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Abstract 

Alzheimer's disease (AD), a leading cause of dementia worldwide, is a neurological disorder 

characterized by progressive cognitive decline. AD is also considered a significant socioeconomic 

burden. While definitive diagnostic tools such as positron emission tomography (PET) imaging and 

cerebrospinal fluid (CSF) biomarker analysis offer high sensitivity and specificity, they are limited by 

high cost, invasiveness, and limited accessibility. Consequently, these gold standard approaches 

hinder their applicability for large-scale screening and longitudinal follow-up. Recent advances in 

blood-based biomarkers hold promise in capturing systemic molecular changes associated with AD. 

In particular, transcriptomic signatures derived from RNA sequencing (RNA-seq) are promising in 

capturing systemic molecular changes associated with AD. Gene expression profiles in peripheral 

blood reveal underlying pathological processes. These pathological processes can be listed as 

synaptic dysfunction, neuroinflammation, and metabolic dysregulation. Together with the high-

dimensional datasets and AI approaches enable the identification of robust predictive models which 

has the assistance of estimating AD-related biomarker status. We further discussed the integration of 

multiple omics data, including genomics, proteomics, and metabolomics to improve biomarker 

robustness. We also addressed key challenges related to reproducibility, repeatibility, cohort 

heterogeneity, and clinical application. And  we outline future directions of standardized, scalable, 

and clinically applicable diagnostic machineries. 

Keywords: Alzheimer’s disease; RNA-seq; transcriptomics; machine learning; blood-based 

biomarkers; multi-omics; precision medicine; neuroinflammation 

 

1. Introduction 

Alzheimer's disease (AD) is a progressive neurological disorder that leads to a continuous 

deterioration of cognitive function, impairing individuals' ability to think clearly and productively. 

Furthermore, AD is an aggressive and progressive disease, accounting for 60-80% of all dementia 

cases. According to the World Health Organization (WHO) reports for 2025, more than 55 million 

people worldwide are affected by AD. This number is projected to double by 2050, placing a 

significant burden on healthcare systems, families, and society [1,2]. Pathologically, it is characterized 

by extracellular amyloid-β (Aβ) plaques, intracellular hyperphosphorylated tau-associated 

neurofibrillary tangles, and widespread synaptic and neuronal loss [3,4]. Despite decades of research, 

a definitive and cost-effective cure for Alzheimer's disease has yet to be found. Till this date, only 
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anti-amyloid monoclonal antibodies have demonstrated encouraging results in slowing the disease’s 

progression [5,6].  

Modern medical diagnostic methods combine clinical testing with biomarker assessment. The 

"AT(N)" framework proposed by the NIA-AA stages Alzheimer's disease by considering amyloid, 

tau, and neurodegeneration components [4,5]. Definitive disease diagnosis is made by positron 

emission tomography (PET) scanning, which reveals biomarker accumulations such as Aβ or tau, or 

by measuring the levels of Aβ42 and phosphorylated tau (pTau) in cerebrospinal fluid (CSF) [7]. 

Generally, these approaches achieve sensitivity and specificity values beyond 90%, granting the 

separation of Alzheimer’s disease from additional types of dementia. While PET imaging is accurate, 

it is expensive, requires specialized facilities, and carries risks of radiation exposure [8]. Furthermore, 

lumbar puncture for CSF sampling is an invasive procedure and carries short- and long-term side 

effects for patients. Therefore, it is less suitable for population-level screening or longitudinal follow-

up [9]. Consequently, extensive efforts have been made to discover minimally invasive biomarkers, 

particularly those derived from blood. New techniques through correlations with plasma pTau181, 

pTau217, Aβ42/40, and neurofilament light chain (NfL) levels, CSF, and PET measurements have 

been proposed [10,11]. Nevertheless, blood-based protein biomarkers raising concerns 

reproducibility and generalizability, oblige highly sensitive testing and may vary across different 

populations [12,13]. Advancements in high-throughput transcriptomics and computational biology 

have underlined the potential of RNA profiles in blood as diagnostic and prognostic signatures. Gene 

expression changes in blood may reflect systemic alterations or peripheral signatures of 

neurodegenerative processes. Numerous studies have identified differentially expressed genes 

(DEGs) in Alzheimer’s disease (AD) samples compared to cognitively unimpaired controls [14–17]. 

RNA-based biomarkers can be enhanced by combining them with machine learning (ML) and 

deep learning (DL) approaches [18]. These improve prediction accuracy, degrade dimensionality, and 

discover hidden patterns not apparent with conventional statistical techniques [19–21]. Classifier 

machine learning techniques, such as Random Forest (RF), Ranger, and Gradient Boosting Machines 

(GBM), have been shown to use RNA-seq-based data from CSF and blood samples that gene 

expression signatures can accurately predict AD biomarker status even with independent and 

unbalanced test sets [22–24].  Stochastic models such as Gaussian mixture modeling (GMM) and 

Hidden Markov model (HMM) have been prosperous in predicting continuous CSF biomarker levels 

from blood RNA profiles [25–27]. Moreover, these probabilistic models assisted in setting the stage 

for figuring out risks of continuous numbers. 

We continue to describe the limitations and expenses of traditional imaging techniques. We also 

review the hardship of acquiring cerebrospinal fluid (CSF) biomarkers and discussing progress in 

blood-based transcriptomic biomarkers. After highlighting RNA-seq approaches, early microarray 

studies, and consolidative omics research, we then discuss the position of deep and machine learning 

algorithms in predicting non-coding RNA biomarkers. We also include a summary of feature 

selection, ensemble methods, and probabilistic simulations in biomarker innovation and 

classification.  

