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1. Quantitative biophysical properties of bacteria
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Fig. S1. Biophysical properties of bacteria obtained from individual 3D RI tomograms. a Obtaining the biophysical properties from a 3D RI tomogram. b The scatter plot of biophysical properties of each species, obtained with nt = 1.35. Due to significant differences in the range of the properties, the volume, surface area, and dry mass of M. luteus are plotted in different scales, indicated with blue color.

Quantitative biophysical properties of bacteria can be obtained from 3D RI tomograms, since RI is a quantitative contrast related to the material content. The bacteria in a 3D RI tomogram can be segmented from the background based on an RI threshold, thus the volume, surface area, and sphericity can be calculated from the segmentation map. Furthermore, the total dry mass and the average dry mass density can be calculated from the RI distribution inside the bacteria, based on the linear relation between the RI and solvent concentration in aqueous solutions like cells1, 2 (Fig. S1a).
The biophysical properties that were obtained based on the RI threshold of nt = 1.35 visualized the statistic distribution of each species (Fig. S1b). While characteristic distributions of biophysical properties were visible for each species, the properties were highly overlapping between most of the species with an exception of M. luteus, which was displayed significantly large dimension and dry content.


2. Suitability of 3D QPI for species identification of bacteria
[bookmark: _GoBack][image: ]
Fig. S2. Comparison between 2D and 3D QPI in ANN-based species identification using a single image. a Multiple types of QPI data are compared in the task of image-based species identification: 2D QPI, sinogram, 3D QPI, and the focal section of 3D QPI. b The overall accuracy resulting from four approaches in a. c The confusion matrices of species identification for all types of data, except for 3D QPI.

The benefit of 3D QPI in the identification of bacteria at a single-CFU level was verified in a comparative experiment. The proposed framework based on 3D QPI was compared with two variant approaches that also include ANNs but are based on 2D QPI. In one approach, the ANN identifies the species from the 2D QPI measurement, while in the other the ANN identifies the species from the sinogram of 2D QPI measurements in multiple illumination angles (Fig. S2a). Furthermore, a similar comparison was carried out using the focal slice of the 3D RI tomogram to explore a computationally simpler approach. Here, the vertical section of a 3D RI tomogram with the highest average RI was selected as the focal section to provide the largest image contrast.
The approaches based on 2D QPI, the sinogram and the focal section of the tomogram achieved 67.6%, 68.0%, and 62.0% blind-test accuracy respectively (Fig. S2b), after training the ANN and integrating high-performing models. The significant difference in the accuracy suggests that 3D QPI offers species-related features to ANN in a more ostensive manner compared to 2D QPI or sinogram.
When using 2D QPI data, the significant difference in identification performance included 2.18 times higher among gram-negative bacilli and 4 times higher among gram-negative coccobacilli, compared to when using 3D QPI data. The most frequent error was the misidentification of P. mirabilis into S. marcescens, which was 3.67-fold more frequent compared to the 3D QPI case.
When using the sinogram data, the confusion within each of the four main taxonomical groups all increased approximately 2 times. The most frequent error was the misidentification of B. subtilis into L. monocytogenes, which was 3.67-fold more frequent compared to the 3D QPI case.
When using the focal section of the tomogram, the significantly higher error compared to the using the entire tomogram was the confusion among gram-negative coccobacilli which increased 3 times. The most frequent error was the misidentification of E. cloacae into E. coli (30.0%), which was 6-fold more frequent than the approach using the entire 3D RI tomograms.


3. Suitability of our ANN for classification of 3D RI tomograms
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Fig. S3. Comparison between the implemented ANN and conventional machine learning in species identification from 3D QPI data. a The schematic of ANN-based end-to-end learning and machine learning with hand-crafted features. b The identification accuracy of four species identification approaches: k-NN with hand-crafted features, SVM with hand-crafted features, a simpler ANN, and our ANN with the 3D RI tomogram. The case of k =13, which displayed the highest accuracy, is shown for k-NN. The simpler ANN is a VGGNet structure with 11 layers, while our ANN is based on the DenseNet structure with 169 layers. The SVM approach involves 171 binary SVM classifiers of linear kernels. c The confusion matrices of species identification based on the three approaches other than the implemented ANN.

