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Abstract 
Automated approaches to measuring semantic simi-
larity and relatedness can provide necessary semantic 
context information for information retrieval applica-
tions and a number of fundamental natural language 
processing tasks including word sense disambigua-
tion. Challenges for the development of these ap-
proaches include the limited availability of validated 
reference standards and the need for better under-
standing of the notions of semantic relatedness and 
similarity in medical vocabulary. We present results of 
a study in which eight medical residents were asked to 
judge 724 pairs of medical terms for semantic similar-
ity and relatedness. The results of the study confirm 
the existence of a measurable mental representation of 
semantic relatedness between medical terms that is 
distinct from similarity and independent of the context 
in which the terms occur. This study produced a vali-
dated publicly available dataset for developing auto-
mated approaches to measuring semantic relatedness 
and similarity. 

 Introduction 

The combination of clinical and biomedical terms 
organized into controlled vocabularies contained in 
the Unified Medical Language System (UMLS) and 
the use of large repositories of clinical and biomedical 
text provide a rich resource for developing automated 
approaches to measuring semantic similarity and re-
latedness among concepts. Querying electronic health 
record (EHR) systems for patients with a particular 
syndrome often requires using a variety of medical 
terms that not only denote diagnoses but also symp-
toms, treatments, conditions, and other concepts 
closely related to the syndrome. Automated measures 
of similarity and relatedness may be used to compile 
groups of terms to enhance querying of EHRs. 

An established body of work in psycholinguistics 
focuses on lexical semantics and semantic related-
ness.1, 2 Two types of relatedness have been identified 
and studied in detail – associative and semantic. Asso-
ciative relatedness refers to the probability that one 
word calls to mind another word (e.g., needle-thread), 
while semantic relatedness by psycholinguistic defini-
tion reflects the degree of semantic feature overlap 

between words (e.g., whale-dolphin). This distinction 
is based on the results of priming experiments in 
which, for example, a prime word that is either seman-
tically related or unrelated to the target is shown to the 
subject first and the reading time or another type of 
response (e.g., eye movements) to the presentation of 
the target word is measured. These experiments indi-
cate that subjects respond faster to targets primed with 
words that have common semantic features (i.e., are 
semantically similar) rather than those that have an 
associative relationship to the target (i.e., are semanti-
cally related).3, 4 In addition to behavioral priming 
experiments, neuroimaging studies also demonstrated 
that semantically related words elicit clearly detect-
able differences in neural response from unrelated 
words.5, 6  

Currently, several research groups, including ours, 
are investigating computerized methods for determin-
ing the strength of similarity and relatedness between 
medical terms.7-12 One of the critical prerequisites in 
this work is the availability of validated reference 
standards that may be used to assess the performance 
of automated algorithms relative to human judgments. 
Furthermore, in order to advance this area of research, 
a more detailed understanding of the notions of se-
mantic relatedness and similarity in medical language 
is needed. 

The objectives of the present study were to a) con-
firm that relatedness is distinct from similarity of con-
cepts in the biomedical domain, b) determine if con-
text-free semantic relatedness can be measured behav-
iorally, and c) to create a publicly available dataset 
that may be used as a reference to develop and test 
approaches to measuring semantic relatedness and 
similarity. 

 Materials and Methods 

Participants: Eight medical residents (2 women 
and 6 men; mean age - 30) at the University of Minne-
sota Medical School were invited to participate for a 
modest monetary compensation. Participants repre-
sented a convenience sample of all medical residents 
at the University of Minnesota. This study was ap-
proved by the University of Minnesota Institutional 
Review Board.  



