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A B S T R A C T

Background: Polygenic risk scores for Alzheimer’s disease (AD-PRS) are widely used to estimate genetic sus
ceptibility to AD, but their relationship with the rate of cognitive decline (CD) after clinical onset remains 
insufficiently characterized.
Objectives: To examine the association between AD-PRS and longitudinal CD across the AD spectrum and to 
evaluate the predictive contribution of individual AD-PRS variants.
Design: Large longitudinal observational study in a single-center cohort, with an external cohort to assess 
generalizability.
Setting: Memory clinic cohort from Ace Alzheimer Center Barcelona (Ace) with external cohort using data from 
the Alzheimer’s Disease Neuroimaging Initiative (ADNI).
Participants: The study included 7,233 patients from Ace and 863 from ADNI, with a mean follow-up of 5.4 years 
in Ace and 3.6 years in ADNI. A biomarker sub-cohort included 1075 participants from Ace and 569 from ADNI.
Measurements: CD was quantified as the annual change in Mini-Mental State Examination (MMSE) scores esti
mated using linear mixed-effects models. Associations between AD-PRS and longitudinal MMSE trajectories were 
tested adjusting for clinical and sociodemographic (CSD) variables and APOE genotype. Machine learning models 
and SHapley Additive exPlanations (SHAP) were used to evaluate the predictive relevance of individual variants.
Results: Higher AD-PRS was associated with faster CD in the full clinical cohort and in biomarker subset, inde
pendently of APOE genotype. AD-PRS was not associated with baseline MMSE. APOE ε4 was associated with 

# Corresponding author: Sergi Valero, Address: Carrer del Marquès de Sentmenat, 57, Les Corts, 08029 Barcelona, Phone: +34 934447318, Fax: +34 934101701.
E-mail address: svalero@fundacioace.org (S. Valero). 

* Data used in preparation of this article were obtained from the Alzheimer’s Disease Neuroimaging Initiative (ADNI) database (adni.loni.usc.edu). As such, the 
investigators within the ADNI contributed to the design and implementation of ADNI and/or provided data but did not participate in analysis or writing of this report. 
A complete listing of ADNI investigators can be found at: http://adni.loni.usc.edu/wp-content/uploads/how_to_apply/ADNI_Acknowledgement_List.pdf

Contents lists available at ScienceDirect

The Journal of Prevention of Alzheimer's Disease

journal homepage: www.elsevier.com/locate/tjpad

https://doi.org/10.1016/j.tjpad.2026.100658
Received 7 April 2026; Received in revised form 3 July 2026; Accepted 10 August 2026  

The Journal of Prevention of Alzheimer’s Disease 13 (2026) 100658 

Available online 13 August 2026 
2274-5807/© 2026 The Authors. Published by Elsevier Masson SAS on behalf of SERDI Publisher. This is an open access article under the CC BY-NC-ND license 
( http://creativecommons.org/licenses/by-nc-nd/4.0/ ). 

https://orcid.org/0009-0001-5111-4556
https://orcid.org/0009-0001-5111-4556
https://orcid.org/0000-0002-9805-2137
https://orcid.org/0000-0002-9805-2137
https://orcid.org/0000-0002-2148-381X
https://orcid.org/0000-0002-2148-381X
https://orcid.org/0000-0003-0125-5403
https://orcid.org/0000-0003-0125-5403
https://orcid.org/0000-0002-2252-3887
https://orcid.org/0000-0002-2252-3887
https://orcid.org/0000-0002-1191-5893
https://orcid.org/0000-0002-1191-5893
https://orcid.org/0000-0003-0329-6487
https://orcid.org/0000-0003-0329-6487
https://orcid.org/0000-0002-0660-0950
https://orcid.org/0000-0002-0660-0950
https://orcid.org/0000-0003-2633-2495
https://orcid.org/0000-0003-2633-2495
https://orcid.org/0000-0002-6599-948X
https://orcid.org/0000-0002-6599-948X
mailto:svalero@fundacioace.org
http://adni.loni.usc.edu/wp-content/uploads/how_to_apply/ADNI_Acknowledgement_List.pdf
www.sciencedirect.com/science/journal/22745807
https://www.elsevier.com/locate/tjpad
https://doi.org/10.1016/j.tjpad.2026.100658
https://doi.org/10.1016/j.tjpad.2026.100658
http://crossmark.crossref.org/dialog/?doi=10.1016/j.tjpad.2026.100658&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/


lower baseline MMSE and faster CD only in the full clinical sample. Genetic predictors provided limited 
improvement beyond CSD variables, and model performance showed limited reproducibility across cohorts.
Conclusions: AD-PRS is associated with longitudinal CD across the AD spectrum. Although polygenic burden 
contributes to variability in cognitive trajectories, its added predictive value beyond routinely available clinical 
variables remains modest.

1. BACKGROUND

Alzheimer's disease (AD) primarily affects the elderly population and 
is the leading cause of dementia worldwide, posing a major challenge for 
healthcare systems[1]. At the neuropathological level, AD is traditionally 
defined by the accumulation of truncated amyloid-β peptides (Aβ) and 
hyperphosphorylated tau protein[2]. However, AD often coexists with 
additional pathologies, contributing to its clinical heterogeneity[3].

The onset and progression of AD involve a complex interplay of ge
netic predispositions, biological factors, and environmental influences. 
Well-characterized environmental factors include physical activity, 
schooling, and smoking, while aging is the strongest biological risk 
factor. Cognitive reserve and family history further influence variability 
in disease progression[1].

Most AD cases follow a sporadic, non-Mendelian pattern and are 
influenced by a combination of genetic and non-genetic factors. Among 
the well-studied genetic risk factors, the apolipoprotein epsilon (APOE) 
ε4 allele has shown a strong association with late-onset AD and repre
sents the most influential common genetic determinant identified to 
date[4]. However, AD susceptibility is highly polygenic, and the com
bined contribution of numerous variants with small individual effects 
complicates the study of their role across disease stages[5].

