A Methodological Framework for Machine-Learning-Assisted Analysis of AFM-Derived Nanomechanical Features in Supported Lipid Layers
ABSTRACT
Supported lipid layers are established biomimetic platforms for examining membrane organisation, phase behaviour, interfacial properties, and mechanically induced changes under controlled experimental conditions. Atomic force microscopy (AFM) can provide nanoscale topographical and force-response information; however, conventional interpretation often depends on a limited set of summary descriptors that may not adequately represent spatial heterogeneity, defects, multimodal mechanical populations, or complex force-curve profiles. This Method Article presents a structured framework for machine-learning-assisted analysis of AFM-derived height maps, force-distance or force-indentation curves, roughness measures, stiffness-related variables, adhesion signals, and heterogeneity features. The proposed workflow addresses data provenance, sample hierarchy, image and force-curve preprocessing, feature extraction, grouped data partitioning, supervised and unsupervised learning, quality control, explainable-AI assessment, uncertainty analysis, and reproducibility reporting. It requires independent lipid preparations or experimental batches to serve as the principal grouping units, thereby preventing leakage caused by distributing nested pixels, patches, maps, or curves across training and test partitions. The framework also specifies reporting requirements for model evaluation, calibration, permutation testing, sample-level error analysis, and external validation. As no original, fully documented AFM dataset or executable analysis is provided, the article does not claim validated predictive performance. Instead, it defines the methodological evidence required for future transparent and independently reproducible implementation.
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1. INTRODUCTION
Supported lipid layers provide controllable biomimetic interfaces for studying membrane phase behaviour, interfacial organisation, curvature-dependent properties, and enzyme-induced membrane disruption (Jung & Park, 2023; Park, 2009a, 2009b, 2011, 2012). AFM is particularly useful for these systems because it can acquire topographical maps and local force-response information under conditions compatible with soft biological interfaces (Butt et al., 2005; Eaton & West, 2010).
Conventional AFM interpretation often emphasises mean height, root-mean-square roughness, indentation slope, rupture behaviour, adhesion, or an apparent elastic parameter. Although these descriptors are physically informative, a single mean value may obscure heterogeneous domains, local defects, multimodal mechanical populations, scan artefacts, and complex force-curve shapes. Machine-learning methods can integrate multiple descriptors, but their use with AFM data requires strict control of data hierarchy, leakage, small-sample bias, feature provenance, and model interpretability (Varma & Simon, 2006; Varoquaux, 2018).
Recent studies have demonstrated the feasibility of applying deep-learning-based image recognition and machine-learning methods to AFM-derived images and nanomechanical measurements, supporting automated feature identification, high-throughput analysis, and quantitative classification of complex surface structures (Xiao et al. 2024; Yang et al., 2024; Paruchuri et al., 2024;).
Recent AFM-focused methodological studies further indicate that machine-learning analysis can support small-dataset surface classification and automated extraction of lattice-scale features, provided that statistical significance, image quality, and algorithmic assumptions are explicitly evaluated (Corrias et al., 2023; Sokolov, 2024).
Despite these developments, the literature summarised above does not provide a consolidated, sample-hierarchy-aware workflow tailored to supported lipid layers that jointly addresses AFM image and force-curve preprocessing, feature provenance, grouped validation, quality control, interpretability, uncertainty assessment, and reproducibility reporting. This methodological gap limits transparent comparison and future validation of machine-learning-assisted analyses across independently prepared supported-lipid-layer samples.
The objective of this article is therefore not to report a completed predictive study. Instead, it specifies a reproducible analytical method for future machine-learning-assisted interpretation of supported-lipid-layer AFM data. The framework identifies mandatory data and metadata, defines preprocessing and feature-engineering steps, describes defensible validation procedures, and specifies the evidence required before mechanistic or predictive claims can be made.
2. SCOPE AND INTENDED USE
The method is intended for AFM datasets containing one or more of the following: height maps, phase or adhesion maps, stiffness-related maps, force-distance curves, force-indentation curves, and sample-level experimental metadata. Candidate experimental conditions may include homogeneous supported layers, phase-separated layers, defect-containing layers, additive-treated layers, curvature-affected membranes, and mechanically disrupted layers. These labels are examples of a classification scheme and must be defined prospectively from experimental design rather than inferred from the same data used for model evaluation.
Table 1. Supported lipid-layer condition classification

	Example class
	Operational definition required before analysis

	Homogeneous supported layer
	Continuous layer with prespecified roughness, coverage, and defect criteria.

	Phase-separated layer
	Two or more domains confirmed by independent morphological or compositional evidence.

	Defect-containing layer
	Incomplete coverage, pores, rupture sites, or discontinuities defined by objective thresholds.

	Additive-treated layer
	Layer exposed to a prespecified additive, enzyme, or physicochemical perturbation.

	Mechanically altered layer
	Layer exhibiting a prespecified change after loading, curvature, or disruption.


