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Discrimination of mycoplasma infection using
machine learning models trained on
autofluorescence signatures of host cellst
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Yoshikazu Tanaka, @2 Azusa Ohtani, Midori Ozawa,® Akiyoshi Fukamizu,®
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Cellular autofluorescence signatures are generated by fluorescent metabolites and structural cellular
components and are considered to represent the physiological state of individual cells. Since optimal
microscopic imaging of cellular autofluorescence signals is rapid, nondestructive, and minimally invasive,
the extraction and classification of autofluorescence signatures can be a powerful tool for discriminating
different physiological states. Here, we investigated whether changes in the cellular autofluorescence
signature of host cells can be used to diagnose mycoplasma infection. Analysis of cellular autofluorescence
signals from monkey cells infected with mycoplasma revealed attenuated autofluorescence at several
wavelengths. Machine learning models trained on individual cellular autofluorescence signatures achieved
more than 70% accuracy in binary classification tasks, demonstrating the utility of autofluorescence
signatures in the discrimination of mycoplasma-infected cells. Finally, quantitative measurements of NADH,
a major fluorescent metabolite, revealed a ~20% reduction of cellular NADH in mycoplasma-infected cells
that might underlie the attenuation, especially under 405 nm excitation.

Introduction

Prokaryotic and eukaryotic cells exhibit innate fluorescence,
called autofluorescence, that is emitted by light-absorbing
intracellular biomolecules." Diverse biomolecules including
tryptophan, collagen, elastin, cyclic ring compounds such as
NADH, FAD, riboflavin, and aromatic amino acids, contribute
to cellular autofluorescence.”® Eukaryotic cellular organelles,
mitochondria, and lysosomes also emit specific
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autofluorescence, which facilitates the dynamic imaging of
these organelles at high temporal and spatial resolution.’
Because cellular autofluorescence profiles are primarily
determined by cellular properties and physiological status, it
is possible to use autofluorescence to distinguish cells with
different metabolisms. For example, the wild type Aspergillus
nidulans and its nitrogen regulator deletion mutant are
successfully identified by their respective cellular
autofluorescence signatures." Moreover, human breast cancer
tissues in different histological grades and tumor sizes,
glioma stem cells that exhibit higher stem-like properties,
and immune cells in different functional states can be
categorized by cellular autofluorescence, especially when
using signals corresponding to intracellular tryptophan,
NADH and FAD levels, respectively.'®™?

To acquire reliable autofluorescence signatures of
individual cells from cell clusters, we developed the confocal
reflection microscopy-assisted single-cell innate fluorescence
(CRIF) system, which combines techniques from reflection
confocal microscopy and confocal microspectroscopy.’"?
Additionally, machine learning models that were trained to
classify microbial cell populations from autofluorescence
images allowed us to distinguish individual cells even from
heterogeneous populations under various physiological
states.'® Notably, the most critical advantage of the CRIF
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system supported by machine learning models is that cells
with different status can be discriminated without quantifying
specific fluorescent biomolecules.

Mycoplasmas are the smallest and simplest self-
replicating organisms. As obligatory heterotrophs, they
require nutrients produced by host cells, and have evolved
into obligate parasites of higher eukaryotes animals and
plants."* During infection, almost all mycoplasmas bind to
the surface of the host cells and behave as surface
parasites."® Consequently, mycoplasma contamination is
difficult to detect, and can give rise to major problems such
as recurring and occult cell culture contamination.'® Existing
detection methods, such as indirect fluorescent staining of
infected cells, direct PCR of mycoplasma DNA, and agar-
broth culture of mycoplasma cells,"” are invasive to host cells
or are time-intensive. Therefore, rapid and minimally
invasive detection methods, such as those that rely on simple
imaging techniques, are desirable.

Mycoplasma infection is generally not lethal to host cells.
However, infections elicit pathological changes to the host
cells, including carcinogenesis and severe immune reactions
associated with conditions such as AIDS.'"®'° Indeed,
mycoplasma infection often activates the major inflammatory
responses, including the NF-xB and Nrf2 signaling pathways.
Concomitantly, mycoplasma infection inhibits the p53-
mediated response that triggers cell cycle arrest and
apoptosis.">*® These observations imply that mycoplasma
infection might affect the physiological state of host cells,
including signaling and metabolism pathways, and may
thereby alter the autofluorescence signatures of host cells.