In this context, genome-wide association studies (GWAS) have emerged 
as a powerful tool for investigating complex genetic contributions to dis
eases such as AD[6-8]. By analyzing large cohorts of cases and controls, 
GWAS can detect single-nucleotide polymorphisms (SNPs) that show sig
nificant frequency differences between groups, thereby identifying loci 
linked to disease susceptibility[9]. One of the main translational applica
tions of GWAS findings is the calculation of polygenic risk scores (PRS), a 
weighted sum of GWAS-identified risk alleles reflecting their estimated 
effect on the phenotype of interest[10-12]. PRS for AD have been proven 
valuable in quantifying genetic liability and enabling individual-level risk 
stratification[13]. One of the most comprehensive AD-PRS to date, pro
posed by Bellenguez et al.[14], incorporates 83 SNPs (excluding APOE) 
associated with genetic susceptibility to AD, capturing pathways related to 
Aβ metabolism, tau binding, inflammation, and microglial activation.

Many studies employing AD-PRS focus on early disease stages, particu
larly on estimating the risk of progression from mild cognitive impairment 
(MCI) to AD dementia (ADD)[15]. Although some studies have examined 
associations between AD-PRS and longitudinal cognitive decline (CD), these 
analyses are less common and often limited to preclinical or early disease 
populations[16,17]. Meanwhile, longitudinal studies of cognitive trajec
tories have frequently focused on individual genetic factors, particularly the 
APOE genotype, rather than the broader polygenic architecture captured by 
AD-PRS[18,19]. As a result, the influence of cumulative polygenic burden 
on the rate of CD after clinical diagnosis remains insufficiently character
ized, and the contribution of individual PRS variants has rarely been 
explored[20]. Importantly, it remains unclear whether AD-PRS provides 
meaningful incremental predictive value beyond routine clinical variables 
and whether these effects are reproducible across independent cohorts.

In contrast, increasing efforts have been dedicated to predicting CD using 
non-genetic markers, including neuroimaging measures, cerebrospinal fluid 
(CSF) biomarkers and neuropsychological tests[21,22]. Although effective, 
these models often omit the genetic dimension, which could further refine 
individual risk stratification and trajectory modeling[23].

In this study, we hypothesized that the AD-PRS associated with AD 
susceptibility may offer insight into CD across the AD spectrum. For this 
purpose, using one of the largest longitudinal single-center cohorts of 

individuals clinically diagnosed with either MCI or ADD we analyzed the 
association of the AD-PRS on CD across the AD spectrum. CSF bio
markers were incorporated to account for biological evidence of AD 
pathology. Furthermore, leveraging machine learning (ML) techniques, 
we examined the predictive value of individual SNPs within the AD-PRS 
and identified variants associated with CD at both prodromal and de
mentia stages of the disease.

2. METHODS

2.1. Study participants

This study included data from individuals evaluated at the Memory 
Clinic of Ace Alzheimer Center Barcelona (Ace) between February 1997 
and December 2025. Patients were referred to the Memory Clinic by their 
general health practitioner or other healthcare professionals, or they 
attended the Open House Initiative without a prior referral from a physi
cian[24]. All patients completed neurological, neuropsychological, and 
social worker evaluations at Ace[25,26]. Final diagnoses were established 
by an interdisciplinary team including neurologists, neuropsychologists, 
and social workers at a diagnostic consensus conference[27].

For this analysis, individuals diagnosed at baseline with MCI and a 
Clinical Dementia Rating (CDR) of 0.5[28], as well as those clinically 
diagnosed with ADD with a CDR of ≥ 1 (including CDR=1 and CDR=2) 
[29], were included.

A biomarker subanalysis was conducted in participants with avail
able CSF AD biomarkers. Aβ status was assessed using the Aβ42/40 ratio 
in the Ace cohort and Aβ40 levels in ADNI due to data availability, while 
phosphorylated tau (p-tau) levels were also assessed. The main analyses 
were then repeated in this biomarker subgroup to assess whether the 
association between AD-PRS and CD remained after accounting for AD- 
related biomarker measures.

Data used as external cohort to assess generalizability was obtained 
from the Alzheimer’s Disease Neuroimaging Initiative (ADNI) database 
[30]. The ADNI was launched in 2003 as a public-private partnership, led 
by Principal Investigator Michael W. Weiner, MD. The primary goal of 
ADNI has been to test whether serial magnetic resonance imaging, positron 
emission tomography, other biological markers, and clinical and neuro
psychological assessment can be combined to measure the progression of 
MCI and early AD. Diagnostic criteria in the ADNI cohort were consistent 
with those in the Ace cohort. Individuals in the MCI group were required to 
have a CDR global score of 0.5 and a memory box score of at least 0.5, 
supported by scores on the MMSE and the Wechsler Logical Memory II 
subscale (WMS-LM), adjusted for education level[31]. For ADD, a CDR 
global score of ≥1 was required, with diagnosis further confirmed by 
MMSE and WMS-LM scores, also adjusted for educational level.

2.2. Genetic data

Genetic data from the ACE and ADNI cohorts underwent standard
ized quality control and imputation. Details of the AD-PRS construction 
are provided in the Supplementary Material.

2.3. Quantification of the cognitive decline

CD was quantified as the individual annual rate of change in MMSE 
scores estimated from longitudinal data. All available MMSE assess
ments from baseline to the last follow-up visit were included, with time 
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defined as years since baseline. A linear mixed-effects model (LMM) was 
fitted with participant-specific random intercepts and random slopes for 
time. This approach estimated individual MMSE slopes (points/year) by 
combining the fixed effect of time with each participant-specific random 
slope, while accounting for within-subject correlation and unequal 
numbers of visits. More negative slope values indicated faster CD. MMSE 
was selected due to its widespread use and availability across cohorts, 
ensuring methodological consistency and direct comparability[32,20].

