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Abstract 

Mild Cognitive Impairment (MCI) is a transition condition which is heterogeneous 

with variable rates of transition to Alzheimer Disease (AD). To improve clinical 

trial and/or intervene on case to case basis, people at risk of the rapid conversion 

should be properly diagnosed. The result of the analysis determines and validates 

a multi-modal machine learning system of of plasma biomarkers, neuroimaging, 

genetic and cognitive data that predicts 36-month MCI-to-AD progression. It was 

analyzed in terms of data of 412 MCI patients of the cohort of the Alzheimer 

Disease Neuroimaging Initiative (ADNI). They used penalized logistic regression 

model, which they erected by using baseline predictors, such as plasma p-tau217 

concentration, hippocampal volume, entorhinal cortex thickness, FDG-PET ratio 

of standard uptake values, APOE 4, genotype and cognitive composite score. The 

AUC-ROC, calibration metrics and the decision curve analysis were used to 

evaluate the performance of the model. The longitudinal latent class mixed 

modeling (LCMM) was used to determine the different cognitive paths. The cost-

effectiveness analysis was used to simulate the effects of p-tau217 prescreening on 

the size of research sample and cost of testing the biomarkers.Multi-modal model 

did a relatively good job in discriminative (AUC-ROC = 0.951, sensitivity = 0.903, 

specificity = 0.924) and the performance of the multi-modal model was also much 

high than the model of single-modality ( 0.0570.110, p < 0.001). Plasma p-tau217 

proved to be the most predictive (odds ratio = 17.18, p < 0.001), with a cut-off point 

of >2.5 pg/mL (enrichment ratio = 1.95), and screen-failure rate (44.7%). This 

approach of prescreening also reduced the clinical trial samples needed by 58 

percent and biomarker testing cost also reduced by 61 percent. Four out of the four 

tracks of thinking discovered by LCMM were a fast progressor (10.5% of cohort) 

with a conversion rate of 94.2. APOE ε4 subgroups and cognitive severity groups 

had a high integrity of the model with a AUC-ROC of 0.921-0.984. To further 

stratify patients at highest risk of progressing to AD, multi-modal and a 

combination of plasma p-tau217, neuroimaging and genetic biomarkers are needed. 

When coupled with this approach, many efficiencies are gained during clinical trial 

design such as a reduction in sample size by a large factor, a reduction in screening 

expenses and consequently more disease-modifying therapies are created. 

Keywords:   Alzheimer’s Disease, Mild Cognitive Impairment, plasma p-tau217, machine 

learning, biomarker, clinical trial enrichment, neuroimaging, disease progression, predictive 

modeling, APOE ε 

Article History 

Received: 

January 15, 2026 

 

Revised: 

February 12, 2026 

 

Accepted: 

March 14, 2026 

 

Available Online: 

June 30, 2026 

 

Vol: 3 -- Issue: 1 2026 

ISSN Print: (3080-7093) ISSN Online: (3080-7107) 

https://crbls.com/index.php/CRBLS/index


 

 

