendelian Randomization

The Mendelian Randomization algorithm [4] is a
method that uses genetic data as proxys for the
exposure: the method will compute the associa-
tion between a genetic instrument (called SNP)
and both outcome (in our case, type 2 diabetes)
and exposure (the blood proteins), and then
leverage these effects to estimate the causal re-
lationship between exposure and outcome. The
MR algorithm requires the following assump-
tions (see Figure 1 for a visual representation):

1. The SNP Z is associated with the non ge-
netic exposure X;

2. The SNP Z is independent on possible con-
founding factors U that affect both the ex-
posure X and the outcome Y;

3. The SNP Z is related to the outcome Y only
via the association with exposure X.
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Figure 1: Visual representation of MR’s hypoth-
esis. The arrows represent causal links.

The simplest way of estimating causal effects us-
ing MR is the so-called Wald estimator, because
it makes use of just a single SNP for each ex-
posure of interest. The estimated effect is com-
puted as

Brv = o7y (3)
Bzx

where Bzy is the regression coefficient for the
outcome Y on the SNP Z, and B is the re-
gression coeflicient for the exposure X on the
SNP Z. In case of binary variables, logistic re-
gressions are being performed, so the results are
in the log-odds scale.

Finally, MR can be conducted using either one



sample or two sample designs. The main differ-
ence lies in the data source: one sample MR es-
timates both SNP—exposure and SNP-outcome
associations within the same cohort, whereas
two sample MR uses two independent datasets.
One sample MR is more susceptible to overfit-
ting, which can exaggerate causal estimates and
bias them toward the observational association.
Consequently, one sample MR results require
careful interpretation, especially in studies with
small sample sizes or limited statistical power.
Two sample MR is also susceptible to bias, as
using an external study may involve a broader
population, potentially introducing population
bias in the genetic data. In this thesis, due to
the limited cohort size (n = 1270), both one
sample and two sample MR approaches were em-
ployed to balance the trade-offs between statis-
tical power and potential biases.

3. Data engineering

The data we wused came from the BE-
LIEVE (BangladEsh Longitudinal Investiga-
tion of Emerging Vascular and nonvascular
Events) cohort study, a large-scale research ini-
tiative aimed at quantifying the burden of non-
communicable diseases in urban, rural, and ur-
ban slum areas of Bangladesh. It consisted
of 9934 initial patients for which 7244 protein
measurements (that were inverse-normal trans-
formed and then scaled) were available, as well
as 6 relevant confounding factors (age, sex,
smoking status, kidney disease, fasting time,
BMI), and information about type 2 diabetes. In
particular, for each patient we had both preva-
lent and incident type 2 diabetes. What this
means is that at a certain time point ¢, pro-
tein levels were measured, and each patient’s di-
abetes status was recorded. If a patient was al-
ready diabetic at this time, we referred to this as
prevalent diabetes. At a later time point t* > ¢,
diabetes status was assessed again. New cases
identified at this stage were classified as inci-
dent diabetes. Since causal links could only be
established for patients who were non-diabetic
at baseline (), we had to restrict the number of
patients to 1391.

To prepare the data for Stability Selection and
LASSO modeling, two versions of the dataset
were used: the full dataset (D) and a re-
duced version (D). The reduced dataset was

obtained by conducting a Protein-Wide Asso-
ciation Study (PWAS), selecting 447 proteins
that showed a statistically significant association
with type 2 diabetes after Bonferroni correction,
with the aim of removing "noise" proteins.

To adjust for confounding variables, we com-
puted residual matrices: for each protein, its
values were regressed on the covariates, and the
residuals were extracted. This process produced
two residual matrices, R and R, corresponding
to the full and reduced datasets. These matri-
ces capture the portion of protein variation not
explained by confounders and are used as inputs
for subsequent modeling.

