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Abstract

Fluorescence optical imaging technique (FOI) is a well-established and valid method for
visualization of changes in micro vascularization at different organ systems. As increased
vascularization is an early feature of joint inflammation, FOIl is a promising method to assess
arthritis of the hands. But usability of the method is limited to the assessors experience as
the measurement of FOI is semi-quantitative using an individual grading system such as the
fluorescence optical imaging activity score (FOIAS). The goal of the study was to automati-
cally and thus, objectively analyze the measured fluorescence intensity generated by FOI to
evaluate the amount of inflammation of each of the subject’s joints focusing on the distinc-
tion between normal joint status or arthritis in psoriatic arthritis patients compared to healthy
volunteers. Due to the heterogeneity of the pathophysiological perfusion of the hands, a
method to overcome the absoluteness of the data by extracting heatmaps out of the image
stacks is developed. To calculate a heatmap for one patient, firstly the time series for each
pixel is extracted, which is then represented by a feature value. Secondly, all feature values
are clustered. The calculated cluster values represent the relativity between the different
pixels and enable a comparison of multiple patients. As a metric to quantify the conspicu-
ousness of a joint a score is calculated based on the extracted cluster values. These steps
are repeated for a total number of three features. With this method a tendency towards a
classification into unaffected and inflamed joints can be achieved. However, further
research is necessary to transform the tendency into a robust classification model.
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Introduction

Musculoskeletal (msk) pain, especially joint pain, is a very common symptom potentially lead-
ing to chronic pain syndrome and impact of function if a proper treatment is not initiated.
Mechanical pain is the most common reason for joint complains, but pain can also be caused
by inflammation associated to immune mediated diseases. Different types of arthritis can be
identified, from which rheumatoid arthritis is the most frequent one, affecting approximately
1% of the adult European population [1]. The differentiation between the mechanical and
inflammatory cause for joint pain is of high importance to avoid structural damage of the
joints by choosing a specific treatment.

In clinical practice, arthritis is diagnosed by clinical examination of swollen and tender
joints by rheumatologists. Additionally, imaging techniques can be used to quantify the
amount of inflammation. Imaging methods such as ultrasound with power-doppler technique
are widely used in Europe but limited to the assessor’s experience, high inter-reader variability
and to its time consuming procedure when used for assessment of all joints of the msk-system.
MRI can be used as an alternative to ultrasound with a higher sensitivity and specificity, but
has limitations due to its accessibility and expensiveness. In early stages of arthritis, swelling
may not be evident whereas inflammation can be detected sensitively using imaging methods
of the joints (e.g. ultrasound or MRI). Fluorescence-optical imaging is an indocyanine green
(ICG) tailored method to visualize micro vascularization of the hands [2-4]. It might be of
high value for detection of early arthritis when clinical examination may not lead to a clear
diagnosis as it is well-tolerated by the patients and easily accessible for the physicians. By now,
FOIAS is assessed semi-quantitatively and depends on the reader’s experience in evaluation of
the film [2-4] although fluorescence intensities are measured quantitatively.

The aim of this work is to overcome the semi-quantitative assessment method and replace
it with an objective, reproduceable and quantitative assessment system for the FOI images.
Comparing the per se signal between subjects is not trivial, since patients have very heteroge-
neous perfusion of the hands. Therefore, defining threshold values describing the health status
of each joint, using the raw data, is impossible. The suggested method overcomes the absolute-
ness of the measured data by calculating heatmaps visualizing conspicuous pixels regarding
different feature values applied in a cohort of patients with psoriatic arthritis compared to
healthy volunteers.

Related work and comparison to the proposed method

Previously the value of fluorescence optical imaging (FOI) as a diagnostic tool to detect any
kind of joint inflammation e.g. synovitis was shown [5, 6]. Furthermore its specificity and sen-
sitivity in comparison to 1.5 T MRI [7], 3 T MRI [8], ultrasonography in grey scale and power
Doppler mode [6, 7] and clinical examination [6-8] were analysed and described in detail.
Additionally, there were attempts to automatically classify patients as well as single joints into
healthy and inflamed [9, 10]. In [9] the time series signal is extracted from the joint areas and
the health status distinguished by the time series. Even though Dziekan et al. achieved a dis-
tinction between affected and unaffected joints within one patient diagnosed with rheumatoid
arthritis, this approach shows a lack of comparability between patients. This incomparability is
caused by physiological variability and inter-individual differences of the characteristics of the
microvascularisation. In this work heatmaps based on three features extracted from the image
stack are generated to overcome this challenge. In [10] a principal component analyses (PCA)
over temporal subsequences of the image stack are performed. With this approach a promising
result was achieved to distinguish between “healthy or mild synovitis and moderate or severe
synovitis” [10, p.14]. However, a lack of distinction between unaffected and mild synovitis was
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observed. Nevertheless, there is a high medical need for distinguishing between not and mild
inflamed joins.

