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Abstract 

Cells maintain homeostasis by dynamically reorganizing their organelles to tune metabolism in response to stress. 
Fluorescence microscopy maps organelle locations with subcellular resolution but provides limited information on 
their chemical composition. Infrared (IR) imaging offers a label-free alternative for probing intrinsic molecular 
vibrations that report on lipids, carbohydrates, and nucleic acids. However, its broader application to subcellular 
biology has been limited by spatial resolution and hyperspectral data complexity. Here, we combine submicron 
optical photothermal IR imaging with machine learning to classify subcellular structures in fixed U-2 OS cells. Using 
fluorescent-labeled organelles as ground truth, we trained and evaluated random forest (RF) classifiers and U-Net 
convolutional neural networks to identify organelles from IR spectra. The RF model converged rapidly, requiring 
fewer than 75 spectra per class per cell and fewer than 25 cells, indicating that models trained on small cellular 
regions can be extended to classify whole-cell images. The resulting classifiers accurately identified multiple 
organelles, including the endoplasmic reticulum, Golgi apparatus, mitochondria, nucleus, nucleolus, and stress 
granules. In contrast, classification was unsuccessful for nuclear speckles, actin, and microtubules, suggesting that 
some structures lack sufficiently distinct IR signatures under these conditions. Classifiers trained in U-2 OS cells 
generalized to HEK 293 cells, consistent with conserved organelle biochemical composition across cell types. 
However, the classifiers failed under cellular stress, indicating sensitivity to stress-induced changes in organelle 
state. Together, these results establish a scalable, label-free strategy for high-resolution mapping of organelle 
biochemical composition and provide a foundation for subcellular biomarker discovery and disease-state 
diagnostics. 
 
 
Introduction 
 
Cells operate in a state of dynamic equilibrium, 
constantly adjusting their internal environment to 
maintain homeostasis. Disruptions can arise from 
imbalances of essential biological macromolecules 
(proteins, carbohydrates, lipids, and nucleic acids) or 
from their structural abnormalities, such as protein 
aggregation.1,2 Precise control over metabolite 
concentrations and their spatial distributions is 
essential not only for metabolic function but also for 
proper cell signaling.3 Organelles, the specialized 
compartments where metabolic chemistry occurs, 
depend on tightly regulated conditions, including pH, 
ionic balance, redox state, and membrane potential to 
function properly.4  However, these conditions are 
mostly missed by conventional fluorescence-based 
methods for visualizing subcellular structures. Such 
methods rely on stains of a specific chemical/physical 
property or label specific biomolecules that are used 
to report on the location of a target within the cell in a 
binary way. Additionally, fluorescent labels can be 
phototoxic to the cell or disrupt native molecular 
interactions.5  
 
These limitations have driven interest in label-free 
imaging techniques that preserve the native state of 

the cell, particularly those that provide chemical 
contrast. A deeper understanding of the chemical 
composition of organelles is important due to the 
highly interconnected nature of metabolic pathways, 
where dysregulation in a pathway housed in one 
organelle can propagate across the cell, affect 
neighboring cells, and lead to tissue damage and 
disease. For example, impaired protein folding and 
lipid synthesis within the endoplasmic reticulum (ER) 
are linked to neurodegeneration, type 2 diabetes, and 
liver disease.6–10 Beyond the function of individual 
organelles, inter-organelle coordination, particularly 
through membrane contact sites, is essential for 
maintaining cellular homeostasis.11 For instance, 
mitochondria-lysosome crosstalk contributes to their 
co-dysfunction observed in Alzheimer’s and 
Parkinson’s diseases.12–14 Therefore, a 
comprehensive understanding of subcellular 
physiology and pathology of organelles requires 
concomitant characterization of organelle location, 
biomolecular composition and structure, and local 
environmental conditions.4,15,16 
 
Vibrational Raman and infrared (IR) imaging offer 
label-free, nondestructive readouts of chemical 
composition and molecular structure.17,18 By probing 
intrinsic molecular vibrations, these methods enable 
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identification of biochemical constituents, while band 
shifts report on changes in molecular conformation 
and local chemical environment.19–24 However, each 
vibrational imaging technique comes with trade-offs. 
Raman-based approaches have enabled subcellular 
classification, but their broader application is limited 
by long acquisition times and comparatively weak 
sensitivity to polar bonds (e.g. C-O, C-N, and N-H), 
which are abundant in biological systems.25–28 
Conventional IR microscopy, in contrast, is poorly 
suited for subcellular analysis because mid-IR 
measurements are limited by strong water absorption 
and by optical diffraction, yielding spatial resolutions 
typically on the micrometer scale.29 Consequently, IR 
imaging has been used primarily for classification at 
the whole cell or tissue level.  
 
Recent photothermal IR methods have begun to 
address these barriers. Optical photothermal infrared 
(OPTIR) imaging and photothermal atomic force 
microscopy-based IR (AFM-IR) now enable 
submicron IR measurements.30 AFM-IR can achieve 
spatial resolutions below 20 nm, but its slow 
acquisition rate limits its utility for imaging extended 
cellular regions. OPTIR, by contrast, can acquire sub-
micron resolution images in real time in some 
configurations.31 Although OPTIR has already been 
used to classify cell types and detect disease 
biomarkers in large-scale tissue specimens, its use 
for organelle-level classification within individual cells 
has not yet been demonstrated.32,33  
 
