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Comparison between Al and human
expert performance in acute pain
assessment in sheep

Marcelo Feighelstein'™, Stelio P. Luna?, Nuno O. Silva?, Pedro E. Trindade?, llan Shimshoni?,
Dirk van der Linden* & Anna Zamansky**

This study explores the question whether Artificial Intelligence (Al) can outperform human experts
in animal pain recognition using sheep as a case study. It uses a dataset of N = 48 sheep undergoing
surgery with video recordings taken before (no pain) and after (pain) surgery. Four veterinary
experts used two types of pain scoring scales: the sheep facial expression scale (SFPES) and the
Unesp-Botucatu composite behavioral scale (USAPS), which is the ‘golden standard’ in sheep pain
assessment. The developed Al pipeline based on CLIP encoder significantly outperformed human
facial scoring (AUC difference = 0.115, p < 0.001) when having access to the same visual information
(front and lateral face images). It further effectively equaled human USAPS behavioral scoring (AUC
difference = 0.027, p = 0.163), but the small improvement was not statistically significant. The fact
that the machine can outperform human experts in recognizing pain in sheep when exposed to

the same visual information has significant implications for clinical practice, which warrant further
scientific discussion.

“Deep Blue was intelligent the way your programmable alarm clock is intelligent.
Not that losing to a 108 million alarm clock made me feel any better”
Garry Kasparov, 1997.

The use of artificial intelligence (AI) in healthcare by utilizing machine learning (ML) algorithms and data
analysis techniques is a real game-changer, resulting in better patient outcomes, better use of resources, and
lower operating costs?. In pain assessment, Al can play an important role in automated non-invasive analysis
of behavioral parameters, such as facial expressions and body language. Unsurprisingly, in recent years an
increasing amount of works have addressed automation of pain assessment in infants (see Zamzmi et al.* for
a review). Only recently the first AI-based mobile app for pain assessment in non-verbal patients, PainChek,
based solely on facial expression analysis was released*>. Earlier this year it was evaluated for the first time in the
context of procedural pain assessment and monitoring in clinical practice, demonstrating high accuracy (area
under the curve 0.964 and 0.966, respectively), and precision above 0.89°.

The interest in automated approaches for animal pain recognition has also drastically increased in recent years.
Broome et al.” provides a review of more than twenty studies addressing video-based automated recognition of
affect and pain in animals, with the majority of works focusing on the latter. Automated pain assessment and
recognition has been investigated mostly for rodents®?, horses'®-'?, and most recently cats'*!%, rabbits'> and
dogs“. Sheep have also been addressed in this context, see, e.g.,”‘w, however accuracy reached was quite low
(around 67%), partially due to the challenging nature of data collected in farm settings.

Since pain is an internal state that is difficult to measure, the establishment of ground truth is a major
challenge in pain research. In the human domain, self-reporting is considered one of the most unobtrusive and
non-invasive methods for establishing ground truth in pain?® and emotion research?!. However, in humans not
able to verbally communicate their pain, and in animals, a ground truth of the pain experience is lacking.

Behavior scoring by human experts is the most common approach for pain assessment in animals.

The first animal grimace scales were developed for rodents and they are now available for many mammalian
species??, including rats?, rabbits?!, horses®, pigs®, ferrets?’, sheep®®? and cats*®*!. Numerous instruments
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based on behavior have also been validated for domestic species, like cats®?, dogs?, rabbits*, pigs®®, goats™,
sheep®, horses*® , donkeys®® and cattle®.

Yet even validated pain assessment methods are limited by the observer’s previous training and ability to
interpret the pain responses accurately?’, as well as by observers’ various biases, like gender, fatigue, experience
and time consumption?*2. Adami et al.*® recently evaluated the inter-observer reliability of three feline pain
scales commonly used in clinical practice: the Glasgow Feline Composite Measure Pain Scale (CMPS-Feline*?),
the Colorado State University Feline Acute Pain Scale (CSU-FAPS*) and the Feline Grimace Scale (FGS?!).
The reliability was found to range in most cases from poor to fair/moderate, suggesting that subjectivity is
a considerable limitation of these tools specifically designed to quantify pain in cats. It is thus important to
highlight the intrinsic subjectivity of such methods, as well as their potential variability of outcome between
assessors with different backgrounds and level of expertise. Many veterinarians acknowledge difficulties
recognizing pain*® and consider their knowledge in assessment and treatment of pain inadequate?’. Difficulties
with pain assessment is also conceived a significant barrier of veterinarians to adequate treatment of chronic
pain“®. Due to the inherent limitations of a subjective manual scoring, there is no question that human scoring
methods can be digitally enhanced to be less susceptible to human error, subjectivity and bias. The question
is, therefore: is automated pain assessment mature enough to be a game changer in the domain of animal pain
assessment? And can machines outperform human experts in this task?

