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Abstract

Detecting action units is an important task in face analysis, especially in facial expression
recognition. This is due, in part, to the idea that expressions can be decomposed into multiple
action units. To evaluate systems that detect action units, F1-binary score is often used as the
evaluation metric. In this paper, we argue that F1-binary score does not reliably evaluate these
models due largely to class imbalance. Because of this, F1-binary score should be retired and a
suitable replacement should be used. We justify this argument through a detailed evaluation of the
negative influence of class imbalance on action unit detection. This includes an investigation into
the influence of class imbalance in train and test sets and in new data (i.e., generalizability). We
empirically show that F1-micro should be used as the replacement for F1-binary.

Keywords
Action units; Data imbalance; Machine learning; F1 score

1. Introduction

In areas of machine learning, having measures that can exhibit truly and realistically how
well a model works is the key to progress and success. Multiple measures and metrics

have been used to evaluate classifiers in the past. One of these metrics is accuracy, which
calculates the ratio of the number of correctly classified samples over the total number of
samples. When used with imbalanced datasets, accuracy overestimates the power of the
classifier when the majority classes are considered [1]. In other words, accuracy can still
result in high performance when only the majority class is selected. Another metric used

to evaluate classifiers is the F1-binary score (also known as F1 score). For this measure,
two metrics of precision and recall are added to the calculation. If we count the results
associated with the considered class as positive results and all others as negative results, we
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can introduce precision and recall as the number of correct positive results over all positive
results, and the number of correct positive results over all correct results respectively.

A reliable classifier predicts minority classes as accurately as majority classes in an
imbalanced dataset. For real-world datasets, in which the number of samples can vary
considerably among classes, the prediction accuracy is often high in majority and low in
minority classes. Here, F1-binary acts poorly in providing an informative evaluation of
classifiers. For instance, in “Mammography Data Set”, the number of healthy patients is
much greater compared to cancerous ones and the F1-binary score measure does not reflect
the real effectiveness of a classifier [3].

In many datasets that are commonly used for action unit (AU) detection, the available AUs
are often imbalanced [4]. In these datasets, the number of samples in classes corresponding
to some movements of lips, mouth, and eyes are noticeably greater than in other classes. The
imbalance in these datasets makes F1-binary score an unsuitable measure to evaluate models
that detect facial action units [5]. The datasets with imbalanced classes are difficult to learn
from, as there are fewer positive samples, which results in skewed performance metrics.
Some works have also used AUs for expression recognition. Tian et al. [6] used AUs that
occer on the lower face for expression analysis. Liu et al. [7] constructed an AU facial graph
called the deep action units graph network, for facial expression recognition. Yao et al. [8]
used active learning along with a support vector machine to classify AUs for expression
recognition. Shang et al. [9] use the co-occurrence of AU patterns and the attention to the
region of occurrence of AUs.

There have also been encouraging works for mitigating class imbalance. Alvarez et al. [10]
extend the capabilities of prototype based classifiers using fuzzy similarity relation to make
them sensitive to class imbalanced data. GANS have also been used to generate synthetic
data to help balance datasets [11]. Focal Loss [12] was developed for dealing with class
imbalance. This loss function gives more weight to hard examples, which improves the
performance of the minority class. Recently, Dablain et al. [13] introduced DeepSMOTE
to generate synthetic images from deep features. This approach leverages SMOTE [14]
along with features from an encoder/decoder network to generate the images. While these
approaches address class imbalance from a model approach, we are motivated to address

it from an evaluation metric approach as some researchers have questioned the use of
F1-binary. This is due, in part, to how it treats precision and recall equally, when they are
conceptually distinct [15]. To the best of our knowledge this is the first work to investigate
the influence of class imbalance on F1-scores, and in train and test sets. We argue that it is
time to retire F1-binary score for AU detection. We justify this argument through multiple
experiments and contributions.

1 The negative influence of class imbalance on F1-score is detailed across three
publicly available datasets that are commonly used for AU detection.

