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Abstract 22	

Background and objective: The diagnosis of rare diseases (RDs) is often challenging due 23	

to their rarity, variability and the high number of individual RDs, resulting in a delay in 24	

diagnosis with adverse effects for patients and healthcare systems. The development of 25	

computer assisted diagnostic decision support systems (DDSS) could help to improve these 26	

problems by supporting differential diagnosis and by prompting physicians to initiate the 27	

right diagnostic tests. Towards this end, we developed, trained and tested a machine 28	

learning model implemented as part of the software called Pain2D to classify four rare 29	

diseases (EDS, GBS, FSHD and PROMM), as well as a control group of unspecific chronic 30	

pain, from pen-and-paper pain drawings filled in by patients.  31	

Methods: Pain drawings (PDs) were collected from patients suffering from one of the four 32	

RDs, or from unspecific chronic pain. The latter PDs were used as an outgroup in order to 33	

test how Pain2D handles more common pain causes. A total of 261 (59 EDS, 29 GBS, 35 34	

FSHD, 89 PROMM, 50 unspecific chronic pain) PDs were collected and used to generate 35	

disease specific pain profiles (PP). PDs were then classified by Pain2D in a leave-one-out-36	

cross-validation approach. 37	

Results: Pain2D was able to classify the four rare diseases with an accuracy of 61-77% with 38	

its binary classifier. EDS, GS and FSHD were classified correctly by the Pain2D k-disease 39	

classifier with sensitivities between 63-83% and specificities between 83-90%. For PROMM, 40	

the k-disease classifier achieved a sensitivity of 51% and specificity of 90%. 41	

Conclusions: Pain2D is a scalable, open-source tool that could potentially be trained for all 42	

diseases presenting with pain. 43	
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Introduction and Background 46	

Rare diseases pose particular challenges for health care systems as a result of their 47	

infrequency, diversity and often complex symptomatology. In particular the diagnosis of rare 48	

diseases (RDs) is often difficult, with adverse consequences for affected individuals and 49	

health care systems. A disease is categorized as rare in the European Union if it affects 50	

less than 1 in 2000 people[1]. Similar definitions exist in other regions of the world (for 51	

example, the NIH defines a disease as rare if it affects less than 200 000 people in the 52	

US[2]. As there are more than 7000 known individual rare diseases, resulting in an 53	

estimated 30 mio affected in the EU and about 400 mio people worldwide, it is apparent that 54	

the sheer number of possibilities makes it impossible for individual physicians to know all of 55	

them. In addition, many rare diseases present with multifaceted clinical symptoms. As a 56	

result, affected individuals often wait for a long time until they receive the correct diagnosis 57	

(~7 years on average [3]). Long time to diagnosis contributes to mental, physical and social 58	

distress. In addition, due to many medical consultations and resulting redundant diagnostic 59	

procedures, the burden for health care systems is further increased[3].  60	

In recent years, a number of studies and reviews focused on technical solutions to improve 61	

diagnosis of rare diseases ([4][5][6] and references therein). Clinical decision support 62	

systems (CDSSs), while used frequently in a number of clinical settings, are not yet 63	

widespread in the context of diagnosis (sometimes referred to as diagnosis decision support 64	

systems, DDSSs). Negative physician biases, insufficient accuracy and lacking integration 65	

with clinical information systems in use are discussed as underlying the lack of acceptance 66	

of DDSSs, in spite of promising results with regard to their effectiveness [7] [8]. 67	
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With this study we investigate whether pain drawings (PD) can be used to build a machine 68	

learning based DDSS which allows the detection of rare diseases causing chronic pain in 69	

patients. PDs are used to communicate the experience of pain from patients to health care 70	

providers. Patients mark painful body regions in a simple line drawings of the human body 71	

and its parts to indicate where they experience pain. This often results in a more precise 72	

description of affected body parts than just via verbal description. Another advantage is that 73	

patients can fill out the PD for example in the waiting room during their visit at the physician, 74	

thereby saving time during the consultation. PDs were first established by Palmer in 1949 75	

