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Abstract
Background  Colorectal cancer (CRC) is a globally prevalent cancer. Emerging research implicates the gut microbiome in 
CRC pathogenesis. Bacteria such as Clostridium scindens can produce the carcinogenic bile acid deoxycholic acid (DCA). 
It is unknown whether imaging methods can differentiate DCA-producing and DCA-non-producing C. scindens cells.
Methods  Light microscopy images of anaerobically cultured C. scindens in four conditions were acquired at 100× mag-
nification using the Tissue FAX system: C. scindens in media alone (DCA-non-producing state), C. scindens in media with 
cholic acid (DCA-producing state), or C. scindens in co-culture with one of two Bacteroides species (intermediate DCA 
production states). We evaluated three approaches: whole-image classification, per-cell classification, and image seg-
mentation-based classification. For whole-image classification, we used a custom Convolutional Neural Network (CNN), 
pre-trained DenseNet, pre-trained ResNet, and ResNet enhanced by integrating the Digital Images of Bacterial Species 
(DIBaS) dataset. For cell detection and classification, we applied thresholding (OTSU or adaptive thresholding) followed 
by a ResNet model. Finally, image segmentation-based classification was performed using nnU-Net.
Results  For whole-image analysis, DIBaS-enhanced ResNet models achieved the best performance in distinguishing C. 
scindens states in monoculture (accuracy 0.89 ± 0.006) and in co-cultures (accuracy 0.86 ± 0.004). Per-cell analysis was 
optimal at a C constant value of 3, with the ResNet model achieving 62–74% accuracy for C. scindens states in mono-
culture. Segmentation-based analysis using nnU-Net resulted in Dice coefficients of 87% for C. scindens and 74–76% for 
the Bacteroides species.
Conclusions  This study demonstrates feasibility of image-based deep learning models in identifying health-relevant gut 
bacterial metabolic states.
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1  Introduction

Colorectal cancer (CRC) is among the most prevalent cancers globally. Early-stage CRC often presents no symptoms, 
emphasizing the importance of screening. Emerging data implicates the gut microbiome as a driver of CRC, thereby 
raising the prospect of a microbiome-based screening tool [1–3]. Gut bacteria can influence one’s risk of develop-
ing CRC via the production of metabolites that can be carcinogenic or chemoprotective. One such metabolite is 
deoxycholic acid (DCA), a pro-inflammatory genotoxic bile acid which is produced from cholic acid by a subset of 
gut bacteria including Clostridium scindens [4–7]. While time and cost constraints limit the broad use of sequencing 
or mass spectrometry in screening, imaging methods could potentially be more easily deployed to identify microbial 
features linked to CRC risk.

High-resolution light microscopy is a commonly used tool for visualizing bacteria and their morphological cellular 
changes at a fine scale. Higher magnification imaging technology such as electron microscopy (EM) offers subcellular 
resolution and potentially more accurate deep learning classifiers, but EM is impractical as a routine clinical tool given 
cost and time requirements. As such, we restricted our study to light microscopy images because its generation is 
cheaper, faster, and reliant on equipment that is typically already available in clinical labs.

We asked whether deep learning models can classify different bacterial species or metabolic states based on light 
microscopy imaging data alone. Unlike traditional methods that rely on manual feature extraction, deep learning algo-
rithms can automatically learn hierarchical representations of data directly from complex but structured grid data such 
as images. Convolutional neural networks (CNNs) utilize multiple layers to progressively extract higher-level features 
from raw input data, capturing essential features like edges, textures, and shapes. Pre-trained models like ResNet [8] 
and DenseNet [9] leverage large-scale image datasets to further enhance the performance of deep learning models.

We evaluated whole-image classification, per-cell classification, and classification following image segmentation 
for delineation of regions of interest using models such as U-Net [10] and nnU-Net [11], which have been applied 
effectively in cell counting [12] and cell structure analysis [13]. We reasoned that these methods might be used to 
extract subtle patterns and features in bacterial images that are not discernible to the human eye or with traditional 
analytical methods and utilize them for accurate classification of bacteria in different metabolic states.

2 � Methods

2.1 � Bacterial culturing and imaging

Bacterial cultures were cultured in rich bacterial growth media [14] for 24 h at 37 °C in an anaerobic chamber. We cul-
tured C. scindens in growth media alone, C. scindens in media with cholic acid (100 µM), C. scindens in co-culture with 
B. thetaiotaomicron and taurocholic acid (100 µM), or C. scindens in co-culture with B. vulgatus and taurocholic acid 
(100 µM). (Cholic acid is the substrate required for DCA production. Images from cultures with cholic acid were con-
sidered cancer-associated states of C. scindens, while those from media-alone cultures represented health-associated 
states. B. thetaiotaomicron and B. vulgatus can produce cholic acid from taurocholic acid.) Overnight cultures with 
an OD600 of approximately 0.2 were used for slide preparation. Each culture (150 µl) was deposited onto a glass slide 
using the CytoSpin™ system, spun at 500 RPM for 5 min, and allowed to dry. The slides were briefly passed through 
a flame to fix the cells and then gram stained using a Fisher Scientific Gram Stain kit. After drying, coverslips were 
fixed with a drop of DEPEX and left overnight to harden. To acquire microscopy images for cell classification and 
segmentation, we utilized the TissueFAX microscopic imaging system in the Fred Hutchinson Cellular Imaging Core 
Facility to capture detailed images of C. scindens at 100× magnification. Images were captured at a z-stack depth of 
0.2 µm, with a conversion rate of 0.064 µm per pixel.