When answering these questions, the devil is, of course, in the details. No matter how we measure performance,
we need to have a way to objectively establish ground truth, which does not rely on human scoring, which in
itself is being scrutinized. As highlighted in’, this is standardly achieved in strict experimental conditions, where
pain is either induced or timed (using time moments, e.g., before and after surgical procedures). The former
can refer to experimental induction of clinical short term reversible moderate pain using models known from
human volunteers. In'!, e.g., two ethically regulated methods for experimental pain induction were used: a blood
pressure cuff placed around one of the forelimbs of horses, or the application of capsaicin (chili extract) on the
skin of the horse. The latter refers to timing data collection before and after a clinical procedure. For instance,
in!® videos of female cats undergoing ovariohysterectomy were recorded at different time points pre- and post-
surgery.

Due to the obvious difficulties in collecting such data in the context of animal pain, datasets collected in strict
experimental settings are extremely scarce. The dataset collected in the study for validating the Unesp-Botucatu
composite scale (USAPS) to assess acute postoperative abdominal pain in sheep and defining a cut-off point for
analgesic intervention®’ presents an interesting opportunity in this regard, which we explore in this paper.

Another important issue when comparing performance of human vs. machine is whether both are exposed
to the same visual information in the same way. The SFPES-based human scoring uses two facial images: front
and lateral view, and this is also the input to our AI model. The behavioral USAPS scale uses a video of the
animal, and thus it could be the case that human experts may have more visual nformation of the body language
than the machine.

The dispute between machine and humans in the task of sheep pain recognition is now all set. We, therefore,
investigate the question: can a machine outperform human experts in sheep pain recognition. More precisely,
we hypothesize that a machine learning algorithm can outperform human experts in sheep pain recognition
when the latter is measured e.g., using the SFPES scoring (using the appropriate cut-off point). The developed
algorithm uses a deep learning pipeline, which uses a CLIP encoder for feature extraction and a Naive Base
classification model for pain recognition.

Methods

The dataset

The dataset used in this study was collected in a previous study validating the Unesp-Botucatu composite scale
to assess acute postoperative abdominal pain in sheep®’. The study was approved by the Ethics Committee on
Animal Use from the School of Veterinary Medicine and Animal Science, Sdo Paulo State University (Unesp),
Botucatu, Sdo Paulo, Brazil, under protocol 0027/2017 and followed the recommendations of ARRIVE®, adapted
to the experimental design. Details about housing, management, anesthetic, surgical and analgesic procedures
can be found in the previous study®’. We understand that database reuse for new analysis contributes to the four
Rs of animal experimentation (reduce, replace, refine, and responsibility)SO’Sl.

The dataset is composed of video recordings of 48 sheep (Ovis Aires) of three breeds (17 Bergamacia, 18
Lacaune, and 13 Dorper). The animals were submitted to abdominal surgery®? and video recordings were taken
one hour before surgery (M1) and at the predicted time of greatest pain, between three and four hours after
the end of surgery (M2). In addition, frontal and lateral photographs of the sheep faces were taken at the same
time points. In the original study these videos and photos were randomly and blindly analyzed twice by four
observers within one-month interval to calculate repeatability. We constructed the full image dataset for our
study containing a total of 96 images with frontal and lateral facial images (48 sheep x 2 stages x 2 sides): 96 ‘pain’
(48 lateral, 48 frontal) and 96 ‘no pain’ (48 lateral, 48 frontal).

These images were divided into two classes: No Pain (stage M1; before surgery) and Pain (stage M2; after
surgery).