[9]. While there are a growing number of studies dealing with the topic of PDs [10] [11] 76	

[12][13][14][15], none of them focuses on their usefulness as a diagnostic tool for rare 77	

diseases.  78	

We have previously shown that a binary classifier from Pain2D-Tool of the PD software 79	

Pain2D is able to distinguish between two rare diseases, Ehlers-Danlos syndrome (EDS) 80	

and Guillain-Barré syndrome (GBS) [16]. Here, we test the performance of the binary 81	

classifier, as well as a new k-disease classifier implemented into Pain2D, on four different 82	

diseases (EDS, GBS, facioscapulohumeral muscular dystrophy (FSHD) and proximal 83	

myotonic myopathy (PROMM)) and a control group of patients with non-specific chronic 84	

pain.  85	

EDS is a group of inherited disorders affecting the connective tissue with a prevalence 86	

between 1:150 000 and 1:5 000, depending on the population [17]. EDS can present 87	

clinically with variable symptomatology, from mild skin hyperextensibility, joint 88	

hypermobility, and tissue fragility, to severe physical disability and life-threatening vascular 89	

complications [18].  90	
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GBS is caused by autoantibodies attacking peripheral nerve components triggered by an 91	

infection, resulting in a polyradiculoneuropathy with variable clinical presentation [19]. 1.1 92	

to 1.8 per 100,000 persons suffer from GBS each year [20]. Symptoms can include a range 93	

from ascending bilateral limb weakness to decreased reflexes and severe back or extremity 94	

pain [21] [22] 95	

FSHD is an autosomal-dominantly inherited muscular dystrophy which characteristically 96	

affects facial muscles, shoulder girdles, and upper arms [23]. The prevalence of FSHD is 97	

estimated to range between 2.03 and 6.8 per 100,000 individuals [24]. Pain in the affected 98	

regions is a common symptom of patients suffering from FSHD [25]. The diagnosis of FSHD 99	

can be challenging, especially in milder forms, as typical symptoms of FSHD may not be 100	

present [26]. 101	

PROMM is a subtype of myotonic dystrophies also referred to as myotonic dystrophy type 102	

2 (DM2). Myotonic dystrophies are autosomal-dominantly inherited diseases that have in 103	

common muscular involvement (myotonia, muscle weakness, muscular dystrophy), eye 104	

manifestations (early onset cataracts), cardiac conduction defects, and endocrine disorders 105	

[27]. Only a few studies deal with the prevalence of PROMM, with estimates for Europe 106	

ranging between 9:100,000 [28][29] and 1:1830 in Finland [30]. As the name implies, 107	

PROMM in contrast to DM1 typically affects proximal muscles [31]. 50-80 % of PROMM 108	

patients suffer from pain, which can be exercise-related, musculoskeletal, or abdominal [32]. 109	

While myotonic dystrophies are the most common forms of adult-onset dystrophies, 110	

PROMM is likely underdiagnosed due to its heterogeneous phenotype and unclear age of 111	

onset [31]. 112	

The four diseases and the control group were chosen to cover a range from very different 113	

causes of pain (e.g., GBS as an inflammatory disease vs. FSHD as an inherited 114	
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neuromuscular disease) to more similar causes (e.g., FSHD and PROMM as two 115	

autosomal-dominantly inherited neuromuscular diseases) to test the ability of the Pain2D 116	

classifiers to distinguish between more or less similar rare diseases. The control group was 117	

added to elucidate if more common and unspecific causes of pain can be separated from 118	

rare diseases with Pain2D-Tool. 119	

Material and Methods 120	

Study design and data collection 121	

Between 2017 and 2019, a total of 35 patients with FSHD (10 male, 25 female) and 90 122	

patients with PROMM participated in this study. Of the latter, one PD was empty and had 123	

to be excluded from further analysis, resulting in the inclusion of 89 PROMM PDs (29 male, 124	

60 female participants). Patients were recruited at the neuromuscular out-patient clinic of 125	

University Hospital Bonn, Germany. In addition, we contacted the German association for 126	

neuromuscular diseases to support us in finding patients willing to participate in our study. 127	