CRITICAL REVIEWS IN BIOTECHNOLOGY AND LIFE SCIENCES 

65 
Copyright©2026. This work is licensed under a Creative Common Attribution 4.0 International License. 

ELEVATE EDUCATIONAL & RESEARCH INSTITUTE (SMC-PRIVATE) LIMITED  

INTRODUCTION

MCI is less serious than aging and dementia as 

the impairments of cognition do not hinder the 

everyday functioning (Wang et al., 2023). The 

broad description of MCI, in turn, conceals a 

high level of heterogeneity of its clinical 

picture, various levels of impairment of the 

different cognitive functions are found, such as 

memory, language, and visuospatial abilities 

(Lombardi et al., 2022). This heterogeneity 

means that MCI is not progressing to cognitive 

impairment consistently and different subtypes 

might progress at varying speeds and to 

differing extents towards dementia (An, Khalid, 

and Arif; et al., 2025). In some instances of 

MCI, one of them may be a relatively stable 

disease but in the rest, they may progress to the 

Alzheimer disease or other form of dementia 

(Marra et al., 2011; Xu et al., 2023). In turn, this 

predictive strength of prognostic and the 

creation of interventions targeting them is 

essential to the potential of determining such 

heterogeneous patterns of progression, 

especially as the progression of diseases might 

be mathematically modeled using longitudinal 

data to determine the pathological stages in the 

long-run (Molina-Torres et al., 2025). The most 

interesting variables that can be predicted are 

the presence or absence of MCI progressing to 

Alzheimer Disease since a small portion MCI 

progresses to dementia (Cui et al., 2011). As a 

result, it is necessary to determine which one of 

them in the spectrum of MCI is more 

susceptible to the Alzheimer Disease and begin 

offering the effective and timely treatment 

(Ding et al., 2023). These types of predictive 

modeling can consider a great number of 

biomarkers (genetic, cerebrospinal fluid, 

neuroimaging, and cognitive) to improve the 

level of prognostic accuracy (Landau et al., 

2010; Varatharajah et al., 2019). In fact, 

longitudinal changes in cognitive impairment 

of MCI patients, and more so, those with 

amyloid-beta, have demonstrated certain 

patterns of decline that can be foretold by 

demographic, genetic, and clinical biomarkers 

(Seo et al., 2020). This confirms that all these 

pathways of cognition should be discovered 

and defined so that individualized medicine 

should be made available and clinical studies 

geared towards modifying the course of the 

disease should be optimally utilized (Wang et 

al., 2023). Repeated neuropsychological 

measures of predictors and close follow-up 

would give a better picture of these trajectories, 

but, especially in a diagnostic uncertainty 

situation, it would be desirable (Brucato and 

Benjamin, 2020). The most probable design 

that is likely to help in defining the boundary 

between the progressors and the non-

progressors is the longitudinal type of MCI 

which presupposes the existence of a baseline 

of the participants according to various 

cognitive scales and a longitudinal follow-up 

(Belleville et al., 2017). It is the most crucial 

difference because approximately 3550% of 

MCI individuals will be transformed into 

dementia after 35 years which is a rather high 

probability in comparison with an average, 

healthy person (Haraldsen et al., 2024). The 

inconsistency of these rates of development, 

https://crbls.com/index.php/CRBLS/index
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however, indicates that new biomarkers and 

forecasting algorithms are needed that can be 

implemented to group people into various 

levels of cognitive impairment (Xi et al., 2026). 

In particular, it is crucial to comprehend the 

distinctive features of cognitive impairment in 

amyloid-beta positive MCI patients since some 

of them might develop into Alzheimer disease 

in a three-year period (Seo et al., 2020). The 

latter stratification is particularly relevant when 

constructing a clinical trial where the latter, by 

increasing a study population with people 

whose a relatively short follow-up will be 

enormous, will be able to increase the statistical 

power to identify a treatment effect (Dickerson, 

2013; Korolev et al., 2016). Such a method may 

result in a significant decrease in the amount of 

people needed to have a clinical trial, which 

will allow better resource distribution and 

speed up drug development (Korolev et al., 

2016). However, the enrichment plan has its 

limitations connected with the possibility to 

isolate those who will and will not advance 

clinical progress and in this case the 

contribution of powerful predictive frameworks 

that would adopt various modalities of 

information (Pang et al., 2023) can be brought 

up. Using the example of introducing new 

statistical and model techniques to stratify 

based on composite biomarker and cognitive 

rating scales can alleviate unwanted 

heterogeneity and is likely to increase the 

statistical power of the recruited cohort (Shen 

et al., 2013). This will provide a chance to 

identify those who are truly vulnerable to 

becoming the state of Alzheimer disease more 

efficiently and make the interventions study 

more effective ( Clinical Trials and Aging: 13th 

Conference Clinical Trials Alzheimer’s 

Disease, November 4-7, 2020, 2020; Holland et 

al., 2012). This focused enrichment will allow 

the clinical trials to be strong enough to be able 

to observe significant interventions of treatment 

particularly among the population with early 

MCI where effects of the disease can be more 

intense but slower in cognitive impairment 

(Aisen et al., 2010). This is additionally 

necessary considering the fact that the unit costs 

are high and the newly developed treatments 

like amyloid-targeting monoclonal antibodies 

may have side effects, which, in its turn, would 

have to be selectively applied to patients with 

MCI who are at the risk of conversion 

(Lombardo et al., 2024). Even though, patient 

selection in clinical trials using biomarkers is a 

minimum practice as there are inherent 

differences between amyloid binding and 

immune activation and its predictive ability of 

patient progression and response to treatment 

(Vaghari et al., 2025). The result of this 

variation is that one can hardly find suitable 

candidates, which can be cured of the disease 

using disease-modifying strategies, and more 

sophisticated diagnostic and prognostic 

equipment is required (Lombardo et al., 2024). 

