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Abstract—We conducted a pilot study experimenting with

neural network techniques to use the physiological signals

of untrained observers to classify the depression levels of

variously depressed people in videos speaking a language

the observers did not understand. As the dataset was highly

imbalanced, noisy and thus extremely sensitive to relative class

sizes, we developed a technique for dynamically oversampling

the smaller classes both prior to and during training to ap-

proximately align training prediction rates for each class with

knowledge of the prevalence of different levels of depression. In

predicting the depression levels to a final accuracy of 57.9%

over four classes and 78.9% over three classes we demon-

strate the likelihood that universal cross-cultural indicators

of depression exist. In addition, that some people’s automatic

physiological responses to these indicators are strong enough

that they can be used to predict depression categories of people

to a significant degree of accuracy even when the observer does

not understand the language the person is speaking. The final

accuracy rate is significantly better than the diagnosis rates of

doctors speaking to patients in their own language. The results

show the potential these techniques have to improve diagnosis

of depression, especially in areas with limited access to mental

health professionals. This innovative approach demonstrates

the importance of further experimentation in this area and

research into universal cross-cultural depression indicators.

1. Introduction

Major depressive disorder, also known as clinical depres-
sion, is a mood disorder that is characterized by persistent
feelings of sadness, low self-esteem, and loss of interest
[1]. According to the World Health Organization (WHO)
an estimated 350 million people worldwide are affected
by depression, it is the fourth leading cause of disability
worldwide and predicted to move to first place by 2030. Al-
though there are known, effective treatments for depression
available, fewer than half of those affected in the world and
in many countries fewer than 10%, receive such treatments.

Barriers to effective care identified by the WHO include
a lack of resources, lack of trained health care providers, and

social stigma associated with mental disorders [2]. Aside
from the personal toll of depression to the individual, a
number of studies have estimated the high financial burdens
to economies. The total economic cost of depression in
Europe in 2010 was estimated at 92 billion Euros [3]. The
cost in lost productivity of workers with depression in the
United States in 2002 was estimated at 44 billion dollars
[4].

Depression is generally diagnosed via self or clinician
assisted questionnaires [5] resulting in diagnoses that are
not always consistent and reliable. A meta-analysis of 118
studies [6] showed that general practitioners correctly diag-
nosed depression in only 47.3% of cases where depression
was known to be present and recorded depression in their
notes in 33.6%.

Depression has specific effects on certain areas of the
brain that can be observed through problems with speech
production, how things are said rather than what is said [1]
and a range of visual indicators such as differences in facial
expression, eye gaze, demeanor and gestures [7], [8]. Given
these are the result of problems in the brain, as opposed to
learned behaviors, it is likely that many of them could be
shown to be universal indicators of depression rather than
culturally specific.

It is clear that the identification of universal cross-
cultural indicators of depression would assist with both
early diagnosis and overcoming the stigma associated with
depression, especially in countries with extremely low rates
of diagnosis. More accurate and earlier diagnosis together
with the use of known effective treatments would provide
the opportunity to decrease the burden of disease both
individually and economically [9]. The term cross-cultural
includes language(s) spoken, and is the aspect of cross-
cultural detection of depression we consider here, in line
with previous work in this area [10].

Many studies have shown that changes in emotional
states are reflected in changes in the physiological signals
of the autonomic nervous system (ANS) [11], [12]. Music
judged to be calming, neutral or exciting has been shown to
have significantly different effects on galvanic skin response
(GSR) but not heart rate [13]. Scales of arousal, valence and
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liking in participant’s responses to music videos have been
predicted at significantly better than chance levels using an
electroencephalogram (EEG) and other peripheral physio-
logical signals [14]. A high accuracy has been achieved
with a neural network trained to predict emotions using
physiological signals recorded while participants watched
videos and rated their emotional response into one of four
categories [15]. Our previous work has demonstrated that
physiological signals can be used to reliably predict observer
stress when exposed to videos of known stressfulness as
validated by user surveys.

The aim of our current research is to examine physi-
ological signals using neural networks (NNs) to determine
whether observers are responding to universal cross-cultural
indicators of depression when watching videos of people
with varying levels of depression and non-depressed controls
speaking in a language the observers do not understand.