Inclusion criteria were a confirmed diagnosis, age above 18 years, and written informed 128	

consent.  129	

Between 2019 and 2020, a total of 50 participants with unspecific chronic pain (19 male, 31 130	

female) were recruited for this study. Inclusion criteria for this group were chronic pain due 131	

to a common disease (e.g., post-zoster neuralgia) above six months duration and age above 132	

18 years. Exclusion criteria for this group were rare comorbidities. These patients were 133	

recruited at the out-patient pain clinic of University Hospital Bonn and at general medicine 134	

practices in Bonn, Germany.  135	

In this study, 35 PDs of Facioscapulohumeral muscular dystrophy (FSHD), 89 PDs of 136	

proximal myotonic dystrophy (PROMM), and 50 PDs from a control group with common 137	
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causes of chronic pain (CP) were included. Based on genetic findings, two subtypes of 138	

FSHD (FSHD1 and FSHD2) can be differentiated, but both have a similar clinical phenotype 139	

[23]. We therefore did not distinguish between the two subtypes in our study population. In 140	

addition, we used 88 PDs from two different rare diseases that were recruited as part of a 141	

previous study: 59 EDS from Ehlers-Danlos syndrome (EDS) and 29 GBS from Guillain 142	

Barre syndrome (GBS) [16].  143	

Recruited participants filled in pain drawings as previously described [16]. 144	

In accordance with German privacy laws and the declaration of Helsinki, PDs were 145	

pseudonymized before sending them from the Center for Rare Diseases Bonn (ZSEB) to 146	

the analysis server. 147	

This study was registered at the German register for clinical studies DRKS (DRKS-ID:  148	

DRKS00014776 (participants recruited for this study) and DRKS00014777 (previously 149	

recruited participants, [16]). 150	

Pain2D - Software package for pain drawing analysis 151	

Pain2D is a software package previously developed by our group [16]  for the automated 152	

processing and analysis  of pain drawings based on a template, which can be printed and 153	

filled out on paper. As part of the package, an application for tablets (Pain2D-Tablet, 154	

paperless) is available, which was however not used for this study. The application Pain2D 155	

is open-source and holds a GPL v3.0 license for researchers who want to participate in its 156	

future development or test their own pain drawings with the classifiers we have 157	

implemented. The application was developed with the open-source statistics and graphics 158	

software R and RShiny. For more detailed information about Pain2D, please visit 159	

www.pain2d.com. 160	

http://www.pain2d.com/
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Pain2D generates pain profiles (PPs, also known as pain frequency maps[12]) by 161	

overlapping all PDs which belong to one diagnostic group. They are depicted as color coded 162	

heatmaps, with lower to higher percentages of marked pixels in the summarized PDs 163	

labeled in blue to red, with yellow indicating 50% of PDs had marked that pixel. Pixels that 164	

were empty in all PDs are depicted in white.  165	

Pain2D offers a binary and a k-disease classifier. The function of the binary classifier has 166	

been previously described [16]. In short, it classifies PDs by calculating the Ružička 167	

similarity of a given PD to two pain profiles, in a leave-one-out cross-validation (LOOCV) 168	

approach. Classification occurs according to the highest probability, with the cut-off set to 169	

0.5. The k-disease classifier works in a similar manner, but calculates Ružička similarities 170	

of a given PD to k PPs, where k is the number of considered diseases. In our case, k was 171	

5, as 5 diagnostic groups were part of the test data set. 172	

Statistical evaluation 173	

For the classification results, receiver operating characteristic (ROC) curves were plotted 174	

and AUC values calculated using the pROC package from R. Confidence intervals were 175	

calculated as indicated. The leave-one-out-cross-validated confusion matrices were tested 176	

with Fisher’s exact test (binary classification) or χ2 test (k-disease classification) for better 177	

than random classification, as indicated.  178	

Results 179	

Pain profiles of the five diagnostic groups (EDS, GBS, PROMM, FSHD, CP) 180	
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Pain2D generates pain profiles, which provide a visual result of the sum of all PDs of one 181	

diagnostic group and serve as the basis for similarity measurement of an individual PD for 182	

classification by Pain2D.  183	

EDS. The pain profile of EDS reveals that most patients experience pain along the vertebral 184	

column with the neck and the tailbone, and the knee joints. These regions were marked by 185	

approximately 70% of the participating patients. In addition, nearly 50% of the participants 186	

marked the shoulder region, the elbows and the thumb saddle joint (Figure 1A; compare 187	

