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[bookmark: _Toc218588385]DNA methylation (DNAm) datasets and CpG image generation
The NSPT (EPICv1) DNAm dataset of 3501 blood samples [1] was used for training the ResNet18 model. For each CpG in the NSPT (EPIC) DNAm dataset, we generated a smoothed density image to capture age-associated methylation patterns. Sample ages along x-axis were first normalized to a [0,1] range using min-max scaling. Using the bkde2D function from the R KernSmooth package [2] with a bandwidth of 0.005 and a grid size of 500, we computed joint density distributions between normalized age and DNAm beta values (naturally defined on the range (0,1). Density estimates were normalized and visualized through a color gradient transitioning from light green (low density) to dark green (high density). All axes were omitted when generating the image. Final plots were exported as 224×224 pixel PNG images at 300 DPI resolution for standardized visualization.
For independent cross-validation of the ResNet18 model, we utilized the HPT-EPIC DNAm dataset derived from whole blood samples of African-American participants in the Genetic Epidemiology Network of Arteriopathy (GENOA) study [3]. Raw IDAT files were obtained from the NCBI GEO website under the accession numbers GSE210255 (https://www.ncbi. nlm.nih.gov/geo/query/acc.cgi?acc=GSE210255, Infnium HumanMethylationEPIC BeadChip), corresponding to 1,394 samples. Data preprocessing was performed using the minfi package in R [4], where CpG probes failing to meet a detection P-value threshold of <0.05 across all samples were excluded. Following quality control, BMIQ normalization was applied to correct for type-2 probe bias [5]. This pipeline yielded a normalized methylation matrix encompassing 826,512 CpGs across 1,394 samples. The other independent EPIC DNAm dataset derives from the Airwave study, which is predominantly White Caucasians [6]. This DNAm dataset encompassing 1,032 whole blood samples and 840,034 CpGs was processed and normalized as described by us previously [7]. The generation process of CpG images in the HPT and Airwave cohorts is identical with that of the NSPT dataset.

[bookmark: _Toc218588386]ResNet18 model architecture
ResNet-18 is a deep convolutional neural network (CNN) architecture designed for image classification, leveraging residual blocks with skip connections to mitigate vanishing gradient issues and enable effective training of deep networks [8]. The network processes input images of dimensions 3×224×224 (channels×height×width) through an initial 7×7 convolutional layer (stride 2) and a 3×3 max-pooling layer (stride 2) for feature extraction and spatial reduction. Subsequent processing involves four sequential residual blocks, each composed of two Basic Blocks, where each Basic Block contains two 3×3 convolutional layers integrated with identity shortcut connections to facilitate residual learning. This configuration results in 16 convolutional layers across all residual blocks, combined with one initial convolutional layer and a final fully connected layer, yielding the network’s namesake 18-layer structure. The architecture concludes with global average pooling and a fully connected layer that outputs 10-dimensional predictions for CpG category classification, maintaining efficient gradient propagation and hierarchical feature learning through its residual connections.

[bookmark: _Toc218588387]CpG Category Identification 
Using the NSPT (EPIC) DNAm dataset (3,501 samples), we identified ten categories of CpGs. Initially, seven primary categories were delineated: LinAgeHomo, LinAgeHet, NonAgeHet, Outlier, Bimodal, Trimodal, and NonAgeNonHetUniModal CpGs (SM table 1). Subsequently, we refined the categorization within the Bimodal category, distinguishing between Bimodal CpGs that are age-independent (BiNonAge) and those that exhibit age association (BiAge). A similar approach was applied to the Trimodal CpGs. Additionally, the NonAgeNonHetUniModal CpGs were subdivided into UniUnstable CpGs and UniStable CpGs. Finally, any CpGs that did not fit into the aforementioned categories were assigned to ‘Unclassified CpGs’ (SM table 2).
The identification of LinAgeHomo, LinAgeHet, and NonAgeHet CpGs was executed first. Specifically, CpGs demonstrating a linear relationship with age (as determined by linear regression, FDR < 0.00001) and an absolute slope value exceeding 0.0005 (i.e. at least a 1% DNAm change over 20 years), while exhibiting homoscedastic residuals (Breusch-Pagan test, FDR > 0.3), were classified as LinAgeHomo CpGs. Conversely, those that maintained a linear correlation with age but displayed heteroscedasticity (FDR < 0.00001 in Breusch-Pagan test) were categorized as LinAgeHet CpGs. Lastly, CpGs that did not present a linear relationship with age (linear regression, FDR > 0.3) and exhibited heteroscedasticity (Breusch-Pagan test, FDR < 0.00001) were identified as NonAgeHet CpGs (SM table 1).
To identify Outlier CpGs, we employed the following strategies: Initially, CpGs with an unbiased kurtosis value exceeding 10 were considered candidates. For each candidate, the most extreme outlier—defined as the sample exhibiting the largest absolute deviation from the median—was iteratively removed. This process continued until the kurtosis of the candidate CpG fell below 2. If the total number of outliers eliminated during the iterations did not exceed 350 (roughly one-tenth of the total sample size) and the minimum absolute difference between the beta values of these outlier samples and the CpG's median exceeded 0.05, these CpGs were classified as Outliers (SM table 1).
Additionally, we utilized sex differentially methylated CpGs (sex-DMCs) to identify Bimodal CpGs. Utilizing the limma package[9], we first derived sex-DMCs (n = 112,192) (FDR < 0.00001) and subsequently selected those with an absolute difference in median beta values between male and female samples greater than 0.025 for classification as Bimodal CpGs(SM table 1).
Similarly, we used the 271,363 mQTLs(P < 1e-14) in the NSPT(EPIC) DNAm dataset to identify Trimodal CpG. Given that a single CpG can correspond to multiple SNPs, we selected the most significant SNP associated with each CpG for genotype determination. For each CpG, we calculated the number of samples for each genotype alongside the median beta value corresponding to each genotype. Trimodal CpGs were defined as CpGs with more than 175 samples (0.05 of the total number of samples) for each of the three genotypes and with an absolute median difference in beta value between genotypes of more than 0.05 (SM table 1).
Moreover, the categorization of NonAgeNonHetUniModal CpGs was conducted. A CpG exhibiting an unbiased kurtosis value between (-0.05, 0.5) indicates a distribution that approximates a Gaussian distribution. We identified such candidates that were not linearly correlated with age (linear regression, FDR > 0.3) and displayed a constant variance across age (Breusch-Pagan test, FDR > 0.3). Furthermore, it was imperative that these CpGs did not overlap with those identified as bimodal or trimodal (SM table 1).
Following the identification of seven CpG categories, we eliminated CpGs with change values less than 0.1 from the other six categories except for the nonAge_nonHet_UniModal category. For LinAgeHomo, LinAgeHet, NonAgeHet, Outlier, and NonAgeNonHetUniModal CpGs, we removed CpGs overlapping with others within each respective category, retaining only unique CpGs. In contrast, only overlapping CpGs between the Bimodal and Trimodal categories were removed from the latter categories. Consequently, the final counts for each category were as follows: LinAgeHomo CpGs - 5,401; LinAgeHet CpGs - 139,638; NonAgeHet CpGs - 10,205; Outlier CpGs - 1,566; Bimodal CpGs - 7,072; Trimodal CpGs – 9,349; NonAgeNonHetUniModal CpGs - 43,984.
To facilitate a more nuanced classification of Bimodal and Trimodal CpGs, we employed a linear regression model. For Bimodal CpGs, those exhibiting a correlation (linear regression, FDR < 0.001) were classified as BiAge, while those without a significant correlation (linear regression, FDR > 0.1) were designated as BiNonAge. This classification was similarly applied to Trimodal CpGs, where significant age correlations (linear regression, FDR < 0.001) resulted in classification as TriAge, and non-significant correlations (linear regression, FDR > 0.3) led to designation as TriNonAge. Additionally, we categorized NonAgeNonHetUniModal CpGs based on change values, identifying those with change values of less than 0.05 as UniStable CpGs and those with values exceeding 0.15 as UniUnstable CpGs. Finally, any CpGs that did not conform to the established categories were classified as Unclassified CpGs. The final counts for each category following this classification were as follows: LinAgeHomo CpGs - 5,401; LinAgeHet CpGs - 139,638; NonAgeHet CpGs - 10,205; Outlier CpGs - 1,566; BiNonAge CpGs - 1,167; BiAge CpGs - 4,152; TriNonAge CpGs - 4,003; TriAge CpGs - 5,200; UniUnstable CpGs - 1,880; UniStable - 24,435 (SM table 2).