To evaluate the robustness and clinical relevance of the findings, 
complementary analyses were performed using neuropsychological com
posite domains covering memory, attention, visuospatial functions, exec
utive functions, language, orientation, and praxis. These domain-specific 
measures allowed assessment of cognitive trajectories beyond the global 
cognitive performance captured by the MMSE. Detailed information 
regarding the construction and validation of these composites has been 
previously described by García-Gutiérrez et al.[33]. Inter-domain corre
lations were moderate, reflecting the expected overlap among cognitive 
abilities. Nevertheless, collinearity diagnostics suggested adequate differ
entiation among the composites, with VIF values ranging from 1.44 to 2.45 
and tolerance values from 0.41 to 0.70. These findings support the inclu
sion of multiple cognitive domains within the same model and indicate that 
the associations observed between PRS and cognitive performance are 
unlikely to be solely explained by overlap among cognitive measures.

2.4. Statistical analysis in the Ace cohort

LMMs were used to examine the relationship between the AD-PRS 
and CD in the Ace cohort. As described in Section 2.3, longitudinal 
MMSE scores were modeled over time, with time defined as years since 
baseline. MMSE was specified as the dependent variable, and 
participant-specific random intercepts and random slopes for time were 
included to account for within-subject correlation and inter-individual 
variability in cognitive trajectories.

An initial model included time, AD-PRS (standardized), and baseline 
diagnosis (MCI vs. ADD), as well as their interactions. Specifically, a 
three-way interaction between time, AD-PRS, and baseline diagnosis 
was incorporated to formally test whether the association between ge
netic burden and the rate of CD differed across disease stages. Models 
were additionally adjusted for age at baseline, sex, years of formal ed
ucation, and APOE ε4 and ε2 allele count. Age and years of education 
were mean-centered prior to analysis.

To evaluate potential effect modification, additional interactions 
with time were introduced for selected covariates, allowing the rate of 
CD to vary according to these factors. The interaction between time and 
APOE ε4 allele count was included to assess whether APOE ε4 influenced 
longitudinal trajectories independently of AD-PRS. Differences between 
disease stages were examined through interactions with baseline diag
nosis within the LMM framework, enabling direct comparison of effect 
estimates across diagnostic groups without stratifying the sample.

In biomarker subanalysis, models included baseline Aβ and p-tau 
levels as continuous covariates. Interactions between each biomarker 
and time were also incorporated to account for their potential influence 
on longitudinal cognitive trajectories.

2.5. Machine learning modeling

To investigate the predictive value of the individual SNPs forming 
the AD-PRS, ML techniques were applied. The primary goal was to 
identify SNPs with the highest predictive value for CD and quantify their 
contribution to model predictions. A wrapper-based feature selection 
approach was implemented for this purpose[34]. Models were trained 
using the Ace cohort, while the ADNI cohort was used as external cohort 
to assess generalizability.

Feature subsets were generated and evaluated using the Non-dominated 
Sorting Genetic Algorithm II (NSGA-II)[34,35], to simultaneously minimize 
(i) the mean absolute error (MAE) of the model and (ii) the number of 

selected predictors. NSGA-II identifies a set of non-dominated solutions 
(Pareto front) representing optimal trade-offs between objectives. Early 
stopping was applied after 50 generations if the best feasible MAE did not 
improve for 30 consecutive generations (tolerance = 1 × 10⁻⁴). As a sensi
tivity analysis, feature selection was repeated using Random Forest feature 
importance and Elastic Net regularization.

Analyses were conducted using CD as the dependent variable. Input 
variables included clinical and socio-demographic (CSD) variables (age 
at baseline, APOE ε2/ε4 allele count, education and sex) and gene allele 
counts of SNPs contributing to the AD-PRS[14]. In the biomarker sub
group, baseline CSF Aβ and p-tau measures were additionally included 
as candidate predictors. Baseline MMSE and follow-up time were 
excluded to minimize target leakage, as CD was quantified using MMSE 
slopes. All predictors were standardized prior to model fitting, and 
feature subsets were evaluated using Ridge regression (α=10) within a 
scaling pipeline. Ridge regression was used for feature selection due to 
its computational efficiency and stability in high-dimensional settings.

To reduce overfitting, feature selection was embedded within a nested 
cross-validation (CV) framework, using five-fold CV in the inner loop for 
subset evaluation and five-fold CV in the outer loop for performance esti
mation. Candidate subsets were required to include at least two predictors, 
while the maximum number of selectable predictors depended on sample 
size. From the resulting Pareto front, the subset with the lowest MAE was 
selected, prioritizing smaller feature sets when performance was compa
rable. Given the stochastic nature of the algorithm, the entire procedure 
was repeated ten times with different random seeds. Feature stability was 
assessed by calculating the frequency with which each feature was selected 
across folds and repetitions. Predictors appearing in at least 50% of runs 
were retained as stable predictors.

Subsequently, the predictive performance of the selected predictors 
was compared with (i) models including only CSD variables, (ii) models 
combining CSD variables and all SNPs, and (iii) models including CSD 
variables and the AD-PRS. An XGBoost regressor was used within a 
feature-scaling pipeline to capture non-linear effects and interactions. 
Hyperparameter optimization was performed by grid search within a 
nested CV framework in the Ace cohort, using repeated 10-fold CV in the 
outer loop for performance estimation and repeated 5-fold CV in the 
inner loop for model tuning. Model performance was assessed using 
MAE, explained variance, and Pearson correlation. After nested CV in 
Ace, the final tuned model was refitted on the full Ace cohort and 
evaluated once in the ADNI cohort to evaluate generalizability.

Model interpretability was assessed using the SHAP (SHapley Addi
tive exPlanations)[36,35], a method used for explaining feature con
tributions to model predictions[37]. SHAP values were estimated using 
TreeExplainer within the repeated outer CV procedure in Ace, and 
feature importance was summarized using mean absolute SHAP values 
across test-fold predictions.

Finally, feature selection was repeated on the ADNI cohort to assess 
result reproducibility and evaluate potential variations across datasets. 
The similarity between the feature sets identified in the Ace and ADNI 
cohorts was quantified using the Jaccard index, which measures the 
overlap between selected feature subsets across cohorts.