Patient group

All included patients were diagnosed with active psoriatic arthritis (PsA). Additionally, 12
healthy volunteers without any joint complains were recruited and are used as a control.

For 163 patients an assessment of clinical signs of PsA (swollen and tender joint count and
its evaluation by a rheumatologist) is available.

FOIAS was measured in 91 patients using grading according to ICG-distribution [2-4].
Increase of vascularization in the different ICG-distribution phases was rated by an experi-
enced central reader on a 0-3 scale. Here, a score of 0 represents no visible conspicuousness,
while score 3 indicates high visibility.

The 12 healthy volunteers were selected with regards to the following in- and exclusion cri-
teria: (a) missing musculoskeletal complaints on the hands, (b) missing diagnosis of joint dis-
eases, (¢) missing comorbidities with focus on diseases that go ahead with joint diseases, (d)
missing contraindications to use indocyanine green as colour agent for FOI examinations.
Due to these criteria, the 12 volunteers are not affected by PsA and can act as a control group.

For an unbiased investigation of the proposed method, no further subgroups are formed.
Data were analyzed in a blinded manner. Therefore, all additional parameters, which can influ-
ence the perfusion of the hands e.g. gender, age, weight, smoking habit, surrounding tempera-
ture etc. are not taken into account.

For performance of the analysis of the pseudonymized clinical and imaging data, patients /
volunteers were recruited from two prospective non-interventional studies (one with inclusion
of patients diagnosed with psoriasis or psoriatic arthritis and one with inclusion of healthy vol-
unteers without complaints in the joints of the hands). The study fulfilled Good Clinical Prac-
tice Guidelines and all patients / volunteers provided signed informed consent for inclusion in
the studies and agreed to the usage of their data for research purposes. All clinical procedures
were performed according to study protocol, which received ethical approval from the ethics
committee of the University Hospital Frankfurt a. Main, Germany. All patients / volunteers
were fully capable to give informed consent for participation in a study.

Data acquisition

The proband places her/his hands into a preformed template beneath the camera and inside
the Xiralite X4 machine. Then, a run to acquire the images is started. To reduce the influence
of the environment on the data, the room’s windows are covered and the lights are switched
off. After 10 s the prepared colour agent indocyanine green (ICG) is injected into one of the
proband’s arms with a dose of 0.1 8ICG/kgpody weight- The measurement takes six minutes in
which an image stack of 360 pictures is taken (one picture per second). The colour agent is the
fluorescent substance and thus essential for each measurement. Fig 1 visualizes the measured
data.

Method

All described methods were implemented using Python.

To calculate the score for each joint in the hands, two separate main processes have to be
carried out and combined to a final result. Firstly, heatmaps based on features extracted from
the image stack are generated. Secondly, the joints’ positions and sizes are determined. Finally,
the heatmaps are investigated and evaluated in the defined joint areas. However, this work
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Fig 1. Image stack (for visualization purposes). The red line visualizes the extraction of one pixel time series.

https://doi.org/10.1371/journal.pone.0274593.9001

mainly focuses on the heatmap calculation and final evaluation. Thus, the segmentation of the
joint areas is only described briefly.

Binary mask extraction

Since a binary mask is used in the segmentation as well as the heatmap calculation (section
Joint Segmentation and Generating the heatmaps based on the image stack), the mask extrac-
tion from the image stack is crucial for the final result. To calculate this mask a maximum
image is generated based on the 360 image time series. Each pixel of the maximum image cor-
responds to the highest value of the according pixel time series. After enhancing the contrast
of the maximum image, a bounding box around the two hands is defined and the “GrabCut”
algorithm [11] is used to get the binary mask. The bounding box is defined by the spiking pixel
values within the hand region. The different steps are visualized in Fig 2A-2C.