2. Established Biomarkers and Their Limitations 

The diagnosis of Alzheimer’s disease depends on neuroimaging, clinical evaluation, and 

cerebrospinal fluid (CSF) biomarkers so far. While these tools have enhanced our ability to detect 

disease pathology, they also have limitations that restrict their use in population-level screening and 

longitudinal monitoring [28,29]. Table 1 presents established Alzheimer’s disease biomarkers with 

their strengths and limitations. 

Table 1. Established alzheimer’s disease biomarkers: strengths and limitations. 

Biomarker Type Examples Strengths Limitations 
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CSF biomarkers Aβ42, pTau181, 

total tau, NfL 

High accuracy; direct 

measure of 

pathology; part of AT(N) 

framework 

Invasive lumbar puncture; 

patient reluctance; limited 

scalability 

PET imaging Amyloid PET 

(florbetapir), 

Tau PET 

(flortaucipir) 

Visualizes pathology in vivo; 

excellent specificity 

Very expensive; radiation 

exposure; limited 

availability 

Blood protein 

biomarkers 

Plasma 

pTau181, 

pTau217, 

Aβ42/40, NfL 

Minimally invasive; 

emerging 

clinical assays 

Require ultrasensitive 

assays; variability across 

cohorts; peripheral 

confounders 

Blood 

transcriptomics 

mRNA, 

miRNA, 

lncRNA panels 

Unbiased discovery; 

mechanistic 

insights; scalable with 

sequencing 

Sensitive to external factors 

(diet, meds); 

standardization needed 

2.1. CSF Biomarkers 

CSF biomarkers are considered the most reliable way to detect Alzheimer’s disease. Key markers 

include amyloid-β42 (Aβ42) and phosphorylated tau (pTau), which are used in the A/T/N framework 

to categorize the disease. Reduced Aβ42 indicates amyloid plaque buildup in the brain, elevated pTau 

reflects tau tangles, and higher total tau or neurofilament light (NfL) signals neuronal damage. 

Studies to date have shown that CSF measurements can detect AD with high diagnostic accuracy, 

with sensitivity and specificity often exceeding 90% [30]. These biomarkers predict the progression 

from mild cognitive impairment (MCI) to AD and monitor disease severity. They can further 

distinguish AD from other dementias. Although they have high accuracy predicting the AD, CSF is 

a technique that demands an invasive and painful lumbar puncture procedure. Other disadvantages 

of CSF collection can be listed as short-term headaches, infection, and patient reluctance. In addition, 

variability in sample collection, ethical protocols and analysis methods between centers may 

compromise reproducibility. This may constrain its applicability for repeated measurements in 

primary care settings in long-term studies [9]. 

2.2. PET Imaging Biomarkers 

Positron emission tomography (PET) technology is critical for establishing the diagnosis of AD 

based on both clinical symptoms and biological evidence. by transforming in vivo imaging of AD 

pathology. PET offers high specificity and sensitivity, while also allowing researchers to monitor 

disease progression and evaluate treatment responses in clinical trials. Furthermore, However, PET 

requires specialized imaging facilities costing thousands of dollars per scan. Limited tracer 

availability, regulatory approval processes, and radiation exposure further limit its use. Therefore, 

PET is largely confined to specialized memory clinics and research settings rather than a routine 

clinical application [31].  

2.3. Blood-Based Protein Biomarkers 

Plasma pTau181 and pTau217 have established high precision in differentiating AD from other 

neurodegenerative disorders and in predicting future cognitive decay [32,33]. Likewise, plasma 

Aβ42/40 ratio correlates with amyloid PET positivity, and plasma NfL reflects neurodegeneration 

across several disorders [34–36]. Single molecule array (Simoa) assays and immunoprecipitation 
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mass spectrometry developments in ultrasensitive detection technologies have allowed the volume 

of these substances at the exceptionally low concentrations start in plasma [37]. Researchers have 

narrated that combinations of techniques of plasma pTau, Aβ42/40, and NfL accomplish diagnostic 

precision comparable to that of CSF and PET [33,38,39]. Moreover, blood protein biomarkers levels 

may be influenced by peripheral sources, comorbidities, and pre-analytical variables such as sample 

handling. Plasma Aβ is also produced in platelets and peripheral tissues, complicating interpretation 

[40]. Repeatability and reproducibility across diverse populations is still a challenge, as variances are 

observed amongst groups with distinct ethnicity, age, and comorbidities. 

2.4. Limitations of Current Biomarker Strategies 

CSF and PET biomarkers are highly sensitive, but their invasiveness, cost, and accessibility limit 

their widespread use as illustrated in Figure 1. Plasma protein biomarkers may also offer an 

alternative, but they present technical challenges in terms of standardization, generalizability, and 

biological specificity. Combining transcriptomic data with machine learning (ML) and deep learning 

(DL) techniques is another alternative approach. Together, they can produce predictive biomarkers 

from high-dimensional datasets and manage noise. Blood-derived transcriptomic signatures offer to 

capture gene expression changes reflecting dynamical disease processes. They have the potential to 

complement protein markers, increase diagnostic accuracy, and provide mechanistic insights. 