Data set: The term pairs dataset was compiled by 
first selecting all concepts from the UMLS (unre-
stricted by source) with one of three semantic types: 
disorders, symptoms and drugs. Subsequently, only 
concepts with entry terms containing at least one sin-
gle-word term were further selected to control for po-
tential differences in similarity and relatedness re-
sponses due to differences in term complexity. After 
this automated selection, a practicing physician 
(Adam) manually selected pairs of the single-word 
terms to contain approximately 30 term pairs in each 
of the four relatedness categories (completely unre-
lated, somewhat unrelated, somewhat related, and 
closely related) and in 6 semantic type categories of 
term pairs (DISORDER-DISORDER, DISORDER-
SYMPTOM, DISORDER-DRUG, SYMPTOM-
SYMPTOM, SYMPTOM-DRUG, DRUG-DRUG). 
This resulted in a dataset illustrated in Figure 1i. 

The order of presentation of the term pairs and the 
order of the terms in each pair were randomized. With 
terms denoting medications, we used brand names in 
most cases because generic names for drugs with simi-
lar chemical composition and/or function tend to have 
similar orthography and pronunciation, presenting a 
potential source of bias. 

 

Figure 1 Data set of 724 medical term pairs and their counts by 
category. 

Instruments and procedures: Subjects were seated in a 
quiet room two feet away from a 22'' computer moni-
tor and asked to make relatedness and similarity 
judgments for each pair of medical terms that were 
shown in the center of the monitor (HP TouchSmart 
IQ506). Subjects were instructed to respond by touch-
ing the screen to indicate how similar the two terms 
are, on a scale from left (low similarity/relatedness) to 
right (high similarity/relatedness). We imposed a 4 
seconds time limit in order to elicit an intuitive reac-
tion. This was particularly important for relatedness 
judgments, as we wanted to prevent the subjects from 
examining unlimited chains of relationships between 
concepts and thus possibly biasing the results towards 
greater degree of relatedness than justified by their 
initial reaction. To minimize practice effects, subjects 
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were given a practice session consisting of 30 term 
pairs that were not included in the main dataset.  

Each subject performed only one of the two tasks 
(similarity or relatedness) resulting in two groups of 4 
subjects (3 men and 1 woman in each). The tasks were 
explained to the subjects by providing examples of the 
two phenomena (e.g., “pulmonary edema” and “heart 
failure” are related but not similar). We relied on ex-
amples rather than detailed rules, as we were inter-
ested in eliciting the subjects’ intuitive responses.We 
recorded the X and Y coordinates (in pixels offset 
from the left edge of the screen (range: 0-1600)) of the 
location where the subject pressed the screen, as well 
as the response latency measured in milliseconds 
lapsed from the stimulus presentation. The X coordi-
nate was used as a measure of relatedness/similarity 
with lower values indicating less related/similar judg-
ments.  

 

Figure 2 Scatter plot illustrating the correlation between simi-
larity and relatedness tasks (averaged across all subjects) 

Computerized measures: We expected to find a 
number of disagreements between the raters and hy-
pothesized that disagreements may be associated with 
the very notions of the strength of semantic related-
ness and similarity. To test this hypothesis we used 
measures and relatedness that were derived independ-
ently from the raters’ judgments. The measure of simi-
larity consisted of a simple path-based approach13 
where the degree of similarity between concepts is a 
function of the path length between them in the 
UMLS. The measure of relatedness comprised a vec-
tor-space model approach10 that represents each term 
as a second-order vector of frequencies of words in the 
term’s definition with frequencies computed over a 
large corpus of medical text. We used a relatedness 
measure derived from a corpus of ~500,000 inpatient 
reports (admission, progress and discharge notes) from 
the University of Minnesota Fairview system.  

Statistical analyses: To measure inter-rater reli-
ability on continuous scale responses, we used the 
Intra-Class Correlation Coefficient (ICC) as defined 
by Shrout and Fleiss.14 Due to the apparent multi-
modal distribution of the raters’ responses, we could 



not meet the normality assumption and therefore relied 
on non-parametric Spearman’s rank correlation to test 
for linear associations between variables in this study. 
Variables that indicated non-linear relationship were 
analyzed using polynomial models. All statistical 
analyses were conducted using R (v 2.9.1) package. 

