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Abstract 16 

Background: The complexity of the phenotypic characteristics and molecular bases of many 17 

rare human genetic diseases make the diagnosis of such diseases a challenge for clinicians. A 18 

map for visualizing, locating and navigating rare diseases based on similarity will help 19 

clinicians and researchers understand and easily explore these diseases.  20 

Methods: By defining the quantitative distance among phenotypes and pathogenic genes 21 

based on corresponding ontology systems, the distance matrix of rare diseases included in 22 

https://www.researchsquare.com/article/rs-84117/v1


 2 

Orphanet was calculated and mapped into Euclidean space. Enhanced by clustering classes 23 

and disease information, a rare disease map was developed based on ECharts.  24 

Results: The rare disease map called RDmap was published at http://rdmap.nbscn.org. The 25 

phenotype-based map comprises 3,287 rare diseases and the gene-based map comprises 3,789 26 

rare genetic diseases and they were bridged by 1,718 overlapping diseases. RDmap works 27 

similar to the widely used Google map and supports zooming and panning. The phenotype 28 

similarity base disease location function performed better than traditional keyword search in 29 

an in-silico evaluation and 20 published cases of rare diseases also demonstrated that RDmap 30 

can be used by clinicians to improve diagnosis.  31 

Conclusion: RDmap is the first user-interactive map-style rare disease knowledgebase. It 32 

will help clinicians and researchers explore the increasing complicated rare genetic diseases. 33 

Keywords: rare disease; phenotype; pathogenetic gene; disease map; clinical decision 34 

support 35 

Background 36 

Rare diseases, most of which are caused by underlying genetic factors, often occur in infants 37 

or young children and affect the patients’ whole life. Although rare, studies involving them 38 

http://rdmap.nbscn.org/
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have revealed important insights about normal physiology that, in turn, have provided a better 39 

understanding of common disorders, universal mechanisms, critical pathways, and therapies 40 

that are useful to treat more than one disease. However, making the correct diagnosis for rare 41 

genetic diseases is extremely complicated and remains a challenge in both developed and 42 

developing countries. According to a survey from EURORDIS, it takes 5 to 30 years for a 43 

quarter of patients with rare genetic diseases from onset to diagnosis. During this period, the 44 

rate of first misdiagnosis is as high as 40%. These misdiagnoses would lead to a large number 45 

of invalid medical treatment or even unnecessary surgery, seriously endangering the health of 46 

the patients and wasting medical resources at the same time.  47 

More than 7,000 known rare diseases have been identified, and more than 100 novel disease-48 

gene associations have been identified per year since the introduction of next-generation 49 

sequencing technologies[1]. An important challenge of rare disease practice is to establish 50 

relationships among so many rare and diverse diseases from different levels. Accumulating 51 

studies have found that genetic diseases that are caused by similar molecules[2–4] can be 52 

diagnosed by similar phenotypic characteristics[5,6], and finally can be treated using similar 53 

drugs through corresponding targets[7–10]. Network-based medicine has emerged as a 54 
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complementary approach to identify disease-causing genes, genetic mediators, disruptions in 55 

the underlying cellular functions and for drug repositioning. Therefore, exploring the 56 

relationships of rare diseases can help to reveal the common attributes of similar rare genetic 57 

diseases. For example, the classification of rare diseases, phenotypic characteristics of 58 

diseases, and pathogenic genes of genetic diseases can improve the probability of discovering 59 

potential pathogenic mechanisms or drugs and, most importantly, can help with the clinical 60 

diagnosis of rare genetic disease and improve treatment plans. 61 

In this study, we aimed to propose a method to construct two rare human disease maps based 62 

on the semantic similarities of both phenotypic characteristics and pathogenetic genes of rare 63 

diseases. Using advanced visualization technologies, the disease map can be used to reveal 64 

the complex relationships among different rare human genetic diseases and support the 65 

clinical diagnosis process. 66 
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Methods 67 