Here, we acquired cellular autofluorescence signals from
intact and mycoplasma-infected living cells. Analyses of
autofluorescence signatures revealed that mycoplasma
infection resulted in the attenuation of several peaks under
short-wavelength excitation. Supervised machine learning
models successfully discriminated between healthy and
mycoplasma-infected cells.

Results and discussion
Detection of mycoplasma infection of VERO

We hypothesized that mycoplasma infection causes changes
in cellular autofluorescence through the modification of
signaling and metabolism pathways. To generate
mycoplasma-infected cells, we co-cultured Mycoplasmopsis
fermentans with VERO cells, a well-known indicator cell line
for mycoplasma infection derived from African green monkey
kidney tissue. To confirm mycoplasma infection, cellular
DNA were stained by Hoechst and imaged (Fig. 1A). Strong
fluorescent signals were observed in the cytosol of
mycoplasma-infected VERO cells [mycoplasma (+)], indicating
infection with M. fermentans, but not healthy VERO cells
[mycoplasma (-)]. We further confirmed infection using a
PCR-based detection kit that amplifies the mycoplasma 16S
rRNA gene (Fig. 1B). A distinct band was detected from
supernatant of mycoplasma (+) cells, corresponding to that
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Fig. 1 Detection of mycoplasma infection by (A) Hoechst staining of
VERO cells, and (B) isothermal PCR using supernatant from VERO
culture. Yellow arrowheads in (A) indicate strong fluorescence from the
mycoplasma DNA present in mycoplasma (+) cells, and red arrowheads
in (B) indicate the position of the positive band that appears when the
cell culture supernatant from mycoplasma (+) cells is tested.

shown by the positive control (see arrowheads). In contrast,
no bands were detected from the supernatant of mycoplasma
(=) cells or the negative control (PBS). Having established that
the mycoplasma (+) cells were indeed successfully infected
with M. fermentans, we performed further analyses using
these cells.

Autofluorescence imaging of trypsinized mycoplasma (-) and
mycoplasma (+) cells

Compared to adherent cells, which are spread out,
trypsinization reduces cell volume and thereby increases
the fluorescent signal intensity per cell area in a focal
plane. Therefore, trypsinized cells were used in order to
acquire sufficient cellular autofluorescence signals from
mycoplasma () and mycoplasma (+) cells. Trypsinized cells
were inoculated into slide dishes and immediately imaged
using a confocal microscope equipped with 6 lasers and 32
channel spectral detectors. Fig. 2A shows a representative
set of autofluorescence images of mycoplasma (=) and
mycoplasma (+) cells excited by 405, 458, 488, 514, 543,
and 633 nm lasers, and reflection confocal microscopy
(RCM) in the same focal plane. Subsequently, edges of
individual cells were defined by the segmentation process
(ESIT Fig. S1) and autofluorescence profiles of individual
cells were extracted in 192 dimensions (6 lasers x 32
channels) using a custom MATLAB function from at least 3
sets of acquired fluorescence images. The extracted
autofluorescence signatures of mycoplasma (=) and
mycoplasma (+) cells were compared and visualized as
hierarchical clustered heatmaps in which autofluorescence
signatures of individual cells were aligned horizontally
(Fig. 2B). Together with the fluorescence intensities
averaged from more than 80 cell signatures (Fig. 2C), the
results clearly indicate that autofluorescence signals of

© 2024 The Author(s). Published by the Royal Society of Chemistry
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Fig. 2 Autofluorescence signatures of unattached spherical mycoplasma (=) and mycoplasma (+) cells. (A) Representative images of mycoplasma
(=) cells and mycoplasma (+) cells excited by 405, 458, 488, 514, 543, and 633 nm lasers. Images from reflection confocal microscopy (RCM) are
also shown (left). (B) Heat maps showing hierarchical clustering of autofluorescence signatures of mycoplasma (-) and mycoplasma (+) cells.
Autofluorescence signatures of individual 80 cells were aligned on the horizontal axis. (C) A graphical summary of the average autofluorescence

signature from more than 80 cells.

spherical, and thus unattached, VERO cells were attenuated
by mycoplasma infection, especially when excited by 405,
458, 488, and 514 nm lasers.