2. The influence of class imbalance in train and test sets, and in new data (i.e.,
generalizability) is investigated.
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3. In order to retire F1-binary score, an appropriate metric is needed for
replacement. We discuss multiple metrics and empirically show how F1-micro is
what should be used as a replacement for F1-binary.

2. Class imbalance and action unit detection

2.1. Datasets

DISFA [34] is a spontaneous dataset designed for studying facial action intensity. It contains
27 (12 female and 15 male) adult subjects watching a 4-minute video clip that was meant to
elicit spontaneous expressions (i.e. AUs). For our analysis, all frames from this dataset are
used, as all are AU annotated frames (130, 815). For this dataset, the most commonly used
AUs from the literature are AUL, AU2, AU4, AU6, AU9, AU12, AU25, AU26.

BP4D [4] is a multimodal facial expression dataset with a total of 41 subjects (23 female
and 18 male) displaying 8 dynamic expressions (happy, surprise, sad, startled, skeptical,
embarrassed, fear, and pain). We analyze (Section 3) all AU annotated frames (146,847)
from this dataset. For this dataset, the most commonly used AUs from the literature are AU1,
AU2, AU4, AU6B, AU7, AU10, AU12, AU14, AU15, AUL7, AU23, AU24.

BP4D+ [35] is a multimodal emotion-based dataset, similar to BP4D. It includes 140
subjects (82 female and 58 male) with age range of 18 to 66 years old. Ethnicities include 15
Hispanic, 64 Caucasian, 15 African American, 46 Asian, and 1 identified as other. Similar
to BP4D, each subject participated in tasks, however, 10 tasks were used. In total 197 875
frames are used from this dataset, and the same AUs as BP4D(Fig. 3).

2.2. Class imbalance and AU detection

It has been shown that AU class imbalance has a negative impact on evaluation metrics [5].
To further extend this notion, we will show that class imbalance and F1-binary score are
directly correlated. To facilitate this, we have analyzed state-of-the-art literature regarding
their F1-binary scores from AU detection experiments on BP4D, DISFA, and BP4D+.

As can be seen in Figs. 1-3, the occurrence of AUs in each dataset is imbalanced. For
example, in BP4D, AU10 has an average occurrence of 0.62, while AU2 has an average

AU occurrence of 0.18. There is a direct correlation between these occurrences and their
F1-binary scores. AU10 is one of the highest occurring AUs and also one of the highest
F1-binary scores across the literature, with an average F1-binary score of 0.75. Similarly,
AU2 is one of the lowest occurring AUs and one of the lowest F1-binary scores across the
literature, with an average F1-binary score of 0.36. Considering this, our analysis shows that
current state-of-the-art results, in AU detection, follow an explicit trend which is correlated
to the imbalance of the AUs. To further illustrate this trend, we also calculated the F1-binary
score if we were to manually predict all 1’s, for all frames (i.e. all AUs are active). As can be
seen in Fig. 1, the general trend that the F1-binary scores follow, for all methods in BP4D, is
the same as labeling all 1’s.

The general trend that F1-binary scores follow can visually be seen in Figs. 1-3. To
statistically analyze this trend, we calculated the correlation between the class imbalance
and F1-binary scores of the methods shown in Figs. 1, 2, and 3. We define correlation as
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corr = 23 =00 =9 _\yhere 5 and y are the averages of the classes and the F1-binary
Y- 2 -3
score, respectively. For BP4D, BP4D+, and DISFA the average correlations are 0.907, 0.76,
and 0.843, respectively. These results suggest that there is high correlation between the
class imbalance and the reported F1-binary scores for AU detection (Table 1). This further
suggests that AUs with high F1-binary score have a lot of training data, and AUs with low
F1-binary score have a small amount. Although there is a general trend of AU occurrence
versus F1-binary score, it is important to note there are some anomalies from some AUs and
methods. For example, on BP4D, Chu et al. use high intensity AUs, equal to or higher than
A-level for positive samples, and the rest for negative. In DISFA, some of the experiments
train on BP4D and test on DISFA, which is a common approach, due to the imbalanced
occurrence of AUs. This can explain, in part, some of the lower correlations in Table 1 (e.g.
[16,23,24]).