In this study, we combine OPTIR imaging with 
machine learning models to classify subcellular 
organelles in fixed U-2 OS cells. We developed two 
complementary models tailored to distinct acquisition 
modes: single-spectrum measurements and 
hyperspectral image collections. For single-spectrum 
data, we trained a random forest (RF) classifier to 
rapidly assign cellular location directly from IR 
spectra. This model enables real-time spectral 
identification and can guide subsequent OPTIR 
image acquisition. For hyperspectral datasets, which 
provide spatially resolved chemical maps of organelle 
states, we evaluate both the RF classifier and a U-Net 
convolutional neural network. Although the RF model 
can be applied to hyperspectral data, the U-Net 
improves prediction accuracy by incorporating spatial 
relationships among neighboring pixels. Because this 
spatial context is intrinsic to its architecture, the U-Net 
is restricted to hyperspectral maps. To identify the 
minimal set of IR spectral features required for 
organelle classification, we performed high-resolution 
spectral mapping across selected subcellular regions. 
While the collection of hyperspectral datasets on our 
OPTIR instrument exceeds the time constraints for 
live-cell studies, the use of a real-time OPTIR 
instrument and/or a reduced feature set may 
ultimately enable real-time organelle identification in 

living cells. We demonstrate that both the RF 
classifier and a U-Net convolutional neural network 
can reliably distinguish organelles, including the ER, 
Golgi apparatus, mitochondria, nucleus, nucleolus, 
and stress granules. These models also generalize to 
HEK 293 cells, demonstrating the potential for 
broader application across cell lines. Additionally, we 
observe changes in prediction accuracy based on cell 
dysfunction, which can have profound cellular and 
systemic consequences.34–37 Spectral signatures can 
be interpreted to understand compositional changes 
in the dysfunctional state. These findings highlight the 
importance of tools that can resolve organelle-
specific changes with high precision, while providing 
valuable chemical information. Our machine learning-
based approaches offer a promising strategy for 
investigating organelle function and detecting 
disease-associated biomarkers at the subcellular 
level. 
 
Results 
 
Training Dataset Acquisition  
 
Accurate organelle classification depends on a 
representative training dataset that captures the 
spectral diversity of subcellular regions. This involves 
three key steps: (1) optimizing spectral acquisition 
conditions to achieve a signal-to-noise ratio (SNR) 
high enough to resolve organelle-level differences; 
(2) identifying the specific regions of the OPTIR 
spectrum that contain the most discriminative 
information for classification; and (3) determining the 
minimal dataset size required for effective model 
training. 
 
Our OPTIR system, equipped with both fluorescence 
and IR capabilities, enables the collection and 
assignment of fluorescence and IR data at the same 
subcellular locations. The training dataset was 
generated from U-2 OS cells fixed with 4% 
paraformaldehyde (PFA), a standard fixative for 
fluorescence staining that has been reported to 
minimally affect IR spectra.38 Cells were stained with 
organelle-specific dyes or antibodies to generate 
ground truth maps for organelle identification (Fig. 1). 
These stains, applied at nanomolar (nM) 
concentrations, are not detectable by IR imaging (Fig. 
S1).39 Where possible, dye-based labels were used 
to minimize potential spectral interference from 
fluorescent proteins or antibody stains with native 
protein populations.  
 
The signal-to-noise ratio (SNR) in the dataset is 
governed by both sample composition and acquisition 
conditions. According to the Beer-Lambert law, signal 
strength depends on the optical path length, molar 
absorptivity, and concentration of cellular 
components at each frequency. As a result, signal 
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strength is highest in thicker regions of the cell, 
particularly around the nucleus, and decreases 
toward the periphery. Noise in OPTIR measurements 
arises primarily from atmospheric water absorption 
and the instrument. To mitigate atmospheric 
interference, the sample chamber is purged with dry 
air. Our instrument uses a four-module tunable 
MIRcat QCL laser, which exhibits increased noise at 
module transitions, most significantly in the third 
module (1185 to 1280 cm-1), where laser power is 
lower (Fig. S2). Accordingly, spectral data from this 
range are less reliable and thus were not used in 
parameter selection.  
 
To determine parameters for organelle classification, 
we compared IR spectral features across organelle 
classes and selected those with minimal inter-class 
overlap. To facilitate use in future studies, IR features 
were selected to reflect known biochemical 
distinctions between organelles (Table S1). To 
reduce redundancy, we computed pairwise 
correlations between parameters (Fig. S3) and 
excluded those that consistently correlated across 
classes. The final non-redundant parameter sets 
were used as inputs for our classification models. To 
demonstrate our approach, we first showcase its 
ability to distinguish the nucleus from the surrounding 
cytoplasm. We then extend the analysis to other cell 
lines and subcellular structures, including the 
nucleolus, ER, Golgi apparatus, mitochondria, and 
stress granules.  

 
Optimization of the AI Classification Approach: 
Distinguishing Nucleus from Cytoplasm 
 
Since the nucleus and cytoplasm can be 
distinguished using IR spectra from diffraction-limited 
IR microscopes,17 we used these compartments to 
develop and validate our approach. We developed 
two models, a RF classifier for single-spectrum 
collection and a U-Net for hyperspectral images. The 
nuclear training dataset comprised of 7,031 OPTIR 
spectra sampled across 55 cells. Spectra were 
averaged, background corrected, and normalized to 
the amide I band. Seven IR features, representing 
characteristic absorptions from the four major classes 
of biological macromolecules, were selected as input 
parameters for machine learning (Fig. 2): 
 
Carbohydrates: The cytoplasm contains a high 
concentration and diversity of carbohydrates due to 
its central roles in carbohydrate storage and energy 
metabolism.40 In contrast, in the nucleus, 
carbohydrates are largely limited to the sugar-
phosphate backbone of DNA.41 Carbohydrate-
specific C-O stretching modes of carbohydrates 
(1000-1300 cm-1) appear within the IR fingerprint 
region. Second-derivative analysis of this region 
reveals clear spectral differences between the 

nucleus and cytoplasm (Fig. 2B). Notably, a distinct 
band at 1036 cm⁻1 is present in the cytoplasm but 
absent in the nucleus, likely corresponding to the C–
O stretches of primary alcohol groups in sugars, 
particularly glucose.42  
  