Using the method with the maximum image guarantees that the final mask includes possi-
ble movement artefacts. The tracking of the exact movement is lost, however the proposed
heatmap approach is robust against smaller movements.

Joint segmentation

Two methods are combined to determine the joints’ positions, since none of them performs
well on all joints. One algorithm is based on classic segmentation techniques combined with
anatomical hand proportions [12]. In this approach, based on the extracted binary mask (see
section Binary mask extraction), the fingers are detected and their length calculated. Since pre-
vious work have set the joints’ locations in proportion to their finger and the corresponding
finger length, the position can be estimated. This method works best for the Proximal (PIP)
and Distal (DIP) Interphalangeal joints.
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Fig 2. Steps of the binary mask extraction and result of the joint region calculation. (A) Extracted maximum image. (B)
Enhanced image with bounding box. (C) Final binary mask. (D) Final joint areas.

https://doi.org/10.1371/journal.pone.0274593.9002

In the second method the joints’ locations are calculated with the pretrained neural network
OpenPose [13]. With this approach all joint positions are calculated at once. However, only
the precision for the Metacarpophalangeal (MCP) and Interphalangeal (IP) joints increases in
comparison to the classical approach and therefore, are used for further analysis.

All joint regions are defined as circles. The radius is either defined over the smallest distance
between the defined joint location and the finger edge (IP, DIP, PIP) or the smallest distance
to the next joint location (MCP II-V). The radius of the joint MCP I is equal to the diameter of
the thumb (the result is visualized in Fig 2D).

Generating the heatmaps based on the image stack

The time series has a characteristic shape as described in [9]: a steep ascent, followed by a slow
descent after reaching the peak (compare Fig 3A). Even though Fig 3A visualizes the average
pixel value of one image at certain time points, each pixel within the signal region (hand
region) follows a similar shape.

In the proposed approach, the time series is extracted at each pixel (an example is shown in
Fig 3). Each time series is used to extract three features. Thus, each pixel is represented by
three independent values. All values of one feature are collected in one set of data. Therefore,
three independent sets of data are created, in which each value represents one pixel. The three
features are the amplitude Al = I,.x — Inin, the mean pixel value during the increasing time

o

I= Ta (a denoting the frame for I,,;,, and b the frame for I,,,,,) and the maximal gradient
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Fig 3. Smoothing and feature extraction of one representative pixel time series. (A) Gaussian filtering of the pixel time series. (B) Feature extraction of

the pixel time series.

https://doi.org/10.1371/journal.pone.0274593.9003

during the increasing time max{I;,; — I;} with i € {min <i < max —1} (compare Fig 3B). Since,
the data is discrete and thus the difference between the current and the next point is calculated.
The time point in which the calculated difference has the highest value is defined as maximal
gradient.

To create the heatmaps from the three data sets, k-means clustering is performed on each
of the data sets. Therefore, every pixel gets a cluster assigned, which is represented by a
colour. The corresponding pixels in the (still empty) heatmap is set to the assigned pixel
color. For k-means clustering the number of centroids has to be predefined. Since the best
number of centroids is unknown, k-means clustering is performed four times choosing k as 3,
5,7 and 9. Thus, for each of the three features 4 heatmaps are created (an example is shown in
Fig 4).

Additional steps to lower the noise in the heatmaps. In the process of generating the
heatmaps two additional steps are performed to decrease the noise in the heatmaps. Firstly, to
suppress any kind of interference with the background signal, the binary hand masks (see sec-
tion Binary mask extraction) are applied and the background is completely set to 0. Secondly,
after extracting the time series for one pixel, the data is smoothed by applying a Gaussian
filter (standard deviation ¢ = 1). Therefore, outliers have less impact on the outcome (compare
Fig 3A).

Heatmap interpretation

Fluorescence optical imaging visualizes the current distribution of the colour agent ICG. Joints
suffering from an inflammation show a higher perfusion [14] with new formation of vessels
especially in PsA. The assumption is that inflamed joints have a higher signal in comparison to
non-inflamed hand regions. Due to the higher perfusion into the joints the signal increases
faster than in non-inflamed hand regions.

