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Abstract
Digital biomarkers such as wearables are of increasing inter-
est in monitoring rheumatic diseases, but they usually lack 
disease specificity. In this study, we apply convolutional neu-
ral networks (CNN) to real-world hand photographs in order 
to automatically detect, extract, and analyse dorsal finger 
fold lines as a correlate of proximal interphalangeal (PIP) joint 
swelling in patients with rheumatoid arthritis (RA). Hand 
photographs of RA patients were taken by a smartphone 
camera in a standardized manner. Overall, 190 PIP joints were 
categorized as either swollen or not swollen based on clinical 
judgement and ultrasound. Images were automatically pre-
processed by cropping PIP joints and extracting dorsal finger 
folds. Subsequently, metrical analysis of dorsal finger folds 
was performed, and a CNN was trained to classify the dorsal 
finger lines into swollen versus non-swollen joints. Represen-
tative horizontal finger folds were also quantified in a subset 
of patients before and after resolution of PIP swelling and in 
patients with disease flares. In swollen joints, the number of 

automatically extracted deep skinfold imprints was signifi-
cantly reduced compared to non-swollen joints (1.3, SD 0.8 
vs. 3.3, SD 0.49, p < 0.01). The joint diameter/deep skinfold 
length ratio was significantly higher in swollen (4.1, SD 1.4) 
versus non-swollen joints (2.1, SD 0.6, p < 0.01). The CNN 
model successfully differentiated swollen from non-swollen 
joints based on finger fold patterns with a validation accu-
racy of 0.84, a sensitivity of 88%, and a specificity of 75%. A 
heatmap of the original images obtained by an extraction 
algorithm confirmed finger folds as the region of interest for 
correct classification. After significant response to disease-
modifying antirheumatic drug ± corticosteroid therapy, lon-
gitudinal metrical analysis of eight representative deep fin-
ger folds showed a decrease in the mean diameter/finger 
fold length (finger fold index, FFI) from 3.03 (SD 0.68) to 2.08 
(SD 0.57). Conversely, the FFI increased in patients with dis-
ease flares. In conclusion, automated preprocessing and the 
application of CNN algorithms in combination with longitu-
dinal metrical analysis of dorsal finger fold patterns extracted 
from real-world hand photos might serve as a digital bio-
marker in RA. © 2022 The Author(s).
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Introduction

Biomarkers are defined as objectively measurable values 
to diagnose, monitor, or predict pathologic processes [1]. 
Ideally, biomarkers are easy to observe, cheap, and disease-
specific. To monitor disease activity in rheumatoid arthritis 
(RA), currently available biomarkers are limited to serum 
C-reactive protein and blood sedimentation rate [2]. Digital 
biomarkers are considered non-invasive and should be able 
to provide a continuous picture of a disease status. In rheu-
matology, digital biomarkers most commonly include in-
formation obtained from wearables or smartphones, such 
as data from gyroscopes, accelerometers, tab speed, or geo-
location [3]. Thermography (where temperature is record-
ed by a camera), in combination with artificial neural net-
works, has recently been used to differentiate between RA 
patients and healthy individuals, but so far has not been 
shown to monitor disease activity sufficiently [4]. The core 
problem of biomarkers for RA is the insufficient use of real-
world data and the low specificity of patient-reported out-
comes, respectively. Thus, there is a need for more specific 
and easier to collect data to measure inflammation.

Joint swelling due to underlying synovitis and effusion 
is a hallmark of arthritis and is only quantifiable clinically 
by ultrasound or magnetic resonance imaging. Clinical 
grading of joint swelling in RA does not improve the per-
formance of disease activity scores and is not recommended 
in practice [5, 6]. We postulated that hand joint swelling 
leads to an early and reversible change of dorsal finger fold 
patterns. Automated assessment of finger folds in RA and 
other forms of arthritis on hand photographs over time may 
be used as a supplement for existing biomarkers and clinical 
assessment, respectively. If captured by patients themselves, 
such a tool might empower patients and improve self-man-
agement strategies [7, 8]. In this proof-of-concept study, we 
investigated dorsal finger fold patterns of proximal inter-
phalangeal (PIP) joints in patients diagnosed with RA ac-
cording to the EULAR/ACR criteria [9].