2.2 � Bile acid quantification in cultures

Supernatant from anaerobic co-cultures of C. scindens with either B. thetaiotaomicron or B. vulgatus were analyzed 
by liquid chromatography mass spectrometry using previously reported methods [15].
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2.3 � Image loading and preprocessing

For all analyses, bacterial images were loaded into memory and preprocessed using the ‘preprocess_input’ function 
from TensorFlow’s ‘ImageDataGenerator’ class from the Keras API, which facilitates efficient handling of large datasets 
stored on disk. The ‘ImageDataGenerator’ was configured to normalize the pixel values of the images and split the 
dataset into training and test subsets (80:20 ratio). For training models, 25% of the training dataset was set aside and 
utilized for initial validation. Images were resized to 224 × 224 pixels to match the input dimensions required by the 
CNN model. Labels were assigned automatically based on the directory structure (e.g. presence/absence of cholic 
acid or different bacterial species names).

2.4 � Whole‑image classification with CNN models (Approach 1)

2.4.1 � Training a CNN from scratch

2.4.1.1  Algorithm for  training from  scratch  The training algorithm was implemented in a GPU-enabled environment 
using TensorFlow and Keras, which are Python libraries for building and training deep learning models. A custom CNN 
was developed from scratch, utilizing layers defined in the sequential API. The model was trained for 50 epochs, using 
the Adam optimizer for adaptive learning rate adjustment, and binary cross-entropy as the loss function to optimize the 
binary classification task. The training process involved iterating through batches of images and updating the model 
weights using backpropagation, guided by the gradients computed during each epoch.

2.4.1.2  CNN architecture and learning parameters  The CNN model was composed of 6 layers: 3 convolutional layers 
interweaved with max-pooling layers, 1 flattening layer, and 2 fully connected (dense) layers. The first convolutional 
layer used 32 filters, the second used 64 filters, and the third used 128 filters, with all convolutional layers employing 
a kernel size of 3 × 3 and the ReLU activation function. The pooling layers used a 2 × 2 window for downsampling. The 
dense layers included one hidden layer with 128 neurons, activated by ReLU, and an output layer with a single neu-
ron, activated by a sigmoid function for binary classification. The Adam optimizer was used with default parameters 
(learning rate = 0.001, beta_1 = 0.9, beta_2 = 0.999).

2.4.2 � Pre‑trained model (ResNet50)

2.4.2.1  Pre‑trained ResNet50 integration  The ResNet50 model, pre-trained on the ImageNet dataset, was imported from 
the Keras Applications library. The pre-trained model was loaded without its fully connected (top) layers. This allowed 
the use of ResNet50’s convolutional base as a feature extractor. The weights of the ResNet50 convolutional layers were 
frozen to retain the pre-trained knowledge during the initial training phase. This approach leveraged ResNet50’s power-
ful feature extraction capabilities without requiring additional computational resources to retrain its deep convolutional 
layers.

2.4.2.2  Custom classification model  On top of the ‘frozen’ ResNet50 base model, a custom classification head was 
constructed comprised of (i) a flatten layer to transform the 4D tensor output of the ResNet50 base into a 1D tensor 
suitable for dense layers; (ii) a fully connected dense layer with 128 neurons and ReLU activation to introduce learn-
able parameters tailored to the specific classification task; and, (iii) a single-node dense layer with a sigmoid activa-
tion function for binary classification, outputting probability scores between 0 and 1 for the target classes.

2.4.2.3  Training and  optimization  The model was compiled using the Adam optimizer with default parameters 
(learning rate = 0.001), which adaptively adjusts learning rates during training. Binary cross-entropy was selected as 
the loss function, appropriate for binary classification tasks. The model was trained for 30 epochs. The training pro-
cess utilized a GPU-enabled environment to accelerate computations, particularly beneficial for the large number of 
operations in the ResNet50 convolutional base.
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2.4.3 � Pre‑trained model (ResNet50 and Digital Images of Bacterial Species)

The ResNet50 model was fine-tuned by incorporating the Digital Images of Bacterial Species (DIBaS) dataset, which 
comprises images of 33 diverse bacterial species [16], into the training pipeline, thereby allowing the model to adapt 
its feature extraction capabilities to bacterial morphologies. The resulting model was then used as the starting point for 
training on our specific dataset.

2.5 � C. scindens cell detection and automated cell classification (Approach 2)

2.5.1 � Adaptive thresholding

After image loading as above, initial preprocessing entailed detecting individual cells in each image using Adaptive 
Thresholding with a constant value C = 3. Unlike global thresholding, which applies a single threshold value to the entire 
image, adaptive thresholding calculates the threshold for smaller regions of the image, making it effective for images 
varying in brightness. In adaptive thresholding, the constant C is a parameter subtracted from the calculated mean or 
weighted mean intensity of the neighboring pixels, playing a crucial role in fine-tuning the thresholding process. This 
technique segmented the images by calculating the threshold for small regions, effectively isolating each cell based on 
local pixel intensity variations. The detected cells from all images in the dataset were then processed to classify them 
into two categories: C. scindens with cholic acid and C. scindens without cholic acid. Further image preprocessing was 
then performed as above. Pixel intensity values were normalized from TensorFlow’s ResNet50 pre-trained model for 
consistent feature scaling.