The three features are chosen to represent these properties of the perfusion. The amplitude
and mean feature correspond to the amount of blood and the slope to the streaming speed.
Even though the amplitude and mean represent the same physical property, the mean feature
includes more of the time dependency of the data. Especially, fluctuations or a decline of the
slope is not affecting the amplitude value.
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Fig 4. Calculated heatmaps for the three features. The row specifies the feature and the column the amount of cluster used creating the heatmap. For
this example the slope feature (third row) emphasise the different health conditions of the joints. In the slope three cluster heatmap the right DIP II joint
is assigned to the same cluster as the left PIP III joint. The slope seven and slope nine cluster heatmap represent the actual inflammatory condition
better and show a clear distinction between right DIP I and left PIP III joints. For different examples each feature shows a different classification
power. (A) 3 cluster amplitude. (B) 5 cluster amplitude. (C) 7 cluster amplitude. (D) 9 cluster amplitude. (E) 3 cluster mean. (F) 5 cluster mean. (G) 7
cluster mean. (H) 9 cluster mean. (I) 3 cluster max slope. (J) 5 cluster max slope. (K) 7 cluster max slope. (L) 9 cluster max slope.

https://doi.org/10.1371/journal.pone.0274593.9004

Scoring the joints based on the heatmaps

In the final step the heatmaps are investigated and evaluated within the defined joint areas
(compare Fig 5). At first a value is assigned to each pixel within the joint area depending on its
color. The lowest cluster (blue) (compare any picture in Fig 4) is represented by 0, while the
highest cluster (red) is represented by the number of clusters minus one. All clusters in
between get the corresponding number assigned. For example in a seven cluster heatmap blue
pixels add 0 to the joint score, while red pixels add 6 to the joint score. To calculate the final
score S for one joint j, all assigned pixel values p are added and divided by the number of pixels
n and the number of clusters m.

Due to the new idea of evaluating the data, the calculated scores do not have an explanatory
power without setting them into context. However, due to the explanations in section Heat-
map interpretation the assumption is made that for all features the scores for unaffected
labelled joints are in general lower than for affected labelled joints.
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Fig 5. Example for combining the extracted joint (compare Fig 2D) areas with a heatmap (compare Fig 4K).

https://doi.org/10.1371/journal.pone.0274593.9005

Result

To evaluate the proposed method’s eligibility to detect affected joints the calculated scores are
connected to two different labels: the clinical label (swollen and tender joint assessed by clini-
cal examination) and the FOIAS (described in section Patient group). The two different labels
include three and four sub-categories.

o clinical label with the sub-categories: affected (swollen or tender), swollen or tender
« FOIAS with the sub-categories: affected (score higher 0), score = 1, score = 2 or score = 3

To visualize the statistical outcome of all sub-categories notched box plots are used. Each
sub-category contains 9 box plots, which form 3 groups of 3. Each group visualizes the calcu-
lated score distribution for one feature (amplitude, mean and slope). In each group the left
(red) box plot represents the scores for affected (PsA) and the box plot located in the middle
(blue) the unaffected labelled joints for patients with a confirmed PsA. The third box plot on
the right (purple) describes the distribution for healthy volunteers. Additionally, the mean
value for each box plot is added as a black dot.

However, the results for the different amounts of cluster are not integrated into this visuali-
zation. Therefore, each figure not only represents one sub-category but also the amount of
cluster (e.g. sub-category: swollen, cluster: 7). For clarity only the figures visualizing the results
for k = 7 are embbeded into the manuscript. The remaining graphs for all other clusters as well
as the mean and median values are visualized and summarized in S1-S6 Figs.

Finally, the predictive power of trained machine learning systems based on the three fea-
tures and labelled by the clinical label as well as the FOIAS are investigated.

Scoring results in comparison to the clinical labels

In section Patient group it is mentioned that for 163 patients with a confirmed PsA a clinical
assessment (swollen or tender joints) is available, which correspond to 163 - 28 = 4564 assessed
joints. 3824 joints were labelled as unaffected, 455 as tender and 285 as swollen. Furthermore,
the 12 healthy volunteers result in 336 healthy labelled joints.

