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IDENTIFYING RELEVANT MEDICAL DATA 
FOR FACILITATING ACCURATE MEDICAL 

DIAGNOSIS 

FIELD 

[ 0001 ] Embodiments described herein relate to methods 
and systems for medical diagnosis , and methods for training 
medical diagnosis systems . In particular , such methods and 
systems for medical diagnosis may determine a probability 
of a disease from information input by a user and from 
information retrieved from the user's clinical history . 

BACKGROUND 

[ 0002 ] Medical diagnosis systems may use knowledge of 
symptoms experienced by a patient , combined with infor 
mation regarding risk factors for example , to identify medi 
cal conditions ( diseases ) . This may allow offering of pos 
sible treatments to the patient . 
[ 0003 ] In many cases , medical diagnosis is based on 
making a decision by considering the causal and probabi 
listic relationship between items of medical data such as 
risk - factors , diseases and symptoms . Medical models may 
be used to describe the interplay between items of medical 
data . For example , a model that elegantly captures such 
causal relationships is based on the framework of probabi 
listic graphical models ( PGM ) . Key to decision - making in 
such a system is the process of performing probabilistic 
inference on the PGM . 
[ 0004 ] Such systems determine the likelihood of a set of 
diseases , based on available evidence . The available evi 
dence is provided by a user . However , the evidence provided 
may be incomplete . With incomplete evidence , the likeli 
hood of diseases may be difficult to predict and the accuracy 
of the diagnosis may be poor . 

[ 0013 ] FIG . 2 ( d ) illustrates an example of how the rel 
evant clinical history may be presented to a user on a user 
device ; 
[ 0014 ] FIG . 3 ( a ) is a depiction of a probabilistic graphical 
model ( PGM ) used in a medical diagnosis system in accor 
dance with an embodiment ; 
[ 0015 ) FIG . 3 ( b ) illustrates an importance sampling 
method used in a medical diagnosis method in accordance 
with an embodiment ; 
[ 0016 ] FIG . 3 ( C ) illustrates an example training process 
for a universal marginalizer ( UM ) used in a medical diag 
nosis system in accordance with an embodiment ; 
[ 0017 ] FIG . 4 is a schematic illustration of a medical 
diagnosis system in accordance with an embodiment ; 
[ 0018 ] FIG . 5 illustrates a method for medical diagnosis in 
accordance with an embodiment ; 
[ 0019 ] FIG . 6 ( a ) is a schematic illustration of a module for 
determining the validity and a measure of the relevance of 
medical information , which may be included in a medical 
diagnosis system in accordance with an embodiment ; 
[ 0020 ] FIG . 6 ( b ) shows a flow chart illustrating a method 
for determining the validity of medical information which 
may be used in a method of medical diagnosis in accordance 
with an embodiment ; 
[ 0021 ] FIG . 6 ( c ) shows a flow chart of a method for 
determining the validity of medical information which may 
be used in a method of medical diagnosis in accordance with 
an embodiment ; 
[ 0022 ] FIG . 7 ( a ) shows a flow chart of a method of 
training a medical diagnosis system in accordance with an 
embodiment , the method comprising generating vectors 
corresponding to medical concepts ; 
[ 0023 ] FIG . 7 ( b ) shows a schematic illustration of an 
example model which may be used in the method of FIG . 
7 ( a ) ; 
[ 0024 ] FIG . 7 ( c ) shows an overview of the content of an 
example Electronic Health Record database , which may be 
used to generate a training dataset in the method of FIG . 
7 ( a ) ; 
[ 0025 ] FIG . 8 ( a ) shows a flow chart of a method of 
training a medical diagnosis system in accordance with an 
embodiment , the method comprising generating vectors 
corresponding to medical concepts ; 
[ 0026 ] FIG . 8 ( b ) shows a visualisation of the process of 
extracting similar nodes used in the method of FIG . 8 ( a ) ; 
[ 0027 ] FIG . 8 ( c ) shows an example of combined similarity 
scores for part of a knowledge graph ; 
[ 0028 ] FIG . 9 ( a ) shows an example of how relevance 
might be indicated in a clinical portal displayed on a device 
to a user ; 
[ 0029 ] FIG . 9 ( b ) illustrates an example of how relevance 
might be indicated in a clinical portal displayed on a device ; 
[ 0030 ] FIG . 9 ( C ) is a schematic illustration of an example 
system for determining a measure of relevance , where the 
system is a clinical portal system ; 
[ 0031 ] FIG . 10 ( a ) shows results of testing to determine a 
precision measure of the determination of a measure of 
relevance ; 
[ 0032 ] FIG . 10 ( b ) shows further results of testing to deter 
mine a precision measure of the determination of a measure 
of relevance ; 
[ 0033 ] FIG . 10 ( c ) shows results of testing to determine a 
precision measure of a word embeddings based determina 
tion of a measure of relevance ; 