NNs are powerful models that have achieved excellent
performance on a range of learning tasks, but with limited,
skewed and noisy training data they can be difficult to
train and suffer from significant overfitting [16], [17]. We
developed a technique to approximate optimal oversampling
class ratios to help overcome these problems.

2. Experiment Design

2.1. Subjects

Ethics approval to perform the experiment was received
from our University’s Human Research Ethics Committee.

Ten Masters students were recruited for the experiment,
five males and five females. The total being a normal size for
publication as a preliminary trial in medicine [18], [19]. The
participant cohort was from a range of disciplines across the
University, with none from Psychology, Behavioral Science,
Medicine or any disciplines likely to be conducive to the
recognition of depression status. Five subjects (three male,
two female) indicated some level of prior experience coping
with depressed people. Their age was 27.5 years on average,
with standard deviation 8.3.

2.2. Dataset

We used the AVEC 2014 dataset [20], it consists of
videos in Development, Training, and Test partitions. The
labels for depression status are from the Beck Depression
Inventory-II [21]. We used only videos from the Freeform
category, in the Test set.

We chose 29 of the shortest videos, of lengths 0.5
minutes or longer. This selection was done to maximize the
number of videos shown while keeping the total experiment
length to under one hour, as we have difficulty in recruiting
subjects for longer experiments. Ten subjects responding to
29 videos equates to 290 total responses.

There are standard ’broad ranges’ in the Beck Depres-
sion Index-II [21] which map the depression scores into
categories:

• 0-13: indicates no or minimal depression.
• 14-19: indicates mild depression.
• 20-28: indicates moderate depression.
• 29-63: indicates severe depression.

Our videos were selected as described above, from the
perspective of human experiment practicality. The 29 videos
can be categorized into the four broad ranges with 14, 6, 5,
and 4 videos respectively in the ranges from no or minimal
to severe.

2.3. Measures and Sensors

2.3.1. Galvanic Skin Response (GSR). Skin conductance,
also known as electro-dermal response or psycho-galvanic
reflex, measures the electrical conductance of an individual’s
skin, which varies due to the amount of sweat on the
skin. When the individual is under stress, skin conductance
will increase; conversely, the skin conductance will reduce
when the individual encounters less stress [22]. We used the
Neulog GSR Logger Sensor [23].

2.3.2. Heart Rate Variability. Heart rate variability (HRV)
is the variation in the interval between heartbeats. Measures
used to determine HRV include Electrocardiogram (ECG)
and blood pressure, but ECG is considered superior as it
excludes unnecessary heartbeats and displays a clear wave-
form. We used the Neulog ECG Logger Sensor [24]. The
sampling rate of the ECG was 10Hz which is the maximum
able to be reliably stored by the device.

2.4. Conduct of the Experiment

Subjects filled in a pre-experiment questionnaire to col-
lect their demographic characteristics, ability to speak Ger-
man (none), and experience with coping with depressed
people.

Subjects then watched the 29 short videos and were
prompted to select a depression classification at the end of
each video, during a five second gap before the next video.
The videos were presented in an order balanced way to
avoid effects of presentation ordering. Thus, the positioning
of each video, near the beginning / middle / end of the
experiment, was different for each subject.

3. Neural Network Classification Techniques

The physiological signals recorded while subjects
watched the videos were split into segments of length five
seconds with an overlap of half a segment. This resulted in
550 segments in total per person across the 29 videos.

The videos were split into test and training sets using
10-fold cross validation. This resulted in nine folds with
three videos in the test set and one fold with two longer
videos. The test sets were further split into one video for
a validation set and two or one (for the final fold) for the
test set. The validation and final test sets were rebalanced
slightly so they had similar proportions of video segments
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from each class. The dataset was split by videos for cross
validation purposes rather than by subjects because it is a
more useful diagnostic tool to have a system that can use the
physiological signals of one or more observers to diagnose
the depression level of an individual in a previously unseen
video than to predict the depression levels of a set of videos
of people with known pre-labelled depression levels using
a new observer.