PLOS ONE | https://doi.org/10.1371/journal.pone.0274593 September 27, 2022 8/15


https://doi.org/10.1371/journal.pone.0274593.g005
https://doi.org/10.1371/journal.pone.0274593

PLOS ONE An objective, automated and robust scoring using fluorescence optical imaging indicating early arthritis

@A)
08 1 —
0.6
2
S 04
B Healthy
02 B Unaffected S
B Affected
0.0 *  Mean . hE
Amplitude Mean Slope
Feature
(B) ©
08 T e 08 T —i
0.6 0.6
2 2
1) o
S 04 3 04
I Healthy [N Healthy 2
02 mmm Unaffected 02 mmm Unaffected E= il
I Tender [N Swollen
0.0 B ean . L. 00 NEERRiea . L.
Amplitude Mean Slope Amplitude Mean Slope
Feature Feature

Fig 6. Comparison between the calculated scores for unaffected and affected labelled joints based on clinical
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Comparison between tender and unaffected labelled joints (sub-category: tender, k = 7). (C) Comparison between
swollen and unaffected labelled joints (sub-category: swollen, k = 7).

https://doi.org/10.1371/journal.pone.0274593.g006

In Fig 6 the results for the different sub-categories of the clinical label are summarized. The
three graphs including the 9 box plots show all similar distributions of the calculated joint
scores. Even though there is a big overlap between the unaffected and affected (tender, swollen,
tender and swollen) distributions, a clear tendency towards a lower score in unaffected labelled
joints can be observed. This observation is supported by the median and average scores. For 33
out of 36 groups (four cluster, three feature, three label) the notches comparing the distribu-
tions of unaffected and affected labelled joints do not overlap (Fig 6 and section S2 Fig). This
suggests that the true medians of these distributions differ with a confidence of 95% [15]. The
scores for the healthy volunteers are in general lower than the affected and unaffected score
distributions.

However, for the tender labelled joints the notches of the healthy distribution overlaps with
the notches of the unaffected and affected distributions for the slope feature choosing k as 3, 7
or 9. Additionally, the healthy probands show an overall smaller scattering than the other two
distributions.

For the swollen labelled joints no overlap between the healyth distribution and the swollen
distribution among all clusters and features can be observed.

The three different sub-categories show different abilities to classify the joints. The distribu-
tion for tender joints (Fig 6B) shows the smallest and the swollen distribution (Fig 6C) the big-
gest difference between unaffected and affected joints. Since Fig 6A includes both, tender and
swollen joints, it represents the average distribution.
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Scoring results in comparison to the experts evaluation of the FOI images
performed by an experienced central reader using FOIAS [2-4]

For all calculations the maximal joint FOIAS score among all three phases is considered as the
label value.

In section Patient group it is mentioned that for 91 patients a FOIAS assessment is available,
which correspond to 91 - 28 = 2548 assessed joints. 2278 joints are labelled as unaffected, 102
as score = 1, 150 as score = 2 and 18 as score = 3. The healthy distribution is again formed
from the 12 healthy volunteers.

In Fig 7 the results for the different sub-categories of the FOIAS are summarized. The
graphs show, that with increasing FOIAS score the overlap between unaffected and affected
labelled joints decreases and thus, the distinction between unaffected and affected increases
(compare Fig 7-7D). The same tendency can be observed by comparing the medians and
means of the distributions. Furthermore, besides a slight overlap for the notches of the slope
feature in the score = 1 graph, no overlap between the affected and unaffected distribution can
be observed. This suggests that the true medians differ with a confidence of 95%. The score dis-
tributions for the healthy volunteers are in general lower than the other two distributions.
However, similar to the clinical assessment the notches of the unaffected and healthy distribu-
tions overlap for the slope feature. For some of the sub-category score = 1 the notches of the
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Fig 7. Comparison between the calculated scores for unaffected and affected labelled joints using FOIAS (k = 7).
(A) Comparison between affected and unaffected labelled joints (sub-category: affected, k = 7). (B) Comparison
between score = 1 and unaffected labelled joints (sub-category: score = 1, k = 7). (C) Comparison between score = 2
and unaffected labelled joints (sub-category: score = 2, k = 7). (D) Comparison between score = 3 and unaffected
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https://doi.org/10.1371/journal.pone.0274593.9007
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Fig 8. F1 score results of the trained and tested random forest classifier using scores calculated with k = 7 clusters. (A)
Results for the 500 runs using the clinical label as ground truth. (B) Results for the 500 runs using the FIOAS label as ground
truth.

https://doi.org/10.1371/journal.pone.0274593.9008

affected and healthy distribution overlap as well. Due to the small sample size of score = 3
labelled patients, in same cases the confidence interval of the median extends the third quartile,
which results in an unusual boxplot shape.

Fig 7A includes all joint scores with a FOIAS score higher than 0 and thus, represent the
overall possibility of the suggested method to distinguish between unaffected and affected.