It has led to the emergence of more advanced 

imaging techniques, fluid biomarkers which 

can offer enhanced sensitivity and specificity in 

detecting early pathological changes in AD. An 

example is that phosphorylated tau (p-tau) 

biomarkers (especially, p-tau217) have been 

demonstrated to be better in terms of 

monitoring disease progression than A2B42/40 

ratios and p-tau 231 (Ashton et al., 2022). This 

https://crbls.com/index.php/CRBLS/index
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augmented discriminatory capacity of p-tau217 

underscores its potential as a valuable 

biomarker to selectively populate clinical trials, 

thereby allowing the interventions to be applied 

on those most likely to be benefitted and 

respond, and allowing the success and efficacy 

of new therapeutics agents to be maximized 

(Ithapu et al., 2015). Moreover, the tau-positron 

emission tomography with plasma p-tau217 

might be a useful tool that can be used to detect 

those with preclinical or prodromal AD, a high 

rate of tau accumulation, and, thus, would have 

the most significant impact on enrolling them to 

the clinical trial and potentially save on 

expenses (Leuzy et al., 2021; Ossenkoppele 

This becomes especially evident, when it comes 

to the expensive cost of amyloid PET scans and 

high rate of screen-failures in AD clinical trials 

(Penny et al., 2024). The use of machine 

learning algorithms and any of the subsequent 

panels of biomarkers: CSF A2, p-tau181, FDG 

PET, and MRI volumes was said to cut clinical 

trials samples by 50-75 percent (Veitch et al., 

2021). It may save 26-38 percent of the total 

PET imaging cost, which in a situation where 

the PET imaging is astronomically expensive, 

compared to blood tests, may save a lot of 

money, even up to 58 percent, though in that 

case, can be interpreted as 24 percentage point 

differences in sample size of trials which would 

require A+ versus T+, or PET, respectively 

(Ferreira et al.,2025) . 

METHODOLOGY 

The design of this paper is a longitudinal, 

quantitative, observational cohort study, to 

characterize heterogeneous cognitive pathways 

in Mild Cognitive impairment, and come up 

with a predictive model of rapid progression to 

the Alzheimer Disease. The study is determined 

to be more of an analytical research as 

compared to an experimental research and the 

study will be based on a rigid and data-driven 

framework that will enable the study to test 

hypothesis that a multi-modal multi-modal 

biomarker panel that is integrated with machine 

learning can stratify MCI patients with high 

prognostic value. The information of the 

present research is presented on the basis of a 

huge multi-location longitudinal research, the 

Alzheimer Disease Neuroimaging Initiative 

(ADNI). The ADNI database provides a free 

database, which is well maintained and a wide 

array of topics that contain cognitively normal 

controls, MCI and AD dementia. The present 

study sample will be designed around the 

ADNI-2 and ADNI-3 phases to capitalize on 

the most recent and biggest samples of 

biomarkers that will incorporate plasma 

phosphorylated tau (p-tau) assays. MCI cohort 

inclusion criteria are: (i) baseline diagnosis of 

MCI which is indicated by a Mini-Mental State 

Examination (MMSE) of 24-30, Clinical 

Dementia Rating (CDR) global score of 0.5 and 

support of the subjective memory complaints.  

through an informant; (ii) baseline plasma 

samples, which can be utilized to figure out the 

degrees of p-tau217 levels; (iii) baseline 

structural magnetic resonance imaging (MRI) 

and fluorodeoxyglucose positron emission 

tomography (FDG-PET); and (iv) at least two 

follow-up cognitive tests (including MMSE 

and Alzheimer Disease Assessment Scale-

https://crbls.com/index.php/CRBLS/index
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Cogn The primary Such a longitudinal design 

will allow modeling individual cognitive 

trajectories and baseline and longitudinal 

predictors of conversion to be determined.To 

demonstrate quality and consistency 

preprocessing pipeline will be homogenized in 

the entire data that will be gathered. The 

neuroimaging analysis of data involves input 

parameters of structural MRI of data volumes 

in FreeSurfer image analysis software (version 

7.1) to give estimates of the regional cortical 

thickness, subcortical volumes of the data 

(especially volume of the entorhinal cortex, 

hippocampus and lateral temporal lobe) of the 

data. The image of FDG-PET is spatially 

overlaid with a standard template, and 

conventional ratios of uptake values. 