GSR and HRV are well known to be noisy measures and
sensitive to influences external to experiments such as the
subject’s current emotional state and stress levels [11], [15].
Since it was not possible to test the subjects on multiple
occasions to account for fluctuations in mood and stress
level the resulting data set was small and noisy. As described
in section 2.2, the dataset was also highly imbalanced with
many more videos in the no or minimal depression cate-
gory. All these properties of the dataset make it similar to
real world situations e.g. a doctor attempting to diagnose
a patient in one session, but also presented considerable
challenges for using neural networks for classification.

Previous studies have shown that in small unbalanced
datasets where the minority class is much smaller than the
majority class the naturally occurring class distribution is
often not the optimum one for producing the best training
results and tends to result in an unacceptably high error rate
on the minority class [25], [26]. Accuracy was improved
by up to 40% when the optimal class sizes were used
over the naturally occurring ones for training with smaller,
unbalanced datasets. Having a high error rate on the minority
class is a particularly undesirable effect in diagnosis of
depression and other illnesses as the goal is for accuracy
in diagnosing the illness. The problems created by small
unbalanced datasets are significantly compounded in the
domain of detection of depression and other illnesses via
videos of patients. This is because datasets are generally at
least an order of magnitude smaller than the smallest dataset
used in [26] due to privacy constraints. The problems are
further compounded because of the noise present in the data.
It has also been shown that the optimum class sizes to train
the best classifier vary significantly with the dataset and are
not necessarily related to the true class sizes [26].

Oversampling of minority classes has been shown to
be a particularly effective technique for improving accuracy
when learning from small complex datasets [27]. However,
the ratio of the minority class sizes to the majority class
size is generally either set to be 1:1, set at an arbitrary
ratio or set heuristically using the results on the validation
set [25], [26], [27], [28]. Options one and two do not
achieve the precision needed for small, complex datasets
and option three would result in overfitting the validation
set. Additionally, each fold will have markedly different
relative class sizes in a small dataset. For these reasons,
it is important that the relative class sizes produced through
overfitting be dynamically adjusted in response to training
on each individual fold and not adjusted based on the results
on the validation set or using an arbitrary policy.

Good estimates of relative class sizes are available for
rates of depression and most other diseases [29], [30]. Thus,

it is reasonable to use the known depression class sizes, in
training, as a heuristic measure of the optimality of each
set of oversampling class ratios. In our work we adjusted
the class ratios dynamically throughout training in order to
train the classifier to predict the classes in approximately the
known ratios. Obviously training the classifier to predict the
depression classes in approximately the correct ratios results
in an increase in the chance value calculated under a policy
where depression classes are predicted randomly in these
ratios. This is because the most frequently occurring class
is predicted more often. For this reason a recalculation of
chance for each test is included in the results section.

The noise in the data and bias towards class one was
also overcome using neural network ensemble methods and
by averaging the final probability output over each segment
for each video [31], [32]. We ran the entire ensemble
five times and took the average to ensure consistency of
results. We averaged the probabilities over segments per
subject per video to overcome any classification errors made
because of slight fluctuations between segments in the same
video for the same person due to external influences. The
final reported accuracy was found by taking the average
probability of each class taken over all segments for all
subjects for each video. The average of the probabilities for
all video segments for all subjects for each video was used to
overcome any larger external influences that may have had
an effect on one person but not the others. This final average
was also used because the errors made by classifiers trained
on individuals tended to be fairly uncorrelated (classifiers
trained on different subjects had different sets of classes that
they were able to distinguish between accurately). Thus, a
simple majority vote ensemble method was an effective way
to make sure that the overall result was more accurate than
most of the individual results [32].

