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Atomic Force Microscopy (AFM) analysis of single cells, especially nonadherent, is inherently slow 
and analysis-heavy. To address the inherent difficulty of measuring individual cells, and to scale up 
toward a large number of cells, we take a two-fold approach; first, we introduce an easy-to-fabricate 
reusable poly(dimethylsiloxane)-based array that consists of micron-sized traps for single-cell trapping, 
second, we apply a deep-learning method directly on the extracted curves to facilitate and automate 
the analysis. Our approach is validated using suspended cells, and by applying a small compression 
with a tipless cantilever AFM probe, we investigate the effect of various cytoskeletal drugs on their 
deformability. We then apply deep learning models to extract the elasticity of the cell directly from 
the raw data (with a Coefficient of Determination of 0.47) as well as for binary (with an Area Under the 
Curve score of 0.91) and multi-class classification (with accuracy scores exceeding 0.9 for each drug). 
Overall, the versatility to fabricate the microwells in conjunction with the automated analysis and 
classification streamline the analysis process and demonstrate their ability to generalize to other tasks, 
such as drug detection.
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High-throughput assays are essential during drug discovery and development processes. Traditionally, high-
throughput screening (HTS) involves the screening of a very large number (thousands) of compounds or 
potential drugs to identify those with the desired characteristics1,2. Cell-based assays, unlike HTS or biochemical 
assays, provide on the other hand high-content information as they involve cultured cells as model systems 
to assess the effects of drugs on cellular functions1. These assays can measure various parameters, such as cell 
viability, proliferation, apoptosis, gene expression, protein activity, and cellular response to stimuli hence yielding 
insights into the efficacy, toxicity, and mechanisms of action of potential drugs3.

Atomic Force microscopy (AFM), offering high-resolution imaging and nanoscale mechanical 
characterization has been broadly used for single-cell studies3–5. Applications of single-cell AFM range from 
fundamental understanding of cellular processes to identifying disease mechanisms, to screening potential 
therapeutics6. Cell elasticity, for example, has been linked to a number of physiological conditions, such as 
cancer, where a more elastic cell may indicate metastasis6–12. Similarly, a number of determinations can be made 
from the elastic modulus of white blood cells, including the destiny of differentiating HL60 cells or the activation 
state of neutrophils13,14. In particular, the cell cortex is a thin layer of cytoplasm located beneath the plasma 
membrane that contains actin filaments, microtubules, and intermediate filaments15,16. It plays a crucial role in 
regulating cell mechanics by generating cortical tension, which in turn regulates cell shape, movement, division, 
and tissue morphogenesis17–21. Cortical tension is primarily generated by actomyosin contractility, where 
myosin II motors contract actin filaments15,22,23. The activity of myosin II is regulated by Rho kinase (ROCK), 
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which activates myosin light chain kinase (MLCK), leading to the phosphorylation and activation of myosin II. 
Recent research has made significant progress in understanding how the composition and organization of the 
cell cortex interplay to control mechanotransduction24.

When it comes to drug testing, cells exposed to different drugs or concentrations of drugs can be assessed 
through AFM to elucidate the drug’s impact on cellular physiology at the single-cell level. Typically, an AFM 
probe is used to impose controlled forces and measure the resulting indentation depth from the sample surface, 
a technique known as nanoindentation25. The effect of drugs or other factors on the mechanical properties of 
subcellular structures such as the cell membrane or the nucleus can be thus elucidated26. Its applications in these 
areas contribute to our understanding of cellular processes, disease mechanisms, and the evaluation of potential 
therapeutics27,28.

AFM, while straightforward and routinely used in the characterization of adherent cells, becomes rather 
challenging with non-adherent cells due to the tendency of the cell to move laterally during indentation29. The 
use of a symmetrical array of microscale wells trapping non-adherent cells into a known pattern, greatly facilitates 
the application of nanoindentation without the concern of cell slippage, while also opening the possibility of an 
automation algorithm to probe the array of known locations and significantly reducing the labor cost of AFM 
data collection5. Another labor-intensive aspect of AFM is the subsequent data analysis, which is rather tedious 
requiring fitting the acquired curves to well-adapted known models in order to extract meaningful values, i.e., 
the Young’s modulus5,30. The use of machine learning (ML) in handling and analyzing AFM data allows to adapt 
to the complex, nonlinear nature of such data, effectively handling noise and capturing subtle variations in 
mechanical properties. Moreover, once trained, ML models can deliver rapid predictions, significantly reducing 
the time required for comprehensive AFM data analysis.