2.5.2 � Pre‑trained ResNet50 integration

The ResNet50 model, pre-trained on the ImageNet dataset, was employed as a feature extractor. The pre-trained convolu-
tional layers were used without modification, while the fully connected (top) layers were removed to adapt the model to 
the new classification task. This approach leveraged the pre-trained weights of ResNet50, which encode general-purpose 
visual features, providing a strong starting point for classifying cell images. The convolutional base of ResNet50 was frozen 
during initial training to retain the pre-trained knowledge and prevent overfitting, given the limited size of the dataset.

2.5.3 � Custom classification model

A custom classification head was constructed and added on top of the frozen ResNet50 convolutional base. This con-
sisted of a flattened layer to transform the high-dimensional feature maps output by ResNet50 into a 1D tensor. A fully 
connected dense layer with 128 neurons and ReLU activation to capture class-specific patterns, and an output layer with 
a single neuron and sigmoid activation, predicting the probability of the image belonging to either class.

2.5.4 � Training and optimization

The model was compiled using the Adam optimizer, which adaptively adjusts the learning rate during training, ensur-
ing stable and efficient convergence. Binary cross-entropy was used as the loss function, as the task involved binary 
classification. The training was conducted for 30 epochs, with a batch size of 16. To improve model generalization, data 
augmentation techniques such as random rotations were applied during training. The trained model was evaluated on 
the 20% test set, ensuring a robust assessment of its classification accuracy.

2.6 � Automated image segmentation with nnU‑Net (Approach 3)

2.6.1 � Image segmentation

Images were annotated manually to create ground truth segmentation masks. These annotated images and masks 
were then loaded and preprocessed as above, with two additional preprocessing steps: z-score normalization to ensure 
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that image intensities followed a normal distribution and random cropping using ‘DataLoader’ to augment the data-
set. The resulting image dataset served as the training dataset for nnU-Net [11], a self-configuring method for image 
segmentation.

2.6.2 � Algorithm for training with diverse data

During training, the model learns to identify the boundaries and structures of bacterial cells by adjusting its parameters 
to minimize the difference between the predicted segmentations and the ground truth masks through the combined 
loss function of Dice and Cross-entropy loss. The training began with nnU-Net’s default configuration, employing a 2D 
U-Net architecture for segmentation. In the 2D U-Net architecture, both the encoder and decoder consisted of five 3 × 3 
convolutional blocks, each followed by instance normalization and leaky rectified linear unit (ReLU) activation. Skip 
connections were used to link encoder and decoder layers, preserving spatial information and enhancing localization. 
The training algorithm combined two loss functions: cross-entropy loss, which optimized pixel-wise classification, and 
Dice loss, which maximized overlap between predicted and ground truth masks. The optimization was performed using 
Stochastic Gradient Descent with an initial learning rate of 0.01. The training spanned 100 epochs (batch size of 8) and 
utilized five-fold cross-validation to ensure generalizability and robust performance to a new, unseen set of image data.

2.7 � Gradient‑weighted Class Activation Mapping

Gradient-weighted Class Activation Mapping (Grad-CAM) was utilized to visualize class-discriminative regions in the 
input image. Grad-CAM computes the gradient of the class score yc with respect to the feature maps Ak of a convolutional 
layer. The importance weights αc

k
 for each feature map are calculated as:

where Z is the number of pixels in the feature map, and the indices i and j represent the spatial coordinates representing 
the height and width positions of each pixel.

The class activation map Lc
Grad-CAM

 is then obtained by:

This produces a heatmap that highlights the most influential regions from the input image for class prediction. Finally, 
Grad-CAM heatmaps were overlaid on the original microscopy images.

3 � Results

Using light microscopy images of bacterial cultures with C. scindens, we evaluated deep learning imaging analysis of 
entire fields of view (whole-image classification), individual cell-based classification (cell detection and classification), 
and image segmentation (Fig. 1). We trained three distinct CNN architectures tailored for specific tasks and leveraging 
various methodologies to enhance classification accuracy and robustness.

3.1 � Whole‑image classification

For whole-image classification, three distinct classification methodologies were employed to assess the presence 
and metabolic states of C. scindens under various conditions. The first methodology involved developing a Con-
volutional Neural Network (CNN) from scratch. This methodology involves defining the network layers, activation 
functions, and learning parameters from the ground up. By starting with a clean slate, this model can learn features 
directly relevant to the dataset of interest, optimizing performance for the specific task of differentiating between 
different states of C. scindens. The second methodology utilized the pre-trained models ResNet and DenseNet, which 
are conceptually related neural network architectures differing in the density of connections between layers. Like 
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the second methodology, our third methodology also utilized transfer learning, additionally incorporating diverse 
imaging data of 33 bacterial species from the Digital Images of Bacterial Species (DIBaS) repository into a ResNet 
framework. The performance of these models was evaluated using Accuracy, F1 score, Precision, and Recall. Accuracy 
measures the overall correctness of the model by calculating the ratio of correctly predicted instances to the total 
instances (TP = True Positives, TN = True Negatives, FP = False Positives, and FN = False Negatives):