The reduced dataset. Establishing the ‘ground truth’ using time points may be insufficient for making sure at
time point M1 sheep do not experience pain, while at M2 they do experience it, and thus this ‘ground truth’ may
not be accurate and may impact the measured performance of both humans and machine. To further investigate
this issue, we created a reduced dataset integrating USAPS measurement into ‘ground truth’ establishment.
More specifically, we removed 4 samples having an average score of all observers indicating “No Pain” label
(USAPS < 4)attime point M2 (after surgery) and 5 samples having an average score of all observers indicating
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Fig. 2. Example of lateral images: Sheep 1: no pain; pain; Sheep 17: no pain; pain.
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Fig. 3. Pipeline description.

“Pain” (USAPS > 4) at time point M1 (before surgery). Overall, removing 9 samples, we remained with a
reduced dataset of N’=39 individuals.
Examples of frontal and lateral images are shown in Figs. 1 and 2.

Pain recognition by human experts

Our ground truth was established by the timepoint labels of the images: M2 (class Pain) and M1 (class No Pain), to
which both human and machine scoring were compared using metrics described below. The first human scoring
method was based on the sheep pain facial expression scale developed in. It uses both frontal and lateral face
images and scores five facial areas using a three-point scale (0 = not present, 1 = partially present, 2 = present):
orbital tightness, cheek tightness, ear position, lip and jaw profile, and nostril and philtrum position. A total pain
score is determined by adding the individual scores for each of the five areas for each set of photographs, with the
maximum possible score being 12 (i.e. a score of 2 for each of the facial areas and lateral and frontal view of ear
position). The calculation of the Youden index which is the intersection point of simultaneous greatest sensitivity
and specificity (sensitivity + specificity -1) determined by the receiver operating characteristic curve®” led to the
definition of the Cut-Off point for analgesia as 4 (this result had not been published until now).

The second human scoring method was the USAPS based on body behavioral scoring. The USAPS was
validated in’ to assess acute postoperative abdominal pain in sheep. The USAPS items refer to interaction,
activity, locomotion, appetite, head position, and posture, and each of them is scored on a scale between 0 and 2,
with a maximal overall score of 12; The above mentioned Cut-Off point 4 for analgesia was used for establishing
the Pain and No Pain classes. Four independent experts performed both of the scoring tasks, reaching above
moderate inter-observer reliability (> 0.53)%, each expert repeating each scoring two times (phases). A total of
768 observations were collected (48 sheep x 2 classes (pain or no pain) x 4 observers x 2 phases). For moving from
scoring to recognition (class Pain/No Pain), the scores were then calculated using the appropriate cut-off point
(> 4 for USAPS and SPFES) on each score. Calculations were also performed for the USAPS cut-oft point > 5
to avoid the diagnostic uncertainty zone as indicates sheep truly suffering pain (true positives). To summarize,
the way we obtain the two human scores to which we refer as USAPS and SPFES is by (i) aggregation of experts
scoring each image (on a scale 0-12), (ii) transforming to pain/no pain (binary score) using appropriate cut-off
points.
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Method Accuracy | Recall | Precision | F1 Sensitivity | Specificity
USAPS Cut-Off 4 | 0.7956 0.8776 | 0.7539 0.8111 | 0.8776 0.7135
USAPS Cut-Off 5 | 0.8177 0.8411 | 0.8034 0.8219 | 0.8411 0.7943
SPFES Cut-Off 4 | 0.7083 0.8672 | 0.6581 0.7483 | 0.8672 0.5495
Machine 0.8229 0.8125 | 0.8298 0.8211 | 0.8125 0.8333

Table 1. Machine performance and its comparison to humans.

ML |USAPS, |[USAPS;5 |SFPES
AUC | 0.823 | 0.796 0.818 0.708

Table 2. AUCs Comparison; ML is the machine learning algorithm. USAPS, and USAPS, is the Unesp-
Botucatu Sheep Acute Pain Scale using Cut-Off points 4 and 5 respectively; SPFES is the Sheep Pain Facial
Expression Scale.

Method | Accuracy | Recall | Precision | F1 Sensitivity | Specificity
USAPS | 0.8365 0.9199 | 0.7884 0.8491 | 0.9199 0.7532
SPFES 0.7276 0.9038 | 0.6682 0.7684 | 0.9038 0.5512
Machine | 0.7949 0.8462 | 0.7674 0.8049 | 0.8462 0.7436

Table 3. Comparison using the reduced dataset (using USAPS Cut-Off Point 4).

