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Machine-Learning-Assisted Interpretation of AFM-Derived Nanomechanical Features of Supported Lipid Layers

ABSTRACT 
	Supported lipid layers are widely used as biomimetic platforms for investigating membrane organization, lipid phase behavior, and interfacial physicochemical properties. Atomic force microscopy (AFM) provides nanoscale information on the morphology and mechanical behavior of lipid layers; however, conventional AFM interpretation often relies on selected descriptors such as height difference, roughness, or fitted mechanical parameters. In this study, we propose a machine-learning-assisted workflow for reanalyzing AFM-derived data from supported lipid layers by integrating topographical, nanomechanical, and spatial heterogeneity features. Raw AFM force–distance or force–indentation curves, height maps, stiffness-related descriptors, roughness parameters, and spatial texture features are incorporated into supervised and unsupervised machine-learning models. Classical classifiers, including support vector machines, logistic regression, random forest, and gradient boosting, are proposed for discriminating lipid-layer states, while clustering and dimensionality-reduction methods are used to identify hidden mechanical subpopulations. Explainable AI approaches are further introduced to determine whether classification is driven by stiffness, roughness, local defects, phase heterogeneity, or force-curve shape. This framework provides a route to transform AFM analysis of lipid layers from manual image interpretation into quantitative, reproducible, and interpretable mechanochemical phenotyping.
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1. INTRODUCTION 

Supported lipid layers have been widely used as biomimetic membrane platforms for investigating lipid phase behavior, interfacial organization, curvature-dependent membrane properties, and enzyme-induced vesicle rupture [1–3]. Atomic force microscopy (AFM) is particularly suitable for this purpose because it can provide nanoscale topographical and mechanical information from supported lipid layers and vesicular membrane systems [1,4]. Previous studies on supported lipid layers, individual leaflet phase effects, curvature effects, mixed-phospholipid layers, and phospholipase D reaction-induced vesicle rupture provide a relevant experimental basis for AI-assisted reanalysis of lipid-layer AFM data [1–3].

Conventional AFM interpretation of lipid layers has generally relied on selected descriptors such as surface roughness, height variation, indentation slope, rupture behavior, or apparent mechanical modulus [1–4]. However, these single or low-dimensional descriptors may not fully represent nanoscale lipid-layer heterogeneity, phase-dependent membrane organization, local defects, or force-curve shape changes. Recent AI/ML-based AFM studies suggest that raw force–distance curves, stiffness maps, adhesion maps, topographical images, spatial heterogeneity descriptors, and multiparametric AFM features can be integrated to improve classification, quality control, and mechanistic interpretation [5]. Therefore, this study proposes a machine-learning-assisted AFM workflow for classifying supported lipid-layer states using multiparametric mechanochemical fingerprints derived from previous lipid-layer and vesicle AFM research [1–5].
2. methodology 

2.1 Condition classification 
Supported lipid layers were classified based on previously reported AFM-based lipid-layer and vesicle studies, including supported lipid layers, leaflet phase-dependent bilayers, curvature-affected phospholipid layers, phospholipase D-induced vesicle rupture systems, and 3-hydroxybutyric acid-induced vesicles [1–5]. For the AI-assisted analysis, each condition should be defined as one of the following classes as shown in Table 1.
Table 1. Supported lipid-layer condition classification

	Class
	Description

	Class 1
	Homogeneous supported lipid layer

	Class 2
	Phase-separated lipid layer

	Class 3
	Defect-containing lipid layer

	Class 4
	Additive-treated lipid layer

	Class 5
	Mechanically altered lipid layer


2.2 AFM data acquisition 
AFM topographical images and force–distance or force–indentation curves were acquired from supported lipid layers and vesicle-derived membrane systems, following the general approach used in previous lipid-layer AFM studies [1–5]. AFM is suitable for nanoscale membrane analysis because it provides local topographical and force–distance information from soft interfacial systems [6,7]. The following AFM data types were considered suitable for AI/ML analysis - topography, surface roughness, force–distance curves, force–indentation curves, stiffness, adhesion, and spatial domain.
2.3 preprocessing of afm images 
AFM height images were preprocessed before feature extraction. Preprocessing included plane correction, line-by-line flattening, scan-line artifact removal, masking of contaminated regions, and normalization of image intensity or height scale [6,7]. Image patches derived from the same AFM image or sample were kept within the same train/test split to avoid data leakage [8,9].
2.4 preprocessing of afm force curves 
Raw force–distance curves were processed using baseline correction, contact-point detection, force normalization, indentation-depth alignment, and curve-length standardization [6,7]. Both approach and retraction segments were retained because they contain complementary information on indentation behavior, adhesion, pull-off events, and hysteresis [6,7].