3.1. Model Description

The model design consisted of an ensemble method of
feed forward neural networks. Three initial networks were
trained five times to predict depression classes with each of
the ECG, GSR and combined inputs individually. The final
network used the 15 sets of class probabilities from the first
networks (three different networks trained five times each)
as input to learn a final class probability output five times.
Figure 1. Both neural networks had one tanh hidden layer
of size 100 and a softmax output layer 1. They were trained
with gradient descent using backpropagation with the Binary
Cross Entropy loss function. The loss function also included
large Lasso regularizers to reduce overfitting:

Cost = tlog (y + 1e− 10) + 1 (sum (abs (w1)))

+ 1 (sum (abs (w2))) (1)

To achieve dynamic oversampling that could be adjusted
during training a pool, that was twice the size of the majority
class, was created using the original and synthetic data
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Figure 1. The full neural network ensemble model

for each class. The synthetic data was created by adding
Gaussian noise with mean 0 and standard deviation 0.05 to
the normalised original data in the minority classes. Adding
noise to synthetic data has been shown to make classifiers
more robust to noisy test data when trained [33]. The starting
dataset size for each class was estimated by training each
fold for 500 epochs for various class sizes and adjusting
the class sizes, up for under representation or down for the
reverse case, until the final prediction rates were within 15%
of the known class sizes. The resulting class sizes were then
averaged across all folds. The networks were trained on the
starting class sizes for 500 epochs, which was observed via
experimentation to be the point where the prediction rates
had mostly settled. The class sizes were then adjusted every
50 epochs as follows:

sizes = sizes+ (AS − PR) ∗ SC

Sizes is an array of the class sizes as a proportion of class
one. AS is the actual class sizes as a proportion of class
one, PR is the rate at which each class was predicted in the
most recent 50 epochs as a proportion of class one and SC
is the rate of change. SC started at 0.1 and reduced by 2%
every 50 epochs to prevent sizes from oscillating at the end
of training. It was discovered through experimentation that
this starting figure was high enough to allow the relative
class sizes to quickly adjust to values that were close to
optimal as determined by the known class size heuristic,
but not so large as to cause large oscillations in prediction
rates at the beginning of training.

For each subject the networks were trained for 1,500
epochs in total, with the final 400 epochs of training being
fine tuning on only that subject. The relative class sizes were
still adjusted every 50 epochs during fine tuning, but based
only on that subject’s predictions. Validation and testing
was done based only on the physiological responses of the
subject the classifier was fine tuned on. This can be thought
of as pre-training on a related dataset and fine tuning on the
actual dataset to be used for classification, as although the
data from each subject is in the same format, their individual
physiological reactions to the videos are quite different. This

is especially pronounced in differences between males and
females. When one network was trained for all subjects
combined with no fine tuning the final classifier had too
many higher depression class predictions for males and the
reverse for females. Since all the input data was normalized
within subjects this seems to show the males generally had a
stronger physiological reaction based on their emotion/stress
response to observing more depressed people.

4. Automated Processing of AVEC Videos for

Class Prediction

For comparison with fully automated video classification
methods we trained a traditional video processing algorithm
to classify the videos directly, ignoring the human sensor
data. Modern deep learning approaches require very large
datasets to learn millions of parameters over the many layers
needed to capture features directly from the pixels in videos,
so are often not useful in the domain of medical diagnosis
via videos of patients when datasets are very small. For this
reason a more traditional method with pre-defined features
was used following the method in [34].

For this experiment, we trained the model on videos
from both the Train and Development sets and tested on
the selected 29 video clips from the Test set. This was
judged to be a fair way to proceed for a comparison with
human performance, as our subjects had all had many years’
experience observing fellow humans.

5. Results

5.1. Survey Results

Our observers were not good at classifying the videos
by the depression status of the subject in the video. The
overall average accuracy was 31.4%, which is just over the
prima-facie chance level of 25%. Chance is expected to be
25% in this case as it is unlikely that the subjects had much
awareness of the imbalance in the dataset. We note that
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TABLE 1. FINAL ACCURACY RESULTS SUMMED PER VIDEO PER PERSON

Person 1 2 3 4 5 6 7 8 9 10

Accuracy 0.421 0.263 0.316 0.316 0.526 0.368 0.421 0.421 0.368 0.316

TABLE 2. FINAL ACCURACY PER CLASS

Class 1 2 3 4

Predictions 10 1 4 4

Accuracy 0.70 0 0.667 1.0

Figure 2. Successful predictions by men (blue, solid curve) vs. women.

the class distribution of 16 in the lowest category and 15
in the higher categories (6, 5, 4 in increasing severity of
category), is a distribution which we would have expected
to be better for our subjects as it would be more like their
normal experience of interacting with fewer people with
depression. Our subjects could have achieved a 48% score
by simply choosing the lowest category for all cases. Our
subjects consistently scored low, ranging from 24 to 38%.