For the MR analyses, two main datasets were
required:

e the outcome_data contained the SNP-
outcome associations. The data was differ-
ent between one sample MR and two sam-
ple MR. To generate the one sample MR
outcome data, patients were linked to their
genetic data, and associations were com-
puted adjusting for covariates (the same as
in the Stability Selection analyses) plus the
first ten genetic principal components to ac-
count for population structure. Due to in-
complete patient data, the cohort was re-
duced to 1270 individuals, limiting statisti-
cal power. The outcome data for two sam-
ple MR was obtained using an external out-
come data from Loh et al. [5], which in-
cluded a much larger population of 50533
South-Asian individuals.

e the exposure_data contained the SNP-
exposure associations, and was obtained
from a pre-existing study. Since we adopted
a single-SNP MR, approach, we included
only one SNP per protein. To ensure the
strongest possible instrument, we retained
the most significant cis-SNP for each pro-
tein. This was done because cis-acting
SNPs are the genetic variants located close
to the gene encoding the protein, there-
fore making them more suitable as instru-
ments. Moreover, only proteins whose SNP
was still present in the outcome data could
be used for the analysis. These restrictions
reduced the protein set from 7244 to 1477
proteins for one sample MR and from 7244
to 855 for two sample MR.



4. Results

4.1. Stability Selection

The first step in the Stability Selection analysis
was to assess the consistency of the model, i.e.
understanding the impact of different input sets
on the output. To this end, four different models
were implemented, each using a different input
set:

e Model 1 (Mpgserine) was the reference
model. It used the residual matrix R as in-
put and identified 20 proteins, of which 18
were unique, with 2 detected through two
separate measurements.

e Model 2 (Mperturbed) used a modified input
set composed of the 20 proteins identified
by Mpaseline, combined with 427 randomly
selected proteins (for a total of 447). Its
purpose was to assess whether adding ran-
dom noise could affect the stability of the
selection.

e Model 3 (M,qndom) used an entirely ran-
dom set of 447 proteins from the full list.
It served to evaluate how many of the pro-
teins identified in Mpggepine Would be recov-
ered when included in the input.

e Model 4 (Myyy) used the complete resid-
ual matrix R, including all 7244 proteins,
without any preselection. The aim was to
test whether the inter-correlation among all
proteins would influence the final selection.

These four configurations allowed for a com-
prehensive evaluation of Stability Selection’s ro-
bustness and its sensitivity to input variations.
To fully assess the role of chance in feature se-
lection, all models were run 100 times with dif-
ferent random seeds. This included the four SS
models and two LASSO models: one with pres-
election (LASSO,equced) and one using the full
set of 7244 proteins (LASSOyyu). The results
were overall consistent across runs, with impor-
tant differences between fixed and variable input
configurations:

e Fixed input models (Mpgsetine and M)
consistently produced the same output
across all runs. The only difference was
a loss of three proteins from Mpgseiine t0
Mpyy. This variation is expected and not
concerning: the more correlated variables
are added, the more LASSO may pick one
of a correlated group interchangeably across

subsamples. Therefore, selection probabili-
ties tend to decrease.

e Variable input models showed more
variability, but still strong consistency:
Myerturvea  successfully recovered all 18
unique baseline proteins in every run
(though it also included additional ones
due to the noisy input) and M,qndom
managed to detect all baseline proteins
that happened to be included in the input
set in 87% of the runs (again with some
extra detections).

e LASSO models proved less reliable for iden-
tifying a stable set of predictors. Neither
was able to recover all the 18 unique sta-
ble proteins of Stability Selection, and the
number of selected features varied more sig-
nificantly compared to Stability Selection.

All these analyses showed that the automati-
cally calibrated SS method is stable when ap-
plied to a single dataset, unlike LASSO. The 20
proteins detected by Mpgserine (which compre-
hend the 18 unique proteins, with 2 being mea-
sured twice) will be therefore denoted as the SS
proteins. Regarding the predictive performance
of Stability Selection compared to LASSO, we
observed that, although stable predictors are
not necessarily the most predictive by defini-
tion, SS achieved comparable performance to
LASSO, with only a minimal reduction in pre-
dictive power. Given its additional advantage
of consistently identifying stable subsets of vari-
ables, Stability Selection can be considered to
outperform LASSO overall.

Finally, we performed an extensive literature
review on the SS proteins. This process showed
that SS is promising when looking for causal
predictors, since 8 out of the 18 unique proteins
(N-terminal pro BNP,Adiponectin, Kallistatin,
Growth Hormone Receptor,Epidermal Growth
Factor  Receptor, Afamin, Insulin-like  growth
factor-binding protein 2 and Stromal cell-
derived factor 1) have strong evidence of a
possible causal role in the development of type
2 diabetes.