Methods

Hand photographs of patients with RA were taken during con-
sultations by smartphone cameras in a standardized manner (sin-
gle hand on a white DIN A4 paper, no direct light, at a distance of 
25 cm) after obtaining informed consent. 190 PIP joints were cat-
egorized as either swollen or not swollen based on clinical judge-
ment and ultrasound. For preprocessing, PIP joints were cropped, 
and dorsal finger folds from PIP joints were identified and extract-
ed from the hand photographs by a subsequent pipeline algorithm 
consisting of open-source hand keypoint detection, contrast lim-
ited adaptive histogram equalization, and Canny edge detection 

[10] algorithms (Fig.  1a, b). A convolutional neural network 
(CNN) was trained to classify the resultant (cropped and prepro-
cessed images) into swollen versus non-swollen joints on an open 
access platform www.giotto.ai (Fig. 1d), after dividing the images 
into a training (80%, 152 images) and validation set (20%, 38 im-
ages). The network architecture we used is a resnet34 to which we 
postpended a fully connected layer with 1,000 input nodes and 2 
output nodes. We trained the model using stochastic gradient de-
scent with a constant learning rate of 0.001 for 40 epochs. We used 
a cross-entropy loss to optimize the parameters of the model.

Results

In swollen joints, the number of automatically extract-
ed double-contoured, deep skinfold imprints was signifi-
cantly reduced compared to non-swollen joints (1.3, SD 
0.8 vs. 3.3, SD 0.49, p < 0.01). The joint diameter/deep 
skinfold length ratio (=finger fold index, FFI) was signif-
icantly higher in swollen (4.1, SD 1.4) versus non-swollen 
joints (2.1 SD 0.6, p < 0.01) (Fig. 1c). Finger folds in swol-
len joints appeared less curved than in non-swollen joints.

Accordingly, the CNN model successfully differentiated 
swollen from non-swollen joints based on extracted finger 
fold patterns with a validation accuracy of 0.84, a sensitivity 
of 88%, and a specificity of 75% (Fig. 1d). The main reasons 
for misinterpreted images were hairy skin or oblique finger 
positioning. A heatmap of the original images obtained by 
an extraction algorithm confirmed finger folds as the region 
of interest for correct classification (Fig. 1e).

Next, we metrically compared 8 representative deep 
finger folds from different swollen PIP joints of four RA 
patients with significant clinical and ultrasound improve-
ment after disease modifying antirheumatic drug ± corti-
costeroid therapy in patients achieving a good DAS28 re-
sponse (−1.2, DAS28 ≤ 3.2) (Fig.  2). The mean FFl de-
creased from 3.03 (SD 0.68) before therapy to 2.08 (SD 
0.57) after therapy. Curving reappeared in some skin folds 
after therapy. Conversely, the finger fold index increased 
in patients with disease flares and increased joint swelling.

Discussion

Here we provide a proof-of-concept to use automated 
dorsal finger fold recognition via standard smartphone cam-
eras as a potential real-world digital biomarker for joint swell-
ing in RA. Both the CNN model and specific metrical analy-
ses were able to differentiate swollen from non-swollen joints. 
Furthermore, the metrical analysis demonstrated a clear 
change in the joint diameter/finger line ratio after successful 
therapy and resolution of inflammation. To our knowledge, 
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this is the first application of CNNs to real-world images in 
the setting of RA or osteoarthritis, whilst in previous studies, 
CNNs were applied to radiographs and ultrasound images 
[11, 12]. Such a patient-controlled biomarker could comple-
ment patient reported outcomes and wearables and thus em-
power patients in monitoring their disease. How such a digi-
tal biomarker will finally be deployed in rheumatic patient 
care needs to be clarified. A shifting point of care towards 
interoperable, patient-led digital platforms could be one pos-
sible scenario. Potentially, flare detection by finger fold pat-
terns in combination with patient-reported outcomes will 
further increase the accuracy of flare detection (and predic-
tion) and thus lead to earlier clinical visits. On the other side, 
fewer C-reactive protein measurements or ultrasound exams 
during the patient journey might be required and costs could 
be saved. Future algorithms could potentially combine CNN 
classification tasks and longitudinal observations of finger 
line metrics in order to monitor arthritis and predict disease 
flares. In return, treat-to-target strategies or drug holidays 
could be monitored more closely both by the patient and the 
rheumatologist and necessary decisions might be taken ear-

