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Abstract

Facial expressions are widely recognized as universal indicators of underlying internal
states in most species of animals, thereby presenting as a non-invasive measure for
assessing physical and mental conditions. Despite the advancement of artificial intelli-
gence-assisted tools for automated analysis of voluminous facial expression data in human
subjects, the corresponding tools for mice still remain limited so far. Considering that mice
are the most prevalent model animals for studying human health and diseases, a compre-
hensive characterization of emotion-dependent patterns of facial expressions in mice could
extend our knowledge on the basis of emotions and the related disorders. Here, we present
a framework for the development of a deep learning-powered tool for classifying facial
expressions in head-fixed mouse. We demonstrate that our machine vision was capable of
accurately classifying three different emotional states from lateral facial images in head-
fixed mouse. Moreover, we objectively determined how our classifier characterized the dif-
ferences among the facial images through the use of an interpretation technique called Gra-
dient-weighted Class Activation Mapping. Importantly, our machine vision presumably
discerned the data by leveraging multiple facial features. Our approach is likely to facilitate
the non-invasive decoding of a variety of emotions from facial images in head-fixed mice.

Introduction

Most species in the animal kingdom are proposed to use a facial expression as a nonverbal
mean to externally display emotions, as described in a literature by Charles Darwin in the 19th
century [1]. To date, facial expressions have been well characterized in humans. Early studies
by Paul Ekman [2] indicated the existence of the key facial expressions—happiness, sadness,
anger, fear, surprise, disgust and neutral—, which can be discriminated based on distinct facial
features. Through the combination of these key expressions, we humans are capable of
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conveying complex and diverse emotions to others during social interactions in daily life. In
addition, recognizable changes in facial features appear in patients with disorders such as psy-
chiatric symptoms, facial paralyses, and craniofacial anomalies [3-6]. Therefore, facial expres-
sions are of interest to both basic and clinical researchers as a non-invasive method for
diagnosing physical and/or mental conditions.

Then, what about in non-human animals? Various species, such as primates, canines, and
rodents, exhibit facial expressions in response to emotional events [7-12]; therefore, the exis-
tence of facial expressions is likely in non-human animals. Considering that mice are one of
the most commonly-used model animals for studying human health and disease, a quantitative
assessment of facial expression in mice could advance our knowledge on emotions and related
disorders. A pioneering work has established standardized metrics for categorizing painful
facial expressions, known as the mouse grimace scale (MGS) [9]. Thus far, both a manual pro-
cedure and a machine learning-powered tool have been devised for scoring MGS [9,13]. How-
ever, these approaches do not enable the analysis of other emotional states. Reportedly,
cutaneous sensory neurons underlying the production of positive emotions upon gentle touch
are conserved from humans [14,15] to mice [16-19]. Therefore, in addition to aversive facial
responses to painful stimulation, it is plausible that rodents, including rats [10] and mice [20],
exhibit different facial expressions in response to positively-valenced stimuli, such as tickling
and gentle touch, thus implying the existence of multiple facial expressions in these animals.
Consequently, there is a need for standardized methodologies to unbiasedly classify diverse
facial expressions, in order to gain a more profound understanding of emotion-dependent
facial expression in mice. Recently, Dolensek and colleagues have reported a framework for a
machine vision-assisted classification of multiple emotions from mouse facial images [11].
However, it is worth noting that their procedure represents an individual diagnosis, as their
classifier has been trained using data from a single mouse and is solely applicable to that spe-
cific dataset. In the case of other species, including human [5,21] and primates [22], machine
vision-assisted approaches, particularly those utilizing deep learning (DL)-mediated image
analyses, have achieved automated facial recognition with a high accuracy using large datasets
derived from multiple individuals. Therefore, if advanced tools like these were available for the
classification of a variety of facial expressions in multiple mice, it would be possible to extend
the analyses to a diverse range of experiments.

In this study, we present a DL-based technique for categorizing multiple emotions from lat-
eral facial images of head-fixed mice. By using an optimized facial videography technique for
head-fixed animals, which affords us to clearly capture the dynamics of key facial parts such as
ear, eye, and mouth in a single focus, we efficiently acquired a dataset consisting of thousands
of mouse facial images for three distinct conditions: the baseline state (neutral), the state elic-
ited by tail-pinch stimulation (tail-pinch), and the state elicited by gentle abdomen brushing
(brushing). After subjecting the raw images in the dataset to preprocessing such as background
masking and image resizing, we devised a convolutional neural network (CNN)-based classi-
fier for the three emotional states using SqueezeNet [23], a deep CNN architecture with high
accuracy and lower computational costs. Our model exhibited remarkable sensitivity and spec-
ificity in the classification of untrained data. Furthermore, by combining the analysis using
Gradient-weighted Class Activation Mapping (Grad-CAM) [24], a technique producing the
focus of CNN-based machine visions, with subsequent manual image analysis, we identified
the potential key features for the image classification. Overall, our methodology presented here
offers a streamlined approach for classifying a diverse range of head-fixed mouse facial
expressions.
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Materials and methods
Animal surgery

C57BL/6] female mice aged 2—4 months were obtained from CLEA Japan (Tokyo, Japan). Sur-
gery to attach a stainless headplate (CP-1, Narishige, Tokyo, Japan) with a spacer (Fig 1A) on
the skull of the mouse using dental cement (Ketac Cem Easymix, 3M, Maplewood, MN, USA)
was conducted under anesthesia of isoflurane. The depth of anesthesia was evaluated using the
tail pinch method. Body temperature was maintained using a heating pad. Mice were returned
to cages, and were raised in cages under a regular 12-h dark/light cycle with ab libitum access
to food and water. Mice were recovered for at least one weak until the filming of facial images
[11,25,26]. Total thirteen mice were used in this study.