Pain recognition by machine

An Al pipeline consisting of two components was developed for automated pain recognition. The pipeline is
depicted in Fig. 3. It uses a CLIP encoder for feature extraction of both frontal and lateral facial images of sheep
on a certain pain state and the Naive Bayes classifier®* for pain recognition.

The CLIP> encoding is a process of mapping images into a high-dimensional embedding space, where each
image is represented by a unique embedding vector. The CLIP encoder achieves this by pre-training a neural
network on a large dataset of image and text pairs using a contrastive loss function.

Once obtained the CLIP 768-dimensional embedding vectors of the frontal and lateral facial images of a
sheep, we concatenate them into a single 1536-dimensional vector representing the embedding of both images.

The Naive Bayes classification model® is a probabilistic algorithm used for classification tasks in machine
learning, which is computationally efficient and can work well even with small amounts of training data.

We evaluate the performance of the classification model using leave-one-animal-out cross-validation with
no animal overlap. Due to the relatively low numbers of sheep (N = 48) and of image samples (n=48 X 2 classes
X 2 sides) in the dataset, this method is appropriate®!!. By separating the images of individuals used for training
and testing respectively, we enforce generalization to unseen subjects and ensure that no specific features of an
individual are used for classification.

In the training process we used feature selection®® to improve the classification performance by reducing the
dimensionality of the input space and eliminating redundant or irrelevant features that may cause overfitting or
increase the computational complexity of the model.

Performance metrics
We evaluate the ML pipeline performance (and compare it to human) using standard metrics commonly used in
the literature: accuracy, precision, recall, F1, sensitivity and specificity'>.

Statistical analysis
For a statistical analysis of the performance, we compared areas under the receiver operating characteristic curve
(AUCs) with DeLong test™”. The AUC represents an index to evaluate the classification performance, that varies
from 0 to 100. Accuracy is considered low when values are between 0.50 and 0.70, moderate between 0.70 and
0.90 and high when above 0.90. Data were analyzed using Jamovi software (https://www.jamovi.org; version
2.3.28.0; Jamovi project (2023)), using Test ROC from the psychoPDA package (version 1.0.5).

A Shapiro-wilk test of normality indicated all four considered data distributions were not normally distributed
(Shapiro-wilk W=0.59, 0.63, 0.64, 0.64 resp. with a p<0.001).

Results
Table 1 presents the performance metrics of the machine vs. human scoring based on USAPS and SPFES. The
machine outperformed human scoring in terms of accuracy, precision, specificity and F1.

Table 2 presents the AUC comparison between the machine and the two human scoring methods. Pair-wise
comparisons indicated that the machine significantly outperforms SPFES (AUC difference = 0.115, p<0.001).
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The machine further effectively equals both USAPS (Cut-Oft 4) (AUC difference= 0.027, p=0.163), and USAPS
(Cut-Oft 5) (AUC difference = 0.005, p=0.787), but the small improvement was not statistically significant.

Table 3 presents the results of the comparison using the reduced dataset with USAPS Cut-Off point 4. In
terms of accuracy, we see a small drop in machine performance, and a larger drop in human SPFES performance,
with machine still outperforming SPFES in terms of accuracy and F1.

Discussion

The answer to our question whether machine outperforms human experts in recognizing pain in sheep when
being exposed to the same visual information was affirmative. The improvement of the machine over facial
scoring (SPFES) was found significant, showing a better diagnostic performance. Moreover, the machine was
higher than both methods of human scoring (USAPS and SFPES) in accuracy, precision, recall, specificity and
sensitivity.

The problem of automation of sheep pain recognition has already been addresse with the aim to
automate the SPFES scale. The pipeline presented in'® automatically recognizes facial action units and uses them
to predict pain level.

The approach for automating sheep pain recognition taken in'”'*>® automate the SPFES scale, using
landmarks to localize facial regions of interest, and then extracts histograms of oriented gradients features from
these regions, applying a support vector machine (SVM) model to assess the facial action units. Their pipeline
reached an overall accuracy of just 67%, whereas the accuracy of our model is above 82%. Thus the Al pipeline
presented in this study significantly outperforms existing AI solutions for sheep pain recognition. The reason
behind this finding is probably related to the limitation for human detection of some facial action units and
that SPFES exhibited only moderate level of evidence (based on methodological quality, number of studies,
and studies’ findings) in a recent systematic review®. Unsurprisingly the human assessment SPFES results were
the worse in the current study. However, perhaps a more important contribution of our study is presenting a
framework where performance of human scoring can be evaluated against machine scoring: using the same data,
and based on the same visual input. Measuring the performance in this framework using the AUC metric, the
machine outperforms human experts using both USAPS and SPFES in pain recognition.