Methods to measure the distance between phenotypes 68 

Human Phenotype Ontology (HPO)[11], proposed by Professor Robinson in 2008, provides a 69 

standardized vocabulary that covers all the common abnormal phenotypes in humans and has 70 

been recognized as a useful annotation of the phenotypic abnormalities of rare genetic 71 

diseases. As most of the modern ontology, HPO is structured as a directed acyclic graph 72 

(DAG), whereby the nodes of the DAG, also called HPO terms, represent abnormal 73 

phenotypic terms in humans. Additionally, these phenotypic terms are linked to their parents 74 

through subclass (“is a”) relationships. Therefore, subclass phenotypic terms have more 75 

accurate definitions than parent phenotypic terms, and each phenotypic term may have 76 

multiple parents, reflecting various semantic types.  77 

In this study, we measured the distance between different phenotype terms based on the 78 

hierarchical structure of HPO. For any two HPO terms, the distance can be quantified by the 79 

shortest distance between the corresponding two nodes of the HPO DAG: 80 

𝐷𝑖𝑠𝑡𝑝(𝑝1, 𝑝2) =
min(𝑑1+𝑑2)

𝑑𝑚𝑎𝑥
                     (Formula 1) 81 
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where d1 and d2 represent the distances between two child nodes and their common parent 82 

nodes of the HPO DAG, respectively. Additionally, 𝑑𝑚𝑎𝑥 represents the maximum distance 83 

between nodes in the HPO DAG.  84 

Method to measure the distance between genes 85 

 The Gene Ontology (GO) knowledgebase is the world’s largest source of information on 86 

the functions of genes[12]. Similar to the above process, GO can be used to compute the 87 

distance between genes. The GO describes genes from three different aspects: molecular 88 

function, biological process and cell component. Thus, the distance between any two genes 89 

from GO can be defined as the mean value of the shortest distance between gene nodes of the 90 

GO DAG from these three aspects: 91 

𝐷𝑖𝑠𝑡𝑔(𝑔1, 𝑔2) =
𝐷𝑖𝑠𝑡𝑐𝑐+𝐷𝑖𝑠𝑡𝑚𝑓+𝐷𝑖𝑠𝑡𝑏𝑝

3
            (Formula 2) 92 

where 𝐷𝑖𝑠𝑡𝑐𝑐, 𝐷𝑖𝑠𝑡𝑚𝑓 and 𝐷𝑖𝑠𝑡𝑏𝑝 represent the distance between two genes calculated by 93 

Formula 1 from three different aspects. 94 



 7 

Constructing the rare disease map based on Orphanet 95 

Orphanet[13] was established in France in 1997 at the advent of the internet to gather 96 

scarce knowledge on rare diseases to improve the diagnosis, care and treatment of patients 97 

with rare diseases. Currently, Orphanet has become the reference source of information on 98 

rare diseases. In this study, 3,287 diseases with a known clinical phenotype and 3,789 99 

diseases with known pathogenic genes, including 1,718 overlapping diseases, were used to 100 

construct the rare disease map. 101 

Because many rare diseases in Orphanet were annotated using HPO terms and frequency, 102 

each of these diseases can be represented by a set of phenotypes with weight. The phenotypic 103 

distance between disease 𝑑1 and disease 𝑑2 can be measured by Formula 3: 104 

𝐷𝑖𝑠𝑡𝑑𝑝(𝑑1, 𝑑2) =
1

2
(
∑ min

1≤𝑗≤𝑛
(𝐷𝑖𝑠𝑡𝑝(𝑝𝑖,𝑝𝑗))∗(𝑤𝑖∗𝑤𝑗)

𝑚
𝑖=1

𝑚
+

∑ min
1≤𝑗≤𝑚

(𝐷𝑖𝑠𝑡𝑝(𝑝𝑖,𝑝𝑗))∗(𝑤𝑖∗𝑤𝑗)
𝑛
𝑖=1

𝑛
) (Formula 3) 105 

where m and n represent the number of phenotypes contained in disease 𝑑1 and 𝑑2, 106 

respectively, and 𝐷𝑖𝑠𝑡(𝑝𝑖 , 𝑝𝑗) represents the distance between two phenotypes 𝑝𝑖 and 𝑝𝑗 107 

as shown in Formula 1, and 𝑤𝑖 and 𝑤𝑗 are the frequencies of two phenotypes 𝑝𝑖 and 𝑝𝑗 108 

in 𝑑1 and 𝑑2, respectively. 109 
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 Similarly, we extracted disease gene relationships from the Orphanet knowledgebase. 110 