[16]. 188	

GBS. The most prominent regions marked by patients were the dorsal and plantar side of 189	

the feet (~70 % of patients). In addition, about 50 % marked the palmar side of the finger 190	

tips, the dorsal side of the left palm and the tailbone (Figure 1B; compare [16].  191	

PROMM. The pain profile of PROMM shows that around 50-60% of patients marked the 192	

upper legs as a painful region. Other less frequent regions marked were the shoulders, the 193	

lower legs and the lower back (Figure 1C). 194	

FSHD. As shown in Figure 1D, the most frequent body regions marked by patients with 195	

FSHD are the shoulders and the lower back with percentages of 50 to 60 %. In addition, the 196	

upper arms were marked by ca. 40% (Figure 1D). 197	

Chronic pain (CP). The disease pattern of our control group (Figure 1E) shows that pain 198	

patterns are more equally distributed between patients, with percentages marked well below 199	

50%. The localization with the highest percentage is the lower back with ca. 40 %. This 200	

result is consistent with the expectation of a more unspecific pain pattern as this group was 201	

suffering from various common causes of chronic pain. 202	
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RARE. We also generated a pain profile of all four rare diseases (EDS, GBS, PROMM and 203	

FSHD) in order to test if PDs from a group of rare diseases show similarities that allow 204	

distinction from other causes of pain. Accordingly, the resulting pain profile shows the typical 205	

pain areas from all four rare diseases, but at lower percentages (as a sum projection of the 206	

four RD pain profiles; Fig. 1F). This “consensus” pain profile is however not equally informed 207	

by the four rare diseases, as different numbers of individual PDs for each disease were 208	

included. For example, the data set contains 89 PDs of PROMM, but only 29 of GBS.  209	
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 210	

Figure 1: Pain profiles of the five diagnostic groups used in this study, EDS (A), GBS (B), PROMM 211	

(C), FSHD (D), chronic pain (CP, E) and RARE (F). The depicted pain profiles were constructed by 212	
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Pain2D from 29 EDS (A), 59 GBS (B), 89 PROMM (C), 35 FSHD (D) and 50 CP (E) PDs. RARE is 213	

based on 29 EDS, 59 GBS, 89 PROMM and 35 FSHD P’D’s (F). 214	

 215	

 216	

The binary classifier of Pain2D can differentiate between a group of rare diseases 217	

(comprised of EDS, GBS, FSHD and PROMM) and unspecific chronic pain (CP) with high 218	

sensitivity but lower specificity. 219	

 220	

	221	

  Predicted	  

  RARE	 CP	 Sumtrue	

 

TRUE	

RARE	 200 (94%)	 12 (6%)	 212 (100%)	

CP	 29 (58%)	 21 (42%)	 50 (100%)	

 Sumpredicted	 228 (87%)	 33 (13%)	 261 (100%)	

 222	

Table 1: Confusion matrix RARE vs. CP. Percentages are relative to Sumtrue. 223	

 224	

We were interested if PDs can be used to predict the presence of a rare disease as opposed 225	

to a common cause for chronic pain. As a test, we grouped all four rare diseases into the 226	

group RARE and classified all PDs (EDS, GBS, PROMM, FSHD, CP) with the binary 227	

classifier of Pain2D into RARE or CP. With the standard threshold of 0.5 for the binary 228	

classifier we reached a very good sensitivity of 94 % and a notably lower specificity of 42%. 229	
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Fisher’s exact test was applied to the confusion matrix (Tab. 1) and resulted in a p-value < 230	

