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Response: Traditionally, scoring of nociceptive assays has relied on human judgement, which can lead to 
subjectivity, variability, and bias. Additionally, scoring nociceptive assays can be very time-consuming. Thus, 
machine learning-based tools may address this by enabling greater objective throughput and standardization. While 
nascent machine learning tools have been aimed at pain measurement, these methods still require careful internal 
validation and evaluation across multiple pain models. Thus, researchers should establish an understanding of the 
appropriate application of machine learning independent of its ease of use.  

Level of Evidence: Moderate 

Delegate Vote: Agree: Disagree: Abstain: 

Rationale: 

Commonly used nociceptive assays and current limitations: Nociceptive behavioral assays include operant, reflex, 
and observational assays. Each of these assays attempts to measure a different aspect of the pain experience. We 
provide current limitations that can be addressed using machine learning.  

Operant nociceptive assays are designed to model the affective and motivational components of the pain 
experience observed in humans1. Operant tests use a conflict paradigm in which animals must decide whether to 
endure an aversive mechanical or thermal stimulus to receive a reward2–4. The outputs of these tests are simple and 
include measurements like latency to obtain a reward or the number of times a reward is obtained throughout a trial. 
A benefit of these assays is that they may capture the tolerability of pain5 and are relatively easy to score. However, 
a drawback is that affect and motivation can be influenced by factors unrelated to pain, such as the effect of a 
pharmacological treatment on motivation itself6. The integration of videography and machine learning to analyze 
facial expressions and other behaviors during operant tests may provide validation that an experimental 
manipulation affects both pain-related motivation and sensory processing.  

Reflex assays examine changes in hypersensitivity to either innocuous or noxious stimuli. In humans, it is known 
that allodynia and hyperalgesia can accompany tissue damage or inflammation7,8, so reflex assays attempt to 
recapitulate this aspect of the pain experience in animal models. Reflex assays are often scored by measuring the 
latency to withdrawal or the minimum intensity of a stimulus needed to evoke withdrawal. The most popular reflex 
assay5 measures mechanical sensitivity through the application of various intensities of mechanical stimuli to the 
bottom of the hind paw or cheek. Researchers may also evaluate changes in thermal sensitivity9–11. Like operant 
nociceptive assays, reflexive tests are attractive because they are relatively easy to perform and the outputs are 
straightforward. However, a major drawback is that these tests can be largely variable even when performed within 
the same laboratory12. Advances in machine learning have the potential to improve standardization of these tests 
through automation and remove potential confounds, such as the presence of the researcher in the room13–15.  

Observational assays are designed to capture changes in animal facial expressions or behavioral repertoire that 
may indicate pain. The grimace scale uses a cumulative pain score to quantify changes in facial features, such as 
orbital tightening, nose and cheek bulge, and ear and whisker position to approximate pain16. Traditionally, grimace 
has been manually scored by human observers, which can make it subject to bias and variability between 
researchers. It is also common for researchers to measure the frequency or total time an animal spends engaging in 
nocifensive behavior, such as paw guarding, licking or shaking17,18 or changes in weight-bearing or gait19. Manual 
scoring of these behaviors can be time-consuming, and like the grimace scale, the subjectivity and bias of the 
researcher can lead to variable results. Machine learning tools that automatically track body position or behavior for 
each frame of a video are a promising approach to address these limitations.  

Machine learning can improve throughput and standardization between researchers: Recently, computational 
neuroscientists have developed user-friendly machine learning algorithms that automate behavioral analysis. These 
approaches can be broadly divided into two categories: body-part position tracking and behavior classification. Both 
types typically rely on supervised machine learning, in which a researcher manually labels a subset of video frames 
to train a model. Once trained, the model can identify user-defined body parts or behaviors in entire videos.  

The most popular tool used to track user-defined body parts is DeepLabCut20. Additional tools have been developed 
to address specific needs like SLEAP21 for tracking multiple animals and Facemap22 for tracking facial features. Pain 
researchers have begun to utilize these tools with promising results. For example, DeepLabCut has been used to 
quantify detailed paw withdrawal mechanics such as paw velocity, maximum paw height, and guarding duration after 
the application of a stimulus23,24. DeepLabCut has also been used to measure non-reflexive behaviors associated 
with pain, like orbital tightening, after optogenetic activation of nociceptors or capsaicin adminstration25. In 



osteoarthritis research, DeepLabCut has been successfully applied to gait analysis in both rodents26–28 and dogs29. 
Position tracking has enabled researchers to measure the angle of the knee joint during walking bouts in models of 
osteoarthritis which was previously impossible with other tools27. Altogether, position tracking may reduce variability 
in reflex and observational assays by replacing qualitative pain assessments with standardized quantitative 
measures that can be compared across laboratories. Additionally, these tools only require a small subset of labeled 
frames for initial training and refinement, greatly reducing the total workload of behavioral analysis and scoring.   