lier. The pilot study here has a focus on PIP joints in RA but 
also could be used for distal interphalangeal joints in hand 
osteoarthritis. Our model also captures metacarpal phalan-
geal joint swelling via longitudinal reliefs of extensor tendons 
(data not shown).

Clearly, to validate this digital biomarker, it needs to be 
correlated with disease activity scores such as DAS28-CRP 
in a larger, prospective study. In the literature, clinical 
exam for the detection of synovitis has a sensitivity of 43% 
and a specificity of 89% [13]. In this study, the sensitivity 
for the detection of joint swelling by finger fold patterns is 
substantially higher at 88%, with a slightly lower specific-
ity of 75%. Given the limited sensitivity of clinical detec-
tion and quantification of joint swelling, automated finger 
fold analysis could be an adjunct to clinical examination 
and improve inter-clinician assessment, respectively.

We observed a high variability of finger fold patterns 
due to age, and there is a possible intraindividual circa-
dian variation. Variation in background lighting, the in-
fluence of skin pigmentation, hydration status, and the use 
of lotions and cremes on extracted hand folds need to be 

Fig. 1. Automated finger fold recognition to monitor RA. Hand photographs are taken by a smartphone in a 
standardized manner (a). Hands, and subsequently PIP joints, are automatically recognized and extracted. Finger 
fold lines are isolated from the images, measured and related to the joint diameter (b, c). A convolutional deep 
neural network was used to train a model for classification of extracted finger fold patterns into swollen versus 
non swollen joints (d) A heatmap of the cropped PIP joints confirmed finger folds as the region of interest for 
correct classification (e).

D
ow

nloaded from
 http://karger.com

/dib/article-pdf/6/2/31/3713839/000525061.pdf by BC
U

 Lausanne user on 31 July 2023



Hügle/Caratsch/Caorsi/Maglione/Dan/
Dumusc/Blanchard/Kalweit/Kalweit

Digit Biomark 2022;6:31–3534
DOI: 10.1159/000525061

clarified in further studies. In any case, education via the 
user interface (app) itself, the rheumatologist or health 
care professionals will be necessary to ensure a sufficient 
quality of captured images. Whether the user interface will 
be used as a standalone application, remote patient moni-

toring tool, or in combination with a digital therapeutic, 
needs to be clarified. In any case, an optimal user experi-
ence and interaction with the treating rheumatologist as 
well as interoperability, e.g., with electronical records, will 
be required for a successful integration into standard care.

Fig. 2. Longitudinal metrical analysis of horizontal finger folds. a Representative images of finger fold patterns 
before and after treatment or arthritis flares. (b) The joint diameter/finger fold length ratio reduced in a panel of 
patients after successful treatment with disease modifying antirheumatic drugs and/or cortisone.
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Finger fold patterns seem more useful for monitoring in-
traindividual swelling, rather than for new diagnosis of ar-
thritis. To this end, the CNN model needs more training to 
provide a more sophisticated classification of finger swelling. 
Swelling might also be monitored in other forms of arthritis 
or dactylitis, notably in psoriasis arthritis, where skin or nail 
lesions could be integrated into the algorithm [14].

Taken together, this pilot study demonstrates the applica-
tion of computer vision and image recognition as a potential 
digital biomarker for RA. Even more importantly than the 
CNN models themselves, the quality of the obtained data will 
ultimately determine the utility of the biomarker.
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