BRIEF DESCRIPTION OF FIGURES 
[ 0005 ] The patent or application file contains at least one 
drawing executed in color . Copies of this patent or patent 
application publication with color drawing ( s ) will be pro 
vided by the Office upon request and payment of the 
necessary fee . 
[ 0006 ] Systems and methods in accordance with non 
limiting embodiments will now be described with reference 
to the accompanying figures in which : 
[ 0007 ] FIG . 1 ( a ) is a schematic illustration of an exem 
plary medical diagnosis system ; 
[ 0008 ] FIG . 1 ( b ) is a visualization of part of a knowledge 
graph for the descendant concepts of the concept “ acute 
asthma ” ; 
[ 0009 ] FIG . 1 ( c ) is a visualisation of part of a knowledge 
graph for the descendant concepts of the concept " diabetes 
type 1 ” ; 
[ 0010 ] FIG . 2 ( a ) is a schematic illustration of a medical 
diagnosis system in accordance with an embodiment ; 
[ 0011 ] FIG . 2 ( b ) is a schematic illustration of a module for 
determining a measure of relevance of medical information , 
which may be included in a medical diagnosis system in 
accordance with an embodiment ; 
[ 0012 ] FIG . 2 ( c ) shows a flow chart illustrating a method 
for determining a measure of relevance of medical informa 
tion , which may be used in a method of medical diagnosis 
in accordance with an embodiment ; 
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[ 0034 ] FIG . 11 is a schematic illustration of a computing 
system which provides means capable of putting a method 
for medical diagnosis in accordance with an embodiment 
into effect . 

DETAILED DESCRIPTION OF FIGURES 
[ 0035 ] According to a first aspect , there is provided a 
computer - implemented method for medical diagnosis , com 
prising : 

[ 0036 ] receiving a user input from a user , the user input 
comprising an input symptom ; 

[ 0037 ] determining a measure of relevance of a plurality 
of items of medical data to the user input , wherein the 
plurality of items of medical data are items of medical 
data for which information associated with the user is 
stored ; 

[ 0038 ] determining whether to include the stored infor 
mation corresponding to an item of medical data in a 
first set of information , based on the measure of rel 
evance for the item of medical data ; 

[ 0039 ] providing the at least one input symptom and the 
first set of information as an input to a model , the model 
being configured to output a probability of the user 
having a disease ; and 

[ 0040 ] outputting a diagnosis based on the probability 
of the user having a disease . 

[ 0041 ] According to a second aspect , there is provided a 
medical diagnosis system comprising : 

[ 0042 ] a user interface configured to receive a user input 
from a user , the user input comprising at least one input 
symptom ; 

[ 0043 ] one or more processors configured to : 
[ 0044 ] determine a measure of relevance of a plural 

ity of items of medical data to the user input , wherein 
the plurality of items of medical data are items of 
medical data for which information associated with 
the user is stored ; 

[ 0045 ] determine whether to include the information 
corresponding to an item of medical data in a first set 
of information , based the measure of relevance 
for the item of medical data ; 

[ 0046 ] provide the at least one input symptom and the 
first set of information as an input to a model , the 
model being configured to output a probability of the 
user having a disease ; and 

[ 0047 ] a display device , configured to display a diag 
nosis based on the probability of the user having a 
disease . 