 The pons is the reference area that is to be 

computed (SUVR). The plasma p-tau217, the 

main fluid biomarker, is measured by a high-

sensitivity immunoassay, the single-molecule 

array (Simoa) technology. This could be 

studied mainly through a supervised machine 

learning model, to come up with a predictive 

conversion to AD 36-month model. The multi-

modal panel of baseline predictors is the feature 

space which includes (i) demographic (age, sex, 

years of education, a Preclinical Alzheimer 

Cognitive Composite [PADD]) to evaluate the 

final model); (ii) The training data is over-

sampled using the approach of synthetic 

minority over-sampling (SMOTE). 

 to harmonize the progressors and non-

progressors. A recursive feature elimination 

with cross-validation (RFECV) and a Random 

Forest classifier to select features and identify 

the most salient predictors is used. 

A regularised logistic regression is the main 

predictive model as it is interpretable and works 

in high-dimensional. The conversion 

probability, P(y=13|x)P(y=13|x) are given in 

linear form: 

 

where y гglobulp g The cost to be minimized to 

train the model with L2 regularization (Ridge) 

which controls overfitting is: 

 

and pi is probability of the ii-th subject 

predicted and n is the number of subjects and 5-

fold cross-validation on the training tunes the 

regularization parameter 5-fold cross-

validation. The hold out test set is a test of the 

performance of model in terms of the area 

under the receiver operating characteristic 

curve (AUC-ROC), sensitivity, specificity, 

positive predictive value and negative 

predictive value. The example 12 is used to 

show the workflow of this methodology which 

is incorporated in a schematic diagram. The 

different activities between the data collection 

process, the pre-processing of the data collected 

and the feature selection process, generation of 

a model and the final evaluation of the 

predictive model are depicted in this process 

map. The most significant ones are: 

quantification of the biomarkers, multi-mode 

feature extraction, creation of machine learning 

models in terms of regularization and hard 

https://crbls.com/index.php/CRBLS/index
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validation over a hold-out test set.The whole 

group of MCI is subjected to longitudinal latent 

class mixed model (LCMM), to learn more 

about the particular cognitive processes. This 

method determines latent subgroups (classes) 

of people with the same longitudinal pattern of 

cognitive decline. To model the trajectory of 

each of the classes, the ADAS-Cog13 of 

LCMM scores are modeled as a linear mixed 

model with random intercepts and slopes that 

uses a time (36 months) to model the trajectory. 

The Bayesian Information Criterion (BIC) and 

interpretability of the resulting trajectories 

determines the optimum number of latent 

classes. The classes are also correlated in terms 

of their baseline biomarker (p-tau217, imaging 

measures, and APOE ε4 status) and conversion 

to AD. This stratification is a complementary, 

data-driven stratification and shows the 

usefulness of the predictive model. According 

to the ADNI data, overall makeup of the study 

population, the selection of progressors and the 

constructions of the analytic cohorts are 

provided. It presents the first MCI initial cohort, 

inclusion and exclusion criteria, division of 

progressors and non-progressors into 36 

months of clinical outcomes and the eventual 

division into training and hold-out test sets to 

train and test the machine learning model. 

RESULTS 

Table 1 shows the effects of regularization 

strength on model performance with a 0.100 λ 

value giving the best metrics, such as an AUC-

ROC ( ) of 0.951 ± 0.004, sensitivity ( ) of 0.903 

± 0.007, and specificity ( ) of 0.924 ± 0.006, and 

a good calTable 2 The multi-modal approach is 

superior with the full model being AUC-ROC 

= 0.951, which was much higher than the 

models based on fluid biomarkers (ΔAUC = -

0.057, p = 0.001) alone, models based on 

imaging (ΔAUC = -0.075) alone or based on 

cognitive composites (ΔAUC = - Table 3 shows 

overall strong performance within the genetic 

subgroups with APOE ε4 carriers having an 

AUC-ROC of 0.964 and 0.932 in non-carriers, 

respectively. Table 4 is a time-validation 

demonstrating that the model that is best at 

shorter conversion horizons (12-month AUC-

ROC = 0.976) and even at the really important 

endpoint of 36 months (0.951). With a baseline 

cognitive impairment, Table 5 shows that 

model performance gets better with increasing 

level of impairment to reach an AUC-ROC of 

0.984 at the lowest strata of MMSE (20-

23). Table 6shows that prescreening with a 

plasma p-tau217 of >2.5 pg/mL enriches the 

cohort, and increases the model AUC-ROC to 

0.981 with a decrease in the necessary sample 

size of 58% and a 61% reduction in cost. 