Nucleic acids: The overall nucleic acid content in the 
nucleus and cytoplasm is comparable. However, their 
composition differs: DNA is predominantly confined to 
the nucleus, whereas RNA is distributed between the 
nucleus and cytoplasm.17,43 As a result, both regions 
exhibit symmetric and asymmetric phosphate 
stretching bands at ~1086 cm-1 and ~1220 cm-1, 
respectively.44 Nevertheless, nucleus and cytoplasm 
can be differentiated because the IR band positions 
and intensities are also sensitive to the nucleic acid 
secondary structure. For example, the weak furanose 
ring stretch that appears as a shoulder near the 
symmetric phosphate band in B-form DNA becomes 
significantly enhanced in Z-form DNA.45 Indeed, in the 
second derivative OPTIR spectra, bands at 1063 and 
1087 cm⁻¹ are observed, with a notably stronger peak 
at 1063 cm⁻¹ in the nucleus consistent with the 
presence of Z-form DNA (Fig. 2B).  
 
Lipids: Lipid concentration is generally higher in the 
cytoplasm than in the nucleus,46 reflecting the 
increased lipid metabolism, storage, and the 
presence of membrane-bound organelles in the 
cytoplasm.47 The strongest lipid band detected by our 
OPTIR instrument corresponds to the C=O stretching 
of ester carbonyls in triglycerides and cholesterol 
esters, centered at 1740 cm-1.48 Although vibrational 
modes of other biomolecules overlap with strong lipid 
bands in the fingerprint region between 1425 and 
1490 cm-1, the dominant contributions in this range 
arise from CH3 bending and CH2 scissoring modes 
originating from lipids.49,50 Reflecting the higher 
cytosolic lipid content, the signal intensity is higher at 
both 1462 cm-1 (Fig. 2D) and 1740 cm-1 (Fig. 2G).  
 
Proteins: Because the hyperspectral data are 
normalized to the amide I region, the relative protein 
concentration in the nucleus and cytoplasm cannot be 
used as a distinguishing feature. Instead, the amide 
II/amide I ratio can serve as a proxy for differences in 
protein secondary structure, which affect the 
hydrogen bonding network in the amide II.21 This ratio 
is commonly used to differentiate between primary 
and malignant cells. We hypothesize that structural 
and compositional differences in proteins between 
the nucleus and cytoplasm would manifest as distinct 
amide II/amide I ratios. Consistent with this, the 
nucleus displays a higher amide II/amide I ratio 
compared to the cytoplasm (Fig. 2E). Additionally, 
secondary structure variations alter the shape of the 
amide I band,51,52 which we captured through 
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measurements of its full-width at half maximum 
(FWHM) (Fig. 2F).  
 
Carboxylate groups are found in all four major classes 
of biological macromolecules as well as in numerous 
metabolites involved in cell metabolism. The 
symmetric COO- stretching vibration appears as a 
distinct band at 1390 cm-1.53 A red shift of this band in 
the cytoplasm relative to the nucleus reflects 
differences in the composition of carboxylate-
containing molecules and variations in the local 
environment (Fig. 2C).  
 
Fully establishing the molecular origins of spectral 
differences between organelles is challenging 
because there is significant overlap of absorptions 
within and across the major biomacromolecule 
classes. This is further convoluted by the 
environmental sensitivity of IR absorptions. Validation 
of any assignment is complicated, however, recently 
organelle assignments were precisely made by 
Raman imaging and the same approach could be 
used to validate IR parameters in the future.54 
 
Our initial classification method leverages a RF model 
to distinguish between nucleus and cytoplasm based 
on the IR spectral features described above.55 The 
key advantage of this method is its ability to classify 
individual spectra independently, without relying on 
spatial information. Additionally, the model outputs 
confidence scores for each prediction, providing a 
built-in measure of classification certainty and 
enabling performance assessment. 
 
Given the time-intensive nature of acquiring full 
hyperspectral maps for training, minimizing data 
collection while maintaining high classification 
accuracy is critical. We tested methods that reduce 
the number of pixels where data is collected while 
maintaining the number of datapoints within each IR 
spectrum, so that the same spectral background 
correction can be applied across all training sets. For 
intra-cell classification, sampling as few as 5 pixels 
each for the nucleus and cytoplasm yields 94 ± 1% 
accuracy for predictions within that cell (Fig. S4). 
However, inter-cell variability presents a greater 
challenge. A model trained on an equivalent amount 
of data, 5 pixels per class, but then tested on another 
cell reduces model accuracy to 81% (Fig. S5). To 
determine the optimal training dataset size necessary 
for robust, cross-cell classification, it is necessary to 
optimize both the required number of examples per 
cell and the total number of cells. To determine the 
required spectra per cell, we took a single 
hyperspectral map and randomly sampled an 
increasing amount of data per class for training a RF 
model. These models were then tested on nine 
different cells. To control for sampling bias, the 
process was repeated 250 times at each training set 

size. While accuracy and consistency improved with 
larger training sets, most of the benefit was seen with 
the first 25 training spectra of each class per cell 
before plateauing at 50–100 training spectra of each 
class per cell (Fig. S5). 
 