 

Figure 1. An illustration of comparison of the methods to predict AD status from blood proteins, CSF 

biomarkers, PET imaging, and blood transcriptomics created with R programming [41]. 

3. Transcriptomic Biomarkers and Machine Learning Approaches 

The combination cerebrospinal fluid (CSF) and positron emission tomography (PET) imaging is 

highly accurate but invasive and expensive. On the other hand, a minimally invasive, readily 

accessible, and suitable option for repeated sampling to detect early onset of AD is offered by the 

blood-based transcriptomics. The analysis of RNA-seq data reveals systemic molecular alterations 

associated with neurodegeneration, immune dysregulation, inflammation, oxidative stress, and 

metabolic disorders. Transcriptomic biomarkers are particularly suitable for screening and clinical 

trials. Their integration with machine learning (ML) methodologies assist the extraction of predictive 

signatures from multidimensional data [42]. Figure 2 illustrates the steps and methods utilizing blood 

transcriptomic data to predict AD status. Machine and deep learning research in transcriptomic 

biomarker discovery are summarized in Table 2. 
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Figure 2. The stages of the transcriptomic biomarker discovery with machine learning. Created with Biorender.com. 

Table 2. Machine learning approaches in transcriptomic biomarker discovery. 

Category Method Application Strengths Limitations 

Feature 

selection 

LASSO, Ridge, 

Elastic Net 

Reduce 

dimensionality, 

select predictive 

genes 

Improves 

interpretability, 

prevents overfitting 

May exclude 

relevant weak 

features 

Classifiers RF, GBM, 

SVM, PLS 

Classify AD vs 

controls 

High accuracy; 

handle 

high-dimensional 

data 

Sensitive to 

sample 

imbalance 

Deep 

learning 

DNN, CNN, 

Autoencoders 

Learn non-linear 

representations 

Captures complex 

interactions 

Data-hungry; less 

interpretable 

Probabilistic 

models 

Bayesian 

Modeling 

Estimate 

continuous 

biomarker 

distributions 

Provides risk 

probabilities 

Assumes data 

distribution 

3.1. Early Microarray Studies 

In Table 3, we present a comprehensive overview of notable research conducted in the field of 

blood transcriptomic biomarkers as a means of investigating Alzheimer’s disease (AD). The initial 

transcriptomic biomarker studies employed microarrays. Naughton et al. (2014) identified 

dysregulated immune- and apoptosis-related pathways in Alzheimer’s disease (AD). Booij et al. 

(2011) utilized partial least squares (PLS) regression to classify AD and controls, revealing disease-

associated signatures. Lunnon et al. (2013) reported alterations in mitochondrial and ribosomal 

pathways in both AD and mild cognitive impairment (MCI). Roed et al. (2013) developed predictive 

models for the progression of MCI to AD, underscoring their prognostic utility. Fehlbaum-Beurdeley 

et al. (2010) introduced AclarusDX™, a diagnostic panel with over 80% classification accuracy. 

Although informative, microarrays were limited by probe design, reduced sensitivity, and the 

inability to detect novel transcripts [43].  

Table 3. Representative studies of blood transcriptomic biomarkers in AD. 

Study Platform Cohort Method Key Findings 
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Booij et al. (2010) 

[44] 

Microarray Whole blood PLS regression Gene panel 

distinguished 

AD from controls 

Lunnon et al. 

(2013)[45]  

Microarray AD + MCI DEG + pathway 

analysis 

Mitochondrial & 

ribosomal 

dysfunction 

Roed et al. (2013) 

[46] 

Microarray MCI 

converters 

ML classification Predicted conversion to 

AD 

Fehlbaum-

Beurdeley et al. 

(2010) [47] 

Microarray AD vs 

controls 

AclarusDX 

diagnostic panel 

>80% classification 

accuracy 

Huan et al. (2018) 

[48] 

RNA-seq AD vs 

controls 

Differential 

expression 

Dysregulated immune 

pathways 

3.2. Transition to RNA Sequencing 

RNA sequencing (RNA-seq) has transformed transcriptomics by providing unbiased, high-

resolution detection of both coding and non-coding RNAs. Studies have identified immune, synaptic, 

and lipid metabolic pathways as dysregulated in AD, with improved reproducibility compared to 

microarrays [49,50]. Blood RNA-seq signatures, in which peripheral gene expression reflects central 

pathology, can be predicted through signatures such as pTau/Aβ42 or Aβ42/pTau biomarkers. 

3.3. The Role of Non-Coding RNAs 

Non-coding RNAs (ncRNAs) add another layer of biomarker potential. MicroRNAs (miRNAs), 

such as miR-16-5p and miR-34a-5p, play a vital role in regulating amyloid and tau levels. Long non-

coding RNAs (lncRNAs) influence neuroinflammatory pathways and synaptic plasticity. Circular 

RNAs (circRNAs), stable and abundant molecules, are increasingly being explored as diagnostic 

markers. In order to advance classification, specificity, sensitivity, and mechanistic insights into 

pathological progression and AD diagnosis combinining non-coding RNAs into biomarker panels is 

important [51,52]. 

3.4. Machine Learning Integration 

Transcriptomic datasets with at least 20,000 genes, proteins, or methylation features but low 

sample size (HDLSS) cause serious dimensionality and overfitting issues in machine learning. 