The ‘ground truth’ used in this framework are the time points before and after surgery, which are used for
the definition of the classes No Pain/Pain respectively for measuring pain recognition performance. However,
pain is an individual-based sensation and unlike with humans, we cannot easily communicate with animals.
Therefore, the behavioral changes are apparently the best way to diagnose clinical pain in animals®*3¢-3,

According to the above one may claim the use of time points may be insufficient for making sure sheep do
not experience pain before surgery, while after surgery they experience it, and thus this ‘ground truth’ may not
be accurate and may impact the measured performance of both humans and the machine. Our experiment
with the reduced dataset of N=33 individuals was performed to investigate this issue. Table 3 presents the
results, showing a small drop in accuracy in the machine performance, with a larger drop in accuracy of human
performance, with the machine still far outperforming human facial scoring. Thus our conclusion that assessing
pain using facial expression was more accurate with AI than with human estimation remains valid under these
new, stricter conditions. The question of what the machine is detecting in facial pain expressions beyond what
humans see is still open. It is probably beyond the action units, as results of the machine by using facial units
was not so promising>®.

Another aspect of the Al model presented here is that it uses two images - both front and side. However, this
was imposed by our aim to match the visual information presented to the human when scoring with SFPES.
Therefore, we also ran experiments with just one side, reaching accuracy of above 70% with frontal view, and a
slightly lower performance (67%) with lateral view.

The importance of front and lateral views for both machine and human assessments can be explaind by
the fact that only in the lateral view cheek muscle tightening and abnormal lip and jaw profile can be viewed,
while only the frontal view allows the observation of abnormal nostril and muzzle shape. Either view provides
information on orbital tightening, and both views are probably necessary to assess abnormal ear position. That
explains why the last item was assessed in both views by humans and total maximum score was 12.

It should be noted that while the machine outperforms humans when humans use SFPES, the latter is not the
‘golden standard’ in the field of sheep pain assessment>. The dependence on good quality images with two views
is one of the most important limitations for this method and pros and cons of in-person or remote automated
monitoring have been previously addressed*. USAPS uses body behavioral information and is considered
a more accurate method than SFPES®. Although comparing the machine to USAPS may not be fair, as the
machine only has access to frontal and side images, while a human using USAPS observes the animal’s behavior
over a period of time, Table 1 still shows that the machine outperforms human experts also in this case, although
the improvement was not found significant. This indicates a great potential for the development of future AI
pipelines looking at behavior and including the temporal dimension. Our recent study on rabbit pain'® is a first
step in this direction.

Another important point to address is that only the extreme time points (no pain and possible intense
pain) were assessed by machine, therefore it is necessary to include other time points (after analgesia and 24h
after surgery) as performed in the behavioral study”’, to check if machine does well in diagnosing mild and
moderate pain as well. A more systematic investigation of explainability of the obtained models along the lines
of!* is an additional immediate future direction. This type of investigation can provide further insights into the
specific facial features utilized by the models to detect pain and potentially enhance human methods of pain
recognition in sheep. A pragmatical challenge for future research and development is to include our findings
into an application capable of automatic recognition of pain in animals like the application available for human
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assessment of animal pain body behavior in all domestic species (Vetpain) and the Feline Grimace Scale (https:
/Iwww.felinegrimacescale.com).

The implications of the findings of this study may leave many veterinarians speechless, as, like Garry Kasparov
in 1997, they may be about to face their own ‘Deep Blue moment. It is too early to say that, and much more
research is needed with more data and exploring other models and architectures. Also, novel and more accurate
pain assessment instruments may be developed in the future. However, we need to be mindful of how slow
the process of a scientific validation of such instruments is. The pace of AI development is significantly higher,
compelling us to proclaim (with caution): “Human Experts, Make Way for AI!”

Data availability

The data used in this study is available upon request from the corresponding author.
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