To determine the required number of cellular 
examples in the training dataset, we used a similar 
strategy. Using a dataset of 55 cells, between 1 and 
40 cells were randomly selected for training and 
tested on spectra from 5 randomly sampled cells that 
were not included in the training set (Fig. S6). By 
fitting a learning curve to this data, we estimated a 
theoretical maximum classification accuracy possible 
with the current method, which closely matched 
empirical performance (Table 1).  Based on these 
results, we standardized training datasets for other 
organelles to include 50-150 spectra per cell (25-75 
for each class) and 15-25 cells. During training we 
also determined that collecting negative class 
examples of both the cytoplasm and nucleoplasm is 
important because they represent distinct negative 
examples.  
  
Because training and testing datasets were selected 
based on fluorescent markers for clear nuclear or 
cytoplasmic identity, the 96.1% classification 
accuracy overestimates model performance on full 
hyperspectral images. When applied across entire 
images, accuracy dropped to 90.2% (Table 2), with 
errors concentrated in regions of low SNR, e.g., distal 
cytoplasm and at the nucleus-cytoplasm interface 
where spectral overlap increases (Fig. 3). To address 
these limitations, we implemented a U-Net 
architecture, which incorporates both spectral and 
spatial information using convolutional and pooling 
layers for encoding and decoding.60 The U-Net 
architecture requires substantially more training data 
than the RF model, not just in terms of spectral 
diversity, but also in terms of the appearance (shape) 
and subcellular localization of each class. To meet 
this need, we generated synthetic cellular images 
using fluorescent images as templates, populated 
with spectra from the training set (see SI Methods, 
Fig. S7). This approach is effective when the required 
amount of training data exceeds the amount of data 
that can be reasonably collected.56 
 
We evaluated three types of input data for the U-Net: 
(1) the seven IR features alone, (2) RF confidence 
scores alone, and (3) a combination of both. All 
models were trained using the same set of pixels 
used to train the RF model. Among the three, the 
combined input of IR features and RF confidence 
scores achieved the highest accuracy and lowest 
variance across model replicates (Fig. S8). 
Qualitatively, this hybrid approach corrected many of 
the RF misclassifications and produced 
segmentations more closely aligned with the 
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fluorescence-based ground truth (Fig. 3). 
Quantitatively, the U-Net improved nuclear 
classification accuracy by an average of 3.2% over 
the RF model (Table 2).   

Parameter Search for Label-Free Classification of 
Other Organelles 
 
To extend the machine learning framework to classify 
multiple subcellular structures beyond the nucleus 
and cytoplasm, we collected hyperspectral data from 
subcellular regions containing each organelle of 
interest. RF predictions showed strong correlations 
with fluorescence images for the nucleolus, Golgi 
apparatus, ER, nuclear speckles, and mitochondria 
(Fig. 2). Since the accuracy is dependent on the 
fluorescent threshold, we have provided our 
fluorescent thresholds next to our predictions.  
Additionally, all hyperspectral images and the 
predictions for the organelle set (both the stained and 
unstained organelles) are provided in the 
supplementary materials (Fig. S17-S29). Attempts to 
classify actin and microtubules were not successful, 
likely due to their low concentration, making detection 
within a single voxel challenging (Fig. S9).  
 
The U-Net model substantially improved classification 
performance by correcting errors present in RF 
predictions (Fig. 3). However, during training, U-Net 
models frequently became trapped in local minima. 
To address this, we employed a parallel training 
strategy: multiple models were trained 
simultaneously, with early termination for runs that 
failed to reach a predefined accuracy threshold within 
the first 10 epochs (see Methods). Final models were 
selected from the successful runs based on two 
criteria: (1) a low overall rate of false positives and 
negatives, and (2) a balanced distribution between 
false positive and negative rates (Fig. S10). This 
strategy yielded models capable of accurately 
classifying the nucleus, nucleolus, Golgi, ER, and 
mitochondria. However, nuclear speckles 
classification remains challenging; while the model 
has few false positives in cytoplasmic and nucleolus 
regions, it struggles to separate speckles from the 
surrounding nucleoplasm due to the high level of 
spectral similarity. In general, the most significant 
spectral differences between organelles were 
observed between nuclear and cytoplasmic 
structures, which are visually grouped into purple 
(nucleus) and green/blue (cytoplasmic) average (Fig. 
S11). This distinction is expected, as each voxel may 
contain mixed contributions from adjacent nuclear 
and cytoplasmic regions. Within each compartment, 
spectral distinctions between specific organelles are 
more subtle. Nonetheless, many organelles exhibit 
unique spectral signatures. For example, the 
nucleolus exhibits a pronounced peak at 1643 cm-1, 
suggesting a distinctive protein composition, 

potentially enriched in beta-sheet structures (Fig. 
S11G).  
 
Full Cell Organelle Classification 
 
Next, we tested the ability of models optimized on 
cellular subsections to classify images of whole cells. 
Hyperspectral maps of three full cells were collected 
at 0.5 μm resolution. The spatial resolution was 
lowered from the 0.2 µm spatial resolution used in 
training to increase the imaging speed. In the full cell 
context, both RF and U-Net predictions show a strong 
correlation to the fluorescence image thresholds (Fig. 
4, Fig. S27-29). The trend of the U-Net fixing errors 
present in the RF model continues, especially in the 
Golgi RF model which had a high tendency to 
misclassify cellular edges as falsely positive.  On the 
other hand, the RF scores show a striking 
resemblance to the original fluorescent images. This 
suggests that the RF uncertainty score is tracking the 
amount of organelle present within each voxel. The 
RF prediction then makes a binary decision similar to 
our fluorescent thresholds. Alternatively, the U-Net 
can then act as an intelligent threshold that takes into 
account spatial context and corrects deeper errors 
within the parameter set. Average accuracies and the 
deviation across all tested hyperspectral images are 
provided in Table 2, with more detailed performance 
metrics for each cell provided in Fig. S27-29 Panel B.  
 