Precision indicates the proportion of true positive predictions among all positive predictions, reflecting the model’s 
ability to avoid false positives:

Recall, or sensitivity, measures the proportion of true positive instances correctly identified by the model, indicat-
ing its ability to capture all relevant instances:

(1)Accuracy =
TP + TN

TP + TN + FP + FN

(2)Precision =
TP

TP + FP

Fig. 1   This research comprises three distinct approaches. The first approach employs deep learning models to classify entire images based 
on overall characteristics. The second approach introduces cell detection prior to classification, identifying and classifying individual cells 
within each image. In the final approach, deep learning segmentation model is applied to do the pixel-to-pixel classification and isolate 
each cell, enabling precise identification of bacterial cells
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F1 score is the harmonic mean of Precision and Recall, providing a single metric that balances both concerns, particu-
larly useful when dealing with imbalanced datasets:

The classification performance metrics of the various methods we tested are summarized in Table 1, highlighting the 
comparative accuracies and predictive capabilities. When distinguishing C. scindens states with and without cholic acid, 
representing the DCA-producing cancer-associated state, the de novo CNN model achieved an accuracy of 0.34 and 
an F1 score of 0.39. In contrast, DenseNet showed a significant improvement with an accuracy of 0.75 and an F1 score 
of 0.85. ResNet further enhanced these metrics, achieving an accuracy of 0.85 and an F1 score of 0.91. Integrating the 
DIBaS dataset into the ResNet framework resulted in even better performance, with an accuracy of 0.89 and an F1 score 
of 0.90. In the task of discriminating between different co-culture scenarios, namely “C. scindens + B. thetaiotaomicron” 
and “C. scindens + B. vulgatus,” the ResNet model augmented with the DIBaS dataset demonstrated superior performance. 
It achieved an accuracy of 0.86 and an F1 score of 0.83. These results indicate the superior performance of pre-trained 
models over the de novo CNN model, with DenseNet and ResNet models significantly improving accuracy and F1 scores. 
In addition, Fig. 2 illustrates the ROC curve for distinguishing C. scindens with cholic acid from C. scindens without cholic 
acid. The figure highlights that ResNet + DiBAS achieving the highest performance (AUC = 0.85).

The statistical analysis of classification performance using the Mann–Whitney U Test reveals significant differences 
in accuracy and F1 score among the different models (Tables S1, S2). The classification of C. scindens with cholic acid vs 
C. scindens without cholic acid reveals significant differences in accuracy and F1 score among the various models. The 
ResNet model pre-trained with the DIBaS dataset demonstrated significantly higher accuracy compared to the standard 
ResNet model (Mean ± Std: 0.89 ± 0.0056 vs. 0.85 ± 0.0015, p = 0.037), DenseNet (Mean ± Std: 0.89 ± 0.0056 vs. 0.75 ± 0.0064, 

(3)Recall =
TP

TP + FN

(4)F1 score = 2 ×
Precision × Recall

Precision + Recall

Table 1   Classification 
performance metrics of 
different methods

Model Classification problem

(C. scindens with cholic acid) vs (C. 
scindens without cholic acid)

(C. scindens + B. thetaiotaomicron) 
vs (C. scindens + B. vulgatus)

Accuracy F1 score Accuracy F1 score

CNN from scratch 0.34 ± 0.031 0.39 ± 0.035 0.31 ± 0.027 0.27 ± 0.029
Pre-trained with DenseNet 0.75 ± 0.0064 0.85 ± 0.006 0.43 ± 0.029 0.60 ± 0.022
Pre-trained with ResNet 0.85 ± 0.0015 0.91 ± 0.0023 0.81 ± 0.0031 0.72 ± 0.0038
Pre-trained with ResNet + DIBas 

dataset
0.89 ± 0.0056 0.90 ± 0.0037 0.86 ± 0.0042 0.83 ± 0.0049

Fig. 2   ROC for distinguish-
ing C. scindens with cholic 
acid from C. scindens without 
cholic acid. The x-axis, False 
Positive Rate (FPR), indicates 
the proportion of negative 
instances that are incor-
rectly classified as positive, 
and y-axis, True Positive Rate 
(TPR), shows the proportion of 
actual positive instances that 
are correctly classified by the 
model. A higher TPR indicates 
better sensitivity
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p = 0.0063), and the custom CNN (Mean ± Std: 0.89 ± 0.0056 vs. 0.34 ± 0.031, p = 0.00021). For the F1 score, the DIBaS-
enhanced ResNet significantly outperformed DenseNet (Mean ± Std: 0.90 ± 0.0037 vs. 0.85 ± 0.006, p = 0.0090) and the 
custom CNN (Mean ± Std: 0.90 ± 0.0037 vs. 0.39 ± 0.035, p = 0.00020), while showing a non-significant trend towards 
improvement over the standard ResNet (Mean ± Std: 0.90 ± 0.0037 vs. 0.91 ± 0.0023, p = 0.167).