3. REQUIRED DATA AND METADATA
Each analysis must report the number of independent lipid preparations, experimental batches, substrates, AFM maps, map dimensions, pixels per map, force curves, curves per sample, technical repeats, and class distribution. The independent preparation or experimental batch is the primary grouping unit. Individual pixels, image patches, or force curves are nested observations and must not be treated as independent biological or experimental replicates.
Table 2. Minimum reporting requirement for Metadata generation 
	Category
	Minimum reporting requirement

	Sample provenance
	Lipid composition, preparation method, substrate, buffer, temperature, treatment, batch identifier.

	AFM acquisition
	Instrument, probe, nominal and calibrated spring constant, tip radius where relevant, scan size, resolution, rate, set point, loading rate, environment.

	Image data
	Raw and processed file formats, flattening order, masks, excluded regions, and preprocessing parameters.

	Force data
	Approach/retraction retention, baseline region, contact-point algorithm, alignment rule, smoothing, interpolation, and exclusion criteria.

	Data hierarchy
	Independent samples, maps per sample, curves per map, and all grouping identifiers.

	Computational environment
	Software, package versions, operating system, random seeds, and code or workflow availability.


4. AFM IMAGE PREPROCESSING
Raw height maps are retained in an immutable archive. A predefined preprocessing pipeline performs plane correction, line-by-line flattening, scan-line artefact assessment, masking of contaminated regions, and unit-preserving normalisation. Any operation that may alter true topography must be documented. Image patches may be used for feature extraction or deep learning only when every patch from the same original map and sample remains in the same data partition.
Quality-control flags include excessive drift, repeated line artefacts, saturation, abrupt offsets, suspected tip convolution, and contamination. Exclusion thresholds must be fixed before model comparison or evaluated in a sensitivity analysis.
5. FORCE-CURVE PREPROCESSING
Force-distance and force-indentation curves are processed using a documented sequence: detector and spring-constant calibration, baseline correction, contact-point detection, conversion to force and separation or indentation, alignment to a common coordinate, and curve-length standardization. Approach and retraction segments are retained when adhesion, pull-off events, or hysteresis are relevant. Curves are not rejected solely because they reduce apparent classification performance.
A processed curve may be represented as Xi = [F1, F2, ..., Fn], where force values are sampled at standardised distance or indentation coordinates. Scalar descriptors and curve embeddings must be generated only after the training partition has been defined when the transformation learns parameters from data.
Table 3. Feature Extraction
	Feature group
	Illustrative variables
	Required unit or definition

	Topography
	Mean/median height, RMS roughness, skewness, kurtosis, autocorrelation length
	nm or explicitly normalized value

	Domains and defects
	Coverage, defect fraction, domain area, perimeter, boundary density
	%, nm2, nm, or count per area

	Mechanical response
	Indentation slope, fitted modulus, rupture force
	N/m, Pa, or nN with model and assumptions stated

	Adhesion and dissipation
	Pull-off force, adhesion work, hysteresis area
	nN, J, or nN·nm

	Spatial heterogeneity
	Local variance, texture descriptors, variogram or neighborhood statistics
	Definition and scale reported

	Distribution-level features
	Quantiles, multimodality, mixture proportions
	Computed at the independent-sample level


Feature extraction parameters are fixed within the training workflow. Correlated descriptors, missing values, scaling, dimensionality reduction, and feature selection are handled inside each cross-validation loop to prevent information leakage.
7. MACHINE-LEARNING WORKFLOW
7.1 Supervised analysis
Candidate baseline models include regularised logistic regression, support-vector machines, random forests, and gradient boosting (Breiman, 2001; Cortes & Vapnik, 1995; Friedman, 2001; Hosmer et al., 2013). A shallow neural network or convolutional model may be evaluated only when the number of independent samples and the validation design support the additional model complexity (Bishop, 2006; Goodfellow et al., 2016; LeCun et al., 1998). Hyperparameter ranges are declared before final evaluation and optimised using inner grouped cross-validation.
7.2 Unsupervised analysis
Principal component analysis, Gaussian mixture models, k-means, t-SNE, or UMAP may be used for exploratory visualisation or subpopulation analysis (Jolliffe, 2002; Lundberg & Lee, 2017; McInnes et al., 2018; van der Maaten & Hinton, 2008). These methods do not by themselves establish biological classes. Cluster stability, sensitivity to preprocessing, and agreement with independent physical measurements must be evaluated.
7.3 Explainable AI
Permutation importance, SHAP, LIME, saliency maps, and Grad-CAM may be used to examine model dependence on physically meaningful AFM variables (Lundberg & Lee, 2017; Ribeiro et al., 2016; Selvaraju et al., 2020; Simonyan et al., 2013). Interpretation is performed on held-out data. Explanations must be checked for stability across folds and for dependence on scan artefacts, acquisition batches, or preprocessing choices.
8. DATA PARTITIONING AND VALIDATION
The principal safeguard is grouped splitting at the independent-sample or experimental-batch level. Curves, pixels, or patches from one sample cannot appear in both training and test data. Nested grouped k-fold cross-validation is preferred for model selection and performance estimation, and permutation testing may be used to evaluate whether classification performance exceeds chance (Ojala & Garriga, 2010). Where enough independent samples exist, an untouched external or temporal test set is retained.