Extension to Other Systems 
 
To assess the generalizability of our classification 
method, we applied the RF and U-Net models trained 
on U-2 OS cells to hyperspectral data collected from 
HEK 293 cells. Despite biological and lineage 
differences between the bone cancer cell line (U-2 
OS) and the immortalized kidney cell line (HEK 293), 
the models successfully identified the nucleus, 
nucleolus, and mitochondria in HEK 293 cells with 
average accuracies of 96.6%, 91.2%, and 88.9%, 
respectively (n=3) comparable to performance on U-
2 OS cells (Fig. 5A-B). These results indicate that the 
models capture the characteristic biomolecular 
components of organelles rather than features 
specific to a particular cell line. This cross-cell line 
performance suggests that with appropriate training, 
the models could be broadly applicable for organelle 
classification across diverse cell types. Adaptability is 
a strength of the method, particularly for biomedical 
applications where deviations in biomolecular 
composition could be detectable through reduced 
model performance, such as those associated with 
disease or drug response. For example, a model 
trained on healthy cells could potentially detect health 
deviations based on systematic classification errors.  
 
To test this hypothesis, we placed cells under 
oxidative stress and evaluated classification 
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accuracy. This also tested the ability of our workflow 
to classify transient biological phenomena formed 
under oxidative stress, stress granules. Despite being 
extensively studied, the structure, formation, and 
health implications of stress granules remain poorly 
understood. Spectral information on the cellular state 
after stress granule induction could provide valuable 
insights into their formation and function.57 Given that 
the models successfully identified another 
membraneless organelle, the nucleolus, we 
hypothesized that they could also be trained to 
identify transient membraneless compartments. 
Using the same workflow, we developed models that 
identify stress granules (Fig. 5C). Interestingly, 
despite their high accuracy for stress granules, our 
models for other organelles (besides the nucleolus) 
fail to generate reasonable predictions in stressed 
cells (Fig. 5C). Notably, the most prominent spectral 
difference in the amide I region between stress 
granules and the surrounding nucleus and cytoplasm 
is a peak at 1643 cm-1 (Fig. 5D), likely arising from 
beta-sheet rich RNA-binding domains of RNA-binding 
proteins densely packed within the granules.58 This is 
further highlighted in the ratio of the second derivative 
of the beta sheet (1643 cm-1) to the alpha helical 
(1656 cm-1) band of the different compartments (Fig. 
5E). Spectral similarity between the cytoplasm and 
nucleus increased, suggesting that a breakdown in 
cellular organization leads to failure of models trained 
on healthy cell organelles.59 This opens new avenues 
for investigating the role of biomolecular 
condensation in cellular stress responses and 
disease pathogenesis. 
 
Discussion  
 
In this study, we introduced a label-free, IR-based 
imaging workflow integrated with machine learning for 
high-resolution classification of subcellular structures, 
including the ER, Golgi apparatus, mitochondria, 
nucleus, nucleolus, and stress granules. With our two 
models, the RF and U-Net, we achieved accurate and 
robust classification across organelles of multiple cell 
types to support data collection in both single spectra 
and hyperspectral contexts. Key spectral features 
were selected based on distinct biochemical 
signatures, enabling precise organelle identification 
without fluorescent labels. The successful application 
of models trained on U-2 OS cells to HEK 293 cells 
demonstrates the generalizability of the approach to 
other cell lines. Together, these results position IR 
spectral imaging as a powerful, adaptable tool for 
quantitative, label-free organelle mapping and the 
investigation of cellular organization.  
 
All microscopes require trade-offs among data 
quality, acquisition speed, ease of use, and cost. The 
optimal platform therefore depends on the biological 
question. In fluorescence microscopy, for example, 

widefield instruments are favored for applications that 
require speed, such as screening and live-cell 
imaging, whereas confocal microscopes provide 
improved spatial resolution for resolving fine 
structures. Fluorescent stains guide image 
acquisition and distinguish specific structures across 
these length scales. Analogously, biomolecular 
vibrational resonances provide intrinsic chemical 
contrasts for IR microscopy. Here, our models exploit 
the distinct chemical compositions of subcellular 
compartments to define vibrational ‘stains’ for 
organelle identification in IR images. This strategy 
should be generalizable to IR imaging at other spatial 
scales. Indeed, models trained on images acquired at 
0.2 µm resolution successfully classified cell images 
collected at 0.5 µm resolution (Figure S27-29).  As IR 
microscopy continues to advance across multiple 
length scales and acquisition speeds, such vibrational 
‘stains’ provide a complementary framework for 
extracting biological information from this rapidly 
developing technology.  
 
Additionally, accurate organelle classification does 
not require the full set of training parameters. To 
assess how parameter reduction affects 
performance, we systematically reduced the number 
of input parameters using the current training dataset 
(Fig. S12). Using the RF models, we iteratively 
removed the least important parameter for each 
organelle to establish a hierarchy of parameter 
importance and determine the minimum number of 
parameters needed for organelle detection. Nuclear 
classification was the most resilient to parameter 
reduction. With a single IR parameter, nuclei in half of 
the cells were classified with only a 12% decrease in 
accuracy relative to models trained with all seven IR 
parameters (Fig. S12A). By contrast, classification of 
most other organelles converged to approximately 
50% accuracy with one IR parameter, consistent with 
near-random classification. Nevertheless, RF models 
for the Golgi apparatus and nucleolus also showed 
substantial resilience to parameter reduction, 
suggesting that comparable performance may be 
achievable with fewer spectral inputs (Fig. S12B). 
 