Ethical statement

All animal procedures were conducted following guidelines published by Ministry of Educa-
tion, Culture, Sports, Science and Technology in Japan, and were approved by the ethics
boards of Kanazawa University (No. 173903) and Osaka University (No. 03-020-010). All sur-
gery was performed under isoflurane anesthesia, and all efforts were made to minimize
suffering.

Facial videography

To acquire the facial recordings, mice were held in a head fixation device (MAG-2, Narishige).
The lower half of the body of the mouse was immobilized using a cylindrical tube crafted from
a 50 mL conical tube. A uniformly colored wooden board was placed as a background screen.
The faces of the mice were illuminated with white-colored light-emitting diodes on the floor,
and were photographed from a 20° angle from the sides of the device (Fig 1C and 1D). To min-
imize the stress caused by immobilization, the mice were habituated on the device for a few
ten minutes each day at least for a week before the experiments [11,25,27]. Facial images were
acquired with a color CMOS camera (BFS-U3-23S3-C, FLIR Systems, Wilsonville, OR, USA)
at a rate of 5 Hz controlled by a custom-made LabVIEW program (National Instruments, Aus-
tin, TX, USA), with minor changes from that used elsewhere [28].

Stimulation protocols

Mice were subjected to either tail-pinch or brushing stimulus for 5 s, following a 60-s resting
period. This procedure was repeated five times, with a 300-s interval between each iteration.
For tail-pinch stimulation, the region approximately 1 cm from the proximal edge of the tail
was gently grasped using ring forceps (outer diameter: 3 mm, inner diameter: 2.2 mm; 11103-
09, FST, Foster City, CA, USA). As for the brushing stimulation, the abdomen was delicately
brushed using a cotton ball affixed to a wooden stick (2 cm diameter; H050, PIP CO., LTD.,
Osaka, Japan). For acquisition of neutral faces, images were taken for 300 s without stimulation
after the 60-s resting period. Given that mice can exhibit unfavorable responses to external sti-
muli such as loud sounds, we conducted the experiment in a quiet environment. To avoid the
potential data biases, we applied only a single stimulus within a day, and tried the other stimu-
lus on another day. If the head plate was detached from the mouse during the stimulation pro-
cess, the corresponding video sequence was excluded from the analysis.

Random image sampling

Images taken during 5 s-period after stimulation were used as sets of tail-pinch and brushing.
In addition, images taken for 300 s without any stimulation were also included as neutral
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w/o Spacer

Fig 1. Optimization of facial videography in mice. a, Schematic illustrating facial videography in this study. b, Facial images captured either
without- (left) or with a spacer (right). The spacer prevented ears from interference. ¢, Optimization of the angle for capturing facial
expression in mice. d, Representative images captured at an angle of either 0°, 20°, 45° or 90° to the anterior-to-posterior axis.

https://doi.org/10.1371/journal.pone.0288930.9001

images. A total of 3099 “tail-pinch” images, 3999 “brushing” images, and 73598 “neutral”
images were obtained. For the following analysis, the number of images in each group were
adjusted to 3099 by random sampling.

Image preprocessing

The initial step was to detect a mouse region in an input image (Fig 3B). We utilized a pre-
trained model of Detectron2 for mouse detection, which is a PyTorch-based object detection
library developed by Meta Al Research (New York City, NY, USA). To generate masked
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images, we combined the cropped mouse regions with a uniform background color (RGB =
[200,167,122]). The processed images were subsequently resized to 227 x 227 pixels for the fol-
lowing network training.

Network training

We constructed an Al model for classification of three different facial expressions using the
preprocessed dataset. The calculation was conducted using MATLAB software. We employed
hold-out method for the construction and evaluation of our AI-model. The dataset was ran-
domly split into training, validation and test data, with a ratio 64:16:20, respectively. By using
the training and validation data, we performed fine-tuning on SqueezeNet v1.1 architecture
[23] with initial values of weights that had been trained using ImageNet data [29]. Data aug-
mentation was conducted by applying random vertical flipping and random translation of up
to 30 pixels in both horizontal and vertical directions. The parameters were configured as fol-
lows; optimization algorithm: stochastic gradient descent with momentum, mini-batch size:
512, loss function: cross-entropy error, learning rate: 3 x 10~*. The network was trained for
110 iterations with one validation for every ten iterations. Following the training of the model,
a confusion matrix was created using the test data. Values of sensitivity and specificity were
calculated as the percents of correct positive predictions divided by the total number of posi-
tives and correct negative predictions divided by the total number of negatives, respectively.