We can see from Figure 2 that the (sorted by score)
results for the five men and five women are not very
different. Two men scored better than two women and vice
versa. The mean correct is 9.2 for men, 9.0 for women. This
difference is not statistically significant.

5.2. Neural Network Classification Based on Phys-

iological Signals

The final accuracy for the sum of all subjects and
segments for each video combined was 57.9% over the four
classes. This is almost double chance, which is calculated
at 32.5%. Chance is not 25% because we have deliberately
trained the classifier to predict classes at a rate roughly in
line with the known class ratios. This makes the calculation
of chance under random assignment:

(14/29)
2
+ (6/29)

2
+ (5/29)

2
+ (4/29)

2

as each class is picked based on its percentage in the
dataset, then has that same percentage chance of being
correct if it was assigned randomly. The prediction rates
and accuracy rates for each class for the final prediction are
shown in table 2

The final accuracy result is significantly better than the
test subjects’ conscious predictions, which was 31.4% over

four classes. The accuracy rates on classes three and four
are also a great deal higher than doctors’ diagnosing patients
at an accuracy of 47.3% on the general class of depression
as discussed in section 1.

The high accuracy rates on classes three and four shows
that the combination of dynamic adjustment of oversampling
class ratios with the known class ratios as a heuristic for
optimality of a given prediction ratio has had the desired
effect of increasing accuracy on the more diagnostically
useful minority classes. It has also kept the accuracy rate
of the majority class well above chance. The accuracy rate
of 0 for class two is concerning however, and is discussed
in detail in section 5.3.

There was a large range in the accuracy from using
different subject’s physiological signals to classify the de-
pression levels of the people in the videos they were watch-
ing. The results for each subject are in table 1 and range
from roughly chance to significantly higher. As anticipated,
the overall result was higher than each of the individual
results presumably because it smooths out inconsistencies
in the individual data. It is not surprising that individual
results vary so much, especially considering the subjects
were tested in only one session. The individual results would
be affected by any external stress or emotion the subjects
were feeling during testing. It is likely that some individuals
have a stronger physiological response to seeing signs of
depression, but more data incorporating testing over various
sessions at various times would be needed to confirm that.

5.3. Analysis of Classification Errors

The types of mistakes the system made are of particular
interest. Table 3 shows all mistakes the final classification
algorithm made with the true class, predicted class and
underlying raw depression scores. The final classification
results misclassified all class two videos. Class two is the
narrowest class in terms of raw depression score values,
having only six possible values, compared to the next nar-
rowest class which has half again at nine values and the
widest class which has 35 raw values. In the final results,
the videos with labels of class two and raw scores less than
the middle value of the class were all classified as class
one, whereas those with raw scores above the middle value
were classified as class three or four. The probability of
this happening by chance under random assignment is only
1.11%. This accounted for four out of the eight misclassifi-
cations in the final test sets. Only one video was incorrectly
classified as class two, but because of the dynamic class size
adjustments making sure all the neural network classifiers
had approximately the correct ratio of class two predictions
in the raw video segment classifications this added to the
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TABLE 3. CLASSIFICATION ERRORS

True Class 3 1 1 3 2 1 1 1 2 3 1 1 1 1 2 1 4 4 2

Predicted Class 3 3 2 3 3 1 1 1 1 1 1 1 1 1 1 4 4 4 4

Depression score 21 0 2 25 19 12 0 3 15 25 7 5 10 3 15 0 33 30 17

TABLE 4. COMPARISON OF CLASS PROBABILITIES OUTPUT BY THE

FIRST AND FINAL NEURAL NETWORKS. THE PROBABILITIES OUTPUT BY

THE FIRST NETWORK AND THE FINAL NETWORK FOR THE FIRST 4
SEGMENTS OF A VIDEO WITH TRUE CLASS 4 AND ANOTHER WITH TRUE

CLASS 1 ARE SHOWN.