Similarly, accuracy and F1 score varied significantly between models classifying C. scindens + B. thetaiotaomicron vs. 
C. scindens + B. vulgatus. The DIBaS-enhanced ResNet model demonstrated significantly higher accuracy compared to 
the standard ResNet model (Mean ± Std: 0.86 ± 0.0042 vs. 0.81 ± 0.0031, p = 0.015), DenseNet (Mean ± Std: 0.86 ± 0.0042 
vs. 0.43 ± 0.029, p = 0.00039), and the custom CNN (Mean ± Std: 0.86 ± 0.0042 vs. 0.31 ± 0.027, p = 0.00033). The standard 
ResNet also showed significantly higher accuracy than DenseNet (Mean ± Std: 0.81 ± 0.0031 vs. 0.43 ± 0.029, p = 0.00051) 
and the custom CNN (Mean ± Std: 0.81 ± 0.0031 vs. 0.31 ± 0.027, p = 0.00035). DenseNet’s accuracy was significantly higher 
compared to the custom CNN (Mean ± Std: 0.43 ± 0.029 vs. 0.31 ± 0.027, p = 0.0048). For the F1 score, the ResNet model 
pre-trained with the DIBaS dataset achieved a significantly higher F1 score compared to the standard ResNet (Mean ± Std: 
0.83 ± 0.0049 vs. 0.72 ± 0.0038, p = 0.0088), DenseNet (Mean ± Std: 0.83 ± 0.0049 vs. 0.60 ± 0.022, p = 0.00040), and the 
custom CNN (Mean ± Std: 0.83 ± 0.0049 vs. 0.27 ± 0.029, p = 0.00018).

The integration of the DIBaS dataset into the ResNet framework boosted the model’s accuracy and F1 score, dem-
onstrating the benefits of using a diverse and extensive dataset for training, even though the additional training data 
did not include images of C. scindens per se. The enhanced ResNet model’s ability to effectively discriminate between 
different co-culture scenarios underscores its robustness and effectiveness in complex classification tasks. Such sig-
nificant improvements can be attributed to several factors. The diversity of the DIBaS dataset, which includes images 
from 33 different bacterial species, enhances the model’s ability to generalize across different bacterial morphologies. 
This diversity enables the ResNet model to learn more robust and transferable features, improving its performance on 
unseen bacterial species like C. scindens. Transfer learning from the DIBaS dataset allows the ResNet model to develop a 
deep understanding of various bacterial characteristics before fine-tuning on the target dataset, resulting in an enriched 
feature space that enhances classification capability. The significant boosts in accuracy and F1 score highlight the effec-
tiveness of using diverse and comprehensive datasets for pretraining deep learning models.

3.2 � Cell detection and classification

In this task, we employed a two-step approach for cell detection and classification from microscopy images of C. scindens, 
both with and without cholic acid. Initially, we utilized the OTSU and adaptive thresholding method for automated cell 
detection, leveraging its capability to threshold grayscale images effectively without requiring manual intervention. 
This step enabled us to identify individual cells within the microscopy images accurately. Subsequently, the detected 
cells were categorized into one of two groups: C. scindens cells cultured with cholic acid and those cultured without. To 
perform the classification task, we deployed a ResNet model pre-trained on a diverse dataset, optimizing it to differen-
tiate between these two cell groups. ResNet’s deep architecture and feature extraction capabilities facilitated precise 
classification by capturing nuanced differences in cell morphology and staining patterns associated with cholic acid.

For cell detection, we applied adaptive thresholding with different C constant values to achieve optimal performance 
using images of C. scindens without cholic acid (Fig. 3). Using a small C value results in overly sensitive detection, iden-
tifying noise along with many cells. In contrast, using C = 3 provides a more refined detection, balancing sensitivity and 
specificity by reducing noise while still identifying many cells. This visual assessment was corroborated by our statistical 
metrics (Table 2). For C = 1, the total detected cells are 8375, with a precision of 0.88, recall of 0.76, and an F1 score of 0.81. 
For C = 3, the total detected cells are 9252, with a precision of 0.91, recall of 0.86, and an F1 score of 0.89, indicating the 
best performance. For C = 4, the total detected cells drop to 7180, with a precision of 0.82, recall of 0.61, and an F1 score 
of 0.70. For C = 5, the total detected cells are 5500, with a precision of 0.73, recall of 0.41, and an F1 score of 0.52. For C = 8, 
the total detected cells further decrease to 2050, with a precision of 0.71, recall of 0.15, and an F1 score of 0.25, indicat-
ing the lowest performance. Overall, C = 3 provides the most accurate and well-separated cell labels, with the highest F1 
score of 0.89. Therefore, we used C = 3 to create reliable pseudo-labeling, and we fed these adaptive thresholding-derived 
labels into our deep learning model for training.

Training, internal validation over 50 epochs (Figure S1) using fivefold cross-validation (Fig. 4), and external testing 
was performed (Table 3).

The training set for C. scindens without cholic acid comprised 20 images containing 35,990 total cells, of which 27,353 
C. scindens cells were detected. The model successfully classified 23,685 cells as C. scindens without cholic acid and 3668 
cells as C. scindens with cholic acid. In the internal validation phase (a supervised problem), of 13,806 total cells from 5 
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images, 8622 C. scindens cells were detected. Of these, 6439 (74%) were correctly classified as C. scindens without cholic 
acid, while 2183 (26%) were misclassified as C. scindens with cholic acid. The external test set (also a supervised problem), 
consisting of 5 images with 13,559 total cells, yielded 8405 detected C. scindens cells. The model correctly classified 5622 
(66%) as C. scindens without cholic acid and misclassified 2783 (34%) as C. scindens with cholic acid.