4.2. Mendelian Randomization

The Mendelian Randomization analyses were
conducted both on the SS proteins (to investi-
gate their potential causal role in type 2 dia-
betes) and to all available proteins, to capture



additional causal candidates that SS might have
missed and to better address our clinical ques-
tion. Given the limited size of our cohort (1270
patients), one sample MR was expected to suf-
fer from limited statistical power, increasing the
risk of false negatives. To address this, two sam-
ple MR was performed using external outcome
data from Loh et al. [5]. However, the exter-
nal dataset was also relatively small (50533 in-
dividuals) compared with the typical standards
in genetic studies, and most importantly, it also
introduced potential population bias, as partici-
pants were drawn from across South Asia rather
than exclusively from Bangladesh. To at least
mitigate the number of false positives, a Bon-
ferroni correction for multiple testing was ap-
plied to every MR analysis. When focusing on
the SS proteins, neither the one sample nor the
two sample MR identified any significant causal
effects after correction. The only notable find-
ing was the raw (uncorrected) estimate for N-
terminal pro-BNP, which appeared as a causal
risk factor in the one sample MR, a causal pro-
tective factor according to both SS results and
the existing literature, and non-causal in the two
sample MR. This inconsistency highlights the
unreliability of uncorrected estimates, suggest-
ing that the apparent association detected by
one sample MR is likely due to chance and can-
not be considered credible. Overall, the limited
statistical power of the current MR analyses can
not fully validate Stability Selection as a tool for
causal inference.

Extending the MR analyses to the full set of
available proteins yielded similar results, as no
causal associations were detected in either the
one sample or two sample MR after Bonfer-
roni correction for multiple testing. When con-
sidering the raw (uncorrected) results, a large
number of apparent associations emerged (be-
ing 37 for one sample MR and 47 for two sample
MR), most of which are likely false positives.
Among these, one sample MR identified 10 pro-
teins supported by previous literature as poten-
tially causal, whereas two sample MR identified
only 3. A summary of the MR results is reported
in Table 1.

‘With Bonferroni
correction

‘Without Bonferroni
correction

One sample MR

. 0 1 (reverse effect)
(20 SS proteins)

Two sample MR 0 0

(11 SS proteins)

One sample MR 0 10 (3 reverse effects)

(1477 proteins)

Two sample MR

3 0 3 (1 reverse effect)
(855 proteins)

Table 1: Summary of the MR results.

5. Discussion and conclusion

Type 2 diabetes is a complex, multifactorial dis-
ease affecting millions worldwide, and identify-
ing its causal molecular drivers remains a ma-
jor challenge. This thesis addressed two differ-
ent research questions: a methodological one,
testing the ability of Stability Selection to iden-
tify causal predictors, and a clinical one, aim-
ing to uncover proteins potentially causal for
type 2 diabetes among the 7244 plasma pro-
teins measured. Stability Selection proved ro-
bust and consistent, reliably identifying 18 sta-
ble proteins across multiple input configurations.
Compared to classical LASSO regression, SS
achieved greater model stability while maintain-
ing competitive predictive performance, high-
lighting its value for prioritizing predictive vari-
ables even without formal causal inference.

The proteins identified by SS were further eval-
uated using both one sample and two sample
MR, along with a review of the literature. How-
ever, due to limited statistical power, MR did
not select any causal candidate. Nevertheless,
the literature review pointed out 8 out of the
18 SS proteins as promising causal candidates,
suggesting the possible use of SS for causal in-
ference. When all available proteins were con-
sidered for MR, several candidates showed par-
tial agreement with prior evidence, but no as-
sociations remained significant after correcting
for multiple testing. The main limitations were
small sample size for one sample MR (and to
a certain extent to two sample MR) and co-
hort heterogeneity for two sample MR, which re-
duced statistical power despite generally strong
instrumental variables. These results indicate
that, under current data constraints, MR alone
cannot neither robustly validate SS proteins as
causal predictors nor find any causal predic-
tor. Nevertheless, SS could be particularly use-
ful when two sample MR is not feasible (e.g.,
highly specific populations or outcomes), due to



its promising nature in detecting causal predic-
tors being confirmed by the literature. Over-
lapping findings between SS and MR could pro-
vide higher confidence in identifying causal pro-
teins, and the framework is likely to improve
with larger cohorts.
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