One limitation of using body part position tracking is that further analysis of the outputs is necessary to obtain 
meaningful information about behavioral or kinematic changes. In response to this, user-friendly software packages 
have been developed to analyze these outputs13–15,30–32 and even automate behavioral acquisition itself13–15. These 
tools also allow the researcher to remotely control data acquisition13–15,31 to avoid any observer-induced confounds 
of accurate preclinical pain measurement5.  Automated processing of DeepLabCut outputs allows researchers to 
obtain a quantitative analysis of reflexive and observational assays quickly without computer programming 
knowledge. Altogether, these software packages and automated behavior apparatuses make collecting and 
analyzing both reflexive and observational position-tracking data efficient and more reliable.  

A complementary approach to body-part position tracking is holistic behavioral classification. Unlike position-
tracking, behavioral classification tools do not require downstream analysis to determine meaningful information 
about behavioral changes. DeepEthogram33 and LabGym34 are two supervised machine learning tools that can be 
trained to identify an animal’s behavior by frame throughout an entire video. The researcher trains the model to 
identify a set of predefined behaviors. When the model analyzes a video, it outputs an ethogram, which is a plot of 
which predefined behavior an animal performs at each moment. The application of these tools to pain research is 
relatively new, but LabGym has been successfully trained to detect mouse grimace, resting, grooming, and rearing 
in a model of tooth pain35. It is possible for behavioral classification tools to be trained to identify key behaviors that 
might change in models of osteoarthritis, such as grimace and rearing. Behavioral classification tools allow 
researchers to analyze observational data with less bias and with higher throughput. Importantly, researchers should 
ensure that they are blinded to experimental conditions when labeling behaviors for model training, so that they do 
not bias the model to detecting a behavior of interest under a certain experimental condition.  

In addition to position-tracking and behavioral classification, PainFace is a new machine learning tool that has been 
developed by pain researchers to score mouse grimace36. Unlike DeepEthogram and LabGym, PainFace only 
quantifies grimace, not other behaviors. The automation of mouse grimace scoring can remove researcher bias, 
decrease variability, and increase throughput. One limitation of PainFace is that it is less flexible than the previously 
described machine learning tools, and users must mimic the acquisition parameters used by the developers.  

Machine learning may enable the discovery of novel behavioral repertoires that indicate pain: In addition to the 
application of supervised machine learning, some pain researchers have started to use unsupervised machine 
learning tools, like MoSeq37 and B-SOiD38, to identify novel behavioral signatures of pain and its relief. MoSeq and 
B-SOiD apply unsupervised machine learning to uncover changes in the sequence and frequency of distinct 
behavioral subcomponents, or “syllables,” in observational and reflex assays. MoSeq has been used to identify 
changes in the behavioral repertoire of a diabetic mouse model during an open field test, and these changes may 
indicate neuropathy39. Both B-SOiD and MoSeq have been used to identify novel behavioral signatures in reflex and 
observational assays that may indicate paw or knee pain and its relief23. Similarly, a study probing the function of 
spinal circuits in allodynia applied B-SOiD to identify behavioral subcomponents of paw withdrawal after spared 
nerve injury40. Altogether, unsupervised machine learning has the potential to uncover and/or correlate behavioral 
signatures of pain that have been previously unnoticed by human observation and scoring alone. 

Important considerations and limitations of machine learning methods: While machine learning enables the 
detection of minute details that may have previously been undetectable by human observers, it is important to 
understand that not every detail may have a biological meaning or relevance to pain. For example, one study found 
that paw height and velocity during withdrawal after a mechanical stimulus were not indicative of inflammatory injury 
and produced variable results that were explained by unknown variables41. Nevertheless, machine learning remains 
a powerful tool that can replace qualitative assessments of nociceptive behavior with standardized quantitative 
measurements. To achieve this, we recommend that researchers using machine learning for behavioral analysis 
carefully label training data, remain blinded to conditions, and ensure that their experiments are well-controlled. 
Additionally, trained models and videos should be widely accessible to evaluate reproducibility and application 
across a variety of models of pain. 
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