Investigation of a trained machine learning system to predict the health
status of a joint based on the calculated features

In order to investigate the predictive power of the three scores calculated for each joint to pre-
dict the heath status a random forest [16] classifier for the k = 7 scores is trained. The perfor-
mance is independently investigated for the two different labelling methods (clinical labelling
and FOIAS labelling). Since, both cases suffer from class imbalance the sizes of the overrepre-
sented classes are cropped to the smallest class size. For the clinical label the class with the least
amount of examples contains 740 data points and for the FOIAS label 18 data points. For both
cases the data points of the overrepresented classes are picked randomly. Due to the cropping
many data points remain unused. Therefore, the classifier has been trained 500 times for each
labelling method.

Since for the clinical labelling a joint can be labelled as unaffected, swollen, tender or swol-
len and tender the classifier has been trained to distinguish only between unaffected or affected
scores. Thus, a binary classification problem has to be solved. The calculated F1 scores range
from around 40% to around 62% detection rate. The results are visualized in Fig 8A.

For the FOIAS labelling a 4 class (Score 0, 1, 2 or 3) classification problem has to be solved.
The calculated F1 scores range from 0% to 66% detection rate. The results are visualized in
Fig SB.

Discussion and conclusion

The calculated scores show the expected outcome. The scores for unaffected labelled joints are
in general lower than the scores for joints labelled as affected. Furthermore, the distributions
for tender joints show the smallest difference between unaffected and affected joints. This can
be explained with the lowest comparability between patients, since the sense of pain is highly
subjective. Additionally, the assumption is made that a swelling goes along with an
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inflammation in the affected joint, which would lead due to the increased perfusion to a higher
signal (compare section Heatmap interpretation). Since more joints are labelled as tender than
labelled as swollen the average distribution (compare Fig 6A) is closer to the tender distribu-
tion (compare Fig 6B) than the swollen distribution (compare Fig 6C). Furthermore, the distri-
butions for the FOIAS label shown in Fig 7 correspond to the expected outcome, since a
higher FOIAS score is equal to a higher visibility in the images for the investigated joint.

Across all labelling methods, the score calculations based on the slope feature seem to lead
to a higher overlap between unaffected and affected labelled joints. One explanation for the
overlap is that in theory the finger tips and fingers are firstly visible in the image stack [17].
Therefore, k-means clustering will classify these regions as conspicuous, regardless of the per-
fusion of any other patient. This affect of the relative data is most dominant in the slope fea-
ture, since the blood streaming is not homogeneously distributed over the hand region.
Furthermore, 64% of the joints are located within fingers, which emphasises the anatomical
bias.

Wider notches of some distributions in comparison to other distributions, which in a few
cases leads to an overlap of the notches, are caused by the smaller sample set.

Comparing the different numbers of clusters leads to the conclusion, that a higher number
does not necessarily lead to a clearer distinction between the unaffected and affected score dis-
tribution. However, comparing the box sizes of the 3 cluster and 9 cluster box plots suggest
that the variety within the distribution based on the 3 cluster heatmap is higher than the distri-
bution based on the 9 cluster heatmap. Thus, choosing k as 7 or 9 seems sufficient. The
observed results indicate, that the presented idea can overcome the high inter-patient variabil-
ity in the data, hence the majority follows the same tendency (compare Figs 6 and 7, S1-S6
Figs).

The approach to train a machine learning system based on the calculated feature scores
does not lead to a robust classifier. The fluctuating results can be explained by the combination
of overlapping scores and class imbalances as well as the features’ properties. Due to the crop-
ping and randomly picking of data points, the overlap of scores differs for each run, which
leads to fluctuating results. Additionally, the data shows that an affected joint can have a high
variety of score combinations along the different features. Therefore, an understanding of the
causes for the heterogeneity within the data, the impact of non-disease related factors on the
data and developing prepossessing steps to homogenise the data is crucial.

The comparison between unaffected and FOIAS score = 1 labelled joints is the most inter-
esting, since this work is embedded into a project with the goal of the early detection of arthri-
tis. Even though a high overlap between unaffected and affected labelled joints can be observed
in Fig 7B, it also shows a clear tendency towards a classification into missing or mild arthritis.
Therefore, the suggested objective, reproduceable and quantitative assessment system shows a
promising first result and motivates further analysis.

Future work

The presented method could lead to a sufficient diagnosis of arthritides such as PsA. However,
there are limitations planned to be addressed in a following study.