SM table 1. Classification framework of seven major CpG categories in NSPT(EPIC) dataset (n=3,501)
	Category
	Key Criteria
	Statistical Thresholds
	N CpGs

	LinAgeHomo
	1. Linear age association
	Linear regression FDR < 1×10-5 and Slope > 5×10-4
	6215

	
	2. Homoscedastic
	Breusch-Pagan FDR > 0.3
	

	
	3. Dynamic methylation range
	Δβ(max-min) > 0.1
	

	LinAgeHet
	1. Linear age association
	Linear regression FDR < 1×10-5
	141902

	
	2. Heteroscedastic 
	Breusch-Pagan FDR < 1×10-5
	

	
	3. Dynamic methylation range
	Δβ(max-min) > 0.1
	

	NonAgeHet
	1. Non-Linear age association
	Linear regression FDR > 0.3
	10881

	
	2. Heteroscedastic
	Breusch-Pagan FDR < 1×10-5
	

	
	3. Dynamic methylation range
	Δβ(max-min) > 0.1
	

	Outlier
	1. The change of unbiased kurtosis value
	 Initial kurtosis >10 → Final kurtosis <2
	1573

	
	2. Iterative outlier removal
	 ≤350 outliers removed
	

	
	3. Biological significance threshold
	Min(absolute(β_outlier – median))>0.05
	

	
	4.Dynamic methylation range
	Δβ(max-min) > 0.1
	

	Bimodal
	1.Sex-associated differential methylation
	Sex-DMCs (limma FDR <1×10⁻⁵)
	7807

	
	2.Inter-group methylation divergence
	Δβ_median(M-F) > 0.025
	

	
	3.Dynamic methylation range
	Δβ(max-min) > 0.1
	

	Trimodal
	1.mQTL-driven trimodal distribution
	mQTLs(P <1×10⁻¹⁴) and ≥175 samples/genotype
	10084

	
	2.Genotype-specific methylation shifts
	Δβ_median(genotype) > 0.05
	

	
	3.Dynamic methylation range
	Δβ(max-min) > 0.1
	

	NonAgeNonHetUniModal
	1. Unimodal
	-0.05< kurtosis_values < 0.5 and Non-overlap with multi-modal CpGs
	43984

	
	2. Age/variance independence
	Linear regression FDR >0.3 and Breusch-Pagan FDR >0.3
	



SM table 2. Refined identification of 10 categories of CpG in the NSPT(EPIC) dataset (n=3,501)
	Category
	Key Criteria
	N CpGs

	LinAgeHomo
	After identifying the seven main categories of CpGs, only unique CpGs were selected from each category

	5401

	LinAgeHet
	
	139638

	NonAgeHet
	
	10205

	Outlier
	
	1566

	Bimodal
	Only CpGs that are not trimodal are retained.
	Number of Bimodal CpG:
7072
	BiNonAge:
Neither male nor female showed significant age correlation (Linear regression FDR >0.1).
	1167

	
	
	
	BiAge:
Significant age correlation in either sex (Linear regression FDR <0.001)
	4152

	Trimodal
	Only CpGs that are not bimodal are retained.
	Number of Trimodal CpG:
9349
	TriNonAge:
Age-independent across genotypes (FDR >0.3)
	4003

	
	
	
	TriAge:
Age-associated in ≥1 genotype (Linear regression FDR <0.001)
	5200

	UniUnstable
	1. After identifying the seven main categories of CpGs, only unique CpGs were selected from each category
2, Δβ(max-min) >0.15
	1880