Along with the correlation between the class imbalance and F1-binary score, we also
calculated the standard deviation of the F1-binary scores between each of the methods
detailed in Figs. 1, 2, and 3. There is a small amount of variance between each of the
methods across all studied AUs. In BP4D, the average variance (std) is 0.0079 (0.0890),
0.002 (0.0452) in BP4D+, and in DISFA the average variance is 0.0324 (0.18). This suggests
that the investigated F1-binary score are all similar within a small range. While the general
standard deviations are low, there are some outliers, especially in DISFA. For example, AU9
has a standard deviation of 0.253. This can also be visually seen in Fig. 2, with the F1-binary
score of Li et al. [24]. This can again be partially explained from training on BP4D and
testing on DISFA. See Table 2 for the standard deviation between all methods. This analysis
naturally leads to the question of why is this specific trend occurring in AU detection? To
answer this question, we next investigate the influence of action unit base rates, as well as
the influence of different networks architectures.

3. Influence of AU base rates and network architectures on detection

Section 2 showed that there is a correlation between reported F1-binary scores and the AU
base rates of the evaluated datasets. The base rate of a facial action unit is the proportion

of time that an AU is present in a given database. The base rate is calculated by dividing

the total duration of time that an AU is present by the total duration of time that the face

is visible in the database [36]. For further analysis, to investigate the influence of base

rates and different network architectures we conducted in-depth experiments on BP4D. We
chose BP4D for our experiments, as DISFA and BP4D+ contain a larger imbalance of active
versus inactive AUs [37]. We wanted to investigate the impact on multiple metrics, that

are similar to F1-binary score. We also calculated the Negative agreement, F1-macro, and

2xXTP

SXTP+FPEFN Negative agreement

F1-micro. F1-binary score is defined as F1 — binary =

2XTN
2XTN+ FP+ FN

and F1-macro is defined as F1,,.., = w where 7 P= True Positive, F P = False

Positive, £ N = False Negative, and 7 V= True Negative. To calculate the per-AU scores, in

— o precision,q., * recall .,

is defined as NA = F1-micro is defined as F1,,., = —
precision,.., + recall ..,
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our experiments, there are two classes which are positive and negative. More specifically, the
presence of the AU is the positive class and absence of the AU is the negative class.

F1-macro is the simple arithmetic mean of F1-binary scores of all classes. F1-micro is the
harmonic mean of the micro-average precision and recall [38]. F1-micro treats each sample
equally, regardless of the class it belongs to. In micro-average, we compute the scores by
aggregating the contributions of both classes. F1 micro is calculated using total number of
True Positives (TP), False Positives (FP) and False Negatives (FN) across both the classes.
To facilitate our investigation, we conducted two experiments. First, we investigate the
impact of varying train and test set AU base rates on different metrics. For this experiment
we chose the four AUs with the highest base rates (AU6, AU10, AU12, and AU17). Second,
we investigate the impact of two different network architectures on these metrics. We also
have a control group called ‘Ones’, in which we labeled all AUs as active in all the frames.
Both experiments were subject-independent.

3.1. Impact of base rates

In this section, we investigate the impact of varying AU train and test base rates for
F1-binary, F1-micro, F1-macro, and negative agreement. More specifically, this investigation
will give us insight into which evaluation metric is more stable when imbalanced data is
being evaluated (i.e., the varying base rates simulate more or less imbalance in the data).
Figs. 4-7 show the corresponding evaluation metric when the training and testing base

rates are varied. For example, in Fig. 4(a) for AU 6 and F1-binary, the first row shows the
F1-binary score when we have 20% base rate for testing, and each column shows the varying
training base rates (from 20% to 100%).