[ 0048 ] The disclosed system addresses a technical prob 
lem tied to computer technology and arising in the realm of 
computer networks , namely the technical problem of effi 
ciency of data transmission . In a medical diagnosis system , 
information from a stored user medical history may be used 
to improve the accuracy of diagnosis . However , information 
from the medical history may be incorrect , or may no longer 
be correct . The medical diagnosis system therefore transmits 
the medical history information to the user for confirmation . 
However , the medical history may comprise a large amount 
of information , resulting in a large amount of data being 
transmitted to the user . The disclosed system solves this 
technical problem by filtering the medical history informa 
tion based on relevance , to obtain a sub - set of the informa 
tion . The sub - set of information comprises information 
determined to be relevant to the presenting symptom . By 

filtering the medical history information based on relevance , 
a sub - set of the medical history data is transmitted , whilst an 
accurate diagnosis may still be obtained . 
[ 0049 ] In an embodiment , determining the measure of the 
relevance of an item of medical data to the user input 
comprises : 

[ 0050 ] obtaining a first vector representation corre 
sponding to the input symptom ; 

[ 0051 ] obtaining a second vector representation corre 
sponding to the item of medical data ; 

[ 0052 ] determining a similarity measure between the 
first vector representation and the second vector repre 
sentation . The similarity measure may be the cosine 
similarity . 

[ 0053 ] The vector representations corresponding to items 
of medical data are generated during a training stage , and 
then stored . 
[ 0054 ] The user input may comprise two or more input 
symptoms , or other items of medical data . In an embodi 
ment , determining the measure of the relevance of an item 
of medical data to the user input comprises : 

[ 0055 ] obtaining a first vector representation corre 
sponding to each of the input items ; 

[ 0056 ] obtaining a second vector representation corre 
sponding to the item of medical data ; 

[ 0057 ] determining a similarity measure between each 
first vector representation and the second vector repre 
sentation ; and 

[ 0058 ] determining an average similarity measure . 
[ 0059 ] The input is received from a user device , and the 
method further comprises sending the first set of information 
to the user device and receiving confirmation information 
corresponding to the first set of information from the user 
device . The confirmed information is then input into the 
model . 
[ 0060 ] Determining whether to include the information 
corresponding to an item of medical data in a first set of 
information based on the measure of relevance for the item 
of medical data may comprise determining whether the 
measure of relevance meets a pre - determined threshold . 
Alternatively , determining whether to include the informa 
tion corresponding to an item of medical data in a first set of 
information based on the measure of relevance for the item 
of medical data may comprise determining whether the 
measure of relevance is within a pre - determined number of 
the most relevant . 
[ 0061 ] An item of medical data comprises a symptom , risk 
factor , disease , physiological data , recommendation or 
behaviour . 
[ 0062 ] In an embodiment , the model comprises a proba 
bilistic graphical model comprising probability distributions 
and relationships between symptoms and diseases , and an 
inference engine configured to perform Bayesian inference 
on said probabilistic graphical model , and wherein deter 
mining the probability that the user has a disease comprises 
performing approximate inference on the probabilistic 
graphical model to obtain a prediction of the probability that 
the user has a disease . 
[ 0063 ] In an embodiment , the method further comprises : 

[ 0064 ] obtaining a set of items of medical data to be 
used in the probabilistic graphical model ; 

[ 0065 ] obtaining stored information associated with the 
user relating to the items of medical data to be used in 
the model ; 
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[ 0066 ] determining the measure of the relevance for the 
items of medical data . 

[ 0067 ] In an embodiment , inference is performed using a 
discriminative model , wherein the discriminative model has 
been pre - trained to approximate the probabilistic graphical 
model , the discriminative model being trained using samples 
generated from said probabilistic graphical model , wherein 
some of the data of the samples has been masked to allow 
the discriminative model to produce data which is robust to 
the user providing incomplete information about their symp 
toms , 
[ 0068 ] and wherein determining the probability that the 
user has a disease comprises deriving estimates of the 
probabilities that the user has that disease from the discrimi 
native model , inputting these estimates to the inference 
engine and performing approximate inference on the proba 
bilistic graphical model to obtain a prediction of the prob 
ability that the user has that disease . 
[ 0069 ] In an embodiment , the method further comprises : 

[ 0070 ) determining the validity of the stored informa 
tion ; 

[ 0071 ] wherein determining the measure of the rel 
evance of the plurality of items of medical data com 
prises determining the measure of relevance for the 
items of medical data for which the stored information 
is valid . 