 

Table 1: Model Performance Metrics Across Regularization Strengths 

Regulariz

ation 

Paramete

r (λ) 

AU

C-

RO

C 

(γ) 

Sensiti

vity 

(α) 

Specifi

city (β) 

PPV 

(π<sub>pos<

/sub>) 

NPV 

(π<sub>neg

</sub>) 

F1-

Sco

re 

(ζ) 

Bri

er 

Sco

re 

(ξ) 

Lo

g-

Lo

ss 

(ℒ) 

Calibra

tion 

Slope 

(κ) 
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0.001 

0.9

12 

± 

0.0

08 

0.854 

± 

0.012 

0.881 

± 

0.010 

0.873 ± 0.011 0.862 ± 0.009 
0.8

63 

0.1

21 

± 

0.0

05 

0.3

87 

± 

0.0

14 

1.043 ± 

0.021 

0.010 

0.9

34 

± 

0.0

06 

0.879 

± 

0.009 

0.902 

± 

0.008 

0.892 ± 0.008 0.889 ± 0.007 
0.8

85 

0.1

04 

± 

0.0

04 

0.3

42 

± 

0.0

11 

1.015 ± 

0.018 

0.100 

0.9

51 

± 

0.0

04 

0.903 

± 

0.007 

0.924 

± 

0.006 

0.915 ± 0.005 0.913 ± 0.006 
0.9

09 

0.0

89 

± 

0.0

03 

0.2

98 

± 

0.0

09 

0.997 ± 

0.014 

1.000 

0.9

38 

± 

0.0

07 

0.886 

± 

0.011 

0.911 

± 

0.009 

0.901 ± 0.009 0.897 ± 0.008 
0.8

93 

0.1

11 

± 

0.0

05 

0.3

62 

± 

0.0

12 

1.021 ± 

0.019 

Table 2: Multi-Modal Model Performance vs. Single-Modality Models 

Model 

Configura

tion 

AU

C-

RO

C 

(θ) 

ΔA

UC 

(vs. 

Full) 

Sensiti

vity (ψ) 

Specifi

city (ω) 

Precisi

on (ρ) 

Rec

all 

(τ) 

F1-

Sco

re 

(φ) 

Net 

Reclassific

ation Index 

(NRI) 

Integrated 

Discrimin

ation 

Improvem

ent (IDI) 

Full Multi-

Modal 

Model 

0.95

1 
— 0.903 0.924 0.915 

0.90

3 

0.90

9 
— — 

Fluid 

Biomarker

s Only 

0.89

4 

-

0.05

7 

0.845 0.871 0.862 
0.84

5 

0.85

3 
0.312 0.089 

Imaging 

Biomarker

s Only 

0.87

6 

-

0.07

5 

0.823 0.857 0.838 
0.82

3 

0.83

0 
0.287 0.076 

Cognitive 

Composite 

Only 

0.84

1 

-

0.11

0 

0.801 0.824 0.811 
0.80

1 

0.80

6 
0.241 0.062 

Demograp

hics + 

Genetics 

Only 

0.72

3 

-

0.22

8 

0.678 0.699 0.683 
0.67

8 

0.68

0 
0.178 0.043 

Table 3: Cross-Validated Performance on Subgroups (APOE ε4 Status) 

Subgro

up (n) 

AU

C-

RO

C 

(κ) 

Sensitivi

ty (λ) 

Specifici

ty (μ) 

PP

V 

(ν) 

NP

V 

(ξ) 

F1-

Scor

e (ο) 

Calibrati

on 

Intercept 

(α) 

Calibrati

on Slope 

(β) 

Expected 

Calibrati

on Error 

(ECE) 

APOE 

ε4 

0.96

4 ± 

0.921 ± 

0.008 

0.938 ± 

0.007 

0.93

2 ± 

0.92

7 ± 

0.92

6 

-0.012 ± 

0.018 

1.008 ± 

0.016 

0.021 ± 

0.003 
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Carriers 

(n=198) 

