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Abstract. To identify patients with similar clinical profiles and derive insights 

from the records and outcomes of similar patients can help fast and precise 

diagnosis and other clinical decisions for rare diseases. Similarity methods are 
required to take into account the semantic relations between medical concepts and 

also the different relevance of all medical concepts presented in patients’ medical 

records. In this paper, we introduce the methods developed in the context of rare 
disease screening/diagnosis from clinical data warehouse using medical concept 

embedding and adjusted aggregations. Our methods provided better preliminary 

results than baseline methods, with a significant improvement of precision among 
the top ranked similar patients, which is encouraging for further fine-tuning and 

application on a large-scale dataset for new/candidate patient identification.  
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1. Introduction 

The rapidly growing of clinical data, mainly electronic health records (EHR), presents 

unprecedented opportunities for precise and comprehensive patient characterization 

using high throughput phenotyping. In the context of rare disease, historical EHR data 

are inestimable sources for patient phenotyping, especially for patients with complex 

rare diseases. However, it is challenging for clinicians to examine and derive insight 

from multidimensional, large-scale EHR data [1]. Patient similarity, as a central topic 
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in precision medicine to stratify patients into clinically meaningful subgroups, has also 

been considered in rare disease domains, aiming to identify patients with similar 

medical histories, diagnoses and outcomes, and derive insights from the records of 

similar patients to help personalized predictions [2].  

The basic similarity model is vector space model (VSM), considering cosine-type 

similarity between patients represented as vectors of all his/her phenotypes. However, 

it does not take into account the dependence between phenotypes. To address this issue, 

the information content (IC)-based semantic similarities, such as Resnik [3] and Lin [4] 

similarity, are the most considered measures for concept similarity, which require 

topological structure of concepts in an ontological base. Another developing idea is 

word embedding, considering a vector representation of medical concept that encodes 

its meaning such that concepts with similar meaning are closer in the vector space, such 

as cui2vec learned from large collection of clinical notes [5], and HPO2vec learned 

from heterogeneous knowledge sources [6]. To obtain patient similarity, concept 

similarity should be aggregated, either through the average best match method as 

suggested in [7], or using average embeddings as suggested in [6].  

In the context of C’IL-LICO program, we aim to develop transformative 

diagnostic, prognostic and therapeutic approaches for patients suffering from 

ciliopathies, a group of rare, severe and multi-systemic diseases caused by ciliary 

dysfunction. In this study, we describe the methods that we have developed for 

identifying similar patients from clinical data warehouse using medical concept 

embeddings and adjusted aggregations.   

2. Materials and methods 

2.1. NPH patients and Dr. Warehouse UMLS phenotyping 

The Necker Children's Hospital is a national reference center for rare and undiagnosed 

diseases, hosting the Imagine research institute. The research data repository contains 

more than 600 patients with genetic diagnosis of nephronophthisis (NPH)-related 

diseases or syndromes in the NPH cohort, which is one of the major ciliopathy cohorts. 

The clinical data warehouse (Dr. Warehouse) [8] of Necker/Imagine Institute contains 

EHR data from more than 700,000 patients. The high throughput phenotyping module 

within Dr. Warehouse is based on the extraction of phenotypes encoded with the 

Unified Medical Language System (UMLS), because of its large coverage of medical 

concepts in French language.  

As we considered the task of identifying NPH-related ciliopathies from other 

diseases, we selected NPH patients with sufficient information in EHRs, and re used 

the control patients with overlapping phenotypes described previously [9]. As renal 

involvement is one of the most frequent manifestations in NPH-related ciliopathies, 

this control cohort included patients with any kidney disease (C0022658 and all its 

descendants) excluding ciliopathies.  

2.2. Concept similarity with clinical concept embeddings  

To obtain UMLS concept embedding, first, a skip-gram fastText model [10] was 

trained with default parameters on a collection of 2.5 million clinical narratives from 

Dr. Warehouse to compute word embeddings of dimension 300 that reflect linguistic 
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contexts of each word. Then all labels for each UMLS concept (e.g. C0278511 with 

two French synonymous terms/labels “sarcome ostéogène localisé” and “ostéosarcome 

localisé”) were tokenized, the token embeddings were averaged to obtain label 

embeddings, and label embeddings were averaged to obtain the final concept 

embeddings. The semantic similarity between two concepts  and  was calculated 

using cosine similarity between two embeddings, denoted as .  