[ 0072 ] The validity may be determined from information 
indicating which items of medical data are permanently 
valid . 
[ 0073 ] According to a third aspect , there is provided a 
computer implemented method of training a medical diag 
nosis system , comprising : 

[ 0074 ] obtaining a dataset comprising a plurality of 
items of medical data associated with each of a plural 
ity of patients ; 

[ 0075 ] learning a vector representation corresponding 
to items of medical data in the dataset ; 

[ 0076 ] storing the vector representation associated with 
the item of medical data . 

[ 0077 ] The vector representations may be learned by train 
ing a model to reconstruct the context of concepts from the 
dataset . For example , a word2vec or fasttext based model 
architecture may be used . 
[ 0078 ] In an embodiment , the method further comprises : 

[ 0079 ] obtaining an ontology comprising items of medi 
cal data and information describing the relationships 
between the items of medical data ; 

[ 0080 ] for a target item of medical data , determining 
one or more items of medical data in the ontology 
which are similar to the target item and for which there 
is an associated stored vector representation ; 

[ 0081 ] determining a vector representation for the target 
item of medical data from the vector representations of 
the one or more similar items of medical data . 

[ 0082 ] An item of medical data may be determined to be 
similar to a target item using an information content based 
similarity measure . 
[ 0083 ] In an embodiment , the method further comprises 
training a discriminative model to approximate the output of 
a probabilistic graphical model , comprising : 

[ 0084 ] receiving by the discriminative model samples 
from said probabilistic graphical model ; and 

[ 0085 ] training the discriminative model using said 
samples , 

[ 0086 ] wherein some of the data of the samples has 
been masked to allow the deterministic model to pro 
duce data which is robust to the user failing to input at 
least one symptom . In an further embodiment , the 
masking is based on a uniform distribution . 

[ 0087 ] According to a fourth aspect , there is provided a 
computer implemented method for determining a measure of 
relevance , the method comprising : 

[ 0088 ) determining a measure of relevance of a plurality 
of items of medical data to a target item of medical 
data , wherein the plurality of items of medical data are 
items of medical data for which information associated 
with the user is stored , wherein determining the mea 
sure of the relevance of an item of medical data to the 
target item of medical data comprises : 

[ 0089 ] obtaining a first vector representation corre 
sponding to the target item of medical data ; 

[ 0090 ] obtaining a second vector representation corre 
sponding to the item of medical data ; 

[ 0091 ] determining a similarity measure between the 
first vector representation and the second vector repre 
sentation . 

[ 0092 ] According to a fifth aspect , there is provided a 
system for determining a measure of relevance , the system 
comprising a processor , configured to : 

[ 0093 ] determine a measure of relevance of a plurality 
of items of medical data to a target item of medical 
data , wherein the plurality of items of medical data are 
items of medical data for which information associated 
with the user is stored ; wherein determining the mea 
sure of the relevance of an item of medical data to the 
target item of medical data comprises : 

[ 0094 ] obtaining a first vector representation corre 
sponding to the target item of medical data ; 

[ 0095 ] obtaining a second vector representation corre 
sponding to the item of medical data ; 

[ 0096 ] determining a similarity measure between the 
first vector representation and the second vector repre 
sentation . 

[ 0097 ] According to a sixth aspect , there is provided a 
computer implemented method of training a system for 
determining a measure of relevance , comprising : 

[ 0098 ] obtaining a dataset comprising a plurality of 
items of medical data associated with each of a plural 
ity of patients ; 

[ 0099 ] learning a vector representation corresponding 
to items of medical data in the dataset ; 

[ 0100 ] storing the vector representation associated with 
the item of medical data . 