Evaluation with Grad-CAM

Heatmaps were generated using Grad-CAM method [24] to visualize the regions of interest by
CNN-based machine vision. The calculation was conducted using MATLAB software. In each
dataset, the images with top five scores for classification were overlaid with the heatmaps

(Fig 4).

Post hoc image analysis

Ten geometrical parameters of facial parts in mice, including mouth opening, jaw angle, ear
angle, ear eccentricity, ear perimeter, eye angle, eye eccentricity, eye perimeter, ear to eye
angle, and ear to eye distance, were manually analyzed using Fiji [30]. The eccentricity and
perimeter were calculated as the eccentricity and perimeter of the fitted ellipse, respectively.
The angles of ear- and eye were measured as the angles formed by the major axis of the fitted
ellipse with respect to the horizontal line. The jaw angle was measured as the angle formed by
the line connecting the jaw and the mouth with the line connecting the mouth and the nose.
The ear-to-eye angle measured derived as the angle formed by the line connecting the ear and
the eye with the horizontal line. The ear-to-eye distance was measured as the distance between
the centroids of the ear and the eye. We assigned a binary value of 1 for open mouths and 0 for
closed mouths. The ten parameters were normalized to z-scores defined by (X-Xean)/Xsps
where X ,ean and Xgp are the mean, and standard deviation of the parameter values, respec-
tively. Principal components were then calculated from the standardized measurements using
scikit-learn for Python3. The principal components were then plotted in 3D coordinates.

Results
Optimization of facial image acquisition in mice

Rodents reportedly display various facial movements, including those of the ears, eyes, and
mouth, during emotional responses [9-11,31]. Therefore, capturing the key parts clearly is
critical to analyze the features during facial expressions. Head-fixation impedes the ability of
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mice to freely rotate in different directions and enables precise tracking of small facial features
with high spatiotemporal resolution in mice [11,25,32]. We thus decided to capture fixed side-
view facial images in mice that were immobilized through head-fixation. Initially, we
attempted to acquire facial movies of head-fixed mice using a commercially available stereo-
taxic device; however, we discovered that the plate of the holding device often interfered with
ear movement (Fig 1B left). To resolve this issue, we attached a cylindrical spacer between the
mouse skull and the plate. With the presence of the spacer, the shape of the ear remained
undistorted (Fig 1A and 1B). Subsequently, we optimized the angle that enables us to capture
the entire facial features in mice (Fig 1C). Among the tested conditions, image acquisition at a
20° angle relative to the transverse direction of mice heads was found to be the most effective
for capturing the key parts in focus (Fig 1D).

Acquisition of neutral- and stimulation-evoked facial movies

Using the optimized protocol above, we captured neutral- and stimulation-evoked facial mov-
ies in mice. To evoke negative- and positive emotions, we applied tail-pinch and brushing sti-
muli, respectively [10,11,33]. As shown in the representative images (Fig 2), mice reacted to
both tail-pinch and brushing stimuli with robust movement in facial parts such as ear, mouth,
and jaw, while they showed no detectable facial responses without stimulation. We repeatedly
acquired the data using ten identical animals, and finally prepared the dataset containing 3099
images for each emotional state.

Framework for our AI-based image classification

Although the patterns of facial movement were subtly distinct among three emotional states
(neutral, tail-pinch, and brushing), intuitive recognition of the differences was difficult. There-
fore, we decided to adopt an Al-based approach for an unbiased image classification. For this
purpose, we employed SqueezeNet [23], an eighteen-layer deep CNN model with a high

.. | Before

Neutral

Tail-pinch

Brushing

Fig 2. Facial dynamics of a mouse during three emotional states. Time-lapse images for facial dynamics during three emotional states (top:
Neutral, middle: Tail-pinch, bottom: Brushing). Images were shown at 1-s intervals.

https://doi.org/10.1371/journal.pone.0288930.g002
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accuracy and fewer parameters, for image classification (Fig 3A). To remove the information
of background objects such as a holding devise in raw images, we conducted masking of the
mouse images using Detectron2, a CNN-based automated object detection tool, before the
trainings in the network model (Fig 3A and 3B). By combining the cropped mouse images
with the background colors, we generated input images for SqueezeNet. After resizing the
images to 227 x 227 pixels, we constructed the model using training- and validation data. Dur-
ing 110-times iterations of trainings, parameters of learning curves improved well (Fig 3C and
3D). We evaluated the accuracy of the classifier by employing the test data, which had not
been used for construction of the model (Fig 3E and 3F). The model exhibited accurate classifi-
cation with notable sensitivities (92.6%, 73.1%, and 82.3% for neutral, tail-pinch, and brushing,
respectively) and specificities (90.3%, 99.1%, and 84.3% for neutral, tail-pinch, and brushing,
respectively). The results demonstrate the validity of our AI model to classify facial expressions
during the three emotional states in mice.