	UniStable
	1. After identifying the seven main categories of CpGs, only unique CpGs were selected from each category
2, Δβ(max-min) <0.05
	24435

	Unclassified
	Does not fall into the above category.
	614223



[bookmark: _Toc218588388]ResNet18 Iterative Training for CpG Categorization in NSPT(EPIC) DNAm dataset
We implemented the training of the ResNet18 model using PyTorch version 2.4.1 [10], directly sourced from torchvision version 0.19.1. The training process employed the Adam optimizer, with an initial learning rate of 0.01. To enhance training efficiency, we utilized a ReduceLROnPlateau learning rate scheduler, which reduces the learning rate to 10% of its original value if the validation loss does not demonstrate improvement over three consecutive epochs. The loss function employed was cross-entropy loss, which is well-suited for multi-class classification tasks. With respect to hyperparameters, a batch size of 64 was selected, and a total of 40 training epochs were conducted. 
To train the ResNet18 model, we randomly selected 1,000 CpGs from each category, resulting in a total of 10,000 CpGs. Subsequently, these data were randomly divided into a training set (containing 8,000 CpGs) and a validation (model-selection) set (containing 2,000 CpGs) in an approximate 80:20 ratio. The remaining CpGs from each category constituted the test set (n=187,647). We employed the test set to evaluate the trained ResNet18 model, referred to as ResNet18-iteration0, and calculated the confidence for each CpG site within the test set. Confidence was defined as the difference between the highest and the second-highest probabilities in the model predictions. The ResNet18-iteration0 model was subsequently applied to predict the unclassified CpGs. Given that the identified 10 categories of CpGs represent only a small fraction of the NSPT(EPIC) DNAm dataset, we incorporated unclassified CpGs with a confidence greater than 0.9 into the established categories, resulting in a cumulative total of 540,145 CpGs with categorical information. 
Following a similar methodology, we randomly selected 1,600 CpGs from each category, totaling 16,000 CpGs, and randomly divided them into a training set (including 12,800 CpGs) and a validation (model-selection) set (including 3,200 CpGs) at an 80:20 ratio. The remaining CpGs from each category constituted the test set (n=524,145). We then trained the ResNet18-iteration1 model using a procedure as describe above. Similarly, the ResNet18-iteration1 model was then applied to the unclassified CpGs, with those exhibiting a confidence greater than 0.9 being added to the identified categories, resulting in a total of 611,286 classified CpGs. Subsequently, we randomly drew 3,200 CpGs from each category, resulting in a total of 32,000 CpGs, which were then randomly split into a training set (25,600 CpGs) and a validation set (6,400 CpGs), while the remaining CpGs from each category constituted the test set (n=579,286). Finally, the merged datasets were input into the ResNet18 model to obtain the trained ResNet18-iteration2 model. The changes in the number of classified CpGs during the iteration process are detailed in SM table 3.



[bookmark: OLE_LINK2]SM table 3. Changes in the number of classified CpGs during iterative training of ResNet18 models.
	

	LinAgeHomo
	LinAgeHet
	NonAgeHet
	Outlier
	BiNonAge
	BiAge
	TriNonAge
	TriAge
	UniUnstable
	UniStable
	Sum

	Initial identification.
	5401
	139638
	10205
	1566
	1167
	4152
	4003
	5200
	1880
	24435
	197647

	After first iteration
	9453
	179591
	17218
	5356
	1954
	4862
	4003
	5286
	19267
	293155
	540145

	After second iteration
	11678
	196258
	25655
	9002
	8622
	6669
	4015
	5344
	33270
	310773
	611286



[bookmark: _Toc218588389]Simulated DNA Methylation Dataset Generation
The number of CpGs for each of the ten categories in each simulated dataset is uniformly distributed, and the sample ages are uniformly distributed between 20 - 80 years old. The CpG simulation process for each category is specified below:
For all CpG categories, beta values were simulated using beta distributions parameterized by category-specific rules governing the relationship of mean methylation (μ) and variance (σ²) with age or subpopulation structure. Shape parameters (α, β) of the beta distribution were derived from the mean (μ) and variance (σ²) using the following relationships:
          