The genetic distance between diseases can then be transformed into the distance between 111 

genes: 112 

𝐷𝑖𝑠𝑡𝑑𝑔(𝑑1, 𝑑2) =
1

2
(
∑ min

1≤𝑗≤𝑛
(𝐷𝑖𝑠𝑡𝑔(𝑔𝑖,𝑔𝑗))

𝑚
𝑖=1

𝑚
+

∑ min
1≤𝑗≤𝑚

(𝐷𝑖𝑠𝑡𝑔(𝑔𝑖,𝑔𝑗))
𝑛
𝑖=1

𝑛
)      (Formula 4) 113 

where m and n represent the number of genes identified as pathogenic genes in disease 𝑑1 114 

and 𝑑2, respectively, and 𝐷𝑖𝑠𝑡𝑔(𝑔𝑖, 𝑔𝑗) represents the distance between two genes 𝑔𝑖 and 115 

𝑔𝑗 as shown in Formula 2. 116 

By calculating these distances among all rare diseases from Orphanet, we generated two 117 

distance matrices with the sizes of 3287 × 3287and 3789 × 3789 for phenotype and gene, 118 

respectively. We used multidimensional scaling[14] (cmdscale from the package stats in R) 119 

to convert the distance matrix into 2D points which can be visualized as a map. 120 

To further explore the internal relationship between phenotypes and genes of rare genetic 121 

diseases, we divided the rare disease map into several disease clusters using the K-means 122 

clustering method. To determine the optimal k for disease clustering, a bootstrap approach 123 

implemented in the clusterboot function from the fpc package in R (version 3.4.0) was used. 124 
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 Thus, we developed a web-based interactive rare disease map called RDMap 125 

(http://RDMap.nbscn.org) based on ECharts[15]. All the data precessions were under R, and 126 

the online web service was developed using Node.js and Python. 127 

To evaluate the RDMap in clinical diagnosis, an in-silico test and a case report test were 128 

used. The targeted disease ranked in the recommend disease list was used to evaluate the 129 

performance of RDMap in clinical practice using only clinical information. 130 

Results 131 

In this study, 3,287 diseases in Orphanet with a clinical phenotype and 3,789 diseases 132 

with known pathogenic genes in Orphanet were plotted into the Euclidean space, as shown in 133 

Fig 1. In total, 17 phenotype-based disease clusters and 18 gene-based disease clusters were 134 

generated and highlighted by different colors. The detailed information of disease clustering 135 

is explained in the supplemental material.  136 

We published RDMap online (http://RDMap.nbscn.org) to help the user to explore rare 137 

disease relationships interactively. The map supports zooming and panning to find and locate 138 

special diseases like the widely used google map (Fig 2). It also supports a feature-based 139 

exploration such as one or more phenotypes will locate the most likely rare diseases on the 140 

http://rdmap.nbscn.org/
http://rdmap.nbscn.org/
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map and filter by the similarity score (Fig 2A). The detailed information about the disease 141 

will be shown when the disease is selected on the RDmap (Fig 2B). When a disease was 142 

selected on RDmap, user can jump between phenotype map and gene map through a toolbar 143 

button. This will help user to explore the interested diseases from different levels. The user 144 

guide for RDmap is provided in the supplemental material. 145 

In the traditional knowledge base, the entries were indexed by keywords, and users are 146 

required to use the exact term used in the knowledge base to query the knowledge. However, 147 

obtaining the exact phenotype features in a particular patient clinically and matching it with 148 

the standard phenotype terms used to annotated diseases in knowledgebases remain 149 

challenges[16]. Because thousands of genetic diseases are known, their clinical presentations 150 

often overlap in patients and are typically abridged with respect to classical descriptions. The 151 

incompleteness, heterogeneity, imprecision, and noise in phenotype description sometimes 152 

miss the right diagnosis and even to wrong diagnoses. 153 

To compare the performance of RDMap and direct simple matching of phenotype vectors 154 