Fig. 3   Cell detection in C. scindens without cholic acid using adaptive thresholding with different values of the C constant. The original image is 
displayed in the top-left corner. The subsequent images demonstrate how varying the C constant (1, 3, 4, 5, and 8) affects the detection of cells, 
highlighted in green. C = 1. The detection appears to be very sensitive, identifying a large number of cells but possibly including noise and non-
cell artifacts. C = 3: The detection is more refined, with a balance between sensitivity and specificity, reducing some noise while still identifying 
many cells. C = 4: The results are similar to C = 3, maintaining a good balance between cell detection and noise reduction. C = 5: The detection 
becomes slightly more conservative, possibly missing some cells but reducing noise further. C = 8: The detection is much more conservative, 
with fewer cells identified, suggesting that some true cells might be missing. Overall, the comparison indicates that lower C values (e.g., 1) 
result in more sensitive detections, while higher values (e.g., 8) lead to more conservative results, potentially missing some cells. Values like 3, 4, 
and 5 seem to provide a balanced detection, minimizing noise while capturing a significant number of cells

Table 2   Performance metrics 
of adaptive thresholding for 
cell detection at varying C 
constants

Bold indiactes optimal precision, recall, and F1 score were seen with a C constant value of 3

We randomly selected  10 images from the dataset  (total number of cells was 9725) for this analysis

C constant Total 
detected 
cells

TP FP FN (missed) Precision Recall F1 score

C = 1 8375 7388 987 2337 0.88 0.76 0.81
C = 3 9252 8455 797 1270 0.91 0.86 0.89
C = 4 7180 5980 1290 3745 0.82 0.61 0.70
C = 5 5500 4025 1475 5700 0.73 0.41 0.52
C = 8 2050 1475 575 8250 0.71 0.15 0.25
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For C. scindens with cholic acid, the training set included 20 images containing 6731 total cells, with 5398 C. scindens 
cells detected. The model correctly classified 4015 cells as C. scindens with cholic acid in training. Internal validation 
accuracy was 69%, and external testing accuracy was 62%.

To identify the salient features used by the deep learning models for its predictions (i.e., to understand what the 
model is “seeing”), gradient-weighted Class Activation Maps (Grad-CAM) were deployed. Interestingly, the most class-
discriminative areas were not intracellular (i.e., where DCA is produced), but rather, the Grad-CAM heatmaps (Fig. 5) 
highlighted the cell membrane and surrounding halo as critical regions for the ResNet model’s classification of bacterial 
metabolic states.

We next tested the deep learning model in an unsupervised setting using unseen images of C. scindens in mixed 
bacterial populations. In co-cultures with one of two Bacteroides species, B. thetaiotaomicron or B. vulgatus (neither of 
which is capable of producing DCA), we observed significantly higher DCA production by C. scindens in co-culture with 
B. vulgatus (6.89e6 ± 2.55e5 ng/mL) compared to co-culture with B. thetaiotaomicron (1.61e5 ± 5.49e4 ng/mL) (Fig. 6). 
Therefore, testing images from these co-cultures offered an opportunity to test whether our model would accurately 
predict higher levels of DCA-producing C. scindens cells in the co-culture with B. vulgatus.

First, to establish ground truth, cells were annotated manually through visual inspection, which was feasible 
because of obvious morphological differences between C. scindens and the Bacteroides species. Then, training was 

Fig. 4   The bar chart displays the total and detected C. scindens (CS) cells across five different folds, illustrating the performance of cell 
detection and classification in each fold. The total number of cells remained relatively constant across all folds. The number of detected 
CS cells also shows a consistent pattern, suggesting stable detection performance. The classification into cholic acid-producing and non-
producing states is consistent across folds, with a larger proportion classified as non-producing. This consistency across folds indicates that 
the detection and classification models are performing uniformly, without significant variation in performance. The detection of CS cells is 
robust, capturing a significant portion of the total cells, and the classification results show a clear distinction between cholic acid-producing 
and non-producing states

Table 3   Training, internal validation, and external testing

We performed fivefold cross-validation. Total cells, detected cells, and classified C. scindens (CS) cells represent the average across the five-
folds

State Phase # images # total Cells # CS cells 
detected

# CS cells classified as CS 
without cholic acid

# CS cells classified 
as CS with cholic 
acid

CS without cholic acid Training 20 35,990 27,353 23,685 3668
Validation 5 13,806 8622 6439 (74%) 2183 (26%)
Test 5 13,559 8405 5622 (66%) 2783 (34%)

CS with cholic acid Training 20 6731 5398 1383 4015
Validation 5 2458 1776 540 (31%) 1236 (69%)
Test 5 2353 1557 608 (38%) 949 (62%)
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performed across 50 epochs (Fig. 7). The observed trends demonstrate that the classifier effectively learned over 
time, improving its accuracy in distinguishing between the two C. scindens metabolic states.