Class 1 2 3 4
True class 4 0.296 0.300 0.130 0.274

first NN 0.294 0.242 0.0940 0.370
0.310 0.269 0.115 0.306
0.311 0.284 0.115 0.290

True class 4 0.223 0.330 0.029 0.419
final NN 0.206 0.344 0.023 0.426

0.210 0.343 0.026 0.421
0.237 0.348 0.033 0.381

True class 1 0.361 0.355 0.126 0.158
first NN 0.386 0.333 0.137 0.144

0.391 0.320 0.142 0.147
0.352 0.300 0.140 0.208

True class 1 0.362 0.347 0.111 0.181
final NN 0.379 0.338 0.112 0.171

0.377 0.339 0.112 0.172
0.357 0.357 0.110 0.176

noise in the final predictions and could have resulted in other
misclassifications as shown in table 4.

It should also be noted that out of the four classification
errors that were not from class two, three of them were in
the eight shortest videos out of the 19 in the final test set.
This may mean that the observers need a longer period of
time to fully react to the videos.

We also measured the out-by-one accuracy rates, where
the system predicted the wrong class, but the true class was
only one higher or lower than the prediction. The final out
by one accuracy rate for all subjects combined was 84.2%
with chance being 64.3% The final number of errors where
the prediction was more than one class different to the actual
class was only 3 out of 19 videos.

It is also interesting to compare the outputs from the
initial NNs with the final combined NN. Despite the predic-
tions being reasonably close to the desired class ratios the
raw probability figures for each class output by the initial
NNs still showed a strong skew towards class one, with
the probability figures generally being very similar for class
one and the actual class when the actual class was class
three or four. This was overcome with the final NN, with
the network strongly preferring the minority classes in cases
where their probabilities were similar to those of class one
after the initial NNs. An example of this is shown in table
4. This table also shows that the networks are not able to
predict class two at all, the predictions for this class are just
adding noise to the final classifications and that this is not
helped by the second NN. The final probabilities for class
two are almost identical when the true class is one or four.

5.4. Comparison with Video Processing Algorithm

TABLE 5. VIDEO PROCESSING ALGORITHM ACCURACY PER CLASS

Class 1 2 3 4

Accuracy 0.714 0.167 0.60 0.50

The final accuracy result obtained with the video pro-
cessing algorithm is 55.2%. Again this is significantly better
than the human prediction by our subjects, and the chance
value which is 33.3%.

The per class breakdown of the results obtained using
the video processing algorithm are similar to our results
based on the physiological signals. The algorithm is most
correct on class one, with 71.4% correct, and also classifies
classes three and four well, but is particularly bad at class
two where it is only 16.7% correct. The results for each
class are in table 5.

5.5. Experiments with Class Two Removed

Because of the above results showing the difficulty in
classifying class two using both neural networks trained on
physiological signals and automated video analysis, and the
narrowness of class two compared to the other classes, we
reran all the neural network algorithms using only three
classes. Class two was absorbed by classes one and three
depending which class their raw figures were closest to. The
final accuracy with class two redistributed was 78.9% over
the three classes. Chance for the three class classification
problem was 43.7%.

The accuracy results for each subject over the three
classes are shown in table 6. Again there is a large range
in accuracies, but this time all but two subjects are above
chance. In this case the two subjects whose results were
just at chance level also showed no significant differences
between the results for four classes and those for three
classes. It can be concluded from this that they are either
not able to pick up on universal cross-cultural depression
indicators at all, or that they had other external influences
that were affecting their stress or emotion levels during
testing and there was too much noise in their readings.

The out-by-one accuracy rate for the three class scenario
was 100%. No videos were misclassified by more than one
class. Obviously this is less meaningful than in the four class
scenario, as there are only two possibilities out of the nine
combinations of true class and predicted class where the
prediction could be out by more than one. However, the out
by one accuracy of 100% is still significantly higher than
our calculation of chance in this case which is 83.8%.
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TABLE 6. FINAL ACCURACY RESULTS WITH CLASS TWO REMOVED SUMMED PER VIDEO PER PERSON

Person 1 2 3 4 5 6 7 8 9 10

Accuracy 0.474 0.526 0.526 0.526 0.842 0.579 0.421 0.579 0.421 0.632

5.6. Comparison of Results

TABLE 7. COMPARISON OF RESULTS.