Table 4. Evaluation and Recommended report
	Evaluation component
	Recommended reporting

	Primary metrics
	Balanced accuracy and macro-F1 for imbalanced multiclass data; class-specific precision and recall.

	Discrimination
	ROC-AUC only with a clear multiclass averaging rule and confidence intervals.

	Uncertainty
	Bootstrap or fold-based confidence intervals at the independent-sample level.

	Null comparison
	Label-permutation testing that preserves grouping.

	Calibration
	Calibration curve and Brier score when probabilistic outputs are interpreted.

	Error analysis
	Sample-level confusion matrix and review of acquisition, composition, and preprocessing factors.

	External validity
	Independent batch, instrument, operator, or laboratory where feasible.


9. AI-ASSISTED QUALITY CONTROL
A quality-control classifier may categorise maps or curves as acceptable, uncertain, or unacceptable using predefined indicators such as baseline noise, contact-point reliability, saturation, abnormal retraction behaviour, drift, scan-line artefacts, and suspected tip contamination. The QC model requires its own annotated reference set and validation. Exclusion percentages must not be reported without the underlying dataset, annotation protocol, inter-rater agreement, and uncertainty analysis.
10. EXPECTED ANALYTICAL OUTPUTS
A completed implementation should produce: (i) a data-flow diagram and sample hierarchy; (ii) representative raw and processed AFM maps; (iii) force-curve preprocessing examples; (iv) a feature dictionary with units; (v) grouped cross-validation results with uncertainty; (vi) sample-level confusion matrices and calibration diagnostics; (vii) exploratory PCA or UMAP plots labelled as exploratory; (viii) explainability outputs; and (ix) sensitivity analyses for preprocessing and exclusion rules. No numerical model performance is provided in this Method Article because such values would require an original, fully documented AFM dataset and executable analysis.
11. REPRODUCIBILITY AND REPORTING CHECKLIST
Identify the article as a Method Article and distinguish proposed procedures from completed analyses.
Report independent sample counts and nested observations separately.
Provide raw-data provenance and permissions for any reused dataset.
Keep all observations from one sample in one data partition.
Fit scaling, imputation, feature selection, and dimensionality reduction within training folds.
Report hyperparameter ranges, software versions, random seeds, and code availability.
Provide confidence intervals, permutation tests, and external validation where feasible.
Label author-generated schematic or simulated figures explicitly.
Validate AI-derived classes with independent biophysical or compositional evidence.
12. DISCUSSION
The proposed workflow extends AFM interpretation from isolated summary descriptors towards multiparametric mechanochemical characterisation. Its principal methodological contribution is not a particular classifier but a data structure that respects the hierarchy of AFM measurements. This distinction is essential because thousands of force curves or image patches may originate from only a small number of independent preparations. Randomly dividing nested observations can produce severe information leakage and overoptimistic estimates (Varma & Simon, 2006; Varoquaux, 2018).
The framework also emphasises physical interpretability. A high-performing model is not sufficient if predictions are driven by scan lines, batch effects, tip changes, or post-processing artefacts. Explainability analyses are therefore treated as diagnostic tools that require stability testing and independent physical confirmation, rather than as proof of mechanism.
The method is applicable to supported lipid layers, vesicle-derived interfaces, and related soft biomaterial systems, but it must be adapted to the experimental question and acquisition mode. Models developed on one instrument, probe type, buffer, lipid composition, or laboratory may not transfer without recalibration and external validation.
13. LIMITATIONS
This article presents a methodological framework rather than an experimentally validated machine-learning model. It does not include an original raw AFM dataset, completed model training, numerical performance estimates, SHAP rankings, QC exclusion percentages, or experimentally derived PCA/UMAP separation. Deep-learning methods may remain inappropriate for small numbers of independent samples. Future validation requires prospective AFM experiments, transparent code, sample-level uncertainty analysis, and confirmation using independent measurements such as fluorescence microscopy, composition analysis, or repeated AFM acquisitions.
14. CONCLUSION
This Method Article establishes a structured framework for machine-learning-assisted analysis of topographical and nanomechanical information obtained from supported lipid layers by AFM. The framework integrates data provenance, explicit sample hierarchy, documented preprocessing, physically defined feature extraction, grouped model validation, quality control, explainability assessment, uncertainty estimation, and reproducibility reporting. Its central methodological requirement is that pixels, image patches, maps, and force curves derived from the same independent preparation or experimental batch remain within a single data partition. This requirement reduces information leakage and supports more defensible estimates of model performance. The framework also distinguishes exploratory outputs, such as PCA or UMAP patterns, from evidence sufficient to establish biological or physical classes. Explainability results are treated as diagnostic information rather than proof of mechanism and require confirmation through independent measurements. Because the article does not contain an original raw AFM dataset, completed model training, or external validation, no numerical predictive claims are made. Future application should use prospectively generated, independently replicated datasets, transparent computational procedures, sample-level uncertainty analysis, and validation across batches, instruments, operators, or laboratories where feasible.
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