In the testing phase, of the 1538 cells from 20 microscopy images of C. scindens + B. thetaiotaomicron that we 
analyzed (Table 4, Fig. 8), 1021 cells were C. scindens and 517 were B. thetaiotaomicron. The model detected 529 C. 
scindens cells, demonstrating a detection rate of 51.8% (529/1021). Among the detected C. scindens cells, 382 (72.2%) 
were classified as C. scindens without cholic acid, while 147 (27.8%) were classified as C. scindens with cholic acid.

For the C. scindens + B. vulgatus condition, 1958 total cells from 20 images were analyzed. This set contained 1372 C. 
scindens cells and 586 BV cells. The model detected 705 C. scindens cells, yielding a detection rate of 51.4% (705/1372). 

Fig. 5   C. scindens cultured with cholic acid (A) vs without cholic acid (B), visualized under high-resolution microscopy. The Gradient-
weighted Class Activation Map overlay focuses on the cell membrane and the surrounding halo region indicating the importance of these 
regions for the ResNet model to accurately classify the correct bacterial metabolic state. Warmer colors (red and yellow) represent regions 
that greatly influenced the model, while cooler colors denote less important areas for classification

Fig. 6   Differential DCA 
production associated with 
the two co-cultures imaged. 
Despite comparable levels of 
C. scindens in both co-cul-
tures, we observed differences 
in DCA production between 
these species.
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Of these detected C. scindens cells, 309 (43.8%) were classified as C. scindens without cholic acid, and 396 (56.2%) 
were classified as C. scindens with cholic acid.

Overall, while the C. scindens cell detection rate was modest, the majority of cell-level predictions regarding C. scind-
ens metabolic states was correct in both co-cultures: in the presence of B. thetaiotaomicron (associated with lower DCA 
production), the model showed a stronger tendency to classify C. scindens as ‘without cholic acid’ (72.2%), whereas in 
the presence of B. vulgatus (associated with higher DCA production), the majority of C. scindens cells was classified as 
‘with cholic acid’ (56.2%).

3.3 � Automatic segmentation

We utilized nnU-Net, a specialized deep-learning framework designed for medical image segmentation, to delineate 
C. scindens, B. vulgatus, and B. thetaiotaomicron cells from microscopy images. The nnU-Net architecture (Fig. 9) follows 
a 2D U-Net structure, featuring encoding and decoding pathways with five convolutional blocks each. These blocks 
are augmented with instance normalization and employ leaky rectified linear unit activation functions, optimizing 

Fig. 7   Classification of C. scindens (CS) cells during the training phase, separated into states (A) without cholic acid and (B) with cholic acid. 
In each chart, the number of cells classified correctly increases steadily, stabilizing at a high count by the end of the training period, while 
the number of cells misclassified decreases consistently

Table 4   Detection and classification of bacterial cells in images from mixed bacterial populations during testing phase (CS: C. scindens, BV: B. 
vulgatus, BT: B. thetaiotaomicron)

State # images # CS # BV/BT # total cells # Detected CS 
cells

# CS cells classified as CS 
without cholic acid

# CS cells classified 
as CS with cholic 
acid

CS + BT 20 1021 517 1538 529 382 147
CS + BV 20 1372 586 1958 705 309 396

Fig. 8   Detection and clas-
sification results for C. scindens 
(CS) cells comparing two 
conditions: C. scindens with B. 
thetaiotaomicron (CS + BT) and 
C. scindens with B. vulgatus 
(CS + BV) (testing phase)



Vol.:(0123456789)

Discover Imaging             (2025) 2:2  | https://doi.org/10.1007/s44352-025-00006-1 
	 Research

the network’s ability to extract meaningful features from microscopy images. Image preprocessing steps included 
cropping and Z-Score normalization, ensuring standardized input data and improving segmentation accuracy. The 
nnU-Net framework was initialized with a hybrid loss function incorporating both Dice coefficient, which measures 
spatial overlap, and Cross-entropy, which evaluates pixel-wise classification accuracy, to enhance the model’s capa-
bility in capturing intricate features of and boundaries between bacterial cells.

In nnU-Net training process, we utilized a dataset consisting of 50 images for training and internal validation, 
with fivefold cross-validation (dividing the training data into five subsets, where each subset is used as a validation 
set while the remaining subsets serve as the training set, rotating through each subset), and 25 additional images 
for external testing. The Dice coefficient, a commonly used metric in image segmentation tasks, quantifies spatial 
overlap between predicted and ground truth segmentations. It is defined as

where TP (True Positive) represents correctly segmented pixels, FP (False Positive) denotes incorrectly segmented pixels, 
and FN (False Negative) indicates pixels in the ground truth that were not captured by the segmentation.

Model performance metrics during validation over 100 epochs of training are shown in Figure S2. During valida-
tion and testing, nnU-Net achieved a Dice coefficient of 98% and 87% for C. scindens, 85% and 76% for B. vulgatus, 
and 81% and 74% for B. thetaiotaomicron, respectively (Table 5). The high Dice coefficients obtained indicate that 
nnU-Net excels in accurately delineating bacterial cell boundaries, crucial for subsequent quantitative analyses and 
interpretations in microbiome research. Table 6 provides a comprehensive overview of the detection performance of 
the nn-Unet across two co-culture conditions (CS + BT and CS + BV). The results demonstrate high accuracy for detect-
ing C. scindens (0.87–0.90) and comparable accuracy for B. vulgatus and B. thetaiotaomicron (both 0.80), showcasing 
the model’s efficacy in differentiating bacterial cell states. These results validate nnU-Net’s efficacy in automated 
bacterial cell segmentation from microscopy images (Fig. 10), offering potential advantages over traditional manual 
segmentation methods.