0.001, indicating that the binary classifier performs better than random guessing and can 231	

indeed distinguish between rare diseases and common causes for chronic pain in the test 232	

setting. A receiver operating characteristic (ROC) curve was plotted and the R package 233	

pROC [33] was used to calculate the best threshold for classification of the given data set 234	

(Figure 2, blue crosshair). This resulted in an optimal threshold for classification of 0.41, 235	

which led to a slightly lower sensitivity of 82%, but considerably increased specificity of 70%. 236	

The calculated 95% confidence band (light blue area) for sensitivity shows low variance for 237	

all thresholds. The area under the curve (AUC) of 0.82 indicates good separability between 238	

the four rare diseases and chronic pain.	239	

 	240	

Figure 2: ROC curve for classification of PDs into RARE and CG with the binary classifier of Pain2D. 241	

The light blue area indicates the 95% confidence interval. Blue crosshairs indicate optimal 242	

classification threshold of 0.41. 243	
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The binary classifier of Pain2D can separate each of the four rare diseases from chronic 244	

pain with high sensitivity but low values for specificity. 245	

In addition to a general prediction of the presence of a rare disease vs. a common cause of 246	

chronic pain (Table 1, Fig. 2), we wanted also to test if the binary classifier of Pain2D is able 247	

to separate PDs of each of the four tested rare diseases (DES, GBS, PROMM, FSHD) from 248	

PDs of more common causes of chronic pain (CP).  249	

In these four cases, Pain2D classified PDs with an accuracy of ≥61% (Table 2). The most 250	

accurate classifier was for GBS vs. CP (77%) and the most inaccurate one for FSHD vs. 251	

CP (61%). Overall, the sensitivity achieved by the binary classifier of Pain2D for these four 252	

cases was ≥90%, with the best result for EDS vs. CP at 98%. The values for specificity were 253	

relatively low at ≥30% (best result for GBS vs. CP at 66%). 254	

  255	
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 TP	 FP	 FN	 TN	 p-value	 Acc	 Sens	 Spec	 AUCROC	

PROMM 

vs.CP	

80	 24	 9	 26	 < 0.001	 0.76	 0.90	 0.52	 0,846 (CI:0.774-

0.908)	

EDS 

vs.CP	

58	 35 	 1	 15	 < 0.001	 0.67	 0.98	 0.30	

 

0,899(CI:0.892-

0.954)	

FSHD 

vs.CP	

34	 32	 1	 18	 < 0.001	 0.61	 0.97	 0.36	 0,854 (CI:0.77-

0.93)	

GBS 

vs.CP	

28	 17	 1	 33	 < 0.001	 0.77	 0.96	 0.66	 0.921(CI:0.853-

0.973)	

 256	

Table 2: Classification results with the binary classifier of Pain2D for each rare disease vs. CP, listing 257	

values for true positives (TP), false positives (FP), true negatives (TN), false negatives (FN), p-value 258	

(Fisher’s exact test), accuracy (Acc), sensitivity (Sens), specificity (Spec), AUC of the ROC curve 259	

(AUCROC). In all cases, the p-values (Fisher’s exact test) suggest strongly that the classifier performs 260	

much better than random guessing. 261	

 262	

AUCs of ROC curves were ≥0.845, with best results for GBS vs. CP at 0.921 (Table 2, Fig. 263	

3). Taken together, these results suggest that the binary classifier can distinguish between 264	

the control group and each of the four rare diseases investigated with good sensitivity, but 265	

considerably lower specificity.  266	

 267	

 268	
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 269	

 270	

Figure 3: Receiver operating characteristics (ROC) curves for binary classification of each RD vs. 271	

CP. A) ROC curve binary classification of EDS and CP. AUC=0.899 (CI:0.829-0.954), B) ROC curve 272	

binary classification of GBS and CP. AUC=0.921 (CI:0.853-0.973), C) ROC curve binary 273	

classification of FSHD or CP. AUC=0.854 (CI:0.770-0.930), D) ROC curve binary classification of 274	

PROMM and CP. AUC=0.846 (CI: 0.774-0.908). Confidence intervals are depicted as light blue band. 275	