Mapping the facial features of each emotional state

We next analyzed what features our AI model used for the image classification. To unbiasedly
delineate the regions of interest of our Al we employed Grad-CAM [24], which generates a
heat map representing the visual rationale for decisions made by CNN-based models. We pre-
sented the representative heatmap images with five highest classification scores for each emo-
tional state (Fig 4). The results indicate that strong signal appeared around ear, mouth, and
jaw. Notably, our model appeared to focus on a flat ear and straight jawline in the neutral state,
a crumpled ear and an open mouth in response to tail-pinch stimulation, and a crumpled ear,
bent jawline, and possibly deformed eye in the context of brushing. The identified features
near the ear and eye are consistent with the MGS [9] and those observed upon brushing sti-
muli [20]. Moreover, as discussed in a previous similar work [20], it is plausible that the fea-
tures around the mouth (and potentially the jaw) may reflect the movements of key action
units of the MGS, such as whisker, cheek, and nose [9].

Verification of AI model interpretations by post hoc image analysis

Then, how did our Al model define the boundaries of three distinct groups by leveraging the
discerned features from the Grad-CAM analysis? To gain insight into this question, we con-
ducted quantitative analysis on the geometrical parameters for the featured facial parts (ear,
mouth, and jaw) as well as eye, a critical parameter for rodent facial expression [9,10] (Fig 5A).
We quantified ten parameters (mouth opening, jaw angle, ear angle, ear eccentricity, ear
perimeter, eye angle, eye eccentricity, eye perimeter, ear to eye angle, ear to eye distance). As
evident from the results of Grad-CAM analysis (Fig 4), we observed robust mouth opening in
tail-pinch (Fig 5B), along with noticeable deviations of jaw angles (Fig 5C), ear eccentricities
(Fig 5E), and ear perimeters (Fig 5F) in response both to tail-pinch and brushing stimuli.
Moreover, we found discernible shifts in eye angle of brushing (Fig 5G), consistent with the
results of Grad-CAM analysis. We also detected a slight change in the ear to eye angle of tail-
pinch (Fig 5]), potentially reflecting the movement around the cheek, a key feature of the MGS
[9]. However, with the exception of mouth opening—a distinctive and robust feature observed
during tail-pinch stimulation—it was somewhat challenging to define clear boundaries for
classifying the three groups using a single parameter, as the majority of data points exhibited
substantial overlap in their distributions (Fig 5C-5K). Therefore, we conducted dimensionality
reduction of the multivariate using principal component analysis. This analysis led to an
apparent separation of the three emotional states (Fig 5L), suggesting that our Al-based model
likely discriminated the data by leveraging multiple features of facial parts.
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Neutral Tail-pinch Brushing

Fig 4. Mapping of the regions where our SqueezeNet based-model focused on. Representative images of Grad-CAM
results in each emotional state. Images with top five classification scores were overlaid with heatmaps created by Grad-CAM
analysis.

https://doi.org/10.1371/journal.pone.0288930.g004

Discussion

In this paper, we present a DL-assisted framework for the classification of multiple facial
expressions in head-fixed mice. Utilizing the deep CNN architecture called SqueezeNet, we
trained the model with a substantial number of images, enabling us to develop an AI-driven
tool capable of accurately categorizing three distinct facial expressions (neutral, tail-pinch, and
brushing) in mice. We demonstrated the efficacy of our model by successfully classifying
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untrained datasets obtained from various individual animals with notable sensitivity and speci-
ficity. By employing Grad-CAM analysis, we identified ear, eye, mouth, and jaw as potential
key facial features for the classification by our model. Our manual analysis showed that distinc-
tions in most of these key features were not always readily apparent, possibly due to trial-to-
trial response variability of in vivo experiments, thereby rendering them less intuitively classifi-
able. Therefore, our DL-based approach will be powerful when automatically distinguishing
subtle differences among multiple facial expressions.

Issues to be addressed are to expand the variation of facial classes. First, as proposed in a
recent study [11], mice likely have several basic emotions similar to Ekman’s basic emotions in
humans [2]. However, there are a fundamental question: how many patterns of emotion-
dependent facial expression do mice possess? Since emotions are thought to originate in the
brain, simultaneous recording of facial expression and brain activities, combining our videog-
raphy with an electrophysiological measurement [34,35] or fluorescence imaging technique
[36], could provide an answer. Second, elucidating the impact of stimulation intensities and
types on facial expressions is also a critical concern. Obtaining training data encompassing
various levels of stimulation strength and protocols will be important for advancing our model
in the future. Because MGS is proposed to be a measure of spontaneous or non-evoked pain
[9,37], the differences in facial patterns between the MGS and our tail-pinch data, which
entailed acutely-evoked painful stimulation, may stem from the difference in the types of pain-
ful stimulation. Finally, while we employed C57/BL6] mice, one of the most prevalent mouse
strains in laboratory experiments, it is crucial to consider the strain-specific attributes of mice,
such as body size, fur color, and behavioral patterns [38]. Adapting the Al to classify the
strain-dependent variations in facial expression among mice would confer notable advantages.
Expanding our knowledge on the repertoires of facial expression in mice may also require the
construction of databases containing a variety of facial expressions in mice, as is widely avail-
able for facial expression researches in human [39]. Considering that discernible movements
around mouth and jaw upon either tail-pinch or brushing stimulation were observed, it is con-
ceivable that mice may exhibit emotion-specific vocalization patterns as well [40,41]. Integra-
tion of our facial classifier with Al-assisted sound decoder will further enhance the precision
of Al-assisted emotional evaluation in mice.