Methods such as dimensionality reduction (matrix factorization) and feature selection can overcome 

this challenge by enabling predictive modeling [53,54]. Filtering methods include correlation, DEGs, 

wrapper recursive algorithms, or machine learning algorithms, as well as feature elimination and 

embedding methods (LASSO, Ridge, ElasticNet), which provide the best accuracy rates. Studies such 

as Perera et al. [49] and Madar et al. [50]  used compact gene panels to predict AD. In these studies, 

classification algorithms are used to predict categorical outcomes after identifying the features of 

interest. The most used models are random forest (RF), gradient boosting machines (GBM), support 

vector machines (SVM), and partial Least Squares Discriminant Analysis (PLS-DA). 

RF builds ensembles of decision trees utilizing bootstrapped data. It later combines their 

predictions through averaging. The trees become more precise and less sensitive to overfitting or 

noise by combining many trees trained on varied data [55]. 

 𝑓𝑅𝐹(𝑥) = (1/𝐵) ∑ 𝑇𝑏(𝑥)𝐵
𝑏=1                               (1) 
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GBM consecutively train weak learners, typically decision trees, to correct the errors of prior 

models. GBM takes extremely non-linear and convoluted interactions, achieving high predictive 

accuracy by optimizing the gradient of the loss function [56]. 

  𝐹𝑚(𝑥) = 𝐹𝑚−1(𝑥) + 𝛾𝑚ℎ𝑚(𝑥)                          (2) 

where ℎ𝑚(𝑥) is the weak learner trained to minimize the loss gradient, and 𝛾𝑚 is the learning rate 

controlling the contribution of ℎ𝑚(𝑥),  𝐹𝑚(𝑥) is the model at iteration m. 

SVM operate effectively on small yet complex datasets by constructing hyperplanes that 

maximize the margin between classes, thereby minimizing structural risk and enhancing 

generalization [57]. 

 𝑓(𝑥) = 𝑠𝑖𝑔𝑛(𝑤ᵀ𝑥 + 𝑏)                            (3) 

where w defines the normal vector to the hyperplane, b is the bias term, and sign(·) determines the 

class label.  

Partial Least Squares (PLS), particularly in its discriminant analysis variant (PLS-DA), is well-

suited for multicollinear and high-dimensional data [58]. By projecting predictors and response 

variables into a shared latent space, it reduces dimensionality while retaining class-discriminative 

information. 

   𝑋 =  𝑇 𝑃ᵀ +  𝐸,     𝑌 =  𝑈 𝑄ᵀ +  𝐹                      (4) 

where X is the predictor matrix, Y is the response matrix, T and U are score matrices, P and Q are 

loading matrices, and E and F are residuals. The discriminant variant (PLS-DA) uses class 

membership as Y. When combined with effective feature selection, ensemble-based approaches such 

as RF and GBM consistently demonstrate superior predictive performance in transcriptomic analyses 

[59]. A recent finding similarly indicates that RF and GBM  models trained on blood RNA-seq data 

achieved strong predictive performance for the CSF pTau/Aβ42 ratio in independent test sets [60].  

3.5. Overall Advantages and Challenges of Transcriptomic Biomarkers 

Blood-based transcriptomic approaches offer a less invasive and more scalable alternative to CSF 

and PET methods, making them more suitable for widespread use and repeated testing. These 

advances provide insights into entire biological changes in the organism and help uncover 

underlying disease mechanisms at the pathway level. Practical gene panels that are easier to interpret, 

combined with machine learning, for clinical use. One of the disadvantages of blood gene expression 

data is that is highly dynamic and can be influenced by factors like diet, medications, and daily 

rhythms, introducing variability into the results. The other disadvantage is the differences in 

sequencing technologies and data analysis methods which might hinder consistency across studies 

and necessitating standardization. In addition, many studies rely on relatively small sample sizes, 

which increases the risk of overfitting and limits how well the findings apply to other populations. 

Another limitation is that signals from peripheral blood may not fully reflect the complex changes 

occurring in the brain. These approaches become more powerful together with ML and DL methods 

which are still advancing. Their success will depend on better integration with existing biomarkers 

and thorough validation across diverse and independent datasets. 

4. Deep Learning and Advanced Models 

Recent enhancements in deep learning (DL) have released novel opportunities for biomarker 

detection in Alzheimer’s disease (AD). Table 2 demonstrates different DL models and their strength 

and limitations. Based on neural networks (NN) with multiple layers, excel at capturing complex, 

non-linear interactions among features and can automatically learn higher-order representations 

from raw data. 
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4.1. Deep Neural Networks (DNNs) 

Deep neural networks (DNNs) are multilayer architectures that learn nonlinear transformations 

from input data through a hierarchy of hidden representations [61]. Each layer performs the 

following operation: 

  ℎ(𝑙) = 𝑓(𝑊(𝑙)ℎ(𝑙−1) + 𝑏(𝑙)), 𝑙=1,2..L                          (5)                     

where 𝑓(⋅)denotes a nonlinear activation function, and 𝑊(𝑙)and 𝑏(𝑙)represent the learnable weight 

and bias parameters, respectively. At each layer, the activation function is applied to the linear 

combination of the previous layer’s outputs, producing a new latent feature representation that is 

propagated forward through the network. In the output layer, the model computes the final 

prediction as: 

𝑦̂ = 𝜎(𝑊(𝐿)ℎ(𝐿−1) + 𝑏𝐿)                         (6) 

where ℎ(𝐿−1)denotes the output of the last hidden layer and 𝜎(⋅) is the activation function commonly 

used for classification, such as the sigmoid or softmax function. By producing class probabilities or 

continuous outputs based on the task, this final layer maps learned features to the prediction space. 