We next tested how many parameters could be 
removed from U-Net models, using the nucleus and 
endoplasmic reticulum (ER) as representative 
examples (Figs. S13 and S14). Following the 
parameter-importance hierarchy defined in Fig. S12, 
U-Net models were trained with progressively fewer 
RF parameters until only a single parameter 
remained. As observed for the RF model, accurate U-
Net prediction of nuclei was possible with one 
parameter: the full width at half maximum of the 
amide I band (Fig. S13C). The ER classification 
further highlighted the advantage of the U-Net 
architecture. Unlike the RF model, whose accuracy 
decreased steadily as parameters were removed, the 
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U-Net model showed no loss in ER classification 
accuracy until only two parameters remained (Fig. 
S14B).  
 
This analysis highlights the most critical parameters 
for classification that may be exploited in a workflow 
adapted for live-cell imaging. However, several 
technical challenges remain to be addressed. First, 
imaging times must be drastically reduced to maintain 
cell viability. As demonstrated above, this can be 
achieved by reducing the number of parameters. 
Additionally, recent advancements in OPTIR 
instrumentation have made video-rate imaging 
feasible through both wide-field and laser scanning 
methods.60 Second, high background absorption of 
water in the amide I region complicates the 
interpretation of protein-rich features in live cells. 
Although OPTIR suppresses the water background 
relative to traditional IR microscopy, spectral overlap 
remains significant. Emerging water-subtraction 
algorithms may help isolate biologically relevant 
features and enable clearer detection of subcellular 
structures in the hydrated environments of live 
cells.61,62 Interestingly, one of the most informative 
spectral regions for organelle classification was 1000-
1145 cm-1 (Fig. S11A), which is distant from the 
prominent water band that overlaps with the amide I 
region. Furthermore, removing amide I parameters 
from the RF training dataset of the nucleus caused 
only an 8.8% drop in mean accuracy (Fig. S15), 
supporting the feasibility of water-tolerant 
classification schemes. 
 
A key challenge of our approach lies in the reliance 
on fluorescence-based segmentation to generate 
training data and validation labels. This dependency 
is reflected in the discrepancy between the RF 
prediction accuracy for the training dataset (Table 1) 
and that of the hyperspectral images (Table 2). 
Fluorescent markers may not consistently label all 
regions of the target organelle and can exhibit non-
specific binding, resulting in incomplete or ambiguous 
reference masks. Additionally, small changes in 
threshold selection can alter the binarization 
boundary, introducing bias in the validation sets. The 
edge of where an organelle ends and begins is often 
ambiguous across the cell. To ensure high-
confidence labeling for training, the training dataset is 
composed of clear examples from each organelle 
class. While this strategy enhances labeling 
accuracy, it also makes the training dataset easier to 
classify, potentially overestimating the performance 
of the RF model. In contrast, when applied to real 
hyperspectral images, the model must classify 
spectra from boundary regions with lower labeling 
confidence, leading to reduced accuracy. Developing 
datasets that simultaneously label multiple organelles 
and train on different combinations of the labels could 
improve accuracy in regions where organelles 

overlap. However, the use of fluorescent labels 
inherently limits the total number of organelles that 
can be labeled simultaneously.  
 
Promisingly, the U-Net model proved valuable for 
assessing organelle health and function. Under 
oxidative stress, not only did stress granules form in 
the cytosol (Fig. 5C-E) with a unique chemical 
composition, but also the chemical composition of 
other organelles changed. The spectral profile of the 
nucleus of stressed cells is distinct from the nucleus 
in healthy training sets (Fig. S16). This indicates that 
the classification models not only identify organelles 
but also specifically recognize healthy ones. In the 
future, models could be trained to identify the 
organelle state(s) of interest. Importantly, these 
compositional changes are undetectable using 
traditional immunofluorescent stains, which do not 
discriminate between healthy and diseased states. In 
contrast, IR spectra reveal compartment-specific 
composition changes. This capability offers a 
compelling foundation for developing diagnostic tools 
that operate at the subcellular level, enabling early 
detection of disease or stress responses via 
biochemical fingerprinting. 
 
Materials and Methods 
 
Cell Culture Methods. U-2 OS cells (ATCC HTB-96) 
were cultured in DMEM containing L-Glutamine, 4.5 
g/L glucose, and sodium pyruvate (Corning 
10013CM), supplemented with penicillin-
streptomycin (ThermoFisher Scientific 15140122) at 
100 U/mL and 10% fetal bovine serum (Gibco™ 
10438026). Cell lines were maintained by splitting 
every three days at 80% confluency using trypsin-
EDTA (Gibco™ 25300054). For imaging, U-2 OS 
cells between passages 5 and 30 were grown 
overnight on glass or calcium fluoride coverslips. 
 
Stress Granule Induction. Stress granules were 
induced by treating U-2 OS cells with DMEM (as 
described above) supplemented with 500 μM sodium 
arsenite (Sigma Aldrich S7400) and incubated for 40 
minutes, before fixation with 4% PFA for 10 minutes 
at room temperature.63  
 
Dye Staining. Cells were fixed in 4% 
paraformaldehyde and stained according to the 
manufacturer's instructions. The dyes used included: 
Golgi ID Green Assay Kit (Enzo Life Science ENZ-
51028), ER-ID Red Assay Kit (Enzo Life Science 
ENZ-51026), Hoechst 33342 (Enzo Life Science from 
ENZ-51026), Nucleolus Bright Red (Dojindo N512), 
MitoView Green (Biotium 70054). After staining, cells 
were washed three times with PBS and three times 
with deionized water before imaging to prevent salt 
crystals.  
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Immunofluorescence Staining. Cells were fixed in 
4% paraformaldehyde for 10 minutes, permeabilized 
with 0.5% Tween-20 PBS for 15 minutes, and blocked 
with 1% BSA, 0.1% Tween-20 PBS solution for 45 
minutes, with three PBS washes between each step. 
Primary antibody incubation was performed overnight 
at 4° C. Stress granules were stained with a rabbit 
polyclonal G3BP1 Antibody (Invitrogen PA5-29455) 
at a 1:100 dilution. Nuclear speckles were stained 
with a rabbit polyclonal SRRM2 antibody (Invitrogen 
#PA5-66827) at a 1:200 dilution. Secondary antibody 
incubation for both was with donkey anti-rabbit IgG 
Alexa FluorTM Plus 488 (Invitrogen #A32790) at a 
1:2000 dilution for 45 minutes. Cells were washed 
three times with PBS and three times with deionized 
water before imaging to prevent salt crystals.  
 