(Jaccard matching), we designed an in silico evaluation test in which 1,000 rare genetic 155 

diseases from the Orphanet database are taken as the target diseases, and each disease is 156 
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represented as a set of four characteristic phenotypes with the highest frequency of the disease. 157 

Then, the adjacent node or parent node of the phenotype in the HPO DAG is defined as the 158 

imprecise phenotype of the target phenotype. The rank of the target diseases in the query results 159 

was used to evaluate the performance. The performance of the D-P method decreases 160 

significantly as the number of imprecise phenotypes increases (Fig 3). This finding also 161 

explains why it is very difficult to diagnose a rare genetic disease accurately in clinical practice 162 

using only clinical phenotypes. The RDmap-proposed methods Similarity (one-way distance 163 

calculation) and Similarity-Avg (average of two-way distance calculation) both have an 164 

obvious advantage over the Jaccard matching method, particularly regarding imprecision 165 

phenotypes. We also noticed that the one-way distance algorithm (Similarity) is more stable in 166 

the disease recommendation than the Similarity-Avg in this scenario. This one-way distance 167 

algorithm had been implemented in published RDmap. 168 

To further evaluate the performance of RDmap in clinical practice, we collected 20 rare 169 

disease cases reported by the Orphanet Journal of Rare Diseases as test cases. The case 170 

presentations in publication were converted into HPO terms manually by one of the authors. 171 

The targeted diseases ranked in the similarity search results on RDmap are shown in Table 1 172 
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(the detailed information of each test case is shown in the supplemental material). RDmap 173 

worked very well in most cases with clear clinical phenotype descriptions and the targeted 174 

disease rank average 1.8 and median top 1 in all diseases. If you check the detail test case in 175 

supplemental material, some other similar diseases for some test cases remain under 176 

consideration for the clinician. These results were all highlighted on RDmap, and a quick 177 

check of a typical phenotype and its frequency in these potential diagnoses on RDmap will 178 

support clinicians to make a decision. 179 

Discussion 180 

In this study, we constructed two maps of rare human genetic diseases based on phenotypic 181 

characteristics and genes and divided these genetic diseases into several disease clusters. 182 

Because diseases from the same cluster are related in phenotypic characteristics or gene 183 

functions, correlating clusters between two maps will be helpful to understand the 184 

physiological and pathological bases of related genetic diseases. Consistent with the results of 185 

Goh et al.[17], most of the diseases in the same phenotype-based cluster tend to have similar 186 

phenotypic characteristics. In total, 1,718 diseases overlapped in the two maps, and the 187 

relationship between 17 phenotype-based clusters and 18 gene-based clusters are shown in an 188 
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alluvial diagram in Fig 4 and supplemental material. The complicated branches among these 189 

clusters further confirmed the complicated relationships among the pathogenic genes and 190 

phenotypes of rare genetic diseases. Diseases with similar phenotypes may be divided into 191 

different gene-based disease clusters. However, diseases from the same gene-based clusters 192 

also present diverse phenotypes. However, we also noticed mainstreams among different 193 

clusters. RDmap also provide a button to jump from disease selected in phenotype-based map 194 

to same disease in gene-based map and vice versa. So, there are 1,718 bridges between two 195 

maps. These will inspire researchers to evaluate the inner relationships among pathogenic 196 

genes and phenotypes. 197 

In recent years, to reveal the similar relationships between different human genetic diseases, 198 

many studies have used various ways to construct a human genetic disease network. For 199 

example, Goh et al. extracted known disease-gene associations from the OMIM database and 200 

constructed the human disease network[17]. The core idea of their method is that two 201 

diseases are related if they share at least one common gene. Lee et al. constructed a human 202 

disease network based on cell metabolism, and the core idea of this method is that two 203 

diseases are related if the related mutant enzyme catalyzes the adjacent metabolism 204 
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reaction[18]. Zhang et al. constructed a disease phenotype network using the similarity 205 