These formulas ensure that the beta distribution adheres to the predefined mean and variance constraints. Beta values were subsequently generated for each CpG site using the R function rbeta(n, α, β), with α and β dynamically calculated based on category-specific rules (e.g., age-linear trends, bimodal partitioning, or outlier deviations). 
LinAgeHomo: For CpGs in the LinAgeHomo category, DNAm values were modeled to exhibit linear age-dependent trajectories with fixed variance. The expected value (μ) of each CpG was constrained to vary linearly with age, bounded between 0.1 and 0.9 to avoid saturation. The total variation range of μ across ages was restricted to [0.03, 0.3], ensuring plausible change values. For increasing trajectories, the baseline mean (μ₀) at the minimum age (20 years) was sampled uniformly from [0.1, 0.87], and the total variation (Δμ) was drawn from [0.03, min(0.3, 0.9 − μ₀)]. For decreasing trajectories, μ₀ was sampled from [0.13, 0.9], and Δμ was drawn from [−min(0.3, μ₀ − 0.1), −0.03]. The slope of the age relationship was calculated as Δμ divided by the age range (60 years). For each sample, the age-specific mean μ(age) was computed as μ₀ + slope × (age − 20). The variance (σ²) for each CpG was fixed and sampled uniformly from [0.001, 0.01]. Beta distribution parameters (α, β) were derived from μ(age) and σ² using formula (1,2), and beta values were generated using the R function rbeta().
NonAgeHet: CpGs in the NonAgeHet category were designed to exhibit age-modulated variance while maintaining a constant mean. The baseline mean (μ) was fixed and sampled from [0.1, 0.9]. The standard deviation (σ) varied linearly with age, constrained to [0.01, 0.15], with a minimum absolute variation of 0.05 across ages. For increasing variance, the baseline σ at age 20 (σ₀) was sampled from [0.01, 0.10], and the total variation (Δσ) was drawn from [0.05, 0.15 − σ₀]. For decreasing variance, σ₀ was sampled from [0.06, 0.15], and Δσ was drawn from [0.01 − σ₀, −0.05]. The slope of the σ-age relationship was Δσ divided by the age range. Age-specific variance σ²(age) was computed as (σ₀ + slope × (age − 20))². Beta values were generated by sampling from distributions parameterized by μ and σ²(age).
LinAgeHet: The LinAgeHet category combined the methodologies of LinAgeHomo and NonAgeHet. Both the mean (μ) and standard deviation (σ) of DNAm values were modeled to vary linearly with age. The mean trajectory followed the LinAgeHomo protocol, while the variance trajectory mirrored the NonAgeHet approach. Beta distribution parameters were derived dynamically for each sample based on age-specific μ(age) and σ²(age).
UniStable/UniUnstable: The UniStable and UniUnstable categories represented CpGs with constant means and variances across all samples. For UniUnstable, the variance (σ²) was sampled from [0.005, 0.01], while UniStable CpGs had ultra-low variance (σ² ~ [5×10⁻⁶, 5×10⁻⁵]). The mean (μ) for both categories was uniformly sampled from [0.1, 0.9]. Beta values were generated using fixed α and β parameters derived from μ and σ².
Outlier: The Outlier category simulated CpGs with outlier samples. The number of outliers per CpG was uniformly sampled under the constraint that outliers comprised <10% of total samples. Outliers deviated from the baseline mean (μ) by Δμ ~ [0.05, 0.5], with directionality (above or below μ) randomized. The baseline μ was constrained to [0.1, 0.9 - Δμ] or [0.1 + Δμ, 0.9] based on the relative position with respect to the Outliers to avoid overlapping boundaries.  Baseline variance was sampled from [5×10⁻⁵, 0.005], and non-outlier values were generated using rbeta(). Outliers were assigned fixed values at μ ± Δμ.
Bimodal(BiNonAge, BiAge): Bimodal (BiNonAge, BiAge) CpGs were generated by partitioning samples into subpopulations with distinct means. For the BiNonAge category, samples are divided into two groups, with the number of samples in each group ranging between 15% and 85% of the total sample size, and the sum of the two groups equal to the total sample size. The means of the two modalities are randomly sampled within the range [0.1, 0.9], and the variances are randomly sampled within the range [0.0001, 0.001]. Finally, the absolute difference between the means of the two modalities must be greater than or equal to 0.05. If this requirement is not met, the modality farther from the distance boundary is adjusted so that the absolute difference between the means of the two modalities equals 0.05. BiAge CpGs followed the same limitation but incorporated linear age trajectories for each modality, as described in LinAgeHomo.
Trimodal(TriNonAge, TriAge): For the Trimodal category, samples were divided into three groups, each with a sample size between 0.1 and 0.9 of the total sample, and the sum of the sample sizes of the three groups was the total sample size. The TriNonAge and TriAge are generated in a similar way to BiNonAge and BiAge.

[bookmark: _Toc218588390]SimResNet18 Model Training and Generalization Evaluation
Three ResNet18 models (designated as SimResNet18_V1, SimResNet18_V2, and SimResNet18_V3) were trained on simulated DNAm datasets with varying sample sizes and uniform CpG category distributions. The CpG profiles of the simulated data were then transformed into images, in the same way as done for the real DNAm data.
For SimResNet18_V1, the model was initially trained and evaluated on a simulated dataset comprising 3,500 samples and 20,000 CpGs, partitioned into training, validation, and test sets at a 6:2:2 ratio. 
SimResNet18_V2 was constructed by combining two distinct simulated datasets: (1) 6,000 randomly selected CpGs from the aforementioned 20,000-CpG dataset and (2) 6,000 CpGs subsampled from an independent dataset containing 800 samples and 10,000 CpGs. This resulted in a merged training set of 12,000 CpGs. The validation set was similarly assembled by merging 2,000 CpGs from each simulated dataset (totaling 4,000 CpGs), while the remaining CpGs from both datasets constituted the test set.
SimResNet18_V3 was trained on a composite dataset generated by merging five simulated subsets with sample sizes of 500, 1,500, 3,000, 5,000, and 8,000, each containing 4,000 CpGs. The combined dataset was partitioned into training (12,000 CpGs), validation (4,000 CpGs), and test (4,000 CpGs) sets at a 6:2:2 ratio.
All models followed the hyperparameter configurations detailed in the " ResNet18 model architecture" section. To assess generalization capability, trained models were subsequently applied to four independent simulated datasets containing 300, 2,000, 4,000, and 10,000 samples, each of these independent simulated datasets comprising 10,000 CpGs.

[bookmark: _Toc218588391]Generating Mixed Sample Datasets to Train and Evaluate MixResNet18 Model.
To enhance the generalizability of the ResNet18 model, we employed a dataset blending varying sample quantities through a multi-step CpG classification and subset refinement process. Initially, CpGs were classified into ten categories within the NSPT(EPIC) dataset comprising 3,501 samples. A 1,000-sample subset was then randomly drawn from this parent dataset, inheriting the established CpG classification information. To address potential distribution mismatches of outlier CpGs arising from random sampling, we implemented an iterative validation protocol: Outlier CpGs exhibiting discordance with the original classification criteria (SM table 4) underwent targeted random sample replacement until their distributional characteristics aligned with the parent dataset. 
The CpG classification methodology evolved through two distinct phases. Primary categorization was performed using permissive thresholds, yielding eight categories: LinAgeHomo, LinAgeHet, NonAgeHet, Outlier, Bimodal, Trimodal, UniUnstable, and UniStable CpGs (SM table 4). Following removal of overlapping CpG assignments, a secondary classification round applied stringent threshold criteria to establish ten discrete categories (SM table 5). 