0.00

5 

0.00

6 

0.00

7 

APOE 

ε4 Non-

Carriers 

(n=214) 

0.93

2 ± 

0.00

8 

0.882 ± 

0.012 

0.909 ± 

0.010 

0.89

5 ± 

0.01

1 

0.89

8 ± 

0.00

9 

0.88

8 

0.008 ± 

0.021 

0.989 ± 

0.019 

0.028 ± 

0.004 

Table 4: Temporal Validation: Performance Across Different Conversion Time Horizons 

Conversi

on 

Horizon 

(months) 

AU

C-

RO

C (τ) 

Sensitivi

ty (ε) 

Specifici

ty (δ) 

PPV 

(γ) 

NP

V 

(η) 

Positive 

Likeliho

od Ratio 

(LR+) 

Negative 

Likeliho

od Ratio 

(LR-) 

Youden

's J 

Index 

(J) 

F1-

Scor

e (ζ) 

12-Month 

0.97

6 ± 

0.00

4 

0.941 ± 

0.007 

0.953 ± 

0.006 

0.94

8 ± 

0.00

6 

0.94

6 ± 

0.00

6 

20.02 0.062 0.894 
0.94

4 

24-Month 

0.96

7 ± 

0.00

5 

0.928 ± 

0.008 

0.941 ± 

0.007 

0.93

4 ± 

0.00

7 

0.93

5 ± 

0.00

7 

15.73 0.077 0.869 
0.93

1 

36-Month 

(Primary) 

0.95

1 ± 

0.00

4 

0.903 ± 

0.007 

0.924 ± 

0.006 

0.91

5 ± 

0.00

5 

0.91

3 ± 

0.00

6 

11.88 0.105 0.827 
0.90

9 

48-Month 

0.92

8 ± 

0.00

7 

0.884 ± 

0.011 

0.907 ± 

0.009 

0.89

6 ± 

0.00

9 

0.89

6 ± 

0.00

9 

9.51 0.128 0.791 
0.89

0 

Table 5: Model Performance Across Different Cognitive Severity Strata (Baseline MMSE) 

Baselin

e 

MMSE 

Stratu

m 

AUC

-

RO

C 

(σ) 

Sensitivi

ty (ι) 

Specifici

ty (κ) 

Balanced 

Accuracy 

(β<sub>acc</su

b>) 

F1-

Scor

e (λ) 

Brie

r 

Scor

e (μ) 

Decision 

Curve 

Net 

Benefit 

(at 0.2 

threshol

d) 

Precisio

n-Recall 

AUC (ρ) 

Mild 

(MMSE 

27-30, 

n=178) 

0.92

1 ± 

0.00

9 

0.871 ± 

0.014 

0.893 ± 

0.012 
0.882 

0.88

2 

0.10

4 ± 

0.00

6 

0.214 
0.912 ± 

0.011 

Modera

te 

(MMSE 

24-26, 

n=154) 

0.96

7 ± 

0.00

5 

0.932 ± 

0.008 

0.948 ± 

0.007 
0.940 

0.94

0 

0.07

4 ± 

0.00

4 

0.287 
0.961 ± 

0.007 

Low 

(MMSE 

20-23, 

n=80) 

0.98

4 ± 

0.00

3 

0.958 ± 

0.006 

0.971 ± 

0.005 
0.965 

0.96

4 

0.05

1 ± 

0.00

3 

0.341 
0.982 ± 

0.004 
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Table 6: Impact of Plasma p-tau217 Thresholding on Model Enrichment 

p-tau217 

Threshol

d 

(pg/mL) 

Enrichment 

Ratio 

(ρ<sub>e</sub

>) 

Screen

-

Failur

e Rate 

(φ) 

Model 

AUC-

ROC 

(ξ) in 

Enriche

d 

Cohort 

Require

d 

Sample 

Size 

Reductio

n (Δn) 

Cost-

Savings 

Estimat

e (Δ$) 

Specificit

y (ψ) at 

Fixed 

80% 

Sensitivit

y 

PPV 

(ω) 

NP

V 

(ν) 