[ 0101 ] According to a seventh aspect , there is provided a 
carrier medium comprising computer readable code config 
ured to cause a computer to perform the above described 
methods . 
[ 0102 ] The methods are computer - implemented methods . 
Since some methods in accordance with embodiments can 
be implemented by software , some embodiments encompass 
computer code provided to a general purpose computer on 
any suitable carrier medium . The carrier medium can com 
prise any storage medium such as a CD ROM , a magnetic 
device or a programmable memory device , or any transient 
medium such as any signal e.g. an electrical , optical or 
microwave signal . The carrier medium may comprise a 
non - transitory computer readable storage medium . 
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[ 0103 ] The above described systems and methods may 
determine the likelihood of a set of diseases , based on 
available evidence , and provide a diagnosis . The available 
evidence is generated from information provided by a user 
combined with information relating to the user that is 
collected from previous interactions ( e.g. past diagnoses ) 
and stored in the user's clinical history . Further information 
may also be requested from the user to provide a more 
accurate diagnosis . Several requests may be made . Evidence 
may comprise a list of items of medical data which are 
present . The items of medical data may be risk - factors , 
diseases , symptoms , physiological data , recommendations 
or behaviours . Evidence may further comprise any other 
information that can be used to provide a diagnosis . 
[ 0104 ] As users interact with the diagnosis system and / or 
with clinicians for example , hundreds of data points may be 
generated in the clinical history . For example , a user inter 
acting with the system in order to generate a diagnosis may 
generate on average 70 data points per patient . A health 
check interaction may generate around 128 data points , and 
8 data points on average may be extracted from clinical 
notes ( such data points may be extracted using NLP tech 
niques on written notes taken by clinicians during consul 
tation for example ) . In general , the data points correspond to 
the presence or absence of an item of medical data ( e.g. 
headache ) . Other data points , such as height or weight 
entries , may be included however . This information may be 
used by the diagnosis system to inform the diagnosis . 
[ 0105 ] Information from the medical history may be incor 
rect , or may no longer be correct . The medical diagnosis 
system therefore transmits the medical history information 
to the user for confirmation . However , the medical history 
may comprise a large amount of information , resulting in a 
large amount of data being transmitted to the user . By 
filtering the medical history information based on relevance , 
to obtain a sub - set of information , comprising information 
determined to be relevant to the presenting symptom ( s ) , a 
small amount of data is sent to the user device . Improved 
efficiency of data transmission to and from the user device 
is therefore provided . 
[ 0106 ] Furthermore , providing a large set of input data to 
the diagnosis model , some of which is not relevant to the 
presenting symptom ( s ) , may result in reduced accuracy of 
diagnosis in some cases . By filtering the information based 
on a measure of relevance , an accurate diagnosis may be 
obtained . A step of pre - processing the clinical history data 
based on a measure of relevance is performed , to provide an 
accurate diagnostic . When a patient inputs a presenting 
complaint ( e.g. “ I have chest pain ” ) , the pre - processing step 
returns data from the clinical history that is determined to be 
relevant to this presenting complaint . 
[ 0107 ] FIG . 1 illustrates an exemplary medical diagnosis 
system . A patient 101 communicates with the system via a 
mobile phone device 102. However , any device that is 
capable of communicating information over a computer 
network , for example , a laptop , tablet computer , information 
point , fixed computer etc. , could be used . The device 102 
may also be referred to as a user terminal . The user terminal 
is capable of conveying information to the patient in any 
suitable form . Such forms may include images and text by 
means of a display , or sounds and speech by means of a 
loudspeaker . The user terminal may also receive inputs from 
the user in different forms , for example by the user entering 