SM table 4. Classification framework of eight major CpG categories in NSPT(EPIC) dataset (n=3,501)
	Category
	Key Criteria
	Statistical Thresholds
	N CpGs

	LinAgeHomo
	1. Linear age association
	Linear regression FDR < 1×10-3 
	30909

	
	2. Homoscedastic
	Breusch-Pagan P > 0.1
	

	
	3.Dynamic methylation range
	Δβ(max-min) > 0.1
	

	LinAgeHet
	1. Linear age association
	Linear regression FDR < 1×10-3 
	198203

	
	2. Heteroscedastic 
	Breusch-Pagan FDR < 1×10-3
	

	
	3.Dynamic methylation range
	Δβ(max-min) > 0.1
	

	NonAgeHet
	1. Non-linear age association
	Linear regression P > 0.1
	23590

	
	2. Heteroscedastic
	Breusch-Pagan FDR < 1×10-3
	

	
	3.Dynamic methylation range
	Δβ(max-min) > 0.1
	

	Outlier
	1. The change of unbiased kurtosis value
	 Initial kurtosis >10 → Final kurtosis <2
	1573

	
	2. Iterative outlier removal
	 ≤350 outliers removed
	

	
	3. Biological significance threshold
	Min(absolut(β_outlier – median))>0.05
	

	
	4.Dynamic methylation range
	Δβ(max-min) > 0.1
	

	Bimodal
	1.Sex-associated differential methylation
	Sex-DMCs (limma FDR < 1×10-3)
	142191

	
	2.Dynamic methylation range
	Δβ(max-min) > 0.1
	

	Trimodal
	1.mQTL-driven trimodal distribution
	mQTL SNPs (P <1×10⁻¹⁴) and ≥175 samples/genotype
	124316

	
	2.Dynamic methylation range
	Δβ(max-min) > 0.1
	

	UniUnstable

	1. Unimodal
	-0.05< kurtosis_values < 0.5 and Non-overlap with multi-modal CpGs
	1590

	
	2. Age/variance independence
	Linear regression P >0.2 and Breusch-Pagan P >0.2
	

	
	3.Dynamic methylation range
	Δβ(max-min) > 0.15
	

	UniStable

	1. Unimodal
	-0.05< kurtosis_values < 0.5 and Non-overlap with multi-modal CpGs
	38753

	
	3.Dynamic methylation range
	Δβ(max-min) < 0.05
	



SM table 5. Finer identification of 10 categories of CpGs in the NSPT(EPIC) dataset (n=3,501)
	Category
	Key Criteria
	Statistical Thresholds
	N CpGs

	LinAgeHomo
	1. Only unique CpGs were selected from each category
	2062

	
	2. Linear age association
	Linear regression FDR < 1×10-5 and Slope > 5×10-4
	

	
	3. Homoscedastic
	Breusch-Pagan P > 0.2
	

	LinAgeHet
	1. Only unique CpGs were selected from each category
	67117

	
	2. Linear age association
	Linear regression FDR < 1×10-5 and Slope > 2.5×10-4
	

	
	3. Heteroscedastic
	Breusch-Pagan FDR < 1×10-5
	

	NonAgeHet
	1. Only unique CpGs were selected from each category
	4547


	
	2. Non-linear age association
	Linear regression P > 0.2
	

	
	3. Heteroscedastic
	Breusch-Pagan FDR < 1×10-5
	

	Outlier
	1. Only unique CpGs were selected from each category
	1180

	Bimodal
	1.Only CpGs that are not trimodal are retained.
2. Sex-DMCs (limma FDR < 1×10-5)

	BiNonAge:
1. Neither male nor female showed significant age correlation (Linear regression P > 0.1).
2. Inter-modal differences: Δβ_median(M-F) > 0.018
	1175

	
	
	BiAge:
1. Significant age correlation in either sex (Linear regression FDR <0.001)
2. Inter-modal differences: Δβ_median(M-F) > 0.02
	4581

	Trimodal
	Only CpGs that are not bimodal are retained.

	TriNonAge:
1.Age-independent across genotypes (P >0.2)
2. Inter-modal differences: Δβ_median(genotype) > 0.05
	1766

	
	
	TriAge:
1. Age-associated in ≥1 genotype (Linear regression FDR <0.001)
2. Inter-modal differences: Δβ_median(genotype) > 0.05
	3982

	UniUnstable
	only unique CpGs were selected from each category
	1115

	UniStable
	only unique CpGs were selected from each category
	38753

	Unclassified
	Does not fall into the above category.
	685592



[bookmark: _Toc218588392]Train and Evaluate MixResNet18 Model
The MixResNet18 architecture was implemented using PyTorch 2.5.1[10] and torchvision 0.20.1, maintaining ResNet-18's core convolutional structure while modifying the final fully connected layer to output 10-class predictions. Training employed the Stochastic Gradient Descent (SGD) optimizer with a learning rate of 0.01, momentum of 0.9, and L2 regularization (weight decay = 1e-4) to mitigate overfitting. The learning rate adaptation strategy utilized a ReduceLROnPlateau scheduler that reduced the rate by 90% after three epochs without validation loss improvement. We introduced early stopping (patience = 30 epochs, minimum improvement delta = 0.0001) to prevent unnecessary training iterations, with model checkpoints saved based on validation performance. The training protocol maintained a batch size of 128 across 500 epochs, using cross-entropy loss for this multi-class classification task.
The training of the MixResNet18 model is similar to the previous one, where the 1000 CpGs are still selected from each category (ten categories in total) and divided into training and validation sets in a ratio of 9:1, and then the remaining CpGs from each category are used as the test set. Since we mixed the 3501-sample NSPT(EPIC) dataset and the 1000-sample NSPT(EPIC) data subset, both have consistent CpG category information. Therefore the number of images in our final training, validation and test sets are 18000, 2000 and 232,556. 
The initial model (MixResNet18ite0) was trained and validated on this architecture, then deployed for predicting unclassified CpG categories of these two datasets with different sample sizes. High-confidence predictions (confidence value>0.8) showing consensus between both datasets were retained, resulting in 300,870 newly classified CpGs. These were combined with the original 126,278 classified CpGs to establish an expanded reference set. The training, validation and test sets were again divided, with image numbers of 29088, 3232 and 821,976 to train and evaluate the MixResNet18ite1 model. It is important to note that because the confidence values threshold for the newly classified CpGs were not very high (i.e., confidence values > 0.8), we prioritized the inclusion of statistically identified CpGs into the training and validation sets to ensure their quality. For categories with an insufficient number of statistically-identified CpGs, we supplemented the datasets with CpGs identified by the MixResNet18ite0 model. The changes in the number of classified CpGs during the iteration process are detailed in SM table 6

SM table 6. Changes in the number of classified CpGs of NSPT(EPIC) dataset(3501 samples) during iterative training of MixResNet18 models.
	