Recently, several studies have employed ML and deep learning (DL) methods to analyze AFM data for various 
purposes, such as characterizing breast cancer cell mechanics31, detecting bladder cancer cells32,33, diagnosing 
cancer tissue34 and identifying variations between cancer cells with varying levels of neoplastic aggressiveness35. 
Convolutional Neural Networks (CNNs), for example, have been instrumental in processing such data36, 
enabling the extraction of valuable insights that could not be exposed through conventional methods. CNNs 
are widely recognized deep neural networks that utilize stacks of convolutional and pooling layers to acquire 
spatial information and progressively learn complex feature representations of the input (raw) data37. As a result, 
they have demonstrated remarkable success in several domains, including computer vision and natural language 
processing38.

In this work, a simple method to develop a poly(dimethylsiloxane)-PDMS microwell array comprising cell-
sized traps is proposed, as schematically shown in Fig. 1a. The size of the wells can be easily adjusted based on 
the cells to be studied. Herein, the microarray is used for the capture and mechanical screening of non-adherent 
cells (T-cells) via AFM compression before and after treatment with a variety of cytoskeletal drugs. Jurkat’s 
T-cells are widely available, well characterized, and their elasticity was previously investigated by the authors39. 
This platform could be used in conjunction with a programmable AFM stage to automate the measurement. 
Finally, we have employed a comprehensive pipeline that integrates ML and DL models to fully exploit the cell-
array-related information inherent in our AFM data. We have developed a model capable of directly predicting 
Young’s modulus values from the raw AFM data, using a custom CNN and assessed its accuracy using a Leave-
One-Sample-Out cross-validation regression approach. Additionally, to fully harness the AFM-related features 
learned by the CNN regressor, we extracted feature maps from the CNN’s final layer and employed them as 
inputs for two well-established machine-learning classifiers: Random Forest and Support Vector Machine. This 

Fig. 1.  (a) Schematic representation of the critical steps followed to produce the micro-well array: The 
fabrication of the reusable Si mold using photolithography and subsequent DRIE for sub-micron resolution 
in three dimensions and precise control of trap geometry. Finally, the traps are produced by stamping PDMS 
onto a glass substrate. The process can be completed in under a minute and allows highly reproducible 
structures. SEM images of (b) the Si mold (c) one individual trap-mold and (d) one individual PDMS cell trap 
(structures are 15 µm wide, 5 µm tall for gravitational capture and positioning of non-adherent cells for AFM 
measurements).
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allowed us to detect the presence of drugs and identify specific drug types using a nested Leave-One-Sample-Out 
cross-validation classification framework. Finally, we have implemented two distinct techniques for exploring 
and visualizing the feature maps that our models have learned, i.e., the Gradient-weighted Class Activation 
Mapping (Grad-CAM) and the t-distributed Stochastic Neighbor Embedding (t-SNE).

Overall, this study demonstrates a reliable and versatile platform technology towards automating single-cell 
analysis using AFM compression, as showcased for the challenging case of non-adherent cells. We have chosen 
cell elastic modulus as the figure of merit for this work, and we have tested our method using three drugs known 
to affect the cytoskeleton, inducing changes to the elasticity of the cell. Our data were used to train our models 
resulting in precisely predicting Young’s modulus, as well as detecting the presence of drugs and recognizing the 
specific drug type with excellent accuracy. By adjusting the size of the microwells, a variety of sizes/types of cells 
can be captured, and using the same analysis method (with small adjustments) provides altogether an integrated 
analysis in line with drug testing industry requirements.

Materials and methods
Fabrication of the microwell array
Cell traps were designed in AutoCAD 2022 Software (Autodesk Inc. San Francisco, CA), then printed in SU-8 
(Kayaku Advanced Materials, Westborough, MA) on a 500 µm Si wafer (University Wafer, Boston, MA), using a 
Kloe Dilase 250 maskless lithography system (Kloe, Treviers, France). The SU-8 served as a high-durability etch 
mask, and permanent patterns were etched into the silicon via Deep Reactive Ion Etch (DRIE) on a Plasmalab 
100 system (Oxford Instruments Plasma Technology, Bristol, UK). Previous experiments showed that using a 
more standard positive photoresist e.g., AZ1518, or even a very thick resist e.g., AZ9260 yielded unpredictable 
results due to nonspecific etching and eventual removal of the resist. Given its significant thickness (100 µm) 
and high etch tolerance of the crosslinked polymer, SU-8 is an effective etch mask for deep etches of 300 µm or 
more40. Once the SU-8 mask was patterned, the Si wafer was transferred to an Oxford Instruments Plasmalab 
100 for DRIE. Etching was achieved through a Bosch process using SF6 and C4F8 process gasses (alternating 
process: C4F8 1750W ICP, 5W bias; SF6 1750W ICP, 25W bias), obtaining a final depth of 5 µm. The SU-8 mask 
was removed with adhesive tape, and the wafer was returned to the plasma chamber for a 20-second exposure 
to C4F8 plasma to produce a hydrophobic thin film at the surface, facilitating the removal of cured PDMS. 
The wafer was subsequently cleaved into individual 1 cm stamps. PDMS was patterned by placing a drop of 
liquid PDMS (10:1 base to crosslinker, Sylgard 184, Corning Inc. Corning, New York) onto a glass slide, then 
pressing it with the patterned stamp and allowing it to cure on a hot plate, at 100C. Removing the stamp yielded 
the final device, an array of 5 µm deep traps on the glass substrate. The small volume of PDMS fully cures in a 
short period, allowing the mold to be peeled off with no damage to the microstructure of the individual traps 
(Fig. 1b,c). The resulting microwells (prepared by direct laser writing) were roughly 5 µm in depth and 12 µm 
in width (Fig. 1d) and generally circular with some minor asymmetry, (a result of the laser spot size relative to 
the pattern size). After curing the PDMS, the microwell array remains strongly hydrophobic, thus unsuitable 
for cell culture as-is. The devices are hence exposed to an oxygen plasma (20 W for 20 sec, 1000 mT), rendering 
the surface hydrophilic. The hydrophilic PDMS array is readily populated by cell-dense media, and single cells 
spontaneously settle within the traps.