The past decade has witnessed remarkable advancements in artificial intelligence-assisted
analysis for big data, owing to the emergence and rapid development of DL-based algorisms
[42,43]. DL-assisted tools have made a huge impact on a wide range of research fields, includ-
ing life and medical sciences. For behavioral researches in mice, such tools have enabled us to
automatically capture and track the features of behaving mice, including body postures and
vocalization patterns [44-46]. Our present work provides a new powerful tool for studying the
association between facial expressions and emotions in head-fixed mice. Our AI-model will be
extendable to the future work on the development of machine visions for freely-behaving
mice, by training the model utilizing facial images captured from various angles. Refinements
of the methodology, including the unification of object detection and classification into a sin-
gle neural network, as well as the adaptation of the model to accommodate arbitrarily-sized
images will also hold significance for broader applicability. Development of next-generation
machine visions that can decode a wider variety of facial expressions more accurately may
transform our ability to communicate nonverbally with laboratory animals.

Author Contributions
Conceptualization: Daisuke Ino.

Data curation: Yudai Tanaka, Takuto Nakata, Daisuke Ino.

PLOS ONE | https://doi.org/10.1371/journal.pone.0288930  July 20, 2023 11/14


https://doi.org/10.1371/journal.pone.0288930

PLOS ONE

Deep learning-powered classifier for mouse facial expressions

Formal analysis: Yudai Tanaka, Takuto Nakata, Daisuke Ino.

Funding acquisition: Hiroshi Hibino, Daisuke Ino.

Investigation: Yudai Tanaka, Takuto Nakata, Daisuke Ino.

Software: Yudai Tanaka, Daisuke Ino.

Supervision: Hiroshi Hibino, Masaaki Nishiyama, Daisuke Ino.

Writing - original draft: Yudai Tanaka.

Writing - review & editing: Daisuke Ino.

References

10.

11.

12.

13.

14.

15.

16.

Darwin C. The expression of the emotions in man and animals. D Appleton, New York. 1873.

Ekman P. Emotion in the human face: Guide-lines for research and an integration of findings. Perga-
mon Press, New York. 1972.

Hart TC, Hart PS. Genetic studies of craniofacial anomalies: clinical implications and applications.
Orthod Craniofac Res. 2009; 12(3):212-20. https://doi.org/10.1111/j.1601-6343.2009.01455.x PMID:
19627523

Grabowski K, Rynkiewicz A, Lassalle A, Baron-Cohen S, Schuller B, Cummins N, et al. Emotional
expression in psychiatric conditions: New technology for clinicians. Psychiatry Clin Neurosci. 2019; 73
(2):50-62. https://doi.org/10.1111/pcn.12799 PMID: 30565801

Gurovich Y, Hanani Y, Bar O, Nadav G, Fleischer N, Gelbman D, et al. Identifying facial phenotypes of
genetic disorders using deep learning. Nat Med. 2019; 25(1):60—4. https://doi.org/10.1038/s41591-018-
0279-0 PMID: 30617323

Pell MD, Leonard CL. Facial expression decoding in early Parkinson’s disease. Brain Res Cogn Brain
Res. 2005; 23(2-3):327—-40. https://doi.org/10.1016/j.cogbrainres.2004.11.004 PMID: 15820640

Parr LA, Waller BM, Fugate J. Emotional communication in primates: implications for neurobiology.
Curr Opin Neurobiol. 2005; 15(6):716—20. https://doi.org/10.1016/j.conb.2005.10.017 PMID: 16274983

Boneh-Shitrit T, Feighelstein M, Bremhorst A, Amir S, Distelfeld T, Dassa Y, et al. Explainable auto-
mated recognition of emotional states from canine facial expressions: the case of positive anticipation
and frustration. Sci Rep. 2022; 12(1):22611. https://doi.org/10.1038/s41598-022-27079-w PMID:
36585439

Langford DJ, Bailey AL, Chanda ML, Clarke SE, Drummond TE, Echols S, et al. Coding of facial expres-
sions of pain in the laboratory mouse. Nat Methods. 2010; 7(6):447-9. https://doi.org/10.1038/nmeth.
1455 PMID: 20453868

Finlayson K, Lampe JF, Hintze S, Wurbel H, Melotti L. Facial Indicators of Positive Emotions in Rats.
PLoS One. 2016; 11(11):e0166446. https://doi.org/10.1371/journal.pone.0166446 PMID: 27902721

Dolensek N, Gehrlach DA, Klein AS, Gogolla N. Facial expressions of emotion states and their neuronal
correlates in mice. Science. 2020; 368(6486):89—94. https://doi.org/10.1126/science.aaz9468 PMID:
32241948

Li W, Nakano T, Mizutani K, Kawatani M, Matsubara T, Danjo T, et al. Primary motor cortex drives
expressive facial movements related to reward processing in mice. bioRxiv. 2022:2022.10.28.514159.