	LinAgeHomo
	LinAgeHet
	NonAgeHet
	Outlier
	BiNonAge
	BiAge
	TriNonAge
	TriAge
	UniUnstable
	UniStable
	Sum

	Initial identification.
	2062
	67117
	4547
	1180
	1175
	4581
	1766
	3982
	1115
	38753
	126278

	After first iteration
	8898
	117879
	12310
	4782
	1850
	7843
	1796
	4380
	14929
	252481
	427148



[bookmark: _Toc218588393]Definition of ground-truth CpG categories in the HPT_EPIC DNAm dataset.
We defined ground truth categories of CpGs in the HPT_EPIC DNAm dataset in order to evaluate the performance of the MixResNet18 model. The process of CpG category defined was similar to the previous one, i.e., CpGs were initially categorized into eight main categories using highly relaxed thresholds (SM table 7), and after removing CpGs overlapping between categories, more stringent categories were implemented to identify CpGs in ten categories (SM table 8). 

SM table 7 Classification framework of eight major CpG categories in the HPT_EPIC dataset
	Category
	Key Criteria
	Statistical Thresholds
	N CpGs

	LinAgeHomo
	1. Linear age association
	Linear regression FDR < 0.05
	137608

	
	2. Homoscedastic
	Breusch-Pagan P > 0.1
	

	
	3.Dynamic methylation range
	Δβ(max-min) > 0.1
	

	LinAgeHet
	1. Linear age association
	Linear regression FDR < 0.05
	106203

	
	2. Heteroscedastic 
	Breusch-Pagan FDR < 0.05
	

	
	3.Dynamic methylation range
	Δβ(max-min) > 0.1
	

	NonAgeHet
	1. Non-linear age association
	Linear regression P > 0.1
	38426

	
	2. Heteroscedastic
	Breusch-Pagan FDR < 0.05
	

	
	3.Dynamic methylation range
	Δβ(max-min) > 0.1
	

	Outlier
	1. The change of unbiased kurtosis value
	 Initial kurtosis >10 → Final kurtosis <2
	134554

	
	2. Iterative outlier removal
	 ≤139 outliers removed
	

	
	3. Biological significance threshold
	Min(absolut(β_outlier – median))>0.05
	

	
	4.Dynamic methylation range
	Δβ(max-min) > 0.1
	

	Bimodal
	1.Sex-associated differential methylation
	Sex-DMCs (limma FDR < 0.05)
	135292

	
	2.Dynamic methylation range
	Δβ(max-min) > 0.1
	

	Trimodal
	1.mQTL-driven trimodal distribution
	Direct use of mQTLs From the NSPT(EPIC) dataset(P <1×10⁻¹⁴)
	229812

	
	2.Dynamic methylation range
	Δβ(max-min) > 0.1
	

	UniUnstable

	1. Unimodal
	-0.05< kurtosis_values < 0.5 and Non-overlap with multi-modal CpGs
	2993

	
	2. Age/variance independence
	Linear regression P>0.3 and Breusch-Pagan P >0.3
	

	
	3.Dynamic methylation range
	Δβ(max-min) > 0.15
	

	UniStable

	1. Unimodal
	-0.05< kurtosis_values < 0.5 and Non-overlap with multi-modal CpGs
	7215

	
	3.Dynamic methylation range
	Δβ(max-min) < 0.05
	



SM table 8. Finer identification of 10 categories of CpGs in the in HPT_EPIC dataset
	Category
	Key Criteria
	Statistical Thresholds
	N CpGs

	LinAgeHomo
	1. Only unique CpGs were selected from each category
	2362


	
	2. Linear age association
	Linear regression FDR < 1×10-5 and Slope > 5×10-4
	

	
	3. Homoscedastic
	Breusch-Pagan P > 0.3
	

	
	4. Non-bimodal
	Not sexDMCs(limma, P>0.3)
	

	LinAgeHet
	1. Only unique CpGs were selected from each category
	1476

	
	2. Linear age association
	Linear regression FDR < 1×10-4 and Slope > 2.5×10-4
	

	
	3. Heteroscedastic
	Breusch-Pagan FDR < 1×10-5
	

	
	4. Non-bimodal
	Not sexDMCs(limma, P>0.3)
	

	NonAgeHet
	1. Only unique CpGs were selected from each category
	721

	
	2. Non-linear age association
	Linear regression P > 0.3
	

	
	3. Heteroscedastic
	Breusch-Pagan FDR < 1×10-4
	

	
	4. Non-bimodal
	Not sexDMCs(limma, P>0.3)
	

	Outlier
	1. Only unique CpGs were selected from each category
	40572

	
	2. Non-bimodal
	Not sexDMCs(limma, P>0.3)
	

	Bimodal
	1. Only unique CpGs were selected from each category
2. Sex-DMCs (limma FDR < 5×10-3)

	BiNonAge:
1. Neither male nor female showed significant age correlation (Linear regression P > 0.2).
2. Inter-modal differences: Δβ_median(M-F) > 0.02
	2960

	
	
	BiAge:
1. Significant age correlation in either sex (Linear regression  FDR < 0.005)
2. Inter-modal differences: Δβ_median(M-F) > 0.02
	1398

	Trimodal
	Only unique CpGs were selected from each category 
	TriNonAge:
The TriNonAge CpGs are from the 3501-sample NSPT dataset and are required to overlap with the Trimodal CpGs from SM table 5.
	1197

	
	
	TriAge:
The TriAge CpGs are from the 3501-sample NSPT dataset and are required to overlap with the Trimodal CpGs from SM table 5.
	1995