4 Class Video 3 Class

Processing

Accuracy 0.579 0.552 0.789

Chance 0.325 0.333 0.437

Reduction in 0.376 0.328 0.625

Error Rate

Table 7 shows the results from the four class and three
class classification based on physiological signals and the
classification performed by the video processing algorithm.
We have calculated the reduction in error rate, being the
difference between the error rate produced by chance and
the error rate produced by the algorithm as a proportion
of the error rate produced by chance for each result. For
example for the four class results based on the physiological
signals the calculation would be:

0.579− 0.325

1− 0.325
= 0.376

This allows us to compare the three different results
with three different initial chance values. This shows that
the percentage reduction in error rate over chance is much
more significant for the three class scenario than the other
two results. This was in line with our expectations given the
analysis of the errors the algorithm was making in the four
class results.

6. Conclusion

In the domain of detection of depression and other
illnesses via videos of patients, datasets are generally ex-
tremely small due to privacy constraints. This makes the use
of many traditional machine learning techniques problem-
atic. The method presented in this paper combines human
beings with the benefit of their many years of observation of
human behaviors with machine learning methods to interpret
each subject’s basic physiological signals as reactions to
their observations with significantly more accuracy than the
subjects themselves could.

We have overcome the difficulties of training a neural
network on a small noisy dataset with a large class imbal-
ance in a novel way. We adjusted the oversampling class
ratios both prior to and dynamically throughout training
using known depression class sizes as a heuristic for optimal
performance. This has been shown to be an effective way to
train a neural network to fit a small, noisy and imbalanced
dataset that is highly sensitive to relative class sizes. The

techniques used added to the problem of overfitting which
resulted in a large difference between the training accuracy
and the final testing accuracy. However, due to the use of
10-fold cross validation allowing 19 videos to be used in the
final test set without being used in the training or validation
sets combined with the fact that the final test accuracies
for some subjects were close to chance while others were
significantly above chance, with none being significantly
below chance, it is unlikely that the final test results are
due to overfitting.

We have demonstrated the potential for depression sever-
ity to be predicted to significantly greater than chance
levels by using neural networks to analyze the physiological
responses of certain untrained observers watching videos
of people with various levels of depression speaking in
a language they do not understand. The results show the
importance of more research in two areas 1) the existence
of cross-cultural universal indicators of depression that are
unaffected by language and cultural barriers, and 2) the
possibility that there are some people with innate depres-
sion recognition capability whose automatic physiological
reactions to observing universal depression indicators are
pronounced enough that we can use them to classify depres-
sion levels to a significant level of accuracy even when the
observers have no ability to consciously classify depression
levels. Relating this work back to previous studies showing
that physiological signals can be used to predict a subject’s
stress levels or emotional response to stimuli it seems clear
that some of the observers are feeling a level of either stress
or empathy in response to the body language and how the
person being observed is speaking, with these levels directly
related to the severity of the depression of the person being
observed. A limitation of our work is that we cannot separate
potential comorbidity with anxiety, so we may have found
cross-cultural depression and anxiety indicators. This is a
task for our future work. We note that all video processing
algorithms would also suffer from the same issue for the
entire AVEC competition.

The final accuracy figure result using the physiological
signals of observers to predict depression levels over four
classes was similar to but slightly higher than the result
from the video processing algorithm trained on the entire
AVEC dataset. The breakdown of accuracy levels for each
class was also surprisingly similar. This seems to show
that the subjects and the video processing algorithm are
responding to similar information in the videos, which again
makes it extremely unlikely the results are due to chance or
noise in the dataset despite the small number of subjects.
It appears that in this case the subject’s innate response to
universal cross-cultural indicators of depression was more
effective at diagnosing depression than the specific training
in classifying videos in the same language and style as
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the test set which was utilised in the video processing
algorithm. This is because the video processing algorithm is
analyzing the primary data source, being the original videos,
and the algorithm trained on the physiological signals is
analyzing noisy secondary data. Thus the fact that the two
very different methods produced such similar results is a
strong indication that the use of cross-cultural depression
indicators has the potential to be a useful tool in diagnosing
depression, both for human in the loop algorithms and video
processing algorithms.
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