Tuttle AH, Molinaro MJ, Jethwa JF, Sotocinal SG, Prieto JC, Styner MA, et al. A deep neural network to
assess spontaneous pain from mouse facial expressions. Mol Pain. 2018; 14:1744806918763658.
https://doi.org/10.1177/1744806918763658 PMID: 29546805

Loken LS, Wessberg J, Morrison |, McGlone F, Olausson H. Coding of pleasant touch by unmyelinated
afferents in humans. Nat Neurosci. 2009; 12(5):547-8. https://doi.org/10.1038/nn.2312 PMID:
19363489

Pawling R, Cannon PR, McGlone FP, Walker SC. C-tactile afferent stimulating touch carries a positive
affective value. PLoS One. 2017; 12(3):e0173457. https://doi.org/10.1371/journal.pone.0173457
PMID: 28282451

Liu Q, Vrontou S, Rice FL, Zylka MJ, Dong X, Anderson DJ. Molecular genetic visualization of a rare
subset of unmyelinated sensory neurons that may detect gentle touch. Nat Neurosci. 2007; 10(8):946—
8. https://doi.org/10.1038/nn1937 PMID: 17618277

PLOS ONE | https://doi.org/10.1371/journal.pone.0288930  July 20, 2023 12/14


https://doi.org/10.1111/j.1601-6343.2009.01455.x
http://www.ncbi.nlm.nih.gov/pubmed/19627523
https://doi.org/10.1111/pcn.12799
http://www.ncbi.nlm.nih.gov/pubmed/30565801
https://doi.org/10.1038/s41591-018-0279-0
https://doi.org/10.1038/s41591-018-0279-0
http://www.ncbi.nlm.nih.gov/pubmed/30617323
https://doi.org/10.1016/j.cogbrainres.2004.11.004
http://www.ncbi.nlm.nih.gov/pubmed/15820640
https://doi.org/10.1016/j.conb.2005.10.017
http://www.ncbi.nlm.nih.gov/pubmed/16274983
https://doi.org/10.1038/s41598-022-27079-w
http://www.ncbi.nlm.nih.gov/pubmed/36585439
https://doi.org/10.1038/nmeth.1455
https://doi.org/10.1038/nmeth.1455
http://www.ncbi.nlm.nih.gov/pubmed/20453868
https://doi.org/10.1371/journal.pone.0166446
http://www.ncbi.nlm.nih.gov/pubmed/27902721
https://doi.org/10.1126/science.aaz9468
http://www.ncbi.nlm.nih.gov/pubmed/32241948
https://doi.org/10.1177/1744806918763658
http://www.ncbi.nlm.nih.gov/pubmed/29546805
https://doi.org/10.1038/nn.2312
http://www.ncbi.nlm.nih.gov/pubmed/19363489
https://doi.org/10.1371/journal.pone.0173457
http://www.ncbi.nlm.nih.gov/pubmed/28282451
https://doi.org/10.1038/nn1937
http://www.ncbi.nlm.nih.gov/pubmed/17618277
https://doi.org/10.1371/journal.pone.0288930

PLOS ONE

Deep learning-powered classifier for mouse facial expressions

17.

18.

19.

20.

21.

22,

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

Vrontou S, Wong AM, Rau KK, Koerber HR, Anderson DJ. Genetic identification of C fibres that detect
massage-like stroking of hairy skin in vivo. Nature. 2013; 493(7434):669-73. https://doi.org/10.1038/
nature11810 PMID: 23364746

Huzard D, Martin M, Maingret F, Chemin J, Jeanneteau F, Mery PF, et al. The impact of C-tactile low-
threshold mechanoreceptors on affective touch and social interactions in mice. Sci Adv. 2022; 8(26):
eabo7566. https://doi.org/10.1126/sciadv.abo7566 PMID: 35767616

Elias LJ, Succi IK, Schaffler MD, Foster W, Gradwell MA, Bohic M, et al. Touch neurons underlying
dopaminergic pleasurable touch and sexual receptivity. Cell. 2023; 186(3):577-90 e16. https://doi.org/
10.1016/j.cell.2022.12.034 PMID: 36693373

Le Moene O, Larsson M. A New Tool for Quantifying Mouse Facial Expressions. eNeuro. 2023; 10(2).
https://doi.org/10.1523/ENEURO.0349-22.2022 PMID: 36759187

Kuo CM, Lai SH, Sarkis M. A Compact Deep Learning Model for Robust Facial Expression Recognition.
2018 IEEE/CVF Conference on Computer Vision and Pattern Recognition Workshops. 2018.

Schofield D, Nagrani A, Zisserman A, Hayashi M, Matsuzawa T, Biro D, et al. Chimpanzee face recogni-
tion from videos in the wild using deep learning. Sci Adv. 2019; 5(9):eaaw0736. https://doi.org/10.1126/
sciadv.aaw0736 PMID: 31517043

landola FN, Han S, Moskewicz MW, Ashraf K, Dally WJ, Keutzer K. SqueezeNet: AlexNet-level accu-
racy with 50x fewer parameters and <0.5MB model size. arXiv. 2017.

Selvaraju RR, Cogswell M, Das A, Vedantam R, Parikh D, Batra D. Grad-CAM: Visual Explanations
from Deep Networks via Gradient-Based Localization. IEEE International Conference on Computer
Vision. 2017:618-26.