3. RESULTS

3.1. Study participants

A total of 7,233 individuals from the Ace cohort met the inclusion 
criteria for the primary analysis, including 2,721 participants with MCI 
(CDR=0.5) and 4,512 with ADD (CDR ≥1). The ADNI cohort included 
863 individuals (585 MCI and 278 ADD) (Table 1).

Across diagnostic groups, several sociodemographic differences were 
observed between datasets. ADNI participants had markedly higher 
educational attainment, whereas the Ace sample included a higher pro
portion of women. In the ADD group, ADNI participants were younger 
than those from Ace, while age differences in MCI were minimal. Baseline 
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MMSE scores were consistently higher in ADNI. Follow-up duration and 
the number of visits were generally greater in Ace. APOE ε4 carrier fre
quency was significantly higher in ADNI in both diagnostic groups. Mean 
AD-PRS values were comparable between cohorts. Finally, CD was steeper 
in the Ace cohort among participants with MCI, whereas decline was 
similar between cohorts in ADD.

For the biomarker subanalysis, 1075 individuals from the Ace cohort 
(729 MCI; 346 ADD) and 569 from ADNI (411 MCI; 158 ADD) had 
available baseline CSF AD biomarker data. The biomarker subgroup 
showed similar CSD characteristics to the full cohort (Table 1). CD 
remained steeper in Ace among participants with MCI (− 0.97 vs − 0.44), 
whereas slopes were nearly identical in ADD (− 1.84 vs − 1.85).

3.2. Linear-mixed models examining the association between AD-PRS and 
cognitive decline

LMMs were used to examine the association between AD-PRS and 
longitudinal MMSE trajectories in the Ace cohort (Table 2). At baseline, 
lower MMSE scores were observed in ADD compared with MCI (β =
− 5.42, p < 0.001). Older age (β = − 0.03, p < 0.001) and female sex (β =
− 0.46, p < 0.001) were linked to lower baseline MMSE, whereas higher 
years of education was associated with better baseline cognitive per
formance (β = 0.30, p < 0.001). APOE ε4 showed a negative association 
with baseline MMSE (β = − 0.26, p = 0.002). AD-PRS was not associated 
with baseline MMSE (p = 0.890), although a small interaction with 
diagnosis was observed (β = − 0.19, p = 0.054), indicating a non- 
significant trend across diagnostic groups.

Longitudinal analyses revealed a significant decline in MMSE over time 
(β = − 1.39 points/year, p < 0.001). Higher AD-PRS was associated with faster CD (Time × AD-PRS: β = − 0.19, p < 0.001). Similarly, individuals 

with ADD experienced steeper CD compared with those with MCI (Time ×
Diagnosis: β = − 0.84, p < 0.001). APOE ε4 was also linked to accelerated 
CD (Time ×APOE ε4: β = − 0.27, p <0.001). However, no significant three- 
way interaction was observed (p = 0.220), indicating that the association 
between AD-PRS and CD did not differ between MCI and ADD.

Biomarker-adjusted analysis showed comparable patterns (Table 3). 
At baseline, higher p-tau levels were associated with lower MMSE scores 
(β = − 0.39, p = 0.001), whereas Aβ42/40 ratio was not significantly 
associated with MMSE (p = 0.230). MMSE declined significantly over 
time (β = − 1.10 points/year, p < 0.001), and ADD diagnosis was again 
associated with steeper decline (Time × Diagnosis: β = − 0.62, p <
0.001). In contrast to the full sample, the association between AD-PRS 
and CD was attenuated and no longer reached statistical significance 
(p = 0.083), and APOE ε4 allele count was not significantly associated 
with CD (p = 0.417). Consistent with the main analysis, the three-way 
interaction between time, AD-PRS and diagnosis was not statistically 
significant (p = 0.401). Regarding AD biomarkers, higher baseline p-tau 
levels were associated with faster CD (Time × p-tau: β = − 0.44, p <
0.001), whereas lower Aβ42/40 ratios were associated with steeper CD 
over time (Time × Aβ42/40: β = 0.31, p < 0.001). These findings 
indicate that Aβ and tau pathology were associated with CD in partici
pants with available biomarker data.

To assess whether these findings extended beyond MMSE, comple
mentary analyses were performed using longitudinal cognitive com
posite scores. Consistent with the MMSE results, higher AD-PRS was 
associated with faster decline in executive functions (Time × AD-PRS: β 
= − 1.05, p < 0.001), language (β = − 1.50, p < 0.001), memory (β =
− 0.53, p = 0.001), orientation (β = − 1.62, p < 0.001), praxis (β =
− 0.75, p = 0.004), and visuospatial abilities (β = − 0.88, p = 0.001), 
whereas no significant association was observed for attention (p =
0.128). No significant three-way interaction between time, AD-PRS, and 
diagnosis was detected for any cognitive domain. Overall, these results 
were consistent with the primary MMSE analyses and indicate that the 
association between AD-PRS and CD is not restricted to a single cogni
tive measure.

Table 1 
Clinical and sociodemographic variables of the sample used for the study 
stratifying the whole Ace and ADNI cohorts.

MCI ADD

Ace ADNI Ace ADNI

Sample size 2721 585 ​ 4512 278 ​
Age (Mean, 

SD)
74.03 
(8.27)

73.58 
(7.75)

1.25* 79.29 
(7.45)

75.06 
(7.47)

9.15*‡

Sex (% 
Female)

60.79 37.78 103.83†‡ 70.57 44.96 80.37†‡

Years of 
schooling 
(Mean, SD)

7.75 
(4.73)

15.86 
(2.85)

54.46*‡ 5.65 
(4.23)

15.04 
(3.06)

48.47
*‡

Baseline 
MMSE 
(Mean, SD)

25.95 
(3.00)

27.65 
(1.82)

17.99*‡ 19.83 
(4.58)

23.55 
(2.24)

24.64
*‡

APOE ε4 
carrier (% 
Positive)

35.72 46.5 23.81†‡ 39.14 67.99 90.20†‡

APOE ε2 
carrier (% 
Positive)