Discrimination of mycoplasma-infected cells by machine
learning models trained using the support vector machine
(SVM) algorithm and neural network model

To discriminate mycoplasma (=) and mycoplasma (+) cells
using differences in autofluorescence signatures, we used
machine learning models trained with the support vector
machine (SVM) algorithm and a neural network model
(Fig. 3A). In general, the more samples are trained, the better

models will be built. However, as a rule of thumb, it is

© 2024 The Author(s). Published by the Royal Society of Chemistry

suggested that the number of samples for classification
should be at least 10 x n x ¢ (n
avoid overfitting.>' Taking into account the sample size (ESIf
Table S1), we employed a dimension reduction technique,
principal component analysis (PCA), to reduce the features

: input features, c: class) to

from 192 to 10 prior to training our models. This reduction
in features allowed us to train our models effectively without
overfitting. The supervisor data consisted of 70% of randomly
selected single-cell innate fluorescence signatures. After
training, the validation accuracy of binary classification from
the SVM-supported model approached 55.6%.
the neural network-assisted model achieved an accuracy of
70.2%. Confusion matrices of ten-fold validation analyses
using these models, shown in Fig. 3B and ESIT Fig. S2, clearly

In contrast,

Sens. Diagn., 2024, 3, 287-294 | 289
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Fig. 3 Discrimination of mycoplasma infection by a neural network-supported machine learning model using individual autofluorescence
signatures. (A) A schematic for the machine learning model supported by a simple fully connected neural network model. Prior to training our
model, features below the excitation wavelength were excluded (192 to 120), followed by the dimension reduction using PCA (120 to 10). The
model includes the input layer (10 dimension), two hidden layers, and the output layer, in which the input and output layers connect directly to
256 nodes and 16 nodes, respectively. The output layer for 8-class classification consists of 8 nodes (see ESIt Fig. S4). (B) The neural network-
supported machine learning model performed binary classification of mycoplasma infection with ~70% accuracy.
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Fig. 4 Autofluorescence signatures of adhered mycoplasma (-) and mycoplasma (+) cells and classification of mycoplasma-infected cells by our
machine learning model. (A) Representative images of mycoplasma (-) and mycoplasma (+) cells excited by 405, 458, 488, 514, 543, and 633 nm
lasers on day 1. Images of reflection confocal microscopy (RCM) are also shown (left). (B) Graphical summary of the average autofluorescence
signatures acquired at day 2. (C) Our neural network-supported machine learning model achieved an accuracy of ~82% in classifying cells.
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indicate that these models successfully discriminated
mycoplasma (-) and mycoplasma (+) cells using their
autofluorescence signatures. The neural network-assisted
model tended to provide higher accuracy than the SVM-
supported model.

Imaging and classification of adhered mycoplasma (-) and
mycoplasma (+) cells

We next examined whether imaging adhered cells allowed us
to distinguish mycoplasma (=) and mycoplasma (+) cells.
Cells were independently inoculated into slide dishes and
imaged daily for three days. Fig. 4A shows representative
images of autofluorescence and RCM of mycoplasma (-) and
mycoplasma (+) cells in the same horizontal plane at day 1.
The averages of extracted autofluorescence signatures from
total cells [mycoplasma (-): 16; mycoplasma (+): 29] revealed
differences between cell types when excited with 405, 458,
488, and 514 nm lasers at day 2 (Fig. 4B). However, the
differences between peaks from adhered mycoplasma (=) and
mycoplasma (+) cells at 488 and 514 nm lasers were smaller
than the differences derived from unattached spherical cells
(see Fig. 2C). We inferred that the loss of these differences
was presumably due to the larger area of adhered cells. Based
on these results, we concluded that autofluorescence signals,
especially from short-wavelength (405 and 458 nm) excitation,
are attenuated by mycoplasma infection.

Using randomly selected fluorescence signatures from all
days (0-3 days), we trained SVM- and neural network-assisted
models to classify mycoplasma (-) and mycoplasma (+) cells.
The accuracy of binary classification from these models
approached 77.2% and 82.0%, respectively (Fig. 4C and ESIY
Fig. S3). Because the autofluorescence signature of these cells
was found to exhibit slight daily variation depending on the
stage of culture, we further trained the models with an eight-
class dataset (4 days x 2 cells) to examine whether the
discrimination ability of our model was stage-agnostic. If this
is the case, the autofluorescence signatures acquired at any
culture duration could be utilized for classification. As a
result, the neural network-assisted model exhibited high
validation accuracy (76.5%) in the discrimination task (ESIT
Fig. S4). Although the dataset for training our models was
limited, these preliminary results implicated that the
autofluorescence signature is useful for the identification of
mycoplasma-infected VERO cells, independent of culture
stage.