Cell-culture
Jurkat T cells (ATCC, Manassas, VA, USA) derived from a male subject with T-cell leukemia were used for all 
experiments. Cells were cultured in Roswell Park Memorial Institute (RPMI) 1640 medium containing 4.5 g/L 
D-glucose (hyperglycemic amount), 2.383 g/L 4-(2-hydroxyethyl)-1-piperazineethanesulfonic acid (HEPES), 
0.3 g/L L-glutamine, 1.5 g/L sodium bicarbonate, and 0.11 g/L sodium pyruvate (Gibco, Fisher Scientific, 
Waltham, MA, USA) and supplemented with 10% heat-inactivated fetal bovine serum (FBS; Gibco) and 1% 
penicillin-streptomycin (Biosera, Nuaille, France). Cells were incubated at 37 ◦C and 5% CO2. Drug-treated 
cells were incubated with the drug for 24 hours in a flask, then the cells and drug-treated media were extracted 
by pipette, and dropped into the cell traps immediately prior to AFM measurement. Drugs were incubated at 
the following concentrations: Y-27632: 20 µM; Blebbistatin: 1 µM; Cytochlasin B: 1 µM. These are biologically 
relevant concentrations to induce cytoskeletal changes without toxicity.

Live cell AFM
Force curves were collected using the Asylum MFP-3D Origin AFM system to analyze the mechanical 
characteristics of cells. The AFM probes characteristics are: Tipless Silicon Nitride PNP-TR-TL, Triangle, 0.08 
N/m, L × W × T = 200 × 28 × 5 µm. A precise determination of the probe spring constant was carried out using 
the thermal tune method. Subsequently, compression force curves were generated at a constant velocity of 1.98 
µm/s and a force threshold of 5nN to assess the elastic behavior of the cells being investigated.

Cells in suspension were transferred by pipette from a flask and dropped onto the plasma-treated cell trap 
substrate. The substrate was transferred to the heated stage of the AFM, and allowed to incubate for several 
minutes while cells settled into traps due to gravity. Once cells had settled (  5 mins), AFM measurements 
commenced. Atomic force microscopy was conducted on an Asylum MFP-3D (Oxford Instruments Asylum 
Research, Oxford, UK) equipped with a BioHeater chamber. We have used 5 cells for each condition, 7 
measurements on each cell. All the tested cells were immersed in RPMI medium, at the fixed temperature of 
37 ◦C. The AFM probe was first positioned above a cell sitting in the micro-well, assisted by the AFM system’s 
built-in optical microscope. Then the AFM probe was brought into contact with the cell and pressed repeatedly. 
Meanwhile, the relation between force (F) and deformation (d) of the cell, was measured by the AFM system.
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Data analysis
AFM data was exported to Microsoft Excel, where it was analyzed by a parallel plate compression model 
adapted from15. The deformation of a cell can be calculated by the following equation: d=D-δ. Where D refers 
to the displacement of the base of the AFM probe, δ refers to the deflection of the AFM tip. The force F can be 
calculated by the following equation F=k× δ. Cortex tension is calculated from the slope of the linear portion of 
the AFM cantilever deflection curve (where Z-δ is less than 600 nm) using Eq. (1); and finally, Young’s modulus 
is calculated using Eq. (2), see15 for details and derivation. For these calculations, an average diameter of 12 µm 
was used, and a cortical thickness of 200 nm. For Eqs. (1) and (2), T is the surface tension, kc is the calibrated 
spring constant of the AFM probe, Z is the vertical displacement of the stage, d is the cantilever deflection, E is 
the Young’s modulus, R is the cell radius, h is the cortex thickness (200 nm).
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Machine learning 
The ML procedures were implemented using Python libraries, including TensorFlow41, Keras42, and sci-kit-
learn43. For training the DL models, we utilized a Google Colab Pro subscription, which provided access to a 
powerful A100 GPU with 40 GB of VRAM. Additionally, model interpretation and other ML tasks were carried 
out on an HP Victus 16 laptop featuring an 11th Gen Intel Core i7 processor clocked at 2.3 GHz, 32 GB of RAM, 
and running the Windows 11 operating system. Computation was further accelerated by the presence of an 
NVIDIA GeForce RTX 3060 GPU with 6 GB of VRAM.