The performance of our ANN in identifying the species of bacteria from the 3D RI tomogram was compared to that of conventional machine learning approaches, as well as another ANN structure which is simpler and prevalently used. Two of the most commonly implemented machine learning techniques, k-nearest neighbor algorithm (k-NN) and support vector machine (SVM), were selected for the comparison. For the hand-crafted features, biophysical properties retrieved using multiple RI threshold values were concatenated, where the threshold values were nt = 1.34, 1.342, 1.344, ..., 1.3783. Each feature element was standardized to have 0 mean and 1 standard deviation (Fig. S3a). As the other ANN structure, we chose a VGGNet structure with 8 convolutional layers and 2 fully-connected layers4. The VGGNet structure is relatively simple and prevalently used, therefore was considered a suitable structure for comparison. The 8 convolutional layers were of 333 kernels, with output feature map sizes of 16, 32, 64, 64, 128, 128, 128, and 128. Max pooling layers with 222 windows and a stride of 2 were placed after the first, second, fourth, sixth, and eighth convolutional layers. The output feature size of the two fully-connected layers were 1024 and 19, where the latter indicated the 19 species.
In general, the confusion of machine learning between the bacilli accounted for a significant portion of the error similarly to the ANN (Fig. S3b,c). Yet the confusion between the cocci was comparably high, despite that ANN did not suffer as significant error between cocci.
For k-NN, the number of nearest neighbors was scanned from k = 1 to k = 40, resulting in the highest accuracy (43.2%) at k = 13 and the lowest accuracy (34.3%) at k = 1, 2. A major tendency compared to ANN was the 3.47 times higher error rate between gram-positive cocci. The most profound error was the misidentification of S. marcescens into L. monocytogenes (37.5%), which was 15-fold more frequent compared to the identical misidentification error using ANN. The second most common misidentification was B. subtilis into E. coli (30.0%), which the ANN did not suffer.
For SVM, a multi-class classifier was established by integrating the results of 171 binary classifiers, each of which is trained to distinguish between two species. Two integration strategies of simple voting and score-weighted voting, as well as two types of kernels, linear and Gaussian, were employed and compared. The highest accuracy of SVM (54.3%) was achieved using simple voting and linear kernel, whereas the lowest accuracy (17.5%) resulted from score-weighted voting and Gaussian kernel.
For SVM, which we have additionally implemented during the revision, a major tendency compared to ANN was the 3.30 times higher error rate between gram-positive cocci and the 3.00 times higher error rate between gram-negative coccobacilli. The most profound error was the misidentification of E. faecalis into S. agalactiae, which the ANN did not suffer. Other frequent errors included the misidentifications of S. agalactiae into S. aureus, S. marcescens into P. mirabilis, and E. coli into E. cloacae (25.0%) which were 2-, 8- and 4-fold more frequent compared to those of ANN respectively.
Using the VGGNet to classify the 3D RI tomogram achieved 79.3% accuracy, which was moderately lower than using our ANN based on a DenseNet with 169 layers. Overall, the errors similar to those resulting from our ANN occurred to the VGGNet classification, except for an increase in several specific cases of confusion. The most frequent confusion was the misidentification of K. pneumoniae into S. pneumoniae (17.5%) which was also a significant confusion for our ANN. Other significant cases of confusion included the misidentification of P. mirabilis into E. cloacae (15.0%) and the misidentification of B. subtilis into L. monocytogenes (12.5%).



4. Effectiveness of hand-crafted features
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Fig. S4. Comparison between the entire 3D RI tomogram and the hand-crafted features used in SVM-based species identification. a The schematic of machine learning with all the RI values in a tomogram (upper) and hand-crafted features (lower). b The identification accuracy of the two approaches. Both approaches utilize 171 binary SVM classifiers of linear kernels. c The confusion matrices of species identification based on the two approaches.

The effectiveness of the hand-crafted features, that were compared along the ANN analysis in section 3, was verified by performing machine learning classification without the feature extraction. To be specific, all the RI values of 589,824 voxels in each 3D RI tomogram were reshaped into a linear vector and utilized as the features for SVM classification (Fig. S4a). In the identical setting of classifier voting and a linear kernel, the classification based on all the RI values was 35.7% accurate, which was significantly lower than the accuracy of 54.3% achieved using the hand-crafted features (Fig. S4b). This difference in the identification performance implies that 
The classification without hand-crafted feature extraction was less accurate for most of the 19 species with small exceptions (Fig. S4c). 16 out of the 19 species were identified with reduced sensitivity when classifying with all the RI values. The sensitivity of identifying B. subtilis displayed the largest reduction from 72.5% to 12.5%. L. monocytogenes, P. aeruginosa, and S. pyogenes were the three remaining species, each of which displayed an increase of 5.0% in sensitivity. The largest increases in the identification error included the misidentification of S. marcescens into L. monocytogenes (from 15.0% to 45.0%) and P. aeruginosa into L. monocytogenes (from 2.5% to 27.5%). However, decreases in the error were also observed, including the misidentification of L. monocytogenes into S. marcescens (0% to 17.5%) and E. faecalis into S. agalactiae (15.0% to 30.0%). 

5. Contrast in ANN output
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Fig. S5. Contrast in the ANN output for correctly and incorrectly identified tomograms. The contrast of the ANN output is defined as the highest output value divided by the sum of other positive output values, to represent the exclusiveness of the identification. a an example of assessing the contrast in the ANN output. b Statistical comparison of the output contrast between the correctly identified test data and the misidentified test data.

Our trained ANN robustly extracts species-related features from 3D RI tomograms, even in misidentified cases. We were able to discern this phenomenon from the contrast in the ANN outputs; the ANN predicted with more certainty in the correctly identified cases. The contrast in the ANN output, defined as the highest activation value divided by the sum of all other positive activation values (Fig. S5a) was significantly higher in the correctly identified cases than the misidentified cases (Fig. S5b). Because a high output value is present in the correct species as well as the predicted species, the ANN outputs of misidentified cases displayed relatively low contrasts.


6. Sensitivity and specificity in identifying each species
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Fig. S6. The number of training dataset and identification performance of each species. a The number of training data for each species of our study. b The sensitivity of correctly identifying each species using our framework. c The specificity of not correctly excluding each species using our framework. d The correlation of the sensitivity and specificity to the number of the training set size.

In order to assess the species-wise distribution of the accuracy, we carried out an additional analysis of the identification result, as well as their relations with the distribution of the training dataset size (Fig. S6). The correlation between the performance in identifying each species and the size of its training dataset was not significant. Both the sensitivity and specificity displayed marginally negative correlations with the size of the training dataset, while the low R2 values suggested weak correlations. This implies that the variation of identification performance among different species is more dependent to the species-related distinction in the 3D RI tomograms, rather than the size of the training dataset.
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