OPTIR Imaging. IR spectra were acquired using a 
mIRage-LS IR microscope (Photothermal 
Spectroscopy Corporation, Santa Barbara, CA) 
equipped with a four-module-pulsed quantum 
cascade laser (QCL) system (Daylight Solutions, San 
Diego, CA). All spectra were collected from 932 cm-1 

to 1816 cm-1 in reflective mode with 2 cm-1 spectral 
resolution, averaging three scans per sample. The IR 
laser operated at 20% power with a 100 kHz pulse 
rate, while the probe laser (532 nm) operated at 11% 
power with a 2x or 5x gain. Scans were conducted at 
a speed of 200 cm-1/s with hyperspectral images 
captured at 0.2 μm resolution for cell sections and 0.5 
μm resolution for whole cells. Predictive models also 
demonstrated accuracy at both resolutions. Imaging 
utilized a 40X, 0.78 NA reflective Schwarzschild 
objective (PIKE Technologies, Fitchburg, WI) and a 
50X MPlanFl, 0.80 NA objective lens (Olympus, 
Japan). OPTIR imaging used the 40x objective, while 
fluorescence images were acquired using both 
objectives. This provides our OPTIR images with a 
spatial resolution of around 350 nm and an axial 
resolution of around 1 μm.64 
 
OPTIR Data Preparation. Hyperspectral datasets 
were exported from PTIR Studio (Photothermal 
Spectroscopy Corporation, Santa Barbara, CA) and 
analyzed in Python (Python 3.10.9). Training datasets 
were labeled by cross-referencing the fluorescent 
pixel positions to the corresponding IR spectra 
locations. Hyperspectral datasets were segmented 
using OTSU thresholding based on fluorescent 
labeling to compare with model predictions.  
 
To account for cell-to-cell variability, IR Spectra were 
linearly background-subtracted using average signals 
from low-noise regions (978 – 988 cm-1 and 1770 to 
1780 cm-1). Spectra within the 978 cm-1 to 1780 cm-1 

range were normalized to the amide I signal. Second-
derivative spectra were calculated using a seven-

point (14 cm-1) Savitzky–Golay filter, followed by 
curve fitting with SciPy’s UnivariateSpline function.19 
Training set sizes for each organelle are provided in 
Table S3.  
 
Random Forest Model. A random forest model was 
implemented using the scikit-learn Python package, 
comprising 100 decision trees.65 For accuracy 
assessments shown in Fig. S6, the model was trained 
on a subset of labeled data and validated on the 
remaining data. To generate the random forest 
scores utilized in the U-Net model and to predict 
hyperspectral maps, the model was trained on the 
entire dataset. To evaluate potential overfitting, the 
performance of the model for the test set was 
compared against its training dataset. 
 
U-Net Model. Using the Keras Python package, our 
U-Net model used a fairly standard U-Net architecture 
(for full layer list see SI materials and method).66 
Training was performed using a batch size of 64 
images over 50 epochs, with 10 steps per epoch. 
Model performance was monitored after every 10 
epochs to ensure convergence and to detect potential 
trapping in local minima. Training was halted if a 
model did not meet predefined accuracy thresholds 
(60% for nucleus classification and 70% for other 
organelles), designed to test for prediction 
improvement over random assignment. 
Backpropagation was performed using the Adaptive 
Moment Estimation (Adam) optimizer and evaluated 
with a binary cross-entropy loss function. Additional 
details can be found in the SI on Page S2-S7. 
 
Model Evaluation. The models were evaluated 
against several key performance metrics (Page S8). 
All metrics are evaluated within [0,1], and a higher 
value means better prediction. The metrics are 
presented alongside the predictions in Figure S17-
S29.  
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Figures and Tables 
 