8.53 8.21 0.06† 7.93 4.32 4.81†‡

AD-PRS 
(Mean, SD)

5.54 
(0.37)

5.54 
(0.36)

0.44* 5.57 
(0.38)

5.62 
(0.35)

2.25*‡

Follow-up 
visits 
(Mean, SD)

7.19 
(3.82)

6.23 
(2.92)

6.86*‡ 6.18 
(3.37)

4.11 
(1.33)

21.64
*‡

Years of 
follow-up 
(Mean, SD)

6.12 
(3.68)

4.70 
(3.37)

9.09*‡ 4.69 
(3.10)

2.44 
(1.54)

21.82
*‡

Slope (Mean, 
SD)

-1.39 
(1.00)

-0.79 
(1.11)

11.92*‡ -2.23 
(1.12)

-2.21 
(1.62)

0.23*‡

Abbreviations: AD-PRS, Alzheimer’s disease polygenic risk score; ADD, Alz
heimer’s disease dementia; MCI, mild cognitive impairment; MMSE, Mini- 
Mental State Examination; SD, standard deviation.

* Statistic obtained by performing a t-test for the comparison between the Ace 
and ADNI samples.

† Statistic obtained by performing a chi2-test for the comparison between the 
Ace and ADNI samples.

‡ Statistically significant value (p-value < 0.05).

Table 2 
Linear mixed-effects model examining the association between AD-PRS and 
longitudinal MMSE trajectories in the Ace cohort.

Predictor β (SE) p-value 95% CI

MAIN EFFECTS
Intercept 26.27 (0.19) <0.001 [25.89, 26.65]
Age (centered) -0.03 (0.01) <0.001 [-0.05, -0.02]
Sex -0.46 (0.10) <0.001 [-0.66, -0.25]
Years of education (centered) 0.30 (0.01) <0.001 [0.26, 0.31]
AD-PRS (z-score) -0.01 (0.08) 0.890 [-0.16, 0.14]
Diagnosis (ADD vs MCI) -5.42 (0.10) <0.001 [-5.62, -5.21]
APOE ε4 allele count -0.26 (0.08) 0.002 [-0.42, -0.10]
APOE ε2 allele count 0.27 (0.16) 0.095 [-0.05, 0.59]
DIAGNOSIS INTERACTION
AD-PRS × Diagnosis* -0.19 (0.10) 0.054 [-0.38, 0]
EFFECTS ON COGNITIVE DECLINE
Time (years) -1.39 (0.03) <0.001 [-1.46, -1.33]
Time × AD-PRS† -0.19 (0.03) <0.001 [-0.24, -0.13]
Time × Diagnosis† -0.84 (0.04) <0.001 [-0.91, -0.76]
Time × APOE ε4† -0.27 (0.03) <0.001 [-0.34, -0.21]
Time × AD-PRS × Diagnosis‡ 0.05 (0.04) 0.220 [-0.03, 0.12]

Abbreviations: AD-PRS, Alzheimer’s disease polygenic risk score; ADD, Alz
heimer’s disease dementia; MCI, mild cognitive impairment; MMSE, Mini- 
Mental State Examination; SE, standard error; CI, confidence interval.

* Tests whether the association between AD-PRS and baseline MMSE differs 
between MCI and ADD.

† Tests whether the specified variable influences the rate of MMSE change over 
time.

‡ Tests whether the influence of AD-PRS on longitudinal MMSE change differs 
between MCI and ADD.
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3.3. Feature Selection and Cross-Cohort Generalizability for ADD and 
MCI groups

As described in Section 2.5, feature selection was conducted to 
identify those variables with the highest predictive value for CD using 
ML techniques. The NSGA-II algorithm was applied to datasets from the 
Ace cohort stratified by diagnosis, and the same procedure was subse
quently applied to the ADNI cohort to assess the reproducibility of the 
selected predictors. As a sensitivity analysis, feature selection was also 
performed using Random Forest feature importance and Elastic Net 
regularization. Predictive performance was broadly similar across ap
proaches. However, NSGA-II was retained as the primary method 
because its multi-objective optimization framework explicitly identifies 
optimal trade-offs between prediction error and the number of selected 
predictors, enabling the selection of more parsimonious feature sets 
while maintaining comparable predictive performance.

In the Ace cohort, the algorithm identified 12 predictors for MCI and 23 
predictors for ADD in the full dataset. In the biomarker subset, 13 predictors 
were retained for MCI and 19 for ADD. CSD variables were frequently 
included among the selected predictors, particularly age, years of schooling, 
and APOE ε4 allele count. Several genetic variants were also selected, such as 
PLCG2 (rs12446759), HLA-DQA1 (rs6605556) and BIN1 (rs6733839).

The same procedure yielded fewer predictors in the ADNI cohort. In 
the full dataset, 12 predictors were selected for MCI and 6 for ADD, 
whereas in the biomarker subset, 12 predictors were retained for MCI 
and 10 for ADD. Consistent with the Ace cohort, age and APOE ε4 allele 
count were among the selected predictors. PRS was also retained in both 
MCI analyses, suggesting a consistent contribution of aggregated genetic 
risk across ADNI subsets.

Comparison of the selected feature sets showed limited overlap be
tween cohorts. In the MCI analysis of the full dataset, four predictors 
were shared between cohorts, including age, APOE ε4 allele count, and 
variants in PLCG2 and HLA-DQA1. In the ADD group, two predictors 
overlapped (age and SNX1 variant). In the biomarker subset, two shared 

predictors (age and CD2AP variant) were identified for MCI, whereas 
two genetic variants, INPP5D (rs10933431) and SPDYE3 (rs7384878), 
were common predictors in ADD.

Feature-set similarity was low across analyses. Jaccard similarity 
was 20% for MCI and 7.4% for ADD in the full dataset, and 9.1% for MCI 
and 9.5% for ADD in the biomarker subset.

3.4. Analysis of ML Models Incorporating CSD, Genetic Features, and 
Selected Variables

Figure 1 shows the MAE, explained variance, and Pearson correlation 
obtained for the four evaluated models (CSD, CSD + PRS, CSD + SNPs, 
and feature selection).