Regression
A custom CNN architecture was designed to optimally fit our problem. The employed CNN consists of three 
layers. The first layer includes a convolutional layer, followed by a batch normalization layer and a Rectified 
Linear Unit (ReLU) activation function. Following, the other two layers consist of a convolutional layer, followed 
by a batch normalization layer, a ReLU activation function, and a 2 × 2 max-pooling layer. The convolutional 
layer has 32, 128, and 128 filters with kernel sizes of 8 × 8, 3 × 3 and 5 × 5, respectively. Consequently, data are 
flattened and fed to a fully connected module of two layers with 128 and 1 node(s). After the flattening and the 
first fully connected layers, a dropout layer is added, with dropout rates of 0.081 and 0.168, respectively. For 
compiling the model, the mean absolute error loss and the Adadelta optimizer are used. Moreover, an early 
stopping criterion that terminates the training process if the validation loss does not improve for 30 consecutive 
epochs, is employed. The maximum number of epochs is set to 600. For the evaluation of the model, a Leave 
One Sample Out (LOSO) cross-validation is adopted in order to get realistic results and avoid overfitting issues. 
In LOSO cross-validation, the dataset is divided into N subsets, where N represents the number of samples 
in the dataset. Each subset contains all but one sample from the original dataset. The model is then trained 
N times, with each iteration using N-1 samples for training and the remaining single sample for testing. The 
testing sample is left out or withheld from the training set, and the model’s performance is evaluated based on 
how well it predicts this held-out sample. It should be noted that during the training, the training set is further 
divided into training (87.5%) and validation (12.5%) sets. Hence, the training set is used to train the model, 
while the validation set aids the model to stop at the epoch of maximum generalization ability. Almost all the 
aforementioned parameters i.e., number of convolutional layers, use of max-pooling layer, number and size of 
filters in each layer, number of nodes in the fully connected layer, dropout rates, and learning rate have been 
decided through Bayesian optimization44.

Classification
As can be seen in Fig. 2d, after the training is complete, the feature map of the last layer of the CNN is extracted. 
Thus, during the LOSO cross-validation, when testing the model on the held-out sample the feature map that 
corresponds to each sample is saved. Therefore, a new table representation of the input data is created. The size of 
this table is NxM, where N is the number of samples and M is the number of features. Consequently, this table is 
presented to two ML classifiers i.e., SVM45 and RF46. With this approach we aim to solve two different problems: 
(1) a binary classification problem where the models try to detect the presence of the drug and (2) a multi-class 
classification problem where the models aim to detect both the presence of the drug and the drug type.

For the evaluation of our models, a nested LOSO cross-validation scheme is adopted47 for both the binary 
and the multiclass classification scenarios. Inside each outer LOSO loop, a standardization scaling is applied, 
followed by the Extra Trees feature selection method. Consequently, in the inner 5-fold cross-validation loop 
a grid search is implemented to tune the models’ hyper-parameters. Nested cross-validation is considered the 
most reliable and unbiased method to assess the predictive ability of the classifiers48. More specifically, in the 
employed nested LOSO cross-validation classification scheme, the dataset is divided into several N outer folds 
in the outer loop, where N is the number of samples. Within each outer fold, a grid search is conducted to 
systematically test different combinations of hyperparameters for the ML model. Simultaneously, an inner 
cross-validation loop is employed within each outer fold. This inner loop further divides the data into five 
folds, allowing for model training and validation with the specific hyperparameters under consideration. This 
process is repeated for each combination of hyperparameters tested in the grid search, and the optimal set of 
hyperparameters for the current outer fold is determined based on the performance averaged across the inner 
folds. Regarding the SVM implementation, a radial basis function kernel was utilized. The grid search approach 
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was employed to determine optimal values for the regularization parameter C and the kernel coefficient gamma. 
The grid for both C and gamma consisted of the following values: 0.001, 0.01, 0.1, 1, 10, 100. Furthermore, in the 
case of RF, a grid search approach was employed, considering different values for the number of estimators and 
the maximum depth. The grid search involved testing combinations of 50, 100, 200 for the number of estimators, 
2, 3, 4, 5 for the minimum number of samples to perform a new split, and 1, 2, 3, 4 for a minimum number of 
samples required in a terminal leaf node.