Reduction of cellular NADH by mycoplasma infection

Mycoplasma NADH oxidase is reported to be a potential
mediator 22724 implying that mycoplasma
infection causes an increase in the NADH oxidase activity in
host cells. NADH is a major cellular autofluorescence
molecule with excitation and emission peaks of 330-360 nm
and 440-470 nm, respectively.”>® However, its oxidized form,
NAD', does not exhibit autofluorescence. Although the
shortest excitation wavelength used in the present study was

of virulence,
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405 nm, we suspected that the attenuated autofluorescence
signals observed under 405 nm excitation were driven by
changes in cellular NADH levels caused by mycoplasma
infection. ~We  therefore measured cellular NADH
quantitatively in mycoplasma (-) and mycoplasma (+) cells
(ESIT Fig. S5). As expected, NADH levels were reduced by
~20% by mycoplasma infection, indicating that decreased
NADH levels caused by mycoplasma infection could underlie
the attenuated autofluorescence signals, especially under 405
nm excitation. However, it cannot be ruled out that the
decrease in other fluorescent molecules may also contribute
to the attenuation.

Experimental

Strain, cells, and culturing conditions

In this study, VERO (JCRB0111) cells derived from African
green monkey kidney tissue, a known indicator cell line for
mycoplasma infection, were obtained from the JCRB cell
bank. VERO cells were cultured in Eagle's minimum essential
medium (EMEM; Thermo Fisher Scientific, Waltham, MA,
USA) supplemented with 5% fetal bovine serum (FBS;
BioWest, Nuaillé, France). Prior to this study, VERO cells were
cryopreserved and stored in Bambanker's freezing medium
(GC Lymphotec, Tokyo, Japan).

Mycoplasmopsis fermentans (NBRC 14854) was obtained
from the National Institute of Technology and Evaluation
(NITE), suspended in 5 mL of mycoplasma negative test
medium I (Nissui Pharmaceuticals, Tokyo, Japan) and grown
under 37 °C with 5% CO, supplied.

Mycoplasma infection

To induce mycoplasma infection, 0.5 mL supernatant of
7-day M. fermentans cell culture was added to 5 mL of VERO
culture (at ~70% confluency) and incubated for an additional
~7 days.

Staining VERO with Hoechst 33258

To visualize mycoplasma infection, mycoplasma (=) and
mycoplasma (+) cells were inoculated in Lab-Tek Chamber
Slide (Thermo Fisher Scientific) at a density of 1.0 x 10> cells
per mL. After a 5-day incubation, cells adhered to coverslips
were washed twice in pH 7.4 phosphate-buffered saline (PBS,
Thermo Fisher Scientific) and lightly fixed for 15 min in PBS
containing 25% ethanol and 8.3% acetic acid, followed by
strong fixing in ethanol and acetic acid (3:1 ratio) for an
additional 5 min. Fixed cells were washed three times in PBS
and DNA was stained using Hoechst 33258 (0.5 pg mL ",
Dojindo, Kumamoto, Japan) for 10 min. Subsequently, cells
were washed with distilled water, air-dried for approximately
20 min, and imaged using a BZ-X810 microscope with a 64x
lens (Keyence, Osaka, Japan).

Sens. Diagn., 2024, 3, 287-294 | 291
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Detection of mycoplasma infection of host cells by
isothermal PCR

To detect mycoplasma infection of VERO cells, a
commercially available isothermal PCR-based kit (MycoStrip,
InvivoGen, San Diego, CA, USA) was used to detect the
mycoplasma 16S rRNA gene from 1 mL culture supernatant.
The kit was wused according to the
instructions.