between phenotypes to obtain the gene function module[19]. However, RDmap shows a 206 

complicated disease relationship in a user-interactive map that we believe will be conducive 207 

to the discovery of potential relationships among pathogenic genes and phenotypic 208 

characteristics among many genetic diseases. The map-style visualization that reflects the 209 

distance of disease more intuitively will inspire investigators to understand the inner 210 

relationships among these diseases and their potential treatments and identify new pathogenic 211 

genes. Moreover, this tool can help the clinician or genetic counselor accurately diagnose rare 212 

genetic diseases effectively, especially when the clinical phenotypes are incomplete, 213 

imprecise or noise. 214 

This study has some limitations. First, the two disease maps still not covering all rare 215 

genetic diseases. It based on a history version of Ophanet when this project started. Second, 216 

when a novel disease is enrolled in the map, all the disease maps and disease clustering need 217 

to be recalculated and updated. But we will annually update it based on the feedbacks from 218 

the community. 219 
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Figure Legends: 340 

Fig. 1. Rare disease maps and clusters. The locations reflect the distance among diseases, 341 

and the size of the points reflect the prevalence of rare diseases A. Rare disease map and 342 

clusters based on phenotype. B. Rare disease map and clusters based on gene. 343 

 344 

Fig. 2. Rare disease map zooming, panning, location, filtering and disease detail 345 

information. A. The RDmap locates similar diseases based on phenotype search. The slider in 346 

the left bottom corner can control the similarity filtering threshold by the user. The prevalence 347 

options switch at the bottom right can filter the results based on prevalence. B. When a disease 348 

was selected on RDmap, its detail information will be shown like this. 349 

 350 

Fig. 3. In-slico test of RDMap. Performance of RDMap under conditions with different 351 

numbers of imprecision phenotypes for the search 352 

 353 

Fig. 4. Alluvial diagram between 17 phenotype-based rare disease clusters and 18 354 

gene-based rare disease clusters. 355 

 356 
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Table 1 Evaluation of RDmap based on cases from publications 357 

Ref. Disease (OMIM) phenotypes rank Sim. score 

Case1[20] 
Congenital disorder of glycosylation 

(OMIM 603147) 

HP:0025356 Psychomotor 

retardation/Psychomotor 

HP:0001252 Muscular hypotonia 

HP:0001644 Dilated cardiomyopathy 

HP:0001250 Seizures 

HP:0000486 Strabismus 

HP:0006610 Wide intermammillary distance 

6 0.0625 

Case2[21] 
Centronuclear myopathies (OMIM 

255200) 

HP:0009073 Progressive proximal muscle 

weakness 

HP:0000297 Facial hypotonia 

HP:0000508 Ptosis 

HP:0000602 Ophthalmoplegia 

HP:0001315 Reduced tendon reflexes 

HP:0001256 Intellectual disability, mild 

4 0.0486 

Case3[22] 
Mayer-Rokitansky-Küster-Hauser 

syndrome (OMIM 277000) 

HP:0002089 Pulmonary hypoplasia 

HP:0000122 Unilateral renal agenesis 

HP:0000151 Aplasia of the uterus 

HP:0008726 Hypoplasia of the vagina 

4 0.0937 

Case4[23] 
Hereditary hypophosphatemic rickets 

with hypercalciuria (OMIM 241530) 

HP:0002148 Hypophosphatemia 

HP:0002150 Hypercalciuria 
1 0 

Case5[24] Alström syndrome (OMIM 203800) 

HP:0000662 Night blindness 

HP:0000618 Blindness 

HP:0012330 Pyelonephritis 

HP:0000822 Hypertension 

HP:0000819 Diabetes mellitus 

HP:0000510 Retinitis pigmentosa 

HP:0000518 Cataract 

1 0.535 

Case6[25] Cleidocranial dysplasia (OMIM 119600) 

HP:0000684 Delayed eruption of teeth 

HP:0000164 Abnormality of the teeth 

HP:0000316 Hypertelorism 

HP:0011069 Increased number of teeth 

1 0 

Case7[26] Abetalipoproteinemia (OMIM 200100) 