2.3. Patient-patient similarity 

To aggregate concept similarity into patient similarity, we first considered the average 

best match methods, i.e. for each concept in patient , looking for the best matching 

concept in patient , and averaging the best match similarity over all concepts in . 

More precisely, for two sets of concepts (i.e., two patients),  and , the asymmetric 

set similarity is obtained with the formula:  

 

and the symmetric set similarity is the average of the two asymmetric set similarities: 

. Here each concept in the 

set contributes equally to the set similarity. However, with the EHR data, both the 

number of patients per concept and the number of concepts per patient can be very 

heterogeneous. The relevant and specific concepts should be aggregated differently 

with higher weights.  We thus developed the adjusted average best match methods: 

 

where  can present different weights of concepts in the set . Three weighting 

methods were considered: (i) by distribution of phenotypes over patients 

(normalization 1), (ii) by distribution of patients over phenotypes (normalization 2), 

and (iii) by term frequency-inverse document frequency (tf-idf), as suggested in [9].  

2.4. Performance evaluation 

The EHR data of diagnosed ciliopathies and random controls were pooled. Patient-

patient similarity was calculated for all patients. The patients are ranked by computing 

the average similarity with diagnosed ciliopathy patients, except his/herself, i.e. the 

diagonal similarity was removed to avoid the bias induced by the high similarity 

between the diagnosed ciliopathy patient and him/herself. The top k patients who are 

most similar with ciliopathies were predicted as highly suspected ciliopathies. The 

performance was assessed using metrics such as precision at k, i.e. the proportion of 

similar patients in the top-k set that are ciliopathies.  

3. Results 

3.1. Patient selection 

The ciliopathy data set was composed of 79 patients with at least 6 distinct UMLS 

concepts extracted in EHRs. A set of 200 patients was randomly sampled from the 
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control cohort for this preliminary study, with the same restriction of minimum 6 

concepts. The average number of distinct UMLS concepts was 64 for ciliopathy 

patients (max: 230, interquartile range: 15-90), and 55 for controls (max: 246, 

interquartile range: 17-76). The pooled dataset consisted thus of 279 patients, 

presenting 2593 distinct UMLS concepts.    

3.2. Evaluation results 

The precisions at k for k=30, k=50 and k=100 are shown in Table 1 for the baseline 

VSM methods and our methods using embeddings and different adjusted aggregations. 

The area under the receiver operating characteristic (ROC) curves (AUC) is provided 

as well, although it is less informative for diagnosis task. The partial ROC curves were 

plotted in Figure 1 for .  The results showed that with a similar level of AUC, 

our developed methods with embeddings and adjusted aggregations could largely 

improve the performance for small values of k.  

Table 1. Evaluation results 

 Precision@k   AUC 
k=30 k=50 k=100 

VSM_norm1 0.43 0.46 0.36 0.62 

VSM_norm2 0.53 0.48 0.45 0.70 
VSM_tf-idf 0.50 0.48 0.43 0.69 

Embedding 0.53 0.42 0.39 0.64 

Embedding_norm1 0.50 0.46 0.38 0.61 
Embedding_norm2 0.70 0.60 0.43 0.69 

Embedding_tf-idf 0.67 0.58 0.43 0.69 

                       

Figure 1. Partial ROC curves for k≤30. The precision@30 (P@30) is given at the end of partial ROC curves.  

4. Discussion 

In this article, we described the approaches that we have developed for identifying 

similar patients from clinical data warehouse using medical concepts embeddings and 

adjusted aggregations, which have taken into account the semantic relations between 
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medical concepts and the different importance of concepts. Our methods provided 

better preliminary results than the baseline methods, especially for small value of k, 

which is of particular interest as we aim to identify suspected ciliopathy patients at top 

ranked list who would benefit from genetic testing.  

Our study had several limitations. As mentioned previously, the IC-based semantic 

similarity was often considered using for example Human Phenotype Ontology (HPO) 

as an ontological base [2] [7]. We did not use HPO for phenotyping because (i) it does 

not exist yet a reliable French version, and (ii) as a versatile thesaurus, the UMLS 

provides larger coverage of medical concepts. For the same reason as the latter, the 

UMLS network is less formally structured for semantic similarity. It would be 

interesting to compare IC-based methods and embedding-based methods. The 

embeddings could be improved with fine-tuning on more specific clinical records.  

The next steps will be using fine-tuned medical concept embeddings to further 

improve the performance, and applying the patient similarity methods on a larger scale 

dataset for new/candidate patient identification.  
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