DNNs, by incorporating multiple hidden layers, extend classical feedforward designs to learn 

hierarchical projections of gene expression data. DNNs can identify subtle nonlinear dependencies 

and complex gene interactions on Alzheimer’s disease (AD) transcriptomic data that might be hidden 

by shallow learning techniques. Recent studies have demonstrated that DNNs trained on selected 

DEGs can distinguish AD patients from healthy controls with high accuracy. Outstandingly, small 

gene panels were adequate to achieve high accuracy in DNN-based models. They often outperform 

traditional machine learning classifiers [62,63]. Thus, deep learning can efficiently downgrade large 

scale transcriptomic profiles into highly prognostic molecular signatures [64]. 

4.2. Convolutional Neural Networks (CNNs) 

 CNNs are architectures of DL constructed to process data such as images and extract 

hierarchical longitudinal landscapes automatically. Its primary purpose is to globally detect local and 

spatial dependencies in the data. A typical CNN architecture consists of a convolutional layer, a 

nonlinear activation layer, and a pooling layer. In each convolutional layer, feature maps are 

generated by convolving the input data 𝑋  with learnable filters (weight matrices) 𝑊  to identify 

locally correlated subregions. Because similar patterns may occur at different spatial positions, filters 

are applied across the entire input domain, allowing parameter sharing and reducing the number of 

trainable parameters, which improves training efficiency [65]. 

The convolution operation for a single output feature map can be expressed as: 

  𝑌𝑖,𝑗
(𝑘)

= 𝜎(∑ ∑ ∑ 𝑊𝑝,𝑞,𝑚
(𝑘)

 . 𝑋𝑖+𝑝,𝑗+𝑞,𝑚 + 𝑏(𝑘)𝑄
𝑞

𝑃
𝑝

𝑀
𝑚=1 )                  (7)                 

where 𝑋  denotes the input value; 𝑚 is the channel index; 𝑊 and 𝑏 are the filter weights and bias, 

respectively; and 𝜎(⋅)is the nonlinear activation function. 

The pooling procedure downgrades the spatial dimensionality of feature maps and neglect 

translational invariance. It is defined as: 

 𝑃𝑖,𝑗
(𝑘)

= 𝑚𝑎𝑥(𝑝,𝑞)𝜖𝛺𝑌𝑖+𝑝,𝐽+𝑞
(𝑘)

                          (8) 

Although CNNs are conventionally associated with image analysis, they have been adapted for 

transcriptomic data by representing gene expression vectors as structured inputs. CNNs can model 

local dependencies and interactions among groups of genes, analogous to how they identify spatial 

patterns in images [66]. Recent studies have shown that CNNs trained on blood RNA-seq data can 

achieve performance comparable to deep neural networks (DNNs), while offering the advantage of 

identifying localized gene interaction features that may correspond to biological pathways [67]. 

Convolutional neural networks (CNNs) which is known as a conventional method for image analysis. 

In recent years, it has been adapted for transcriptomic data utilizing gene expression vectors as 

structured inputs [66]. This allows CNNs to model genes and their interactions, likewise 

identification of spatial patterns in images. Recent research contributes that CNNs trained on blood 

RNA-seq data can perform comparably to DNNs [68].     
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4.3. Autoencoders and Representation Learning 

Autoencoders are unsupervised learning models designed to compress input data into a low-

dimensional code while minimizing reconstruction loss. They consist of two primary components: 

an encoder and a decoder. The encoder maps the input data 𝑋 into a compact latent representation 

𝑍 through a function 𝑍 = 𝑓(𝑋), whereas the decoder reconstructs the input from this latent code 

using 𝑋̂ = 𝑔(𝑍).  

While the encoder transforms the input into a latent feature space, the decoder attempts to 

reconstruct the original data from this representation, typically through one or more linear or non-

linear layers. The model parameters are optimized by minimizing the reconstruction loss, defined as: 

 𝐿(𝑥, 𝑔(𝑓(𝑋))) =∥ X − 𝑋̂ ∥2
2                           (10) 

To prevent the network from learning trivial identity mappings, additional constraints are often 

imposed, such as limiting the latent code dimensionality or enforcing sparsity in the latent 

representation [69]. Autoencoders can compress high-dimensional gene expression profiles into 

lower-dimensional representations. These latent features can then be used for classification or 

clustering. In AD research, autoencoders have been applied to reduce noise, uncover hidden 

structure in transcriptomic data, and facilitate integration with other omics layers [70,71]. 

4.4. Ensemble and Hybrid Models 

Ensemble approaches combining machine and deep learning models have gained popularity in 

recent years. It performs feature selection using LASSO followed by DL classification as shown in 

Table 2. Whilst combining predictions from RF, ranger, GBM, and DNN algorithms to improve 

robustness, stacking models integrates outputs from multiple algorithms for final decision-making. 

These approaches frequently yield the most accurate model predictions by leveraging the 

corresponding gains of each algorithm. 