Results visualization
Model interpretation and data visualization are very important in understanding the results of ML models. More 
specifically, in CNNs model interpretation can be achieved through the Grad-CAM algorithm49. Grad-CAM 
operates by generating a heatmap that highlights the regions within an input image that are most influential 
in determining the network’s final classification decision. This is achieved by computing the gradients of the 
network’s output with respect to the feature maps in a chosen convolutional or activation layer. These gradients 
provide insights into the importance of each feature map, and Grad-CAM combines them to produce a weighted 
sum that emphasizes the crucial image regions. By displaying this heatmap side by side with the original image, 
we can gain useful insights regarding which parts of the input image were most significant in the model’s 
decision. In this study, the heatmaps of all the convolutional and activation layers were averaged together in 
order to integrate information from different depths of the network.

Furthermore, the visualization of feature maps at the final layer of a CNN proves highly beneficial, as it 
provides useful insights into the structure and quality of these feature maps. Nevertheless, feature maps in the last 
layer of a CNN tend to be high-dimensional, making their visualization challenging. To address this challenge, 
t-distributed Stochastic Neighbor Embedding (t-SNE) serves as a powerful tool. t-SNE operates by reducing the 
dimensionality of the data while preserving the relative distances between data points. It accomplishes this by 
iteratively optimizing a probability distribution that aligns the similarities in the high-dimensional space with 
those in the low-dimensional space. As a result, t-SNE can effectively transform complex high-dimensional 
feature maps into a more manageable form for visualization and analysis, aiding in the interpretation and 
understanding of CNN representations. In this study, a grid search approach was employed to fine-tune this 
parameter. Specifically, the algorithm was tested with a range of values between 5 and 50, as recommended by the 
algorithm’s developers. For each value within this range, the silhouette score was calculated to find the perplexity 
value that offers the best separation between the examined classes. Finally, to maintain consistency with the 
classification experiments and to mitigate the challenges posed by the curse of dimensionality, we applied the 
same feature selector used within the nested LOSO cross-validation procedures to filter out less informative 
features.

Results and discussion
Easy-to-fabricate multiple-use microwell array for single cell-trapping
The microwell array was fabricated using a simple and reproducible method based on a photolithographically 
patterned silicon mold. Our fabricated mold is robust and can be in turn used to fabricate numerous polymer 
arrays with unaffected precision and without the need to use time-consuming methods for the development 

Fig. 2.  (a) Schematic representation of T-cells trapped in PDMS microwells, measured by tipless AFM 
cantilever. (b) Cells positioned in traps: Cells are labeled with Alexa Fluor. (All cells are labeled, and the 
trapped cells are highlighted using the software). (c) Typical indentation/ retraction curve produced by 
deflection of AFM cantilever vs vertical position of AFM stage (and the equation used to extract the young’s 
modulus E from the indentation curve). (d) Schematic representation of the ML process applied for the 
prediction and classification based on the AFM data.
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of the chip. For the fabrication of the PDMS traps, a silicon stamp was used for molding the traps to ensure 
high reproducibility and uniformity (Fig. 1a). A few studies have taken a similar approach to the fabrication of 
microwell arrays29,50–52 based on SU-8 molds, however, our method addresses some of the issues that typically 
arise when producing such chips. SU-8 patterning is a well-established method of structuring PDMS, however, it 
is prone to delamination with repeated use, and when used as a final structure, the production is significantly more 
time-consuming than our simple stamp method. Furthermore, the Si mold is completely rigid and impervious to 
deformation under pressure, which could potentially be an issue when using a soft stamp e.g., PDMS. The stamp 
and cure production method allows for single, or multiple, arrays of microwells to be patterned on microscope 
slides, cover glass, or any other substrate, with a total production time of less than 5 minutes per array (Fig. 1b,c). 
The stamps are suitable for multiple uses (>50), without the risk of delamination as would be present in an SU-8 
mold. The resulting microwells were roughly 5 µm in depth and 12 µm in width (Fig. 1d) and generally circular 
with some minor asymmetry, a result of the laser spot size relative to the pattern size.