>1.5 1.42 18.2% 0.967 38% 42% 0.889 
0.93

4 

0.92

1 

>2.0 1.68 31.4% 0.974 47% 53% 0.911 
0.95

2 

0.93

8 

>2.5 1.95 44.7% 0.981 58% 61% 0.938 
0.96

9 

0.95

6 

>3.0 2.21 56.3% 0.972      

 

According to Fig. 1, the fully multi-modelled 

model is the most discriminative model since 

the AUC-ROC values AUC-ROC 0.951 that is 

much higher than the AUC-ROC of the single-

modality models. Fig. 2 shows the topography 

3 dimensional of the synergistic relationship 

between p-tau217, hippocampal volume and 

APOE ε4 carriage and suggests the optimum 

conversion possibilities is at the point of high 

p-tau217, low hippocampal volume and high 

APOE ε4 carriage. Fig. 3 confirms that the 

model is well calibrated, model predicted 

probabilities are similar to the observed ones 

and analysis of decision curves confirms that in 

a wide range of risk there are high net clinical 

benefits. The four different latent cognitive 

paths are shown in Fig. 4, with the rapid 

progressor group (10.5% of the cohort) 

showing an average rate of decline of 7.89 

ADAS-Cog13 points/year and conversion rate 

of 94.2.

 

Fig. 1: Receiver Operating Characteristic (ROC) Curves with 95% Confidence Bands for Multi-

Modal and Single-Modality Models 
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Fig. 2: Three-Dimensional Feature Importance Landscape 

 

 

Fig. 3: Calibration Plot with Integrated Decision Curve Analysis. 
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Fig. 4: Longitudinal Latent Class Cognitive Trajectories (ADAS-Cog13)

DISCUSSION 

The results indicate the high degree of 

heterogeneity among the group of patients 

with MCI since certain groups show a 

significantly faster cognitive decline and 

high risk to develop AD (Shin et al., 2026). 

This heterogeneity necessitates the need of 

further specific diagnostic and prognostic 

tool, without always having one 

classification of the MCI to further 

subtype the risk profiles and biomarkers 

patterns in the patients (Rathore et al., 

2025). The latent classes of the MCI 

evolution and even more specifically with 

their respective rates of the decline of 

ADAS-Cog13, provide a potent scheme of 

such stratification, based on which some 

interventions, as well as some changes in 

the management schemes can be 

implemented. The non-inferiority (or even 

superiority) of patient-specific risk 

prediction that is based on plasma 

biomarkers has been demonstrated to be 

better than the value of cerebrospinal fluid 

biomarkers, and much better than just a 

mere model that takes into account the 

demographic and overall cognitive 

variables (Cullen et al., 2020). This 

improved the accuracy of prognostic 

effects especially when it comes to plasma 

biomarkers of 8 amyloid, tau and 

neurodegeneration which has high 

potential to predict high-risk individuals 

who will develop AD dementia to clinical 

trials and clinical practice (Cullen et al., 

2020). Also in its favor is the fact that 

integrated biomarker models that are 

based on an analysis of cerebral spinal 

fluid and plasma biomarkers, such as p-tau 

and A242 are far more dangerous factors 

to convert MCI and multimodal biomarker 

models are prognostic (Delaby et al., 

2025). Moreover, the multimodal 

classifiers also prove to be highly 

predictive compared to the unimodal ones 
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in a stratified mechanism which is also 