In the full dataset, model performance in the Ace cohort was similar 
across diagnostic groups and modeling approaches, with MAE values of 
approximately 0.74 in MCI and 0.88 in ADD, low explained variance 
(≈0.06), and modest correlations (r ≈ 0.03). In the ADNI cohort, perfor
mance was lower overall, with MAE values of approximately 1.03 in MCI 
and 1.32 in ADD, similar explained variance (≈0.06), and correlations of 
0.25 and 0.24, respectively. No model consistently outperformed the others.

In the biomarker subgroup, performance was generally modest 
across cohorts and models. In Ace MCI, MAE decreased to 0.60 
compared to full cohort, while for ADD performance improved to 0.90, 
in both groups explained variance decreased to zero and correlation to 
0.13. For ADNI MAE ranged from 0.81 to 0.88 across diagnostic groups, 
while explained variance remained close to zero and correlations were 
similarly low (r ≈ 0.10). Additional ML models incorporating CSF bio
markers yielded similar predictive performance and did not materially 
alter the relative contribution of genetic predictors.

Overall, performance differences were small across models, and 
models including genetic predictors did not meaningfully or consistently 
outperform those based solely on CSD variables, particularly in the ADNI 
cohort. These findings indicate that SNP-level predictors of CD lack 
robustness across cohorts and are highly context-dependent.

3.5. Feature relevance analysis

Feature relevance was evaluated using SHAP values to quantify the 
contribution of each variable to the prediction of CD (Figure 2). Positive 
mean SHAP values indicate that a feature increases the predicted MMSE 
slope, corresponding to slower CD, whereas negative mean SHAP values 
indicate a decrease in the predicted slope, corresponding to faster CD.

In the MCI group from the full dataset, age had the largest contri
bution in the Ace cohort. In the ADNI cohort, APOE ε4 allele count, AD- 
PRS, and age emerged as the most influential predictors, with APOE ε4 
showing the highest SHAP values. In both cohorts, higher APOE ε4 allele 
count was associated with positive SHAP values, indicating predictions 
of slower CD. Age showed opposite associations between datasets, 
contributing toward slower predicted CD in Ace (positive SHAP values) 
but faster predicted CD in ADNI (negative SHAP values). Several genetic 
variants, including HLA-DQA1 and PLCG2, also contributed to model 
predictions in both cohorts, although their SHAP values were substan
tially smaller than those of the clinical variables. Most variants showed 
negative contributions, indicating faster predicted CD.

In the ADD group from the full dataset, years of schooling represented 
the strongest contributor in the Ace cohort, followed by age, whereas age 
was the dominant predictor in the ADNI cohort. In Ace, higher years of 
schooling showed positive SHAP values, consistent with slower predicted 
CD. Age contributed negatively in Ace but positively in ADNI, again indi
cating opposite effects across cohorts. Genetic variants had limited 
importance in Ace. In contrast, several variants showed stronger contri
butions in ADNI, particularly SPDYE3 and ADAM17. Most variants shifted 
predictions toward faster CD, except for SNX1 and SHARPIN.

In the biomarker MCI subgroup, age remained the dominant pre
dictor in Ace and APOE ε4 allele count in ADNI. In both cohorts, age 
exhibited negative SHAP values, indicating predictions of faster CD. 

Table 3 
Linear mixed-effects model examining the association between AD-PRS and 
longitudinal MMSE trajectories the CSF biomarker subgroup.

Predictor β (SE) p-value 95% CI

MAIN EFFECTS
Intercept 26.54 (0.38) <0.001 [25.79, 27.29]
Age (centered) -0.02 (0.01) 0.094 [-0.05, 0.00]
Sex -0.35 (0.20) 0.079 [-0.74, 0.04]
Years of education (centered) 0.28 (0.02) <0.001 [0.23, 0.32]
AD-PRS (z-score) 0.03 (0.12) 0.819 [-0.21, 0.26]
Diagnosis (ADD vs MCI) -4.41 (0.21) <0.001 [-4.82, -4.00]
APOE ε4 allele count -0.10 (0.18) 0.575 [-0.46, 0.26]
APOE ε2 allele count 0.21 (0.35) 0.541 [-0.47, 0.90]
Ratio Aβ 42/40 (z-score) 0.17 (0.14) 0.230 [-0.11, 0.44]
pTau (z-score) -0.39 (0.12) 0.001 [-0.63, -0.15]
DIAGNOSIS INTERACTION
AD-PRS £ Diagnosis* -0.34 (0.20) 0.090 [-0.73, 0.05]
EFFECTS ON COGNITIVE DECLINE
Time (years) -1.10 (0.07) <0.001 [-1.24, -0.96]
Time £ AD-PRS† -0.09 (0.05) 0.083 [-0.20, 0.01]
Time £ Diagnosis† -0.62 (0.10) <0.001 [-0.81, -0.42]
Time £ APOE ε4† -0.07 (0.08) 0.417 [-0.23, 0.10]
Time x Ratio Aβ 42/40 0.31 (0.06) <0.001 [0.19, 0.43]
Time x pTau -0.44 (0.06) <0.001 [-0.55, -0.32]
Time £ AD-PRS £ Diagnosis‡ 0.08 (0.09) 0.401 [-0.11, 0.26]

Abbreviations: AD-PRS, Alzheimer’s disease polygenic risk score; ADD, Alz
heimer’s disease dementia; MCI, mild cognitive impairment; MMSE, Mini- 
Mental State Examination; SE, standard error; CI, confidence interval.

* Tests whether the association between AD-PRS and baseline MMSE differs 
between MCI and ADD.

† Tests whether the specified variable influences the rate of MMSE change over 
time.