Measuring cell elasticity via live cell AFM
Prior to any measurement, the stability of our system i.e., the ability to maintain the media without evaporation 
for the duration of the measurements, was validated given the small size of the wells. The results as shown in Fig. 
S1, suggest a comfortable time window of 24 h prior to media evaporation which exceeds by far the measurement 
time scales. In a typical experiment, the microwell arrays are placed onto the AFM stage, and cells are pipetted 
on top as schematically depicted in Fig. 2a. The stage is kept at 37 ◦C and submerged via periodic addition 
of fresh media. Substrates were replaced at regular intervals to avoid the buildup of salt, and no time-based 
trends were observed during measurements (see Fig. S3). After allowing a few minutes for the cells to settle, we 
observe the cells filling the traps as shown in the confocal image of Fig 2b as well as a significant number of them 
resting on the substrate as a result of the homogeneous treatment of the chip. Cell density was low enough that 
nearby cells did not interfere with measurements (significantly lower than indicated in Fig. 2b). Interference 
from neighboring cells, or motion of the target cell resulted in major irregularities in the AFM curves, however, 
these data represent a small proportion of the dataset and were discarded (see examples in Fig. S2a–k for good 
and discarded datasets). Traps are purposely designed to be slightly larger than the 12 µm diameter T-cells, but 
not large enough to accommodate more than a single cell. A small number of wells contained multiple cells, 
and were not used for measurements. The AFM probe is manually positioned over each cell using an optical 
microscope in conjunction with the AFM stage and the cells are compressed with the AFM cantilever to obtain a 
force-distance curve as shown in Fig. 2c. We have used a flat, tipless AFM probe with an angle of approximately 
10 degrees. As demonstrated previously this angle has no significant effect upon the measurements within the 
constraints of the study, namely at low compression15. This step is repeated for multiple cells, across 4 conditions: 
control (prior to drug treatment) and after incubation with three different cytoskeletal drugs that are known to 
induce changes to the elasticity of the cells. The cell traps prevent non-adherent cells from sliding facilitating the 
collection of the AFM data without interfering with the motion of the cantilever or exerting excessive force on 
the cells, as might be possible if the cell was clamped or otherwise forcibly confined.

The addition of the cytoskeletal drugs cytochalasin-B, Y-27632, and blebbistatin resulted in a decrease in 
Young’s modulus of 15%, 36%, and 47% respectively. These values were obtained by modeling cell compression 
between the tipless cantilever and substrate as a parallel plate system (Table 1, and Fig. 3a,b). Several drugs can 
target the cytoskeleton and affect cell cortex elasticity. For instance, cytochalasin B disrupts actin filaments by 
binding to the barbed end of the filament and inhibiting further polymerization, thereby reducing cell cortical 
elasticity53,54. In contrast, Y-27632 inhibits ROCK, reducing cell cortical elasticity by decreasing actomyosin 
contractility55. Moreover, blebbistatin inhibits myosin II activity by binding to the myosin ATPase domain 
and preventing ATP hydrolysis which might cause the reduction of cell cortical elasticity56. In our study, we 
observed a significant reduction in cortical elasticity of T-cells with all drugs, with a more substantial effect when 
inhibiting cell contractility by using Y-27632 and Blebbistatin. Based on their mechanism of action described 
previously, we expect that inhibiting actomyosin contractility to have a more potent effect on reducing cell cortex 
elasticity than Cytochalasin B, which is also confirmed by our results.

Automating and enriching AFM analysis using machine learning
We herein employ the use of ML and DL, that is CNNs, for processing the AFM data curves in order to fully 
automate the analysis. Following, we employ a regression model to predict the elastic modulus values directly 
from the raw data, as well as ML classifiers to determine whether a cell has been exposed to drugs, and which 
specific type of drug (see Figs. S4 and S5). As illustrated in our approach (Fig. 2d), we fill the area of the AFM 
curve (deflection vs. position) to increase the number of non-zero pixels. Notably, this filling process was applied 
purely as a preprocessing step to enhance the model’s performance, convergence speed and stability, and is not 

Drug added Young’s modulus (Pa) Std dev. Predicted Young’s modulus (Pa) Predicted std dev. (Pa)