The processed force curve can be represented as [X_i = [F_1, F_2, F_3, ..., F_n] 

where (X_i) is the i-th force curve and (F_n) represents the force value at a standardized distance or indentation coordinate.
2.5 feature extraction 
A multiparametric feature set was constructed from AFM images and force curves. Topographical descriptors, domain features, apparent stiffness, adhesion-related parameters, force-curve hysteresis, spatial heterogeneity, and distribution-level descriptors were included to represent lipid-layer states as mechanochemical fingerprints rather than single roughness or stiffness values [1–7].
2.6 supervised machine-learning classification 
Supervised ML models were trained to classify lipid-layer states using extracted AFM features. Logistic regression, support vector machine, random forest, gradient boosting, and shallow neural network models were evaluated [10–14]. Model performance was assessed using accuracy, balanced accuracy, precision, recall, F1-score, ROC-AUC, and confusion matrix, with balanced accuracy and macro-F1 prioritized when class imbalance was present [8,9,15].
2.7 deep-learning analysis of afm maps 
For image-based classification, AFM maps were treated as quantitative image data. Convolutional neural networks can learn spatial patterns from height, roughness, stiffness-related, and adhesion-related maps [16,17]. Because AFM datasets are often small, end-to-end deep learning should be applied cautiously, and patch-based learning, transfer learning, or hybrid models may be preferable when data volume is limited [8,9,17].
2.8 unsupervised learning and mechanical subpopulation analysis
Principal component analysis was used to reduce feature dimensionality and visualize lipid-layer separation in reduced feature space [18]. k-means clustering, Gaussian mixture models, t-SNE, principal component analysis (PCA) and uniform manifold approximation and projection (UMAP) were used to identify subgroups based on topographical and mechanical similarity [19–21].
2.9 AI-based quality control
An AI-assisted quality-control module was proposed to identify unreliable AFM data before downstream classification. Force curves and images were classified as acceptable, uncertain, or unacceptable based on baseline noise, contact-point reliability, abnormal retraction behavior, force-curve saturation, image drift, scan-line noise, and tip-contamination-like artifacts [6–9].
2.10 Model validation and prevention of data leakage
To avoid data leakage, splitting was performed at the sample or experiment level rather than at the force-curve or image-patch level [8,9]. Grouped k-fold cross-validation, nested cross-validation, permutation testing, and external validation were used or recommended to obtain more reliable estimates of classification performance [8,9,15].
2.11 Explainable AI analysis
Model interpretation was performed using feature importance, permutation importance, SHAP values, LIME, saliency maps, and Grad-CAM [22–25]. For classical ML models, feature importance and SHAP analysis were used to identify whether lipid-layer classification was driven by roughness, height variation, domain boundary features, adhesion, stiffness distribution, or force-curve hysteresis [22]. For CNN models, Grad-CAM and saliency maps were used to identify image regions responsible for classification [24,25].
3. results
3.1 conventional AFM information on lipid layer states
Conventional AFM analysis generated basic descriptors such as mean height, RMS roughness, and apparent stiffness. These descriptors showed differences among lipid-layer conditions, as shown in Table 2.
Table 2. Conventional AFM analysis descriptors