4.5. Bayesian Probabilistic Models 

Bayesian Probabilistic Models are models that explicitly model uncertainty using Bayes' 

theorem. They update the probability of a parameter or hypothesis with observations, allowing it to 

be treated as a probability distribution. Because biomedical data is complex and noisy, previous 

studies or biological data can be defined as prior probabilities, and results can be evaluated as 

intervals, Bayesian probability models are important [72]. Probabilistic models such as Gaussian 

mixture modeling (GMM) and hidden Markov models (HMM) provide an alternative approach by 

modeling continuous biomarker distributions. GMM can estimate the probability of belonging to an 

AD-related group based on gene expression patterns, thereby capturing disease heterogeneity 

[73,74]. 

𝑝(𝑥) = ∑ 𝜋ₖ 𝑁(𝑥 | 𝜇ₖ, 𝛴ₖ)"𝐾
𝑘=1                             (11) 

where 𝑝(𝑥) is the probability density of observation 𝑥, 𝜋ₖ is the mixing coefficient for component k 

(with 𝛴ₖ 𝜋ₖ =  1 ), and 𝑁(𝑥 | 𝜇ₖ, 𝛴ₖ)  denotes a multivariate normal distribution with mean μₖ and 

covariance matrix Σ. 

Kang et al. (2019) extended parametric HMMs to incorporate the functional impact of the 

hippocampus and age on cognitive decline across four distinct neurodegenerative states [75,76]. 

                                                     𝑃(𝑋, 𝑍) = 𝑃(𝑍1) ∏ 𝑃(𝑍𝑡|𝑍𝑡−1)𝑇
𝑡=2 ∏ 𝑃(𝑋𝑡|𝑍𝑡)𝑇

𝑡=1               (12) 

where Zₜ represents the hidden state at time 𝑡, and 𝑋ₜ is the observed data conditioned on that state. 

Whilst binomial categorization constrains outcomes to fixed diagnostic labels, Bayesian and mixture 

models enabled continuous risk prediction, providing a more detailed understanding of biomarker 

status.  

4.6. Benefits and Limitations of DL and Bayesian Models in Biomarker Research 

One of the advantages of DL models over simpler models is the ability to capture complex and 

nonlinear relationships that simpler methods might miss. Deep learning leads to improved prediction 
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performance, especially when working with high-dimensional transcriptomics data. DL models 

naturally learn fundamental features from data, reducing the need for manual feature selection. On 

the other hand, Bayesian probabilistic and mixture models allow more flexible estimations of 

continuous risk rather than just categorical values. DL models require big data to perform well. 

However, samples size of transcriptomic data in clinically diagnosed diseases are often relatively 

small. It is not always clear which genes or patterns are driving the predictions. There is also a risk of 

overfitting. These mean the model learns the training data too closely but fails to generalize on an 

independent dataset. Training DL models can be computationally expensive and time consuming 

compared to more traditional ML techniques.  

Despite of these limitations, DL and other cutting-edge models are increasingly being integrated 

into AD biomarker investigation [77,78]. They have promising findings in extracting clinical 

signatures from complex transcriptomic data. Together with DL and Bayesian models can employ 

feature selection and ensembling techniques. 

5. Multi-Layer Omics Integration for Alzheimer’s Disease Insight 

Alzheimer's disease is a complex neurodegenerative disorder influenced by epigenetic, 

proteomic, and metabolic factors. Although transcriptomic signatures derived from blood provide 

valuable insights into disease-associated alterations, gene expression data alone offer a limited 

perspective on disease status without integration with additional biological layers such as proteins 

and metabolites. Integrative omics and systems biology approaches aim to overcome this limitation 

by combining multiple data types to achieve a more comprehensive understanding of disease 

mechanisms and to identify key regulatory or hub genes. In this context, Figure 3 shows the 

integration of genomics, transcriptomics, proteomics, and metabolomics facilitates the reconstruction 

of molecular networks that span different biological levels. 

Genomic variation studies, particularly genome-wide association studies, have identified 

numerous risk loci associated with Alzheimer’s disease, including APOE, BIN1, CLU, and TREM2 

[79] When these genetic findings are integrated with transcriptomic alterations, it becomes possible 

to link inherited risk factors to downstream functional consequences at the expression level. In 

addition, proteomic analyses of plasma have identified candidate biomarkers such as clustering and 

components of the complement system. This also leads overlapping features with transcriptomic 

signals [80]. Metabolomic profiling has revealed changes in lipid metabolism and energy pathways. 

They are recognized as central features of Alzheimer’s disease and can be correlated with gene 

expression alterations [81]. As a result, multi-omics approaches offer a more holistic understanding 

of disease biology. That also facilitates to identify cross-layer molecular signatures. This would 

eventually enable the accuracy and robustness of predictive models. 
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Figure 3. A diagram of the incorporation of multiple omics data in Alzheimer’s disease. Note. Adapted from 

[82]. 

5.1. Network Biology and Regulatory RNA Integration in Alzheimer’s Disease 

Identifying hub genes occupy central positions within disease-relevant pathways. To identify 

hub genes, systems biology techniques in Alzheimer's disease should be utilized. The protein–protein 

interaction networks can be studied on analytical platforms such as Cytoscape and its plugin 

cytoHubba [83] enable the prioritization of these hub genes using topological algorithms including 

degree, maximal clique centrality, and betweenness centrality. Another method is gene co-expression 

network analysis [84].   