Control 22983.00 4709.39 24943.12 ± 138.43 4561.72 ± 93.73

Cytochalasin B 19526.81 2558.08 24900.42 ± 96.29 5776.84 ± 68.62

Y-27632 14735.37 3589.42 15914.23 ± 115.35 2419.54 ± 129.84

Blebbistatin 12239.41 2960.83 14254.46 ± 222.09 3395.67 ± 134.78

Table 1.  True and predicted Young’s modulus values as measured by AFM compression, calculated by a 
parallel plate compression model. The 95% confidence interval is given where applicable.
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intended to alter the interpretation of the original measurement. The preprocessed images are then fed into a 
CNN, which is connected to a fully connected regression module consisting of a linear layer. The input size of this 
layer matches the number of elements in the CNN’s output, while the output size is one. After training, the images 
are passed through the CNN again to extract informative features. These features are abstract representations 
derived from the input images, expressed as numerical values produced by the model’s final layer. Following this, 
we present the extracted features to Random Forest (RF) and Support Vector Machine (SVM) classifiers, which 
classify each image into one of four categories: Control, Cytochalasin-B, Y-27632, or Blebbistatin. This approach 
aligns with recent research that employs AFM data curves for medical applications57,58. The results of our 
regression model are shown in Table 1. It is evident that there is quite a good agreement between the measured 
Young’s modulus values and the predicted ones with the mean value of the predicted values falling between the 
actual mean value ± one standard deviation, except for the case of Cytochalasin B (approximately two standard 
deviations higher than the true mean value). Furthermore, the 95% confidence interval of the predicted values 
is very small, compared to its corresponding value, highlighting the stability of our models over different 
initializations of the weights. Moreover, as shown in Fig. 4a–c, our regressors are highly efficient in predicting 
Young’s modulus values. In particular, Fig. 4a illustrates the Bland-Altman plot. The Bland-Altman plot is a 
graphical representation commonly used to assess the agreement or discrepancy between two measurements 
(in this case between the measured, via data curve fitting, and the predicted, via the CNN regression, Young’s 
modulus values). By visually examining the Bland-Altman plot, one can assess the overall agreement between 
the measured and the predicted values. If the points are scattered randomly around the mean difference line and 
the differences are evenly distributed within the limits of agreement, it suggests good agreement between the 
two measurements. Therefore, it is evident that there is an exceptionally good agreement between the baseline 
values and the predictions of our regressor. Moreover, the KS p-value that is reported on the plot refers to the 
Kolmogorov-Smirnov test or goodness of fit. This compares the underlying distribution of a sample F(x) against 
the normal distribution G(x) and tests the null hypothesis that the two distributions are identical, F(x) = G(x) for 
all x. Hence, with a p-value of 0.161, we cannot reject the null hypothesis and thus, we can assume that our data 
are normally distributed. This observation justifies the selection of the limits at ± 1.96 × STD.

Following, Fig. 4b illustrates a scatter plot between the measured (y-axis) and predicted (x-axis) values, 
together with the coefficient of determination (R-squared) and its square root (R). Although the resulting 
coefficient of determination i.e., 0.469, is considered moderate, the complexity of the task at hand and the 
existence of multiple conditions (control, Cytochalasin B, Blebbistatin, Y-27632) render it quite significant. This 
is also confirmed by Fig. 4c, where we plot the accuracy of our regressor over multiple thresholds. In essence, 
for each threshold, if the mean absolute error between the true and predicted value is less than the threshold, 
the prediction is considered correct and otherwise is considered wrong (Fig. 4c). These thresholds are defined as 
portions of the standard deviation of the measured Young’s modulus. The achieved accuracy is at approximately 
90% when the threshold is one standard deviation and 100% for thresholds equal to or higher than two standard 
deviations. Overall, the aforementioned results showcase the efficiency of our DL regression model in precisely 
predicting Young’s modulus values.

As Fig. 2d shows, the feature map from the last layer of the CNN module is subsequently used as input for 
ML models, specifically RF and SVM, enabling two classification scenarios, i.e.: (a) binary classification to detect 
the presence of drugs, and (b) multiclass classification to identify both the absence and presence of drugs along 
with the different drug types, for the latter case. Figures 4d,e illustrate the classification results produced by the 

Fig. 3.  (a) Schematic representation of the drug treatment with the structures of the three cytoskeletal drugs, 
added and (b) The calculated mean T cell cortex young’s modulus (E) under the different conditions based on 
the AFM cantilever deflection curve and the model applied. A total of 16-31 measurements were performed 
per condition.
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employed classifiers. In particular, the left panels depict the confusion matrix of the multiclass classification 
problem, while in the right panels, the Receiver Operating Characteristic (ROC) curve is presented. Further, 
Table 2 tabulates the classification results of the multiclass classification problem, with respect to each class 
(see Table S1–S4), while in Table 3 the binary classification results are reported. It is evident that our models 
provide highly accurate results in all scenarios. Considering the multiclass scenario, the high values that exist 
in the diagonal of the confusion matrices showcase the ability of our models to efficiently discriminate between 
the different drug types. This is also supported by the accuracy scores reported in Table 2. It is apparent that 
both our models achieve accuracy scores exceeding 90% for all classes. Considering the binary classification 
problem (drug vs. control), our models yielded an AUC average score of 0.91, with a 95% confidence interval 
ranging from 0.85 to 0.97. Further, as Table 3 suggests, our best-performing model achieves accuracy, sensitivity, 
specificity, and F1-score of 0.93, 0.98, 0.80, and 0.95, respectively. These results underscore both the high quality 
of the collected data and the efficacy of the proposed ML/DL pipeline. Moreover, our results demonstrate that 