To facilitate our investigation into the impact of base rates, the data was split into an 80/20
subject-independent train/test split and the base rates, of the action units, were varied from
20% to 100% of the original base rate. To better understand the impact of base rates it is
important that there is a significant change in the base rates. Considering this, the following
AU base rates were used: [20%, 40%, 60%, 80%, 100%]. All combinations of training

and testing base rates were considered. For example, 20% AU base rate training data was
used and 20%, 40%, 60%, 80%, and 100% AU base rates were used for testing data. Same
was done for all training and testing base rates. To facilitate this, the CNN architecture
from Ertugral et al. [39] was implemented. This network has three convolutional layers
followed by two fully connected layers. The convolutional layers have 64, 128, and 128
filters respectively each with a stride of 2. ReLU and batch normalization is applied to the
output of each convolutional layer. Max pooling is then applied after batch normalization,
which is then connected to a fully connected layer of 400 neurons followed by the output
layer with 12 neurons. We modified the output layer to predict only the target AU. The target
AUs, for this experiment, were selected for their high initial base rates: AU6, AU10, AU12
and AU17.

3.1.1. F1-Binary—When the base rates for both training and testing data are varied,
F1-binary tends to have high variability that is negatively impacted by the change in base
rate. For example, AU6 is susceptible to changes in base rate across the testing set. As can
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be seen in Fig. 4, given a training base rate of 20%, as the AU test base rate increases

from 20% up to 100%, the F1-binary generally increases (e.g., 0.36 F1-binary score at
20% up to 0.64 F1-binary score at 100% base rate). The F1-binary scores for AU10 vary
across both training and testing. Here, training base rates appear to have a larger impact on
F1-binary with an F1-binary score of 0.38 at 20% base rate, up to 0.7 at 100% base rate.
An interesting base rate to note, for AU10, is the training AU base rate of 40%, where the
F1-binary scores are all <0.093. This could be explained, in part, by a poor split in the data
causing the network to not learn, as far as this metric is concerned. As can be seen in Fig.
4, the F1-binary scores for AUs 12 and 17, also vary across different AU base rates for both
training and testing. This type of behavior can help give further justification for the results
seen in Figs. 1-3, where the F1-binary scores are highly correlated with the AU base rates.

3.1.2. Negative agreement—Compared to F1-binary score, negative agreement (NA)
has less variation across the different base rates for training and testing, as can be see in
Fig. 5. There is some influence, however, the effect of test base rate is opposite to that on
F1- binary - as the test set base rate increases the NA scores decreases. Although there

is some decrease here, the amount is much less. For example, with AUB, given a training
base rate of 20%, the NA is 0.82 when the test base rate is also 20%. When the test base
rate increases to 100%, the NA lowers to 0.74. A change of 0.08, compared to F1-binary
where the change is 0.28, from 20%-100% testing base rates, with 20% training base rate.
Similar, however, to F1-binary, there are some interesting base rates where the NA drops
significantly. For example, given AU10 and a 60% training base rate, the NA for all testing
base rates is <0.096. This can again be explained, in part, by a bad split of the data resulting
in the network not being able to learn, as far as this metric is concerned.

3.1.3. Fl-macro—F1-macro is another metric that does not have such a significant
variation across training and testing base rates, which can be seen in Fig. 6. For example,
when varying the testing base rate of AU17 with 60% training base rate, the different
between min and max F1-macro is 0.02. 100% testing base rate has an F1-macro of 0.59,
40% testing base rate has an F1-macro of 0.61. Another example of this can be seen in
AU12, where 40% training base rate varies between 0.57 with 20% testing base rate to 0.63
at 60% and 80% testing base rate. Another interesting note about F1-macro is that this is
the first metric, we have discussed in this paper, that do not have a base rate where the
metric where all values are extremely low (e.g., €1). This gives some initial justification for
F1-macro being a better evaluation metric compared to F1-binary and NA.