Findings from multiple RNA-seq studies consistently highlight key genes such as APP [85], 

MAPT (tau) [86], BDNF [85], and NTRK2 [87] as highly connected nodes, many of which are already 

well established in Alzheimer’s disease pathology. The fact that this gene sequence has been 

replicated using other datasets supports network-based techniques. This also enables the discovery 

of novel hub genes. These genes may represent previously unrecognized therapeutic targets. The 

integration of non-coding RNAs into these network structures offers an additional monitoring 

perspective which simplifies biological interpretation. To our best knowledge, the key role of non-

coding, long non-coding, and microRNAs in modulating gene expression in Alzheimer’s disease is 

vital. Integration of these RNA types allow for the reconstruction of complex regulatory circuits. For 

instance, miR-16-5p and miR-34a-5p have been exhibited to regulate BACE1 and tau 

phosphorylation, directly combining them to amyloid processing and tau pathology [88]. Whilst miR-

26a-5p suppresses tau phosphorylation through modulation of GSK-3β activity [89,90]. In addition, 

dysregulated long non-coding RNAs have been associated in synaptic plasticity and immune 

signaling pathways [91,92]. The integration of these regulatory RNA layers with mRNA expression 

data improves predictive model performance. This consolidative approach also deciphers hidden 

insights into the molecular and transcriptomics mechanisms of fundamental disease progression. 

  

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 13 May 2026 doi:10.20944/preprints202605.0893.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202605.0893.v1
http://creativecommons.org/licenses/by/4.0/


 12 

 

5.2. Pathway-Level Interpretation and Challenges in Integrative Omics 

The pathway enrichment tools like GO, KEGG, and Reactome translated are essential for 

translating the hub gene sets into biological mechanisms and functional disease networks. These 

approaches enable the mapping of differential genes onto interpretable biological processes and 

signaling pathways. In blood-based Alzheimer’s disease studies, consistently enriched pathways 

include immune response and inflammation [93,94], oxidative stress and mitochondrial dysfunction 

[95,96], synaptic signaling and plasticity [97–99], and cell cycle and apoptosis [100,101]. Such findings 

highlight the systemic nature of the disease. And these results further reinforce the key role of 

transcriptomic data in bagging biologically related changes.  

Integrative omics and systems biology advances are challenged by the need for even before 

imitating an RNA-seq study [102]. One of the primary difficulties lies in data integration, as different 

omics layers often vary substantially in scale, noise structure, and susceptibility to batch effects, 

complicating their joint analysis. In addition, the high cost and technical demands of multi-omics 

profiling frequently result in relatively small sample sizes, which can limit statistical power and 

generalizability. The computational burden associated with network inference and multi-layer 

integration also remains substantial, requiring sophisticated algorithms and significant 

computational resources. Furthermore, findings derived from systems-level analyses must ultimately 

be validated in independent cohorts and experimental models to ensure biological and clinical 

relevance. Nevertheless, the integration of transcriptomics with non-coding RNA data, proteomics, 

and metabolomics within systems biology and machine learning or deep learning frameworks 

represents a powerful and promising strategy for identifying robust, mechanistically informed 

biomarkers of Alzheimer’s disease. 

6. Translational and Clinical Perspectives 

The goal of biomarker discovery in Alzheimer’s disease (AD) is to translate findings from 

research into clinical tools that improve diagnosis, prognosis, and treatment as explained in Figure 4. 

Blood-based transcriptomic biomarkers together with machine learning (ML) and deep learning (DL) 

approaches can improve predictions of AD diagnosis and staging. The transition from discovery to 

clinical application should be rigorous to certify practicality, reproducibility, and implementation of 

regulatory frameworks. 

 

Figure 4. Translational pipeline of blood transcriptomic biomarkers created with Microsoft Powerpoint. 

6.1. Potential Clinical Applications 

Blood RNA-seq transcriptomics can be utilized to detect Alzheimer’s disease early on, thanks to 

advanced clinical trial designs and personalized treatments. The researchers can detect significant 

top up- and down-regulated genes utilizing differentially expressed genes analysis tools [103,104]. 

The DE genes can later be utilized as signatures in ML/DL models to diagnose disease or treatment 

response. Finally, blood CSF and RNA-seq data can counterpart present biomarkers such as plasma 

proteins or imaging methods. This approach would improve the diagnostics performance in terms of 

model prediction’s sensitivity, specificity, and accuracy of the correct diagnostic framework. 

6.2. Feasibility of Small Gene Panels 

Small gene panels offer greater feasibility than whole-transcriptome signatures in a translational 

perspective. Clinical assays such as quantitative PCR and targeted sequencing enable the 

measurement of a limited number of genes at a reduced cost and with increased throughput. For 
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instance, DL models have identified that panels revealing only five genes APP, MAPT (Tau), BDNF, 

NTRK2, and PSEN1 that can achieve perfect classification accuracy. Thus, these results demonstrate 

clinically relevant assays are achievable [105,106].  

6.3. Reproducibility and Cohort Diversity 

Blood-based RNA-seq signatures identified within a single dataset often fail to generalize across 

independent cohorts, raising important concerns regarding reproducibility and robustness. The 

differences are often driven by discrepancy across studies. These can be summarized such 

demographic factors as age, sex, and ethnicity. Variations in clinical characteristics like comorbidities 

and medication use is another challenge. In addition, technical hardship such as following RNA 

extraction protocols, sequencing platforms, and normalization strategies can introduce further 

variability. All these inevitable reasons in the end affect downstream analyses. To address these 

challenges, future studies should arrange retrospective validation techniques across multiple 

datasets. And ensure the inclusion of diverse and well-characterized populations, thus refining the 

repeatability and reproducibility of detected biomarkers. 