Blue crosshairs indicate optimal threshold for classification. 276	
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The k-disease classifier of Pain2D can classify PDs as PROMM, EDS, FSHD, GBS and 277	

chronic pain with varying sensitivity and overall high specificity. 278	

The classification of all PDs with the k-disease classifier of Pain2D gave results with varying 279	

sensitivities for the five groups, ranging from 0.51 to 0.83 for the four diseases analyzed. 280	

The control group of unspecific chronic pain (CP) was classified with a low sensitivity of only 281	

0.14. Specificity was overall high with values between 0.83 and 0.99 for the five diagnostic 282	

groups. In all cases, low p-values of < 0.001 (χ2-Test) indicated that the k-diseases classifier 283	

performed better than random assignment of the diseases.  284	

 285	

 True 

PROMM EDS FSH

D 

GBS CP Sumpredicted 

P
re

d
ic

te
d
 

PROMM 46 5 17 20 1 89 

EDS 1 38 8 11 1 59 

FSHD 5 4 22 3 1 35 

GBS 3 1 0 25 0 29 

CP 7 13 13 10 7 50 

Sumtrue 62 61 60 69 10 262 

Sensitivity 0.517 0.644 0.629  0.862  0.140   

Specificity 0.908 0.887 0.833 0.811 0.986  

 286	

Table 3: Confusion matrix resulting from classification of all PDs with the k-disease classifier of 287	

Pain2D.   288	

 289	
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Pain2D k-disease classification works well for EDS, GBS and FSHD 290	

The classification for GBS, EDS and FSHD gave good results with sensitivities of 86%, 64% 291	

and 62%, respectively. Of note, EDS and GBS were previously efficiently classified with the 292	

binary classifier of Pain2D as well (sensitivity 86%, specificity 96%; [16]). As a possible 293	

explanation, the pain profiles of EDS and GBS each show painful regions that are not 294	

present in the other pain profiles, like the knees in EDS and the feet in GBS. These regions 295	

are only rarely marked in the other disease patterns, which could contribute to efficient 296	

classification. FSHD typically affects the shoulder and the lower back. These regions are 297	

also sometimes marked in PDs of other diseases, as well as in the unspecific chronic pain 298	

group. Nevertheless, the k-disease classifier of Pain2D was still able to classify FSHD with 299	

a sensitivity of 63% and specificity of 83%. 300	

Pain2D k-disease classification of PROMM PDs is less efficient 301	

PROMM PDs were classified correctly only in 52%; the most common mis-classifications 302	

were as GBS (23%) and FSHD (19%). Less efficient classification of PROMM could be the 303	

result of a number of reasons. The most likely explanation is based on a PD sample that is 304	

more heterogeneous than for the other diagnostic groups, for example as a result of the 305	

presence of different stages of the disease in the sample, with earlier stages differing with 306	

regard to the pain pattern from later stages. To address this, we indeed plan to perform a 307	

longitudinal analysis of the pain drawings in different disease stages as a follow up study. 308	

The k-disease classifier of Pain2D achieved a high specificity for PROMM: only 17 non-309	

PROMM PDs were classified as PROMM (false positives), resulting in a specificity of 90 %. 310	

It is however impossible to say if this could be attributed to the higher sensitivities for 311	

classification of the other rare diseases as a result of their unique features in the pain profile 312	

(e.g., painful feet for GBS, etc.), or vice versa, or (most likely) both. Of note, PROMM was 313	
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the biggest sample with 88PDs in total, as opposed to only between 29-59 for the other 314	

diagnostic groups. 315	

 316	

PDs from people with chronic pain are preferentially classified as any rare disease (EDS, 317	

GBS, FSHD, PROMM) 318	

One reason why we included PDs from people with unspecific chronic pain in our study was 319	

to test if additional, non-specific pain patterns in patients with rare diseases (a “background 320	

pain noise”) changed the pain profile enough to interfere with classification. It turned out 321	

that the separation between CP and RD PDs was not an issue in our sample, as the number 322	

of false positives for the CP group was quite low with only 3 out of 211 rare disease PDs 323	

classified as CP (Table 3). In addition, the PDs of the CP diagnostic group were not 324	

preferentially classified as one specific rare disease, but were more or less randomly 325	

distributed into the five diagnostic groups (classification as PROMM in 14 %, EDS in 26 %, 326	