HP:0002630 Fat malabsorption 

HP:0001251 Ataxia 

HP:0001324 Muscle weakness 

HP:0001315 Reduced tendon reflexes 

4 0.0416 

Case8[27] Aceruloplasminemia (OMIM 604290) 

HP:0001935 Microcytic anemia 

HP:0001260 Dysarthria 

HP:0001288 Gait disturbance 

HP:0000819 Diabetes mellitus 

HP:0001903 Anemia 

HP:0001300 Parkinsonism 

1 0.0416 

Case9[28] 

Lymphangioleiomyomatosis (OMIM 

606690) 

HP:0100749 Chest pain 

HP:0002094 Dyspnea 

HP:0002107 Pneumothorax 

1 0 

Case10[29] 
Wolcott–Rallison syndrome (OMIM 

226980) 

HP:0006554 Acute hepatic failure 

HP:0001298 Encephalopathy 

HP:0000083 Renal insufficiency 

HP:0002654 Multiple epiphyseal dysplasia 

1 0.0208 

Case11[30] 
Mucopolysaccharidosis type 6 (OMIM 

253200) 

HP:0000280 Coarse facial features 

HP:0000470 Short neck 

HP:0000158 Macroglossia 

HP:0002808 Kyphosis 

HP:0012471 Thick vermilion border 

1 0.0083 
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Case12[31] 
Greig cephalopolysyndactyly syndrome 

(OMIM 175700) 

HP:0000256 Macrocephaly 

HP:0011304 Broad thumb 

HP:0001159 Syndactyly 

HP:0001162 Postaxial hand polydactyly 

HP:0005873 Polysyndactyly of hallux 

1 0.016 

Case13[32] Fabry disease (OMIM 301500) Angiokeratoma (HP:0001014) 1 0 

Case14[33] Loeys-Dietz syndrome (OMIM 609192) 

Camptodactyly of finger (HP:0100490) 

Ulnar deviation of the hand or fingers of the hand 

(HP:0001193) 

Bilateral talipes equinovarus (HP:0001776) 

Blue sclerae (HP:0000592) 

Microretrognathia (HP:0000308) 

High palate (HP:0000218) 

Bifid uvula (HP:0000193) 

1 0.0628 

Case15[34] Hypophosphatasia (OMIM 146300) 

Recurrent fractures (HP:0002757) 

Craniosynostosis (HP:0001363) 

Premature loss of teeth (HP:0006480) 

1 0.0138 

Case16[35] Kallmann syndrome (OMIM 308700) 

Oligomenorrhea (HP:0000876) 

Breast hypoplasia (HP:0003187) 

Anosmia (HP:0000458) 

Hearing impairment (HP:0000365) 

Reduced number of teeth (HP:0009804) 

1 0.0249 

Case17[36] 
Chédiak–Higashi syndrome (OMIM 

214500) 

Lower limb muscle weakness (HP:0007340) 

Dementia (HP:0000726) 

Ataxia (HP:0001251) 

Hypermetric saccades (HP:0007338) 

Bradykinesia (HP:0002067) 

Periodontitis (HP:0000704) 

4 0.0972 

Case18[37] 
Mowat–Wilson syndrome (OMIM 

235730) 

Open mouth (HP:0000194) 

Abnormality of the eyebrow (HP:0000534) 

Frontal bossing (HP:0002007) 

Deeply set eye (HP:0000490) 

Wide nasal bridge (HP:0000431) 

Strabismus (HP:0000486) 

1 0 

Case19[38] 
Nijmegen breakage syndrome (OMIM 

251260) 

Microcephaly (HP:0000252) 

Sloping forehead (HP:0000340) 

Retrognathia (HP:0000278) 

Macrotia (HP:0000400) 

Bulbous nose (HP:0000414) 

1 0.0116 

Case20[39] Wolfram syndrome (OMIM 222300) 

Diabetes mellitus (HP:0000819) 

Optic atrophy (HP:0000648) 

Diabetes insipidus (HP:0000873) 

Hearing impairment (HP:0000365) 

Gastroesophageal reflux (HP:0002020) 

1 0.0333 
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