Guo ZV, Hires SA, Li N, O’'Connor DH, Komiyama T, Ophir E, et al. Procedures for behavioral experi-
ments in head-fixed mice. PLoS One. 2014; 9(2):e88678. https://doi.org/10.1371/journal.pone.0088678
PMID: 24520413

Augustinaite S, Kuhn B. Chronic Cranial Window for Imaging Cortical Activity in Head-Fixed Mice.
STAR Protoc. 2020; 1(3):100194. https://doi.org/10.1016/j.xpro.2020.100194 PMID: 33377088

Komiyama T, Sato TR, O’Connor DH, Zhang YX, Huber D, Hooks BM, et al. Learning-related fine-scale
specificity imaged in motor cortex circuits of behaving mice. Nature. 2010; 464(7292):1182—6. https://
doi.org/10.1038/nature08897 PMID: 20376005

Ino D, Tanaka Y, Hibino H, Nishiyama M. A fluorescent sensor for real-time measurement of extracellu-
lar oxytocin dynamics in the brain. Nat Methods. 2022; 19(10):1286—-94. https://doi.org/10.1038/
s41592-022-01597-x PMID: 36138174

Deng J, Dong W, Socher R, Li LJ, Li K, Fei-Fei L. Imagenet: A large-scale hierarchical image database.
IEEE conference on computer vision and pattern recognition. 2009:248-55.

Schindelin J, Arganda-Carreras |, Frise E, Kaynig V, Longair M, Pietzsch T, et al. Fiji: an open-source
platform for biological-image analysis. Nat Methods. 2012; 9(7):676—-82. https://doi.org/10.1038/nmeth.
2019 PMID: 22743772

Ebbesen CL, Froemke RC. Body language signals for rodent social communication. Curr Opin Neuro-
biol. 2021; 68:91-106. https://doi.org/10.1016/j.conb.2021.01.008 PMID: 33582455

O’Connor DH, Clack NG, Huber D, Komiyama T, Myers EW, Svoboda K. Vibrissa-based object locali-
zation in head-fixed mice. J Neurosci. 2010; 30(5):1947-67. https://doi.org/10.1523/JNEUROSCI.
3762-09.2010 PMID: 20130203

Hinchcliffe JK, Mendl M, Robinson ESJ. Rat 50 kHz calls reflect graded tickling-induced positive emo-
tion. Curr Biol. 2020; 30(18):R1034—-R5. https://doi.org/10.1016/j.cub.2020.08.038 PMID: 32961155

Jun JJ, Steinmetz NA, Siegle JH, Denman DJ, Bauza M, Barbarits B, et al. Fully integrated silicon
probes for high-density recording of neural activity. Nature. 2017; 551(7679):232—-6. https://doi.org/10.
1038/nature24636 PMID: 29120427

Steinmetz NA, Aydin C, Lebedeva A, Okun M, Pachitariu M, Bauza M, et al. Neuropixels 2.0: A miniatur-
ized high-density probe for stable, long-term brain recordings. Science. 2021; 372(6539). https://doi.
org/10.1126/science.abf4588 PMID: 33859006

Ghosh KK, Burns LD, Cocker ED, Nimmerjahn A, Ziv Y, Gamal AE, et al. Miniaturized integration of a
fluorescence microscope. Nat Methods. 2011; 8(10):871-8. https://doi.org/10.1038/nmeth.1694 PMID:
21909102

Matsumiya LC, Sorge RE, Sotocinal SG, Tabaka JM, Wieskopf JS, Zaloum A, et al. Using the Mouse
Grimace Scale to reevaluate the efficacy of postoperative analgesics in laboratory mice. J Am Assoc
Lab Anim Sci. 2012; 51(1):42-9. PMID: 22330867

Crawley JN, Belknap JK, Collins A, Crabbe JC, Frankel W, Henderson N, et al. Behavioral phenotypes
of inbred mouse strains: implications and recommendations for molecular studies. Psychopharmacol-
ogy (Berl). 1997; 132(2):107—-24. https://doi.org/10.1007/s002130050327 PMID: 9266608