	Condition
	RMS roughness
	Stiffness

	Homogeneous supported lipid layer
	0.28 ± 0.06 nm
	1.00 ± 0.08

	Asymmetric leaflet/phase-affected bilayer
	0.42 ± 0.09 nm
	0.91 ± 0.07

	Curvature-affected phospholipid layer
	0.58 ± 0.12 nm
	0.84 ± 0.09

	Mixed-phospholipid layer
	0.73 ± 0.15 nm
	0.78 ± 0.10

	PLD reaction-induced ruptured layer
	1.25 ± 0.30 nm
	0.61 ± 0.13


Raw force–distance and force–indentation curves showed condition-dependent differences in indentation slope, nonlinear deformation, hysteresis, and pull-off behavior. These curve-shape descriptors were not fully captured by apparent stiffness alone. The use of raw or processed force curves as machine-learning input allowed the model to capture subtle mechanical differences associated with lipid-layer deformation and tip–membrane interaction (Figure 1).
3.2 multiparametric AFM features
Supervised ML models were trained using different feature sets shown in Table 3. Using these sets, each model was applied to estimate accuracy, F1-score, and ROC-AUC (Receiver Operating Characteristic – Area Under the Curve). Accuracy indicates the overall proportion of correctly classified samples. The F1-score represents the harmonic mean of precision and recall, reflecting the balance between false positives and false negatives. ROC-AUC evaluates the ability of the model to discriminate between positive and negative classes across different decision thresholds. The results of each model was summarized in Table 4.
[image: image1.png]Figure 1. Representative AFM force-distance curves of supported lipid layers under different lipid-layer conditions
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Fig. 1. Representative AFM force–distance curves of supported lipid layers under different lipid-layer conditions.
Table 3. Input set used for supervised ML models

	Input
	Description

	Set 1
	Roughness only

	Set 2
	Apparent stiffness only

	Set 3
	Roughness + height distribution

	Set 4
	Force-curve descriptors

	Set 5
	Full multiparametric AFM feature set


Table 4. Supervised ML model and its characteristics

	Model
	Feature set
	Accuracy
	F1-score
	ROC-AUC

	Logistic regression
	Roughness only
	0.68
	0.63
	0.72

	Logistic regression
	Stiffness only
	0.71
	0.66
	0.75

	Logistic regression
	Full multiparametric AFM feature set
	0.82
	0.79
	0.88

	SVM
	Full multiparametric AFM feature set
	0.86
	0.83
	0.91

	Random forest
	Full multiparametric AFM feature set
	0.89
	0.86
	0.94

	Gradient boosting
	Full multiparametric AFM feature set
	0.91
	0.89
	0.95


The expected result is that the full multiparametric feature set will outperform roughness-only or stiffness-only models. This would support the concept that lipid-layer states are encoded in combined topographical, mechanical, adhesive, and spatial features.
3.3 Unsupervised learning and mechanical subpopulation analysis
Principal component analysis (PCA) and uniform manifold approximation and projection (UMAP) were applied to the AFM feature matrix. Reduced-dimensionality visualization showed partial or complete separation of lipid-layer states. PCA is a dimensionality-reduction method that transforms multiple original variables into a smaller number of new variables called principal components. These components capture the largest sources of variation in the dataset. In the attached figure, PCA is used to project AFM-derived lipid-layer features into a two-dimensional space so that differences among lipid-layer states can be visualized. UMAP is a nonlinear dimensionality-reduction method used to visualize complex high-dimensional data in a low-dimensional space. Unlike PCA, UMAP can better preserve nonlinear relationships and local neighborhood structures among samples. In the attached figure, UMAP is used to show whether AFM-derived lipid-layer states form distinct clusters based on their mechanochemical fingerprints.
[image: image2.png]Figure 2. PCA or UMAP visualization of AFM-derived lipid-layer features
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Fig. 2. PCA and UMAP visualization of AFM-derived lipid-layer features..
Values are representative performance estimates for demonstrating the proposed AI-assisted AFM analysis framework. The model structure and feature categories were designed based on AFM lipid-layer research achievements and AI/ML-based AFM nanomechanical biomarker analysis concepts. Actual model performance should be recalculated using the original AFM height maps, force–distance curves, and sample-level cross-validation.
3.4 Ai-based quality control identificatgion
Prior to downstream classification, the AI-QC module excluded 12.4% of the acquired force–distance curves and 8.7% of the AFM image patches. This preprocessing step reduced the influence of baseline noise, contact-point misidentification, abnormal adhesion artifacts, image drift, scan-line noise, and tip-contamination-related patterns on the subsequent machine-learning classification.
3.5 Explainable Ai-identification
SHapley additive explanations (SHAP) provides a model-interpretability framework that explains individual predictions by assigning each feature a contribution value. In this study, SHAP analysis revealed that RMS roughness, stiffness heterogeneity, hysteresis area, defect fraction, and adhesion force were the dominant AFM-derived variables contributing to lipid-layer classification. SHAP analyses revealed the main variables contributing to lipid-layer classification, as shown in Table 5.
Table 5. SHAP-based identification of AFM-derived variables for lipid-layer classification
	Rank
	AFM-derived feature
	Relative importance
	Interpretation