FSHD in 26 % and GBS in 20 %), which is reflected in the low sensitivity of 14% for CP 327	

(Table 3). Taken together, PD classification by Pain2D was not hampered in a relevant 328	

manner in our sample group by the putative presence of a background pattern in RD pain 329	

profiles.  330	

 331	

Discussion 332	

Comparison of Pain2D generated pain profiles (PPs) to pain patterns described in the 333	

literature 334	

We were able to show that Pain2D is a useful tool to generate disease specific pain patterns 335	

and utilize them for automated diagnostic support. The pain pattern of FSHD shows a similar 336	
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distribution as described by Morís et al. [34]. The percentages they observed are slightly 337	

lower, but the main localizations are the same. The Pain2D generated EDS PP correlates 338	

with the description of EDS in the literature, as joint and spinal pain are known typical 339	

manifestations of EDS [35]. Pain in distal extremities is a common symptom in GBS 340	

described in the literature [36], which fits to the Pain2D generated PP for GBS. Of note, the 341	

Pain2D PP shows that the plantar sides of the feet are marked by far more patients than 342	

the dorsal side or the distal leg, and thereby adds details to the currently described 343	

observations with regard to pain in GBS. 344	

Classification of PROMM PDs was less efficient than for the other diagnostic groups, which 345	

seems to be related to more heterogeneous PDs. It is worth mentioning that the PROMM 346	

PDs differed with regard to the presence or absence of pain in the upper legs, which might 347	

be one factor that hampers classification. Indeed, descriptions of the pain pattern of 348	

PROMM vary a lot in the literature. The Pain2D generated PROMM pain profile generally 349	

fits to the findings of Eger et al. [37]. In contrast, Peric et al. observed higher pain 350	

frequencies in the lower legs than in the upper legs compared to the Pain2D PP [38]. Our 351	

results show a higher difference in the frequencies between upper and lower legs compared 352	

to prior published results, and we obtained overall lower pain frequencies in nearly all body 353	

regions [24]. Taken together, the pain pattern in PROMM seems to differ among patients, 354	

which is consistent with more difficult classification. Indeed, its variable clinical manifestation 355	

is often discussed as a reason for PROMM being an underdiagnosed disease [31]. 356	

Potential Usefulness of Pain2D as a DDSS 357	

The binary classifier of Pain2D achieved a sensitivity of over 90 % for all the diseases we 358	

investigated vs. chronic pain, suggesting that Pain2D might be a useful tool to ensure that 359	

rare diseases are taken into consideration for the differential diagnosis of unclear pain 360	
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manifestations. Furthermore, since the binary classifier performed generally with high 361	

accuracy, it might be useful in the differential diagnosis of two similar diseases.  362	

Generally speaking, many rare diseases present with pain as one of the first symptoms 363	

prompting patients to see a doctor. For example, pain is described as one of the first 364	

symptoms of  FSHD [25]. For PROMM, a study of 2013 has shown that leg pain is the first 365	

symptom for the disease in 5.2 % of cases, in addition to a similar fraction that presents with 366	

general pain at first [39]. As both pain types could potentially be detected by PD, we hope 367	

that Pain2D can contribute to the process of diagnosis for these patients in the future. In 368	

addition, all Pain2D applications are published as open-source and can be trained to 369	

generate specific pain profiles for many, if not most, rare diseases manifesting with pain as 370	

a symptom. 371	

The sensitivity of the k-disease classifier of Pain2D ranged between 51% and 83% for our 372	

test sample. For example, FSHD classification achieved a sensitivity of 63% and a 373	

specificity of 83%, compared to molecular genetic testing for FSHD with a sensitivity of 93% 374	

and a specificity of ca. 98% [40]. Given the simplicity and non-invasive nature of generating 375	