	UniUnstable
	1. Only unique CpGs were selected from each category
	1691

	
	2. Not sexDMCs(limma, P>0.3)
	

	UniStable
	Only unique CpGs were selected from each category
	7215

	Unclassified
	Does not fall into the above category.
	764925




[bookmark: _Toc218588394]Identification of CpG categories in the Airwave DNAm dataset.
We also defined ground truth categories of CpGs in the Airwave DNAm dataset in order to evaluate the performance of the MixResNet18 model. The process of CpG category defined was similar to the HPT_EPIC DNAm dataset (SM table 9-10)

SM table 9. Classification framework of eight major CpG categories in the Airwave DNAm dataset
	Category
	Key Criteria
	Statistical Thresholds
	N CpGs

	LinAgeHomo
	1. Linear age association
	Linear regression FDR < 0.05
	70198

	
	2. Homoscedastic
	Breusch-Pagan P > 0.1
	

	
	3.Dynamic methylation range
	Δβ(max-min) > 0.1
	

	LinAgeHet
	1. Linear age association
	Linear regression FDR < 0.05
	2376

	
	2. Heteroscedastic 
	Breusch-Pagan FDR < 0.05
	

	
	3.Dynamic methylation range
	Δβ(max-min) > 0.1
	

	NonAgeHet
	1. Non-linear age association
	Linear regression P > 0.1
	785

	
	2. Heteroscedastic
	Breusch-Pagan FDR < 0.05
	

	
	3.Dynamic methylation range
	Δβ(max-min) > 0.1
	

	Outlier
	1. The change of unbiased kurtosis value
	 Initial kurtosis >10 → Final kurtosis <2
	47314

	
	2. Iterative outlier removal
	 ≤103 outliers removed
	

	
	3. Biological significance threshold
	Min(absolut(β_outlier – median))>0.05
	

	
	4.Dynamic methylation range
	Δβ(max-min) > 0.1
	

	Bimodal
	1.Sex-associated differential methylation
	Sex-DMCs (limma FDR < 0.05)
	114570

	
	2.Dynamic methylation range
	Δβ(max-min) > 0.1
	

	Trimodal
	1.mQTL-driven trimodal distribution
	Direct use of mQTLs From the NSPT(EPIC) dataset(P <1×10⁻¹⁴)
	229291

	
	2.Dynamic methylation range
	Δβ(max-min) > 0.1
	

	UniUnstable

	1. Unimodal
	-0.05< kurtosis_values < 0.5 and Non-overlap with multi-modal CpGs
	26249

	
	2. Age/variance independence
	Linear regression P >0.3 and Breusch-Pagan P >0.3
	

	
	3.Dynamic methylation range
	Δβ(max-min) > 0.15
	

	UniStable

	1. Unimodal
	-0.05< kurtosis_values < 0.5 and Non-overlap with multi-modal CpGs
	1045

	
	3.Dynamic methylation range
	Δβ(max-min) < 0.05
	






SM table 10. Finer identification of 10 categories of CpGs in the in Airwave DNAm dataset
	Category
	Key Criteria
	Statistical Thresholds
	N CpGs

	LinAgeHomo
	1. Only unique CpGs were selected from each category
	2106


	
	2. Linear age association
	Linear regression FDR < 1×10-3 and Slope > 5×10-4
	

	
	3. Homoscedastic
	Breusch-Pagan P > 0.2
	

	
	4. Non-bimodal
	Not sexDMCs(limma, P>0.1)
	

	LinAgeHet
	1. Only unique CpGs were selected from each category
	230

	
	2. Linear age association
	Linear regression FDR < 1×10-3 and Slope > 2.5×10-4
	

	
	3. Heteroscedastic
	Breusch-Pagan FDR < 0.05
	

	
	4. Non-bimodal
	Not sexDMCs(limma, P>0.1)
	

	NonAgeHet
	1. Only unique CpGs were selected from each category
	163

	
	2. Non-linear age association
	Linear regression P > 0.2
	

	
	3. Heteroscedastic
	Breusch-Pagan FDR < 0.05
	

	
	4. Non-bimodal
	Not sexDMCs(limma, P>0.1)
	

	Outlier
	1. Only unique CpGs were selected from each category
	27530

	
	2. Non-bimodal
	Not sexDMCs(limma, P>0.1)
	

	Bimodal
	1. Only unique CpGs were selected from each category
2. Sex-DMCs (limma FDR < 5×10-3)

	BiNonAge:
1. Neither male nor female showed significant age correlation (Linear regression P > 0.2).
2. Inter-modal differences: Δβ_median(M-F) > 0.02
	6915

	
	
	BiAge:
1. Significant age correlation in either sex (Linear regression  FDR < 0.005)
2. Inter-modal differences: Δβ_median(M-F) > 0.02
	543

	Trimodal
	Only unique CpGs were selected from each category 
	TriNonAge:
The TriNonAge CpGs are from the 3501-sample NSPT dataset and are required to overlap with the Trimodal CpGs from SM table 5.
	1737

	
	
	TriAge:
The TriAge CpGs are from the 3501-sample NSPT dataset and are required to overlap with the Trimodal CpGs from SM table 5.
	3566