 Results  

Due to the time limit placed on making the similar-
ity and relatedness judgments, we expected that the 
raters would not be able to complete the assessment of 
some of the term pairs. On the relatedness task, all 
raters succeeded on 587 (81%) of 724 samples. On the 
similarity task, 566 (78%) of 724 pairs were success-
fully completed by all. On the similarity task, the rat-
ers failed more on the DRUG-DRUG category (22% 

of all failures), followed by SYMPTOM-SYMPTOM 
category (20% of all failures). On the relatedness task, 
the most failures were observed on the SYMPTOM-
DRUG category (21%) followed by the DISORDER-
DRUG category (20%).  

Similarity vs. Relatedness: On both tasks, all eight 
raters succeeded to respond on 457 (63%) of 724 
pairs. The responses on the relatedness and similarity 
tasks for these 457 pairs were highly correlated 
(r=0.80, p < 0.0001) indicating a strong relationship 
between similarity and relatedness. The plot in Figure 
2 shows that most of the term pairs that were judged 
as dissimilar were also judged as unrelated and vice 
versa. A number of term pairs were also judged as 
dissimilar but somewhat related (upper left corner of 

the plot), whereas no pairs were judged as similar and 
also marked as unrelated (lower right corner). The 
lower success rate on the similarity task was likely due 
to the difficulty in assessing similarity across different 
semantic types evident from lower agreement on these 
judgments in Table 1. 

 DIS-
DIS 

SYM-
SYM 

DR-
DR 

DIS
-DR 

SYM-
DR 

DIS-
SYM 

Rel. ICC 0.56 0.49 0.47 0.49 0.45 0.50 
Sim. ICC 0.56 0.58 0.63 0.33 0.24 0.34 

Table 1 Inter-rater agreement on medical term pairs separated 
by the semantic types of the terms in the pair 

Inter-rater agreement: The agreement on the 587 
relatedness and 566 similarity pairs on which re-
sponses from all four raters were obtained was in the 
moderate range (ICC=0.50 and 0.47 respectively). 

Table 1 illustrates inter-rater agreement separately for 
each semantic type of the terms in the pairs.  

To determine if the disagreements were uniformly 
distributed throughout the dataset or limited to a spe-
cific subset, we used the standard deviation of the re-
sponses provided by the four raters to reduce the set of 
pairs. We determined the number and the distribution 
of the pairs with good agreement (ICC > 0.7) across 
the relatedness and similarity continua showing that 
good agreement was reached on over 70% of the term 
pairs. However, in order to use this subset as a refer-
ence standard it is important to ensure that the distri-
bution of the pairs across the relatedness and similar-
ity continua after the reduction remains similar to the 
distribution prior to the reduction.  

Figure 3: Distribution of responses on the relatedness task BEFORE and AFTER reducing the dataset to samples with good agreement 



Results of the comparisons between the two distri-
butions are shown in Figures 3 and 4. Panels on the 
left in Figures 3 and 4 show the locations where the 
raters touched the screen in response to the term pair 
stimuli. The panels on the right show histograms and 
probability density distributions for the responses de-
picted in the plots on the left.  

The plots in Figure 3 show that the raters’ re-
sponses are clustered into 3 groups roughly corre-
sponding to “unrelated”, “related”, and “somewhat 
related” categories. The removal of pairs with large 
standard deviations in responses resulted in slightly 
reduced density of the “somewhat related” category. 
This indicates that the majority of the disagreements 
came from the “somewhat related” category; however, 
the overall shape of the distribution across these cate-

gories remains similar before and after the reduction 
with a sufficiently large proportion of samples in the 
space between the “unrelated” and “related” clusters. 

The distribution of responses on the similarity task 
(Figure 4) shows a more diffuse pattern in the space 
between the “dissimilar” and “similar” end of the 
scale. Similar to the relatedness task, removal of pairs 
on which the raters disagreed the most decreased the 
number of “somewhat similar” pairs without substan-
tially changing the overall shape of the distribution. 