6.4. Clinical Measures and Ethical Interest  

Transcriptomic biomarkers should properly adapt in clinical practice and to fit into listed 

requirements. Standardizing blood sample collection, RNA isolation, sequencing, and data analysis 

is a crucial step. After that, the clinical procedure should follow implementation of rapid, cost-

effective tests for clinical labs. And finally, developing tools to translate ML/DL predictions into 

clinical decisions. Following all these steps with clinical decision support systems and EHRs to 

increase real-world purpose competence. 

Translation research further involves ethical dilemmas and monitoring challenges. Biomarker 

assays and technology must meet stringent both reproducibility and repeatability with applicable 

clinical standards. It is crucial to prevent disparities in diagnosis and treatment by ensuring 

biomarkers perform equally well across populations. Moreover, research using ML/DL models on 

big data raises concerns about patient confidentiality and data sharing.  

6.5. Synergy with Therapeutic Development 

Transcriptomic biomarkers may hasten remedial development beyond diagnostics using a list 

of strategies. One of them is identifying novel drug targets through hub gene and pathway analyses. 

Another one is identifying novel drug targets through hub gene and pathway analyses. Lastly, 

supporting drug repurposing by linking dysregulated pathways to existing pharmacological agents 

can be useful for integrating transcriptomics with therapeutic purposes. Thus, blood-based RNA 

biomarkers could not only improve clinical diagnosis but also facilitate precision medicine 

approaches in AD therapeutics. 

7. Discussion 

Alzheimer’s disease presently lacks effective and less expensive treatments. CSF measurements 

and PET imaging are key measures for ultimate diagnosis. However, their cost and invasiveness limit 

their clinical applications such as preventing disease progression and monitoring patients with AD. 

Developing alternative treatments also another challenge of AD. Precise and available biomarkers 

are urgently needed before symptoms show up for each AD candidate [28,77]. Plasma protein 

biomarkers like phosphorylated tau and neurofilament light offer important advances but still 

struggle with sensitivity, specificity, and reproducibility across populations [7,80]. Blood 

transcriptomic biomarkers complement this approach [7,107,108]. Researchers may find minimally 

invasive diagnostic methods by identifying systemic gene expression changes associated with 

Alzheimer’s disease pathology. As is known, the importance of gene expression was proven by the 

first microarray studies. RNA sequencing (RNA-seq) expanded the field of discovery to include hub 
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genes and non-coding RNAs [52,92]. Besides, clinically feasible gene panels can be distilled from 

transcriptomic signatures. 

Feature selection algorithms such as LASSO and Ridge regression help identify compact gene 

sets with strong predictive power. Also, classifiers such as random forests (RF) and gradient boosting 

machines (GBM) consistently achieve robust performance [73,109]. Furthermore, the utilization of 

machine learning (ML) and deep learning (DL) approaches has transformed biomarker novelty from 

descriptive analyses into predictive modeling [53,110]. Predictive Models suitable for data with time-

varying and random heterogeneous mixtures, such as deep neural networks (DNNs), convolutional 

neural networks (CNNs), and Gaussian mixture modeling (GMM) or hidden Markov Models 

(HMMs), further improve prediction accuracy and provide continuous disease risk estimates 

[72,74,111,112]. The results of these predictive models can be combined with systems biology 

approaches such as network analysis, pathway enrichment, and integrative multi-omics.  

8. Conclusions and Future Directions 

These computational and biological techniques can contribute to the discovery of new diagnostic 

signatures. Despite of significant limitations such as small sample sizes, less population diversity, 

variability in etiquettes, the discovered genes may reserve to the breakthrough of new therapeutic 

developments. Techniques such as single-cell RNA sequencing, spatial transcriptomics, and 

federated learning will further enrich these field and open new avenues for discovery. Consequently, 

blood-based RNA biomarkers analyzed using machine learning and deep learning methods will 

necessitate rapid early diagnosis and treatment of Alzheimer's disease and other neurodegenerative 

diseases. These biomarkers can complement established biomarkers, enabling early diagnosis and 

precision medicine. To anticipate this potential, it is also necessary to bring together deep expertise 

from the fields of computational biology, neuroscience, clinical research, and regulatory 

multidisciplinary sciences. By combining artificial intelligence technology with blood biomarkers, 

RNA-based biomarker strategies could play a significant role in the diagnosis and treatment of 

Alzheimer's disease and other genetic diseases within the next decade and could reduce costs. 
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AD Alzheimer’s Disease 

CSF Cerebrospinal Fluid 

PET Positron Emission Tomography 

AI Artificial Intelligence 

ML Machine Learning 

DL Deep Learning 

WHO World Health Organization 
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NfL Neurofilament Light Chain 

DEGs Differentially Expressed Genes 

GBM Gradient Boosting Machines 

GMM Gaussian Mixture Modeling 

HMM Hidden Markov Model 

pTau Phosphorylated tau 

Aβ42 Amyloid-β42 

PLS Partial Least Squares 

PLS-DA Partial Least Squares Discriminant Analysis 

MCI Cognitive Impairment 

RNA-seq RNA Sequencing 

ncRNAs Non-coding RNAs 

lncRNAs Long non-coding RNAs 

miRNAs MicroRNAs 

circRNAs Circular RNAs 

RF Random Forest 

SVM Support Vector Machines 

NN Neural Networks 
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