Fig. 4.  Illustration of the regression and classification results produced by the proposed DL pipeline. (a) 
The bland-Altman plot, (b) Scatter-plot between the measured (y-axis) and predicted (x-axis) values, (c) 
Accuracy plot showing the percentage of correct predictions over multiple classification thresholds. Binary and 
multiclass classification results produced by (d) the RF classifier and (e) SVM classifier.
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the “knowledge” acquired by the model during the process of predicting Young’s modulus can be transferred to 
other tasks as well. In addition to automating elasticity prediction, regressing Young’s modulus enables the model 
to learn fine-grained representations from AFM curves, making it a strong method for model pre-training.

Figure 5a illustrates the results of the Grad-CAM technique that is used to identify the parts of an input 
image that most impact the classification score. The left panel displays an instance of an image that served as 
input to the CNN, while the right panel demonstrates the result of applying the Grad-CAM technique to the 
CNN. This fused image integrates information from both the activation and convolution layers and highlights 
the regions of interest within the input image that have contributed significantly to CNN’s decision-making 
process. It is evident from the figure that the model managed to efficiently capture the shape of the AFM curve. 
More specifically, the valley at the bottom right and the peak at the top right of the AFM curve play a particularly 
significant role in the decision process of the model. Furthermore, to enhance the emphasis on the classification 
results, we utilized an unsupervised visualization technique known as t-SNE. In Fig. 5b, we present the outcomes 
of t-SNE for both binary (left panel) and multiclass (right panel) classification scenarios. It is evident that even 
when reducing the feature map’s dimensionality to two through unsupervised manifold learning, a remarkable 

Fig. 5.  Visualization of the feature maps extracted by the developed CNNs. (a) Side-by-side comparison 
between an original image that served as input to the CNN (left panel) and a heatmap generated using the 
Grad-CAM algorithm (right panel). (b) Visualization of the feature maps obtained from the last convolutional 
layer of the CNN models using the t-SNE method, for both the binary (left panel) and the multiclass (right 
panel) scenarios.

 

Model Accuracy Sensitivity Specificity F1-score

SVM 0.87 ± 0.011 0.89 ± 0.015 0.84 ± 0.007 0.91 ± 0.009

RF 0.93 ± 0.005 0.98 ± 0.004 0.80 ± 0.008 0.95 ± 0.003

Table 3.  Binary classification results. 95% confidence interval.

 

Model Accuracy control Accuracy cytochalasin B Accuracy Blebbistatin Accuracy Y-27632

SVM 0.93 ± 0.004 0.92 ± 0.006 0.94 ± 0.007 0.93 ± 0.007

RF 0.93 ± 0.004 0.91 ± 0.006 0.96 ± 0.003 0.96 ± 0.003

Table 2.  Accuracy scores for the multiclass classification problem, with respect to each class. 95% confidence 
interval.
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level of discrimination between the different classes is achieved. This finding justifies the highly accurate results 
obtained by our classifiers.

Conclusions
We have developed a platform to simplify atomic force microscopy of live cells suspended in a liquid medium. 
The devices and methods presented herein offer a reproducible approach to the high-resolution measurement 
of cellular elasticity where it may serve as a metric for the efficacy of drugs or as a diagnostic marker for disease. 
The approach relies on a custom-designed silicone robust microwell array to gravitationally trap cells and allow 
their mapping via AFM compression. We validate our platform on suspended cells using three different drugs 
known to affect the cytoskeleton, hence altering the Young’s modulus of the cell cortex. This design can be 
modified to target cells of specific average diameter, and paired with an automation algorithm could potentially 
be applied to increase throughput and collection of AFM data that is historically time intensive, requiring a 
skilled operator and significant trial and error. Furthermore, the addition of a ML data analysis method allows 
direct automated analysis of the as-measured AFM curves, removing the need for the significant curve fitting 
and data modeling involved in extracting accurate Young’s modulus from AFM raw data results. Our customized 
ML approach not only streamlines cellular elasticity extraction by automating steps such as force curve fitting 
and data preprocessing but also achieves classification accuracy exceeding 0.9 for each drug condition, even for 
subtle differences in Young’s modulus. This significantly reduces data processing time and demonstrates that 
the knowledge gained by the model during Young’s modulus prediction can be effectively transferred to other 
tasks. Thus, predicting Young’s modulus values can serve as a valuable pertaining task for deep learning models, 
enabling their application to a variety of related challenges.

Data availability
Data is provided within the manuscript or supplementary information files. Raw data files can be provided upon 
request to anna.pappa@ku.ac.ae.
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