‡ Tests whether the influence of AD-PRS on longitudinal MMSE change differs 
between MCI and ADD.
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Genetic contributions were reduced overall, with only SNX1 exceeding a 
mean SHAP value of 0.1 in the ADNI cohort. For the ADD subgroup, CSD 
variables showed little or no contribution to model predictions. In both 
cohorts, INPP5D and SPDYE3 showed the highest contribution; however, 
in ADNI, INPP5D presented a positive SHAP value, indicating pre
dictions of slower CD. PTK2B and ADAMTS1 also contributed in ADNI. 
Aβ and p-tau contributed only in Ace, with greater importance in ADD 
than MCI, and were not among the main predictors in ADNI.

Overall, CSD variables, particularly age and APOE ε4 allele count, 
were the main predictors, whereas individual genetic variants showed 

smaller and less consistent contributions across cohorts and diagnostic 
groups. As several predictors exhibited opposite SHAP directions be
tween cohorts, SHAP values should be interpreted as measures of rela
tive importance within each dataset rather than stable associations.

4. DISCUSSION

In this large longitudinal study, we show that AD-PRS is consistently 
associated with faster CD across the AD spectrum, while its incremental 
predictive value beyond routine CSD is limited. Using longitudinal data 

Figure 1. Predictive performance of different feature sets for cognitive decline estimated in the Ace cohort with external validation in ADNI. Boxplots represent the 
distribution of model performance across Ace nested cross-validation folds for four feature configurations: clinical and demographic covariates (CSD), CSD plus 
polygenic risk score (PRS), CSD plus all SNPs, and predictors selected by NSGA-II. Performance is reported for mean absolute error (MAE), explained variance, and 
Pearson correlation. Rows correspond to the four analysis groups: all subjects with MCI, all subjects with ADD, biomarker MCI, and biomarker ADD. Black diamond 
markers indicate the performance obtained when the final model trained on the full Ace dataset was evaluated on the independent ADNI cohort, representing 
external validation.
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from a large clinical cohort, we observed that higher AD-PRS was 
associated with faster CD, as reflected by MMSE trajectories and sup
ported by analyses of multiple neuropsychological cognitive domains. 
This association remained significant after adjusting for CSD variables 
and APOE genotype and was further evaluated in a biomarker subgroup 
accounting for continuous measures of Aβ and tau pathology. Together, 
these findings indicate that the cumulative genetic burden captured by 
AD-PRS contributes not only to disease susceptibility but also to the 
progression of CD after clinical onset.

Our results indicate that higher polygenic risk captured by AD-PRS is 
linked to faster CD, shown by the significant interaction between PRS and 
time in both the full clinical cohort[20]. Notably, AD-PRS was not associ
ated with baseline MMSE, suggesting that its influence primarily affects 
longitudinal disease progression rather than cross-sectional cognitive 
performance. Consistent associations across neuropsychological domains 

suggest that polygenic burden extends beyond global cognition. These 
findings support the notion that the cumulative association of multiple 
AD-related variants contributes to the rate of neurodegeneration once 
clinical symptoms are present, rather than determining baseline levels of 
cognitive impairment[38,39]. The persistence of PRS associations after 
adjusting for APOE genotype further indicates that polygenic risk captures 
genetic influences on disease progression beyond the well-established 
APOE ε4 associations[40-42].

Consistent with previous literature, APOE ε4 allele count was asso
ciated with lower baseline cognitive performance and faster CD in the 
full clinical sample, highlighting its central role in AD pathophysiology 
[43]. However, these associations were attenuated after adjustment for 
CSF Aβ and pTau levels and were no longer statistically significant. This 
attenuation is consistent with the well-established role of APOE in pro
moting Aβ accumulation and subsequent tau pathology, suggesting that 

Figure 2. Cross-cohort comparison of SHAP feature importance in Ace and ADNI models. Mean absolute SHAP values (|SHAP|) for the top 15 predictors are shown 
for models trained separately in the Ace and ADNI cohorts across four diagnostic groups: all-sample MCI, all-sample ADD, biomarker MCI, and biomarker ADD. Bars 
represent the mean absolute SHAP value averaged across cross-validation folds and indicate the relative contribution of each feature to model predictions. Solid bars 
correspond to models trained in the Ace cohort, while hatched bars represent models trained in the ADNI cohort. Colors indicate the average direction of the SHAP 
effect across samples. Red bars denote predictors with a negative mean SHAP value, indicating a tendency to decrease the predicted MMSE slope (i.e., shift pre
dictions toward more negative slopes, corresponding to faster cognitive decline). Blue bars denote predictors with a positive mean SHAP value, indicating a tendency 
to increase the predicted MMSE slope (i.e., shift predictions toward less negative slopes, corresponding to slower cognitive decline).
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a substantial proportion of the association between APOE and CD is 
mediated through these downstream pathological processes[44]. Simi
larly, the association between AD-PRS and CD was attenuated after 
adjustment for CSF biomarkers, with the effect estimate decreasing and 
no longer reaching statistical significance. Concurrently, baseline pTau 
and the Aβ42/40 ratio emerged as significant predictors of longitudinal 
CD, indicating that biomarker measures explain a substantial proportion 
of the variability in CD. Together, these findings suggest that part of the 
association between polygenic risk and CD may be accounted for by 
underlying AD pathology captured by Aβ and tau biomarkers.

No significant interaction between AD-PRS and diagnosis was 
observed for either baseline MMSE or longitudinal CD, suggesting that the 
influence of polygenic burden on CD is broadly consistent across the AD 
spectrum. These findings support the interpretation that AD-PRS con
tributes to variability in cognitive trajectories independently of disease 
stage and beyond the established effects of APOE genotype[17]. In this 
context, AD-PRS likely reflects the combined influence of multiple genetic 
variants involved in neurodegenerative processes, contributing to 
inter-individual heterogeneity in CD among individuals with AD[38,14].

From a predictive modeling perspective, our findings indicate that the 
incremental predictive value of genetic information beyond routinely 
available CSD variables is modest. Across most analyses, predictive per
formance was similar whether models included only CSD variables, the AD- 
PRS, all PRS-related SNPs, or the subset of predictors selected through 
NSGA-II. Although small improvements were occasionally observed in the 
Ace cohort, these gains were inconsistent and were not reproduced in the 
external ADNI cohort. Taken together, these results suggest that although 
genetic predictors contain information related to CD, their incremental 
predictive value in this setting is limited. Accordingly, AD-PRS should be 
viewed as a complementary source of biological information that may 
contribute to understanding disease heterogeneity and could become more 
valuable when integrated with additional biomarkers and multimodal 
predictors. The limited generalizability of these findings may, however, 
depend strongly on cohort characteristics and study design.