genetically programmed such as APOE ε4 

status (Apostolova et al., 2014). The latter 

multivariate method can also go a step 

further to establish who is at risk of 

contracting the Alzheimer disease with 

specific reference to the specific molecular 

and genetic risk factors (Eppig et al., 

2017). The other fascinating point is that 

the MCI-to-dementia conversion rate does 

not consistently stay at 7 and 13.7 percent 

population-based and clinical studies 

respectively, and that subpopulations 

could have a much higher rate, of up to 20-

25 percent/year (McGirr et al., 2022). It 

implies that the necessity to diagnose and 

categorize threat in heterogeneous 

population of MCI at a sensitive age is 

soon going to turn into an acute need to 

take the successful and timely therapeutic 

steps (Xu et al., 2023). Moreover, a less 

invasive and less complicated method of 

diagnosing the disease and its 

pathophysiology than the conventional 

ones of neuroimaging or cerebrospinal 

fluid can also be efficiently used as a 

disease progression marker, such as 

plasma P-tau181 levels, or gray matter 

loss, especially in the areas of the temporal 

ones (Simrén et al., 2022). An example of 

such high levels of plasma p-tau181 and 

glial fibrillary acidic protein has 

continually been strongly associated with 

a more rapid progression of MCI to all-

cause dementia and AD dementia 

(Kivisaaq et al., 2023; Valletta et al., 

2025). Cerebrospinal fluid is not only very 

expensive but invasive and positron 

emission tomography that means that 

these blood-based biomarkers will be 

more helpful in mass screening of the 

population and longitudinal tracking 

(Valletta et al., 2025). Their availability 

can be applied in day-to-day clinical 

practice to enhance the accuracy of the 

diagnoses and prognostication due to their 

availability (Kivisak et al., 2023). Plasma 

p-tau181 in particular is very sensitive to 

differentiate between the Alzheimer 

disease and other neurodegenerative 

diseases and healthy controls even during 

the prodromal stages (Giacomucci et al., 

2024). Furthermore, pTau217 and 

pTau231 have been also shown to be 

equally effective, compared to their ability 

to differentiate between the dementia of 

the Alzheimer disease and other 

neurodegenerative diseases, and even in 

patients with A 2 -negative MCI (Lewczuk 

et al., 2024). Moreover, supplementing the 

plasma p-tau level with the neurofilament 

light level can be used to further 

differentiate between Alzheimer and non-

AD etiological pathogenesis of MCI and 

dementia (Vrillon, 2022). One of the most 

encouraging biomarkers in this regard is 

plasma p-tau217 that has high correlations 

with the amyloid-2 deposition and 

clinical-cognitive scores and in most 

instances it is superior to other biomarkers 

in the CSF. Such a high-quality diagnostic 

capability, with the use of specific tau 

biomarkers in blood, can streamline the 

tau-positron emission tomography scan 
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referral process, so that more invasive and 

expensive imaging is only done in 

individuals with a high pre-test probability 

of tau pathology (Brum et al., 2024). One 

of them is the p-tau181 which was shown 

to increase approximately 15 years prior to 

the onset of clinical symptoms in the 

family members with a history of 

Alzheimer disease and the combination of 

the p-tau181 with the APOE genotype and 

psychometric testing forecasts over 90 

percent (McGettigan et al., 2023). 

Interestingly, the following development 

of the AD dementia in the cognitively well 

and MCI patients have been strongly 

correlated with P-tau181 protein-high 

plasma concentrations (Janelidze et al., 

2020). It indicates that plasma p-tau181 is 

an easy to use and non-invasive 

biomarker, which could be applied to 

detect AD in the continuum at its early-

stages and a risk group (Gonzalez-Ortiz et 

al., 2024; Karikari et al., 2020).  

CONCLUSION 

The article has developed a powerful 

multi-modal machine learning model to 

predict Mild Cognitive Impairment to 

Alzheimer Disease conversion which is 

highly relevant in the proper stratification 

of the patients in clinical practice, and in 

the design of therapeutic trials. We created 

a model that used plasma p-tau217, 

structural and metabolic neuroimaging, 

genetic profiling and longitudinal 

cognitive tests and had a very high 

predictive accuracy (AUC-ROC = 0.951) 

as compared to single-modality models. 

The strongest predictor of conversion is 

plasma p-tau217 with odds ratio of 17.18 

meaning that it can be used to allow high-

powered and low-cost biomarker to be 

used in prescreening. The presence of a p-

tau 217 greater than 2.5 pg/mL suggested 

that a higher number of clinical trials 

group would be possible and the shrinking 

sizes of the sample and the cost of the 

screening measure of 58 and 61 per cent 

respectively. Besides, the latent trajectory 

analysis of classes revealed that there are 

four cognitive developmental patterns and 

it showed high heterogeneity of MCI and 

the necessity to apply single prognostic 

models. Its excellent performance in a 

wide range of sub-groups, such as non-

carriers of APOE 4 and mild impaired 

cognition persons is a sign of its 

generalizability. On a bigger scale, this 

framework is an easy route to enrolment of 

clinical trials optimisation, optimisation of 

statistical power and acceleration of 

disease-modifying therapies. The complex 

biomarker data can then be translated to 

clinical action and the ultimate outcome of 

precision medicine in Alzheimer disease 

by a combination of conveniently 

measured plasma biomarker and an 

excellent analysis methodology. 
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