3.1.4. Fl-micro—Similarly to F1-macro, F1-micro does not have a lot of variation when
the base rates are changed (Fig. 7). However, compared to F1-macro, we can see where there
are instance of varying the base rates, where there is almost no change in the F1-micro score.
For example, given AU6 with 20% and 40% training base rates, the difference between the
min and max scores, across all testing base rates, is 0.7 and 0.72, respectively. This can

also be seen in AU17 with 60% and 80% testing base rates. The min and max F1-micros
scores, across all training base rates, is 0.7 and 0.78, respectively. Sections 3.1.1-3.1.3,
showed F1-macro had less variation, across base rates, compared to F1-binary, and NA.
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Here, however, it can be seen (Fig. 7) that F1-micro further improves on F1-macro when
varying base rates across both training and testing sets.

3.2. Impact of network architectures

In this section, we investigate the impact of network architectures (Fig. 8) on each of these
metrics. To do this, we evaluated the impact of two different convolutional neural networks
(CNN). First, we implemented the CNN as detailed by Ertugral et al. [39], which we refer to
as Network 1. Second, we used a network with two convolutional layers with filter size of 8
and 16 followed by max pool layers, followed by two more convolutional layers, with filter
sizes of 16 and 20; another max pool layer and batch normalization. All CNNs used had a
kernel of (3, 3). There were three dense layers, before the output layer, with 4096, 4096 and
512 neurons respectively, relu activation function was used and dropout of 0.4. We refer to
this as Network 2.

When using the ‘Ones’ control group as a baseline, it can be seen that there is a high
correlation between the class imbalance and F1-binary, negative agreement, F1-macro, and
micro scores (Table 3). There is an average correlation, with the class imbalance, of .9915
across the four metrics. While the accuracies vary between the different metrics, it can be
seen that the trend is similar (Fig. 8). For Network 1 and Network 2, it can be seen (Table

3) that F1-binary has a high correlation with the class imbalance. F1-macro is less correlated
compared to F1-binary, however, it is still a relatively high correlation with an average of
0.7 across the two networks. Conversely, F1-micro has a negative correlation across both of
the networks showing, again, that it is not as susceptible to the class imbalance that is found
in AUs. This can be explained by F1-micro more heavily weighting the negative class for
low occurring AUs. Similar to F1-micro, Negative agreement also has a negative correlation
across both networks. In fact, it can be seen (Table 3) that it is more negatively correlated,

to the class imbalance, compared to F1-micro. While these results could suggest Negative
agreement is a better metric, taking into account the results shown in Section 3.1, F1-micro
is better suited. More specifically, it is negatively correlated to the class imbalance and'it has
less variance across changes in training and test set base rates.

Further justification, for retiring F1-binary for AU detection, can be seen in Fig. 8(a). When
comparing the F1-binary of the tested networks to the control group there is little difference.
It can be seen that all of them follow a similar trend, which is the class imbalance. This
suggests that F1-binary may not be an accurate metric to distinguish between correct
detection and guessing (i.e. “guessing” all AUs as ones/active). This can be explained,

in part, since F1-binary only looks at the positive classes. This can also be seen in Table

3 (first row), as there is a high correlation between the F1-binary of both networks and

the class imbalance. We also calculated the correlation across each AU of both networks

to the control group. This resulted in correlations of 0.98 and 0.94 for Network 1 and
Network 2, respectively, showing both give similar results to labeling all AUs as active. As
can be seen in Fig. 8(d), unlike F1-binary, F1-micro does not follow the class imbalance.
The F1-micro scores across each of the AUs is relatively stable (i.e., class imbalance does
not impact it). These results further motivate and justify our argument that F1-micro is a
suitable replacement for F1-binary. For these experiments, it is also important to note that
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the correlations between the control group and all metrics closely resemble the correlation
with the class imbalance. This is due to the high correlation of the control group with the
data (i.e. correlations are close to one).