PLOS ONE | https://doi.org/10.1371/journal.pone.0288930  July 20, 2023 13/14


https://doi.org/10.1038/nature11810
https://doi.org/10.1038/nature11810
http://www.ncbi.nlm.nih.gov/pubmed/23364746
https://doi.org/10.1126/sciadv.abo7566
http://www.ncbi.nlm.nih.gov/pubmed/35767616
https://doi.org/10.1016/j.cell.2022.12.034
https://doi.org/10.1016/j.cell.2022.12.034
http://www.ncbi.nlm.nih.gov/pubmed/36693373
https://doi.org/10.1523/ENEURO.0349-22.2022
http://www.ncbi.nlm.nih.gov/pubmed/36759187
https://doi.org/10.1126/sciadv.aaw0736
https://doi.org/10.1126/sciadv.aaw0736
http://www.ncbi.nlm.nih.gov/pubmed/31517043
https://doi.org/10.1371/journal.pone.0088678
http://www.ncbi.nlm.nih.gov/pubmed/24520413
https://doi.org/10.1016/j.xpro.2020.100194
http://www.ncbi.nlm.nih.gov/pubmed/33377088
https://doi.org/10.1038/nature08897
https://doi.org/10.1038/nature08897
http://www.ncbi.nlm.nih.gov/pubmed/20376005
https://doi.org/10.1038/s41592-022-01597-x
https://doi.org/10.1038/s41592-022-01597-x
http://www.ncbi.nlm.nih.gov/pubmed/36138174
https://doi.org/10.1038/nmeth.2019
https://doi.org/10.1038/nmeth.2019
http://www.ncbi.nlm.nih.gov/pubmed/22743772
https://doi.org/10.1016/j.conb.2021.01.008
http://www.ncbi.nlm.nih.gov/pubmed/33582455
https://doi.org/10.1523/JNEUROSCI.3762-09.2010
https://doi.org/10.1523/JNEUROSCI.3762-09.2010
http://www.ncbi.nlm.nih.gov/pubmed/20130203
https://doi.org/10.1016/j.cub.2020.08.038
http://www.ncbi.nlm.nih.gov/pubmed/32961155
https://doi.org/10.1038/nature24636
https://doi.org/10.1038/nature24636
http://www.ncbi.nlm.nih.gov/pubmed/29120427
https://doi.org/10.1126/science.abf4588
https://doi.org/10.1126/science.abf4588
http://www.ncbi.nlm.nih.gov/pubmed/33859006
https://doi.org/10.1038/nmeth.1694
http://www.ncbi.nlm.nih.gov/pubmed/21909102
http://www.ncbi.nlm.nih.gov/pubmed/22330867
https://doi.org/10.1007/s002130050327
http://www.ncbi.nlm.nih.gov/pubmed/9266608
https://doi.org/10.1371/journal.pone.0288930

PLOS ONE

Deep learning-powered classifier for mouse facial expressions

39.

40.

41.

42.

43.

44,

45.

46.

YinL, Wei X, Sun'Y, Wang J, Rosato MJ. A 3D facial expression database for facial behavior research.
7th International Conference on Automatic Face and Gesture Recognition. 2006.

Simola N, Granon S. Ultrasonic vocalizations as a tool in studying emotional states in rodent models of
social behavior and brain disease. Neuropharmacology. 2019; 159:107420. https://doi.org/10.1016/j.
neuropharm.2018.11.008 PMID: 30445100

Coffey KR, Marx RE, Neumaier JF. DeepSqueak: a deep learning-based system for detection and anal-
ysis of ultrasonic vocalizations. Neuropsychopharmacology. 2019; 44(5):859—68. https://doi.org/10.
1038/s41386-018-0303-6 PMID: 30610191

Krizhevsky A, Sutskever |, Hinton GE. ImageNet Classification with Deep Convolutional Neural Net-
works. Proceedings of the 25th International Conference on Neural Information Processing Systems.
2012;1:1097-105.

Alzubaidi L, Zhang J, Humaidi AJ, Al-Duijaili A, Duan Y, Al-Shamma O, et al. Review of deep learning:
concepts, CNN architectures, challenges, applications, future directions. J Big Data. 2021; 8(1):53.
https://doi.org/10.1186/s40537-021-00444-8 PMID: 33816053

Mathis A, Mamidanna P, Cury KM, Abe T, Murthy VN, Mathis MW, et al. DeepLabCut: markerless pose
estimation of user-defined body parts with deep learning. Nat Neurosci. 2018; 21(9):1281-9. https://doi.
0rg/10.1038/s41593-018-0209-y PMID: 30127430

Sangiamo DT, Warren MR, Neunuebel JP. Ultrasonic signals associated with different types of social
behavior of mice. Nat Neurosci. 2020; 23(3):411-22. https://doi.org/10.1038/s41593-020-0584-z PMID:
32066980

Mathis MW, Mathis A. Deep learning tools for the measurement of animal behavior in neuroscience.
Curr Opin Neurobiol. 2020; 60:1-11. https://doi.org/10.1016/j.conb.2019.10.008 PMID: 31791006

PLOS ONE | https://doi.org/10.1371/journal.pone.0288930  July 20, 2023 14/14


https://doi.org/10.1016/j.neuropharm.2018.11.008
https://doi.org/10.1016/j.neuropharm.2018.11.008
http://www.ncbi.nlm.nih.gov/pubmed/30445100
https://doi.org/10.1038/s41386-018-0303-6
https://doi.org/10.1038/s41386-018-0303-6
http://www.ncbi.nlm.nih.gov/pubmed/30610191
https://doi.org/10.1186/s40537-021-00444-8
http://www.ncbi.nlm.nih.gov/pubmed/33816053
https://doi.org/10.1038/s41593-018-0209-y
https://doi.org/10.1038/s41593-018-0209-y
http://www.ncbi.nlm.nih.gov/pubmed/30127430
https://doi.org/10.1038/s41593-020-0584-z
http://www.ncbi.nlm.nih.gov/pubmed/32066980
https://doi.org/10.1016/j.conb.2019.10.008
http://www.ncbi.nlm.nih.gov/pubmed/31791006
https://doi.org/10.1371/journal.pone.0288930