a pain drawing, a fully trained version of Pain2D with a comprehensive library of pain profiles 376	

could therefore indeed efficiently guide physicians in the search for rare diseases by 377	

pointing out the more likely candidates in order to initiate specific diagnostic procedures, 378	

especially when pain drawings are enhanced with additional patient information, for 379	

example from questionnaires. It thus could contribute to shortening the “diagnostic odyssey” 380	

that patients with rare diseases often have to endure. In specific cases, it might even 381	

develop as a diagnostic indicator in its own right, conceivably in the differentiation of two 382	

similar diseases with a clear distinction in pain pattern. 383	

 384	
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Challenges and future directions 385	

Although Pain2D achieved overall good results with classification of the five tested 386	

diagnostic groups, there are some limitations to the tool as of now. Classification of PROMM 387	

PDs turned out to be less efficient, in part due to the presence of at least two subgroups of 388	

pain patterns in the PP (thighs marked vs. thighs not marked). Since similarity is measured 389	

against the PP, which could be understood as an “average PD” of the disease, diseases 390	

with more than one “typical” manifestation of pain, or the presence of more complex pain 391	

patterns, could potentially be problematic for Pain2D, as classification based on similarity 392	

to a PP masks the presence of more than one pattern per disease. However, this approach 393	

achieved superior results compared to a nearest neighbor classifier, that was tested during 394	

Pain2D development. 395	

As differences in pain patterns might occur over the course of a disease, a longitudinal study 396	

to follow disease progression is currently in preparation. In this case, as well as other cases 397	

of “more than one pain pattern” per disease, training Pain2D with subgroups could 398	

overcome the problem, as long as enough PDs per subgroup are available for training. 399	

Acquiring enough training data for a rare disease classifier is generally a challenge. Not 400	

only are the number of people suffering from a specific rare disease limited, but, as of now, 401	

~7000 rare diseases are known, and the number is still growing. Pain2D-Tool therefore 402	

needs to be trained for many RDs presenting with pain before it can become a generally 403	

useful DDSS: PDs of many RDs need to be sampled and compiled into PPs, which is almost 404	

impossible for some ultra-rare diseases with only a few known cases. However, Pain2D can 405	

potentially grow over time by integrating data from many researchers/physicians, as it is 406	

available as a free and open-source tool.  407	
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While classification of PDs with Pain2D-Tool worked overall well with our test data set, one 408	

has to take into account that the latter is not a representative sample of patients presenting 409	

with pain without a diagnosis. Prevalences of rare diseases are by definition low, with 410	

consequences for classification results in a clinical setting. For example, the k-disease 411	

classifier preferentially mis-classified PDs from the CP group as rare (43 of 50), although 412	

the latter are far more often encountered in practice. As a result, practically all PDs in a 413	

realistic setting will be classified as rare (of which only a small percentage is truly rare), and 414	

the positive predictive value will be rather low. In its current form Pain2D is therefore not 415	

useful to distinguish between rare and non-rare causes of pain in general. It is furthermore 416	

unclear how the introduction of further rare diseases into Pain2D (i.e., increasing k) will 417	

influence classification efficiency. However, since Pain2D is a non-invasive and cost-418	

efficient software, its strength is the suggestion of possible diagnoses for further testing in 419	

order to abbreviate the diagnostic odyssey patients with rare diseases often have to endure, 420	

and we consider higher numbers of false positives from Pain2D to be an acceptable 421	

intermediate step towards this goal.  422	

Compared to our initial results with Pain2D [16], this study has two important innovations. 423	

Firstly, we were able to show that Pain2D is indeed able to distinguish between two related 424	

diseases of the same category (neuromuscular disorders; PROMM and FSHD). Secondly, 425	

we successfully used the new k-disease classifier of Pain2D for the classification of five 426	

diagnostic groups, including four rare diseases. Taken together, our study could show that 427	

Pain2D has the potential to develop into a full DDSS for pain-associated diseases with a 428	

focus on rare diseases, and opens up the route towards further exploitation of pain 429	

symptoms for AI-assisted diagnosis of rare diseases. 430	

 431	
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