4. Limitations and future work

There are some limitations to our work. First, when analyzing base rates, we have only
selected four (AU6, AU10, AU12, and AU17) with initially high base rates. A larger
selection of AUs should be investigated with varying base rates (e.g., low and high initial
base rates). Second, when analyzing networks, only two CNN-based architectures were
evaluated. More varied network architectures should be evaluated. These include, but are
not limited to, LSTM-based architectures [23], Transformer-based models [40], and other
large-scale AU detection networks [41]. Lastly, three datasets where evaluated in this work,
however, it can be argued that BP4D+ is an extension of BP4D (i.e., they are similar/the
same). Considering this, larger and more varied AU detection datasets, as well as in-the-wild
datasets, should be evaluated.

5. Conclusion

We have presented results showing that F1-binary is negatively influenced by class
imbalance, and that varying the base rates of AU training and testing data also negative
influences those scores. To facilitate these experiments, we reviewed state-of-the-art
literature that evaluated DISFA, BP4D, and BP4D+ for AU detection. The reported F1-
binary scores show that they are similar across a small range, and that each of the proposed
methods have a high correlation between the class imbalance and the reported scores. When
AU training and testing base rates are changed, F1-binary is highly susceptible to these
changes. This influence can have significant impact on F1 scores. For example, high F1
scores can be reported for folds (e.g., cross-validation) where large amount of training
and/or testing data is available for specific AUs. Conversely, those results could change
dramatically given different folds where the AU base rates are changed (e.g., lower). An
interesting finding from our work is that network architectures have comparatively little
impact on AU detection scores. Results across literature, and our experiments (Section 3.2)
show small changes in scores. This is due to the AU base rates having such a significant
impact on the scores (Section 3.1).

Our results show that FZ-binary is not a suitable metricto evaluate AU detection results.
Considering this, we argue that F1-binary should be retired for AU detection and a suitable
replacement should be used. We argue that F1-micro should be used as this replacement as it
is least susceptible to class imbalance and varying base rates. Using the more stable metric,
F1-micro, would allow for more fair comparisons in the literature. This is due to F1-micro
being more robust to varying base rates has less impact compared to F1-binary.

Data availability

The authors do not have permission to share data.
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AU detection F1-binary score vs. occurrence in BP4D. Bars are the average number of AU
occurrences, per frame, across all subjects. Line graphs are different F1-binary scores, of
methods in the literature, for each AU. “Ones” is manually labeling all 1’s (i.e. AU is active)
for each of the AUs. Here, we can see that each of the compared works have similar trends.
In other words, the AUs with a higher average occurrence result in a higher F1-binary score,
while the AUs with the lower average occurrence result in a lower F1-binary score (see [2]).
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AU detection F1-binary score vs. occurrence in DISFA. Bars are the average number of AU

AU 26

0.8

0.6

0.4

0.2

F1-binary score

Page 12

DRML[8]

—m— EAC[9]

- o=

R-T1[10]
APL[8]
DSIN[13]

- ®- JAA-Net[14]

occurrences, per frame, across all subjects. Line graphs are different F1-binary scores, of
methods in the literature, for each AU. The scales on the left and right are different due
to the low number of active AUs compared to some of the F1-binary scores. Here, we can

generally see that each of the compared works have similar trends. In other words, the AUs
with a higher average occurrence result in a higher F1-binary score, while the AUs with the

lower average occurrence result in a lower F1-binary score.
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Fig. 3.

AS detection F1-binary score vs. occurrence in BP4D+. Bars are the average number of AU
occurrences, per frame, across all subjects. Line graphs are different F1-binary scores, of
various methods, for each AU. The scales on the left and right are different due to the low
number of active AUs compared to some of the F1-binary scores. The AUs with a higher
average occurrence result in a higher F1-binary score, while the AUs with the lower average
occurrence result in a lower F1-binary score.
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Fig. 4.

F1-binary metrics. Columns represent varying train base rates from 20% to 100%. Rows
represent varying test base rates from 20% to 100%. These matrices show the F1-binary
score for each combination of train and test base rates. For example, the top left corner is the
F1-binary score with 20% base rate for training and testing data.
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Fig. 5.