	UniUnstable
	1. Only unique CpGs were selected from each category
	21040

	
	2. Not sexDMCs(limma, P>0.1)
	

	UniStable
	Only unique CpGs were selected from each category
	1045

	Unclassified
	Does not fall into the above category.
	775159



[bookmark: _Toc218588395]Comparison of Binary ResNet18 and Mclust.
To evaluate the classification performance and generalizability of the Binary ResNet18 classifier, we performed a comparative benchmarking against a Gaussian Mixture Modeling (GMM) baseline implemented via the mclust R package [11, 12]. The following sections detail the refined CpG identification pipeline, the specific training protocol for binary classification, and the evaluation criteria used for model comparison.
[bookmark: _Toc218588396]Re-identification of Bimodal and Unimodal CpGs for benchmarking
Prior to model training, a rigorous peak-detection pipeline was employed to re-define Bimodal and Unimodal CpGs within the NSPT cohort, identifying 18,726 Bimodal and 103,974 Unimodal CpGs: 
Bimodal CpGs: We first identified sex-DMCs using the limma R package (FDR < 0.001) [9], as high-confidence candidates for bimodality. For each sex-DMC, kernel density estimation (KDE) was performed using the density() function in R. Local extrema (peaks) within the fitted density curves were then identified using the turnpoints function from the pastecs package [13]. A CpG was strictly classified as Bimodal if it exhibited exactly two distinct peaks with an absolute difference in their corresponding beta values exceeding 0.1.
Unimodal CpGs: For the Unimodal category, we prioritized CpGs characterized by stable, singular methylation states, excluding sites influenced by sex or local genetic variation. Candidate CpGs were required to be non-sex-associated (limma P > 0.2) and devoid of overlap with known mQTLs (P < 1e-14). Applying the same KDE and peak-detection workflow, CpGs exhibiting a single density peak were classified as Unimodal. 
This pipeline identified 18,726 Bimodal and 103,974 Unimodal CpGs in the NSPT cohort (SM table 11). Of note, an identical identification strategy was also applied to the HPT EPIC and Airwave datasets (SM table 11), providing independent validation sets for cross-model comparison. Notably, as mQTL mapping was restricted to the NSPT cohort, its summary statistics served as the uniform exclusion criterion for defining Unimodal CpGs across all three datasets.

SM table 11. Identification of Bimodal and Unimodal CpG Sets across datasets for benchmarking against Mclust.
	Category
	Criteria for identification
	N CpGs
(NSPT)
	N CpGs
(HPT EPIC)
	N CpGs
(Airwave)

	Bimodal
	1. Identified as sex-DMCs using limma (FDR < 0.001).
2. wo distinct peaks in the fitted density profile with a peak separation distance (Δβ) > 0.1.
	18726
	14754
	14250

	Unimodal
	1. Non-sex-associated (limma P > 0.2) and no overlap with mQTLs (P < 1e-14).
2. A single peak in the fitted density profile.
	103974
	25051
	99831


*Note: mQTL exclusion for all datasets was based on summary statistics derived from the NSPT cohort.

[bookmark: _Toc218588397]Training of the Binary ResNet18 Classifier
To ensure a fair comparison with the Mclust, we developed a specialized binary version of the ResNet18 model, specifically retrained to discriminate between the newly identified Bimodal and Unimodal CpG sets from the NSPT cohort. To mitigate the impact of the inherent class imbalance between Bimodal and Unimodal CpGs, we implemented a stratified partitioning strategy to construct the training, validation, and test datasets. A balanced training set totaling 22,470 CpGs was established by drawing a stratified random sample of 11,235 CpGs from each category, representing 60% of the total available bimodal CpGs. From the remaining pool, a validation set comprising 7,490 CpGs (3,745 per category, or 20% of the total bimodal CpGs) was randomly selected. Finally, the remaining 92,740 CpGs served as a test set to evaluate the classification accuracy and generalization of the binary ResNet18 model against Mclust
The Binary ResNet18 classifier was implemented using PyTorch (v2.5.1) [10] and torchvision (v0.20.1), employing an architecture analogous to the previously described MixResNet18 model. While the core convolutional backbone was retained, the final fully connected layer was specifically modified to produce two-class predictions to differentiate between Bimodal and Unimodal CpGs. Model parameters were optimized using Stochastic Gradient Descent (SGD) with an initial learning rate of 0.01, momentum of 0.9, and a weight decay of 1e-4 to mitigate overfitting. We utilized a ReduceLROnPlateau scheduler that decreased the learning rate by 90% following three consecutive epochs without validation loss improvement. To tailor the training process specifically for this binary task, we refined the protocol by adjusting the batch size to 64 and reducing the early stopping patience to 15 epochs (with a minimum improvement delta of 0.0001). The model was trained for a maximum of 500 epochs using cross-entropy loss, with final checkpoints saved based on optimal validation performance observed during the training trajectory.

[bookmark: _Toc218588398]Comparative Benchmarking against Mclust
Both models were evaluated across independent test sets from three distinct cohorts: the NSPT (3,746 Bimodal and 88,994 Unimodal CpGs), HPT EPIC (14,754 Bimodal and 25,051 Unimodal CpGs), and Airwave (14,250 Bimodal and 99,831 Unimodal CpGs) cohorts. 
For the Mclust-based baseline, Gaussian mixture models were fitted to the beta value distribution of each individual CpG. To align with our classification objectives, we constrained the mixture component selection to G = 1 or G = 2. The optimal model for each site was determined by selecting the component number that maximized the Bayesian Information Criterion (BIC). Under this framework, a CpG was classified as Bimodal if the BIC-optimized model supported two components (G = 2), while a single-component model (G = 1) resulted in a Unimodal classification. 

[bookmark: _Toc218588399]Comparison of square and hexagonal binning strategies for ResNet18 training
To investigate the influence of spatial encoding on model performance, we compared the square bin smoothed density plots with a hexagonal binning strategy. Our previous strategy employed the bkde2D function [2], to generate 224 × 224 pixel smoothed density images, using a bandwidth of 0.005 and a grid size of 500. For the hexagonal encoding comparison, we initially utilized the hexDensity function from R hexDensity package [14] with a constant bandwidth of 0.005 and xbins of 500. However, maintaining the default fine binning density (xbins = 500) effectively rendered the output indistinguishable from continuous density plots, thereby preventing the ResNet18-iteration0 model from perceiving distinct hexagonal geometry. To address this, we optimized the encoding by adjusting the xbins parameter to 70, ensuring that discrete hexagonal textures (~3.2 pixels per bin) were sufficiently discernible for spatial feature extraction. Using these two distinct image sets (xbins=500 and xbins=70), we trained two independent ResNet18-iteration0 models. To ensure a rigorous comparison, the partition of training, validation, and testing sets (derived from the NSPT cohort), as well as all training hyperparameters, were kept identical to those used in the original square bin-based ResNet18-iteration0 framework. Each model was then evaluated on its corresponding test set.
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