Response Latency: The latency of raters’ responses 
was distributed in a U-shaped pattern with faster re-
sponses on unrelated/dissimilar and related/similar 
pairs and slower responses in between these two ex-
tremes (Figure 5). The plots in Figure 5 indicate that 
the association between the response latency and re-
latedness judgments is relatively strong (r=0.42), but 

is much weaker (r=0.26) on the similarity task. 
Analysis of Disagreements: First, as shown in Ta-

ble 1, the semantic type of the terms in the pairs 
evaluated by the raters clearly plays a role. Not sur-
prisingly, the agreement was the lowest on judgments 
of similarity between disorders and drugs and between 
symptoms and drugs. If the notion of semantic similar-
ity between two concepts relies on comparing sets of 
features that define the concepts, then one would ex-
pect the raters to have a harder time comparing ab-
stract concepts such as disorders and symptoms with 
concrete chemical substances. By the same token, one 
would expect similarity judgments for pairs of such 
concrete concepts to be easier to make than for pairs 
of disorders and symptoms, which is consistent with 
the higher ICC (0.63) for DRUG-DRUG pairs than for 

other categories in Table 1.  
Testing for correlations with path-based and vec-

tor-based similarity and relatedness scores resulted in 
a weak but statistically significant negative correlation 
between the vector-based relatedness score (r = -0.13, 
p = 0.004) and the standard deviation in the raters’ 
relatedness judgments, but not their similarity judg-
ments (r = 0.02, p = 0.604). We also found a weak but 
significant correlation between the path-based meas-
ure of similarity and the standard deviations in rater’s 
judgments on the similarity task (r = 0.14, p = 0.002) 
as well as the relatedness task (r = 0.1, p = 0.027). 
These correlations explain only a small part of the 
disagreements; however, the fact that there is a differ-
ence between the relatedness and similarity tasks for 
the vector-based approach but not for the path-based 
approach is consistent with the asymmetrical relation-

Figure 4: Distribution of responses on the similarity task BEFORE and AFTER reducing the dataset to samples with good agreement 



ship between similarity and relatedness judgments 
evident in Figure 2. 

 Discussion 

Our results demonstrate that the relationship be-
tween semantic similarity and relatedness is that of 
unidirectional entailment – pairs of terms that are 
similar are also likely to be related but not vice versa. 
We also found a tendency for higher relatedness rela-
tive to similarity scores for any given pair of terms 
(see Figure 2). Our results also suggest that the seman-
tic associations between clinical terms are largely in-
dependent of the possible context. The distribution of 
response latencies provided additional evidence that 
raters were performing as expected.  

 

Figure 5 Quadratic models for latency of responses on related-
ness (r= 0.42, p<0.0001) and similarity (r=0.26, p < 0.001) task. 

We did find a difference, however, between the re-
latedness and similarity tasks with respect to the de-
gree of correlation. This difference is likely due to 
similar reasons to the finding that agreement on some 
of the semantic types within the similarity task was 
much lower than on the relatedness task (see Table 1). 
Manual examination of disagreements (sd. > 400 pix-
els) showed that 48% of them were due to one of the 4 
raters providing a response different from the other 
three raters with responses similar to each other. Thus, 
we believe that a greater proportion of the data may be 
used as a reference standard if the responses are com-
bined using “majority vote” rather than the mean.  

The main difference between the our approach to 
generating the relatedness/similarity dataset and some 
of the other previously reported approaches15, 16 is the 
use of a continuous scale as well as having a time limit 
on the judgments. Thus our approach aims to elicit 
implicit relations between concepts in the minds of the 
raters. 

 Conclusion 

This study furthers our understanding of semantic 
similarity and relatedness between biomedical terms 
and will enable the development of automated ap-
proaches to their measurement. Having distinct ratings 
of similarity and relatedness on the same set of term 

pairs is particularly important to enable testing and 
comparison of path-based and vector-based automated 
measures. Using the semantic similarity dataset is 
more appropriate for the former, whereas the related-
ness dataset is better suited for the latter based on how 
these two types of relationships are defined.  
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