manufacturer's

Acquisition of cellular autofluorescence signatures

To directly observe cultured cells using inverted microscopy,
VERO cells cultured in T-25 flasks (Greiner Bio-One Co.,
Tokyo, Japan) were stripped with 0.25% trypsin-EDTA (0.18 g
L' EDTA, Nacalai Tesque, Kyoto Japan), washed once in
culture medium to remove most of trypsin, and then
suspended in culture medium. After counting the cell
number in the cell suspension, cells were seeded into p-Slide
VI 0.4 (Ibidi, Grifelfing, Germany) with thin polymer
coverslips at the culture bottom. Note that trypsin is known
as a fluorescent protein®® and may interfere with cellular
autofluorescence signals. However, each seeded culture could
be contaminated with almost the equal amount of trypsin
even after the washing step, we speculated that the effect of
trypsin on autofluorescence signals in mycoplasma (=) and
mycoplasma (+) cells was negligible. After incubation at 37 °C
in an incubator supplied with 5% CO,, cellular
autofluorescence was imaged using an Axio Observer Z1
microscope with a C-Apochromat 40x water immersion
objective lens (421767-9973-000, Carl Zeiss, Oberkochen,
Germany). We used the lambda mode of Zen software (Zeiss,
Germany). Briefly, in this mode, a lambda stack of 10 nm
length steps was obtained using a 32-channel spectral
detector in the emission range of 430-750 nm and then the
constructed stack was merged to display (see Fig. 2A and 4A).

Reconstruction of single-cell fluorescence signatures

Autofluorescence signatures of individual cells were
reconstructed using custom MATLAB code as previously
described.""? First, VERO cell images obtained by confocal
reflection microscopy were processed to identify individual
cells. Briefly, the segmentation processes including contrast
adjustment, smoothing, edge detection, and edge gap filling
were performed to recognize individual cellular regions using
a MATLAB software. Then mean signal intensity for each
excitation and emission wavelength was calculated for each
cell by subtracting background autofluorescence at the cell-
free area in each image. Thus, the autofluorescence signature

of each cell was recorded as a 192-dimensional vector.

Classification using machine learning models

To confirm whether autofluorescence signatures can be used
to discriminate mycoplasma (-) and mycoplasma (+) cells, we
employed two machine learning methods: the support vector
machine (SVM) algorithm and a neural network model. The
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SVM used in this study was implemented using the Scikit-
learn library,”” whereas the neutral network model was built
using the Keras library®® and TensorFlow backend.*® To avoid
overfitting, we employed PCA to reduce the features from 192
to 10 before training our model. While, to improve accuracy,
the grid search method was used to optimize the hyper-
parameter of the neural network model, including the
number of hidden layers, neuron (node) size, and batch size.
Before training, we randomly divided the autofluorescence
signature data into two data sets (70% for training and 30%
for validation). The training process and validation of
classification performance was executed using the hold-out
method. We replicated this routine ten times to evaluate the
generalization performance and then calculated the average
accuracy of the classification models for each validation data
set. The confusion matrix represented the sum of 10
validation results.

NADH measurement

The NAD/NADH assay kit-WST (Dojindo) was used
according to the manufacturer's instructions to
quantitatively measure cellular NADH levels. Briefly, 10 x
10° mycoplasma (-) and mycoplasma (+) cells were
harvested and washed once with PBS. The cell pellets were
then suspended in 300 uL of NAD/NADH extraction buffer
for cell lysis, and the resulting suspension was passed
through a 10 K MWCO filter to remove cell debris. The
supernatant was heated at 60 °C for 1 hour for thermal
degradation of NAD, mixed with an equal volume of the
working solution containing an electron mediator and
water-soluble tetrazolium salt (WST), and incubated at 37
°C for additional 1 hour. Colorimetric change due to the
reduction of WST by NADH to formazan was measured at
450 nm using a multimode microplate reader (SKAEK 10
M, TEKAN, Minnedorf, Switzerland).

Statistics

Statistical analyses were carried out using unpaired Welch's
t-tests.

Conclusions

Here, we demonstrated that mycoplasma infection caused
changes in cellular autofluorescence of host cells, allowing us
to discriminate healthy and infected cells using machine
learning models. In addition, we showed that a decrease in
cellular NADH level is one of causes for the attenuation of

autofluorescence signals under 405 nm excitation,
implicating that mycoplasma infection altered cellular
signaling and metabolism pathways. The abundant

metabolite NADH and its oxidated form NAD' play essential
roles in the maintenance of cellular homeostasis; consistent
with the pathological changes caused by mycoplasma
infection, the dysregulation of these metabolites is also often
associated with defective immune responses and cancer.*”

© 2024 The Author(s). Published by the Royal Society of Chemistry
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NADH oxidase activity is well-known to be an important
virulence factor for bacteria other than mycoplasmas,
including Streptococcus species®*> Accordingly, 405 nm
autofluorescence signals may represent a minimally invasive
and non-destructive tool for the identification of a wide range
of pathogenic infections.
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