 
Figure 1. Machine learning-based classification of subcellular structures. U-2 OS cells were cultured on CaF2 
coverslips, fixed with 4% PFA, and stained with organelle-specific fluorescent markers. Fluorescence labeled IR 
datasets were then collected using OPTIR. These datasets were systematically analyzed to identify the minimal set 
of unique parameters necessary to distinguish organelles within the training set, which comprises multiple cells. 
The extracted parameters were used for two models, including a Random Forest classifier and a U-Net 
convolutional neural network. Model accuracy was assessed by evaluating the ability of the algorithms to classify 
organelles in independent test data not included in the training set. An example of the classification output shows 
the model accurately identifying Golgi (green) and nucleus (blue) in comparison to the fluorescence.   
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Figure 2. IR parameters for machine learning. A. Spectral comparison between nucleus and cytoplasm: The 
average IR spectrum of the nucleus (blue) is compared to that of the cytoplasm (orange) within a hyperspectral 
dataset for a single cell region with 7,040 pixels. The shaded areas represent the standard deviation of the spectra. 
The entire spectrum is divided into eight regions for detailed analysis. No features from the second (brown) or third 
(green) regions were selected as machine learning parameters for distinguishing the nucleus from the cytoplasm. 
B. Discriminative parameters from the first region (red): A second derivative analysis of the first spectral region 
(red) highlights two key parameters used to distinguish between the nucleus (blue) and cytoplasm (orange). First, 
cytoplasm-specific band at 1040 cm-1 (black dashed line) is present in cytoplasm but absent in the nucleus. Second, 
the ratio of absorption peaks 1063 cm-1/1087 cm-1 (black solid lines) is significantly different between the nucleus 
and cytoplasm. C. Shift in the fourth region (purple): A redshift at the 1390 cm-1 band is observed in the cytoplasm 
compared to nucleus. D. Enhanced absorption in the fifth region (orange): The cytoplasm exhibits an increased 
absorption at 1464 cm-1 relative to the nucleus. E. Amide II/I ratio (sixth and seventh regions): The ratio between 
Amide II (1450 cm-1, sixth yellow region) and Amide I (1650 cm-1, seventh blue region) differentiates the nucleus 
from the cytoplasm. F. Amide I peak width variation (seventh region): The FWHM of the Amide I peak is broader 
in the nucleus compared to the cytoplasm. G. Lipid signal in the eighth region (pink): The cytoplasm displays a 
higher lipid band at 1739 cm-1 compared to the nucleus.   
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Figure 3. Random Forest and U-Net classification of organelles in cells not included in the training set. 
Representative classification of subcellular organelles using the random forest and U-Net machine learning 
approaches. The two leftmost columns display fluorescence images (scale bars: 10 μm) with organelle specific 
staining: nucleus (blue), nucleolus (red), nuclear speckles (green), ER (red), mitochondria (green), and Golgi 
apparatus (green). A white box is drawn around the region where OPTIR data was collected and where we show 
the model classification results. The third column shows the random forest confidence scores, which provide 
information on the certainty of the random forest model. The fourth column shows classification results generated 
by the random forest model. The final column presents predictions from the U-Net model, which was trained using 
a combination of random forest scores and IR features. Training dataset sizes are provided in Table S2.  
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Figure 4. Random forest and U-Net classification of organelles in full cells. Representative classification of 
organelles in the context of full cells with the random forest and U-Net machine learning approaches. The two 
leftmost columns display fluorescence images and the fluorescent threshold (scale bars: 10 μm) for each organelle 
specific staining: nucleus (blue), nucleolus (green), Golgi apparatus (green), ER (red), mitochondria (green). The 
third column shows the random forest confidence scores, which provide information on the certainty of the random 
forest model. The fourth column shows classification results generated by the random forest model. The final 
column presents predictions from the U-Net model, which was trained using a combination of random forest scores 
and IR features. Training dataset sizes are provided in Table S2.  
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Figure 5. Classification of HEK 293 cells and stress granules. A. Representative fluorescence image of a HEK 
293 cell with fluorescent labeling of the nucleus (blue), nucleolus (red), and mitochondria (green) (scale bar = 10 
μm). The region of interest (ROI) is outlined in white. B. Classification of the ROI within HEK 293 cells using random 
forest (RF) and U-Net models trained on U-2 OS cells. The top panel shows a magnified fluorescent ROI, followed 
by random forest and U-Net classification results for the nucleus (left), mitochondria (middle), and nucleolus (right). 
C. Representative fluorescence image of stress granules (green) induced by oxidative stress within the cell (scale 
bar = 10 μm) with cellular region outlined in white. U-Net prediction images for each organelle are shown, giving 
poor predictions for all organelles except the nucleolus.  D. Normalized OPTIR spectra (top) and second derivative 
(bottom) for stress granules and both the stressed and healthy cytoplasm and nucleus. Changes in protein 
secondary structure for beta sheet at 1643 cm-1 and alpha helices at 1656 cm-1 E. The ratio of the second derivative 
at 1643 cm-1 and 1656 cm-1 is compared. Stressed organelles show a decrease in this ratio compared to healthy 
spectra, which is paired with a large increase compared to the healthy cytoplasm.  
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Table 1. Random Forest Training Accuracies 
 

Organelle 
RF - Actual * RF - Theoretical ** 

Mean Deviation Mean Deviation 
Nucleus 96.1% 1.6% 97.2% 1.5% 
Nucleolus 84.1% 3.4% 84.9% 3.3% 
ER 84.2% 3.4% 87.2% 3.3% 
Golgi 95.3% 2.9% 97.6% 1.6% 
Mitochondria 90.2% 2.9% 92.8% 1.6% 
Speckles 61.0% 3.5% 61.0% 3.4% 

 

* RF - Actual is reported from the workflow shown in Fig S6C. For each organelle the single spectra dataset sizes provided in Table S2 are 
divided into training and test sets. The RF - Actual value is the average accuracy and deviation across from 250 repetitions, with the maximum 
amount of training data. The maximum amount of training data is defined by the minimum test set size. The test set sizes were 5 cells (Nucleus, 
Nucleolus, ER, Speckles, and Granules) and 3 cells (Golgi and Mitochondria). 

** RF - Theoretical is reported from the theoretical maximum of the fitted curve in Fig S6C. The mean is the value of the asymptote of the fitted 
curve and the deviation is the error of this fitted value.  
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Table 2. Average Classification Accuracies Across Partial and Full Cell Images 
 

Organelle RF U-Net 
Mean Deviation Mean Deviation 

Nucleus 90.2% 5.4% 93.4% 4.7% 
Nucleolus 84.8% 7.6% 92.6% 4.2% 
ER 84.9% 9.3% 86.3% 10.4% 
Golgi 87.5% 7.9% 90.5% 7.4% 
Mitochondria 87.4% 6.1% 88.3% 6.2% 
Speckles 56.8% N/A 74.8% N/A 
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