The limited generalizability of the ML models across cohorts likely 
reflects substantial differences between Ace and ADNI in sample 
composition and longitudinal structure[45,46]. As shown in Table 1, the 
cohorts differed markedly in educational attainment, sex distribution, 
APOE ε4 frequency, baseline MMSE, and longitudinal follow-up struc
ture. These differences likely contributed to the limited reproducibility 
of the predictive models by influencing both cognitive trajectories and 
the relative contribution of clinical and genetic predictors. This is 
particularly relevant for longitudinal analyses, as estimated rates of 
decline depend not only on biological progression but also on baseline 
disease severity, visit density, and observation time. Moreover, cohort 
differences in CD were most evident in MCI, whereas ADD trajectories 
were nearly identical across cohorts, suggesting greater heterogeneity 
during the prodromal stage. Thus, the modest generalization perfor
mance likely reflects both heterogeneity in disease trajectories and 
methodological differences in cohort ascertainment and follow-up. 
These findings further suggest that polygenic burden mainly captures 
upstream disease susceptibility, whereas clinical progression may be 
more directly driven by downstream pathological processes such as tau 
accumulation and neurodegeneration.

The feature selection analyses showed limited overlap between Ace 
and ADNI, with modest Jaccard similarity in the full-sample MCI anal
ysis and lower values in the remaining comparisons. This indicates 
limited stability of the selected predictor sets across cohorts, particularly 
in the biomarker analyses. Across analyses, age was the most consis
tently selected predictor, followed by APOE ε4 allele count, whereas the 
overlap of individual SNPs was limited. This pattern suggests that 
established predictors are more robust across cohorts than individual 
susceptibility variants. Overall, the limited overlap across cohorts sup
ports the interpretation that the contribution of individual SNPs to CD is 
modest and context-dependent, reinforcing the polygenic and hetero
geneous nature of disease progression.

The SHAP analyses were consistent with this interpretation. Across 
diagnostic groups and datasets, CSD variables (particularly age, years of 
education, and APOE ε4 allele count), showed the largest contributions 
to model predictions, whereas most individual SNPs exhibited smaller 
associations. Some variants contributed more strongly in specific ana
lyses, suggesting that the influence of individual SNPs on CD may vary 
across cohorts or disease stages. Overall, these findings are consistent 
with a polygenic architecture in which individual variants have modest 
associations, while their combined contribution captured by AD-PRS 
may better explain variability in CD[47].

Differences in the directional contribution of some predictors should be 
interpreted cautiously. Unlike regression coefficients, SHAP values do not 
estimate marginal associations with CD but quantify each predictor's 
contribution to the ML model after accounting for the remaining variables. 
Consequently, correlated predictors and their interactions may produce 
SHAP directions that do not align with the expected biological association of 
an individual variable. This is particularly relevant for genetic predictors 
such as APOE ε4, whose contribution may be distributed across correlated 
variables, including AD-PRS and clinical characteristics, or reflect cohort- 
specific patterns. Therefore, SHAP values are most informative for assess
ing the relative importance of predictors within a model rather than infer
ring biological effects or comparing association directions across cohorts.

Several limitations should be considered. Although the Ace cohort was 
large, the biomarker subgroup and the ADNI sample were smaller, reducing 
statistical power for interaction analyses and feature selection. In addition, 
the AD-PRS was derived from variants primarily associated with AD sus
ceptibility, some of which have also been linked to other neurodegenera
tive processes, and therefore may capture broader genetic influences on 
neurodegeneration rather than AD-specific mechanisms of progression. 
Potential confounding from unmeasured factors, such as medication use, 
comorbidities, and environmental exposures, was not addressed and may 
contribute to variability in cognitive trajectories. Furthermore, CD was 
summarized using individual linear MMSE slopes. Although this approach 
provides a robust and interpretable measure of longitudinal progression, 
cognitive trajectories, particularly in individuals with ADD, may be more 
heterogeneous and not always well approximated by a single linear trend. 
Thus, future studies incorporating more flexible longitudinal models may 
better capture disease progression and improve prediction accuracy. 
Finally, differences in recruitment, follow-up duration, and clinical 
assessment between Ace and ADNI may have contributed to the limited 
reproducibility of the predictive models across cohorts[45].

Despite these limitations, this study has several strengths, including a 
large, single-site longitudinal clinical cohort, an external cohort to assess 
generalizability, analyses in both clinically defined and biomarker sam
ples, and the integration of statistical and ML approaches to examine ge
netic associations with progression. The scale and longitudinal depth of the 
Ace cohort provide a unique opportunity to study cognitive trajectories 
across the full clinical spectrum within a single-center setting, minimizing 
heterogeneity in clinical assessment and follow-up. In addition, the use of 
longitudinal LMMs allowed individual cognitive trajectories to be esti
mated while accounting for heterogeneity in follow-up duration and 
number of visits. Together, these analyses indicate that polygenic burden 
contributes to variability in cognitive trajectories, even though the asso
ciations of individual variants are small.

In conclusion, this work advances our understanding of the genetic 
architecture underlying CD in AD. The AD-PRS is a significant, albeit 
modest, contributor to cognitive trajectories across the disease spectrum, 
particularly when contextualized alongside CSD. These findings high
light that polygenic burden contributes to variability in cognitive tra
jectories, although its incremental predictive value beyond routine 
clinical variables remains modest. Future research should prioritize 
enhancing model interpretability, expanding to multi-ethnic cohorts, and 
incorporating additional biological, environmental, and lifestyle data to 
fully capture the complexity of CD in AD. These efforts will be critical for 
developing precise, individualized tools for prediction and intervention 
in the clinical management of AD.
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