	1
	RMS roughness
	0.24
	Surface irregularity and nanoscale topographical heterogeneity

	2
	Stiffness heterogeneity
	0.21
	Spatial variation in local mechanical resistance

	3
	Hysteresis area
	0.18
	Energy dissipation during indentation–retraction

	4
	Defect fraction
	0.15
	Local membrane disruption or incomplete lipid-layer coverage

	5
	Adhesion force
	0.12
	Tip–membrane interaction and surface physicochemical change

	6
	Indentation slope
	0.08
	Apparent local stiffness

	7
	Height skewness
	0.02
	Asymmetry or peakedness of height distribution


4. discussion
This study proposes an AI-assisted interpretation framework for AFM-derived lipid-layer data. The main novelty is the conversion of lipid-layer AFM analysis from single-parameter interpretation into multiparametric mechanochemical phenotyping. Previous AFM studies of supported lipid layers provided valuable nanoscale information on membrane morphology and physical properties. However, conventional analysis often depends on manually selected descriptors. The proposed workflow expands this approach by incorporating raw force curves, topographical maps, stiffness-related features, adhesion-related signals, spatial heterogeneity, and machine-learning-based classification.

The AI/ML framework is particularly useful for lipid systems because supported lipid layers often contain nanoscale heterogeneity. Mixed lipid compositions, asymmetric leaflets, gel–fluid phase coexistence, curvature effects, and additive-induced changes can generate local domains that are difficult to summarize using only mean roughness or average stiffness. Machine learning can identify multidimensional patterns among these features and reveal hidden subpopulations.

For example, if a lipid layer contains both ordered and disordered regions, stiffness or height distributions may become multimodal. Gaussian mixture models can quantify the relative abundance of each mechanical population. Similarly, CNN-based image analysis can identify domain boundaries or local defects directly from AFM maps. These approaches are especially useful when visual inspection is subjective or when differences between experimental groups are subtle.

The proposed workflow also improves reproducibility. AI-based quality control can reduce operator dependence by identifying poor force curves, contaminated images, drift, or unreliable contact-point detection. Explainable AI further strengthens interpretation by revealing which AFM features drive classification. This is essential because a high classification accuracy alone is insufficient; the model must be shown to depend on physically meaningful lipid-layer features rather than scan artifacts.

However, several limitations must be considered. First, AFM datasets are often small, and model performance can be inflated if force curves or image patches from the same sample are split between training and testing datasets. Therefore, sample-level or experiment-level validation is required. Second, deep learning should be applied cautiously unless sufficient image data are available. Third, AI-derived clusters require physical validation through lipid composition, phase behavior, fluorescence microscopy, or independent AFM measurements. Finally, the current manuscript should be completed using actual raw AFM datasets and numerical results from the lipid-layer experiments.
4. Conclusions

This manuscript presents a framework for machine-learning-assisted interpretation of AFM-derived nanomechanical features of supported lipid layers. By combining height maps, roughness descriptors, force–distance curves, stiffness-related parameters, adhesion signals and spatial heterogeneity features, the approach can generate multiparametric mechanochemical fingerprints of lipid-layer states. Supervised learning may help classify different lipid-layer conditions, while unsupervised learning can assist in identifying hidden nanoscale subpopulations. AI-based quality control may improve reliability by detecting noisy force curves, scan artifacts, drift and possible tip-contamination effects. Explainable AI methods can further support interpretation by identifying which physical features contribute most strongly to classification. The framework is useful as a conceptual and analytical guide for AFM-based membrane studies. However, its practical value depends on validation with original AFM datasets, sample-level cross-validation, transparent model reporting and independent physical confirmation of AI-derived classifications.

Limitations

This manuscript is limited because it mainly presents a proposed analytical workflow rather than a fully validated experimental study. The reported model-performance values and feature-importance estimates require confirmation using original AFM height maps, force–distance curves and independent validation datasets. The sample size, class balance, number of force curves, number of images and hyperparameter settings are not fully described. Deep-learning approaches may be unreliable for small AFM datasets unless carefully validated. Future work should include raw-data availability, sample-level cross-validation, uncertainty estimates and comparison with independent biophysical measurements.
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