(5)Dice =
2 × TP

2 × TP + FP + FN

Fig. 9   The 2D nnU-Net’s architecture, a neural network model designed for segmentation tasks. First, bacterial microscopy images undergo 
preprocessing steps of normalization and cropping. The 2D nnU-Net includes an encoder-decoder architecture with several layers, each 
comprising multiple convolutional operations followed by ReLU activations and pooling layers. The encoder compresses the spatial dimen-
sions while capturing the context, and the decoder progressively reconstructs the spatial dimensions to produce a detailed segmentation 
mask. The network also utilizes skip connections that transfer feature maps from the encoder to the corresponding decoder layers, ensuring 
the preservation of fine-grained details

Table 5   Average 
segmentation performance 
from fivefold cross-validation

Segmentation metric Test C. scindens BV BT

Dice coefficient (pixel-by-pixel classification) Validation (internal) 0.98 0.85 0.81
Testing (external) 0.87 0.76 0.74
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4 � Discussion

Our study offers proof-of-principle for the potential of deep learning models in advancing clinically relevant microbi-
ome imaging, potentially in the context of developing targeted diagnostic tools for CRC screening. We explored the 
capabilities of a deep learning model for whole-image classification, cell detection and classification, and automatic 
cell segmentation. The main contributions of this work encompass applications of deep learning in microbiome 
imaging analysis to advance diagnostic capabilities in identifying CRC-associated bacterial metabolic states.

We employed neural networks and pre-trained models to distinguish between CRC-associated and health-associ-
ated metabolic states of C. scindens. Importantly, we found that the external image data contributed to the model’s 
ability to generalize better to bacterial species that were not present in the training data, suggesting generalizability 
in features critical to bacterial image analysis by deep learning models. Further, leveraging pretrained models and 
utilizing previously learned features and patterns reduces the amount of new data required for effective training, 
thereby saving time and resources.

Table 6   Detection performance of nnU-Net

State # images # CS cells # BV or BT cells # total cells # 
detected 
CS cells

# 
detected 
BV cells

# 
detected 
BT cells

Accuracy (CS) Accuracy (BT) Accuracy (BV)

CS + BT 10 560 235 795 488 – 190 0.87 0.80 –
CS + BV 15 930 265 1195 837 212 – 0.90 – 0.80

Fig. 10   Examples of segmentation results of C. scindens and B. vulgatus using nnU-Net. The original images show raw microscopy visuals of 
the bacteria. The true masks display manually annotated segmentations with C. scindens and B. vulgatus distinctly labeled. The predicted 
masks, generated by nnU-Net, closely match the true masks, indicating the model’s high accuracy in segmenting and differentiating the two 
bacterial species
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Finally, using an established deep learning-based image segmentation framework, we were able to automate seg-
mentation and highly accurate classification of microbial images, enabling analysis of bacterial morphology and spatial 
distribution. The performance of nnU-Net can be attributed to its sophisticated architecture and the use of a combined 
Dice + Cross-Entropy (CE) loss function, which balances the accuracy of segmentation and penalizes misclassifications.

Our current approach to bacterial cell detection and classification using thresholding methods represents a founda-
tional step but comes with inherent limitations. The reliance on traditional image processing methods like OTSU restricts 
our ability to achieve optimal detection performance, particularly in complex microbial environments and mixed bacte-
rial populations where cells may exhibit varying morphological and intensity characteristics. Additionally, the lack of 
advanced preprocessing steps and limited imaging resolution restricts the model’s ability to capture fine details, which 
could improve detection accuracy.

To further improve these results, future studies should consider using higher-resolution imaging and advanced micro-
scopes to capture more detailed images. Second, implementing preprocessing techniques to enhance image quality 
could aid in improving model performance. Third, expanding the dataset by capturing more images would also provide 
the model with a larger and more diverse set of samples, enhancing robustness and generalizability. Fourth, implement-
ing data augmentation techniques could help by artificially increasing the variety of training images, thereby reducing 
overfitting. Fifth, exploring alternative loss functions or fine-tuning the current Dice + CE loss function to handle imbal-
anced data could further enhance segmentation accuracy.

Future research should explore advanced architectures, such as an enhanced nnU-Net that integrates Residual, Dense, 
and Inception Blocks, along with attention-based models like Transformers, to improve cell segmentation accuracy by 
capturing complex spatial and contextual relationships within bacterial images. These architectures could help the 
model adapt more effectively to mixed populations by focusing on nuanced differences in cell structure and appearance. 
Additionally, implementing an end-to-end framework for automatic cell detection and classification—using the YOLO 
deep learning model [17] for automatic cell detection followed by a ResNet classification model—could streamline the 
workflow and improve both speed and accuracy. Such an approach would allow the model to perform fine-grained 
identification of bacterial states within diverse microbial communities, addressing the challenges associated with mixed 
populations. By leveraging these advanced models, along with enhanced imaging techniques, we anticipate a signifi-
cant enhancement in our ability to detect and classify bacterial cells with high precision in complex and heterogeneous 
samples.
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