Negative agreement metrics. Columns represent varying train base rates from 20% to 100%.
Rows represent varying test base rates from 20% to 100%. These matrices show the negative
agreement for each combination of train and test base rates. For example, the top left corner
is the negative agreement score with 20% base rate for training and testing data.
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F1 macro metrics. Columns represent varying train base rates from 20% to 100%. Rows
represent varying test base rates from 20% to 100%. These matrices show the F1-macro
score for each combination of train and test base rates. For example, the top left corner is the
F1-macro score with 20% base rate for training and testing data.
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F1 micro metrics. Columns represent varying train base rates from 20% to 100%. Rows
represent varying test base rates from 20% to 100%. These matrices show the F1-micro
score for each combination of train and test base rates. For example, the top left corner is the
F1-micro score with 20% base rate for training and testing data.
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Impact of network architecture on different evaluations metrics. It can be seen that F1-binary
has a similar trend as seen in Figs. 1-3, for networks 1 and 2, and the control group.
Conversely, F1-micro, does not have the same trend. It can be seen that networks 1 and 2
have higher, and more stable, scores across all AUs.
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Correlation between F1-binary score and AU class imbalance, for state-of-the-art methods on BP4D, BP4D+,

and DISFA dataset. ‘—” means dataset not evaluated by cited work.

Method Correlation

BP4D DISFA BP4D+
LSTM [16] 0.680 - -
DAM [17] 0922 - -
MDA [18] 0.948 - -
GFK [19] 0951 - -
iCPM [20] 0967 - -
JPML [21] 0.869 - -
DRML [22] 0.949 0844 -
FVGG [23] 0.890 0.785 -
EAC [24] 0.953 0472 0.84
R-T1[23] 0.931 0816 -
APL [22] - 05098 -
D-PattNett [25] 0.946 - -
DSIN [26] 0931 0792 -
JAA-Net [27] 0.847  0.918 0.833
JAA-Net[28] 0.863 0774 087
ARL [29] 0.808 0954  0.827
FAN-trans [30] 0.932 - -
MONET[31] 093 - -
TransAU [32] 0.94 - -
UGN-B [33] 095 - -
Average 0.907 0.76 0.843
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Table 2

Standard deviation of F1-binary, for each individual AU, between all evaluated methods across the BP4D,
BP4D+, and DiSFA. Evaluated methods are the same as seen in Figs. 1-3. As can be seen in this table, the
standard deviation is low between all evaluated approaches, across all datasets. This suggests that each of the
approaches have a similar F1-binary score for each AU on BP4D, BP4D+, and DISFA. This can be seen across
all AUs as the average standard deviation is low for each dataset.

AU Standard deviation

BP4D DISFA BP4D+

AU 1 0.0671 0.1418 0.0759
AU 2 0.0853 0.1301 0.0613
AU 4 0.1197 0.1702  0.0825
AU 6 0.0935 0.1559  0.0203

AU7 0.0660 - 0.0418
AU 9 - 0.2541 -

AU 10 0.1006 - 0.0214
AU 12 0.0917 0.1455 0.0216
AU 14 0.0885 - 0.0979
AU 15 0.0965 - 0.0524
AU 17 0.0847 - 0.0191
AU 23 0.0663 - 0.0202
AU 24 0.1076 - 0.0282
AU 25 - 03172 -

AU 26 - 0.1573 -

Average 0.0890 0.1840 0.0452
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Table 3

Correlation between F1-binary, Negative Agreement, F1-macro, and F1-micro with class imbalance. This is
done for two different networks and the “Ones’ control group. As can be seen in this table, different network
architectures have similar correlations. For example, F1-binary has a high correlation across both networks,
and F1-micro has a negative correlation across both networks. This suggests that the specific network does not
have a high impact on the metrics obtained and the class imbalance plays a larger role.

Metric Correlation

Network 1 Network 2 Ones

Fl-binary  0.9758 0.9489 0.9912
NA -0.8359 -0.9031 0.9874
Fl-macro  0.7570 0.6349 0.9961
F1-micro  -0.2656 -0.3118 0.9913
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