Non-disease related impact factors

To investigate the non-disease related impact factors and therefore, understanding the hetero-
geneity in more detail, a study among heathy volunteers is planned. The impact of factors like
hand temperature, BMI, alcohol consumption and many more are planned to be addressed.
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Normalization of the images on the used machine

In the proposed approach the features values of all pixels in the image are compared with one
another, regardless of their location within the image. However, the illumination of the Xiralite
device is not homogeneous and thus, the pixels are technically incommensurable. The centre
part of the image is in average brighter than the outer part. Therefore, taking a reference back-
ground image, capturing the light gradient in the device, and applying it to the raw images
leads to a commensurable data set.

Automated feature extraction

The heatmaps are calculated based on the extracted three time series features amplitude, mean
during the increasing time and maximal slope. Even though, these three features already
enabled to achieve a tendency for unaffected and affected scores, there could be features with a
stronger classification power. With enough data a machine learning approach could choose
better features and lead to better results.

Normalization of the images on the proband

With the heatmap approach a method to overcome the heterogeneity of the data and to
achieve an inter-proband comparability is suggested. However, only focussing on relative data
can lead to unexpected outcomes. For example a completely healthy person could get in aver-
age a medium high score due to fluctuation within the data, even though all joints should lead
to low scores. This phenomenon is already observable for the healthy probands. A process
combining the absolute data with the relative data could lead to much clearer results.

Definition of analysed joint areas

The conspicuous areas and the joint areas do not always match. Therefore, a method is needed
to evaluate the heatmaps at the correct areas.

Supporting information

S1 Fig. Comparison between the calculated scores for unaffected and affected labelled
joints based on clinical labelling (k = 3). (A) Comparison between affected and unaffected
labelled joints (sub-category: affected, k = 3). (B) Comparison between tender and unaffected
labelled joints (sub-category: tender, k = 3). (C) Comparison between swollen and unaffected
labelled joints (sub-category: swollen, k = 3).

(TIF)

S2 Fig. Comparison between the calculated scores for unaffected and affected labelled
joints based on clinical labelling (k = 5). (A) Comparison between affected and unaffected
labelled joints (sub-category: affected, k = 5). (B) Comparison between tender and unaffected
labelled joints (sub-category: tender, k = 5). (C) Comparison between swollen and unaffected
labelled joints (sub-category: swollen, k = 5).

(TTF)

$3 Fig. Comparison between the calculated scores for unaffected and affected labelled
joints based on clinical labelling (k = 9). (A) Comparison between affected and unaffected
labelled joints (sub-category: affected, k = 9). (B) Comparison between tender and unaffected
labelled joints (sub-category: tender, k = 9). (C) Comparison between swollen and unaffected
labelled joints (sub-category: swollen, k = 9).

(TTF)
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$4 Fig. Comparison between the calculated scores for unaffected and affected labelled
joints using FOIAS (k = 3). (A) Comparison between affected and unaffected labelled joints
(sub-category: affected, k = 3). (B) Comparison between score = 1 and unaffected labelled
joints (sub-category: score = 1, k = 3). (C) Comparison between score = 2 and unaffected
labelled joints (sub-category: score = 2, k = 3). (D) Comparison between score = 3 and unaf-
fected labelled joints (sub-category: score = 3, k = 3).

(TIF)

S5 Fig. Comparison between the calculated scores for unaffected and affected labelled
joints using FOIAS (k = 5). (A) Comparison between affected and unaffected labelled joints
(sub-category: affected, k = 5). (B) Comparison between score = 1 and unaffected labelled
joints (sub-category: score = 1, k = 5). (C) Comparison between score = 2 and unaffected
labelled joints (sub-category: score = 2, k = 5). (D) Comparison between score = 3 and unaf-
fected labelled joints (sub-category: score = 3, k = 5).

(TIF)

$6 Fig. Comparison between the calculated scores for unaffected and affected labelled
joints using FOIAS (k = 9). (A) Comparison between affected and unaffected labelled joints
(sub-category: affected, k = 9). (B) Comparison between score = 1 and unaffected labelled
joints (sub-category: score = 1, k = 9). (C) Comparison between score = 2 and unaffected
labelled joints (sub-category: score = 2, k = 9). (D) Comparison between score = 3 and unaf-
fected labelled joints (sub-category: score = 3,k =9).

(TIF)
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