text , selecting from text options displayed on the terminal , or 
speaking into the device for example . 
[ 0108 ] The mobile phone 102 communicates with inter 
face 105 , and transmits the text information corresponding 
to the user input to the interface 105 in S103 . Interface 105 
has two primary functions , the first function is to receive the 
words input by the user . In step S107 , this information is 
passed on to the diagnosis engine 111. The second function 
is to take the output of the diagnosis engine 111 and to send 
this back to the user's mobile phone 102 in steps S117 and 
S113 . 
[ 0109 ] The patient 101 inputs their symptom ( s ) in step via 
interface 105. The patient may also input other items of 
medical data which are present , such as their risk factors ( for 
example , whether they are a smoker etc ) and / or known 
diseases ( for example they have diabetes or asthma ) . The 
interface may be adapted to ask the patient 101 specific 
questions . Alternately , the patient may simply enter free text . 
[ 0110 ] The diagnostic engine 111 receives the input text 
information from the interface 105 in step S107 . The diag 
nostic engine then calls an NLP module ( not shown ) that 
applies NLP techniques to the input text information to 
extract concepts . This NLP module converts the natural text 
into concepts . Concepts will be described in detail below . 
[ 0111 ] For example , in this step , following receipt of an 
input phrase , the diagnostic engine 111 calls an NLP depen 
dency parser which extracts one or more symptoms which 
are present in the phrase , and outputs the concept ( s ) corre 
sponding to the symptom ( s ) . Various known methods of 
parsing the input text can be used . In this example , the 
output of the NLP module therefore comprises a set of 
concepts ( in this case representing symptoms ) that are 
present in the input phrase . The sub - set of these concepts 
corresponding to the items of medical data used in the model 
is then extracted . 
[ 0112 ] The evidence input into the model may comprise 
the presence of items of medical data , such as symptoms , 
diseases , risk factors , physiological data , recommendations 
and / or behaviours , that are identified as present by the 
patient in the input . It may further comprise the absence of 
items of medical data , such as symptoms , diseases , risk 
factors , physiological data , recommendations and / or behav 
iours , identified as absent by the patient in the input . In the 
simple example which is described herein however , the user 
input evidence comprises a set of one or more symptoms 
which are present . Items of medical data where the patient 
has not provided information are assumed to be unknown at 
this stage . 
[ 0113 ] The evidence is passed in step S107 to the diag 
nosis engine 111. The diagnosis engine 111 is configured to 
compute probabilities that diseases are present based on 
evidence ( e.g. the presence of one or more symptoms , 
diseases and / or risk factors ) provided , and derive a diagnosis 
from these probabilities . The diagnosis engine 111 com 
prises a model of medicine , which encompasses human 
knowledge of medicine , and an inference engine , which 
quantifies the likelihood of a disease being present , in view 
of the reported evidence ( e.g. a list of symptoms , diseases 
and / or risk factors which are identified as present ) and the 
model of medicine for example . The “ model of medicine ' 
may be encoded in several ways , for example it may be a 
PGM . 
[ 0114 ] The diagnostic engine 111 may then transmit back 
information in step S117 concerning the “ likelihood ” of a 
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{ 
" baseConcept " : { 

" label ” : “ Headache ” , 
“ iri ” : " https://bbl.health/eD42RdeKVT ” 

} , 
“ modifiers " : [ 

{ 
" type " : { 

" label " : “ Severity ” , 
“ iri ” : " https://bbl.health/PvSutvtoic ” 

} , 
" value " : { 

" label " : “ Severe ” , 
" iri ” : " https://bbl.health/m7MbriuuZ8 ” 

} 
} 

] 
} 

disease , and generate a diagnosis , given the evidence sup 
plied by the patient 101. The interface 105 can supply this 
information back to the mobile phone 102 of the patient in 
step S113 . The information may alternatively be outputted to 
a different device , for example a computer operated by a 
doctor . The information may then be displayed on a display 
device for example . For example , the mobile phone 102 of 
the patient may be configured to display a diagnosis based 
on the probability of the user having a disease . 
[ 0115 ] The diagnostic engine 111 may be connected to a 
knowledge graph 150 , also referred to as a knowledge base , 
the knowledge graph being a large structured medical 
knowledge base , or medical ontology , linking together medi 
cal diseases , symptoms , risk factors etc. The knowledge 
graph can be thought of as a repository of human knowledge 
on modern medicine encoded in a manner that can be 
understood by machines . The knowledge graph may keep 
track of the meaning behind medical terminology across 
different medical systems and different languages . The diag 
nostic engine 111 uses the medical knowledge encoded in 
the knowledge graph and calls the NLP module described 
above to turn the words input by the user into a form that can 
be understood by the model , i.e. concepts . Each item of 
medical data such as a symptom , disease or risk factor for 
example , corresponds to a concept in the knowledge base 
150 , as will be described in more detail below . 
[ 0116 ] A visualization of part of the knowledge graph for 
the descendants of acute asthma is shown in FIG . 1 ( b ) . A 
visualisation of part of the knowledge graph for the descen 
dants of Diabetes Type 1 is shown in FIG . 1 ( C ) . 
[ 0117 ] The knowledge graph 150 comprises a set of 
simple concepts ( such as “ headache ” ) , encoded using medi 
cal information . Each simple concept comprises a label ( e.g. 
“ headache ” ) and an identifier ( e.g. an IRI , discussed below ) . 
The knowledge graph may be understood to comprise 
simple concepts , and the relationships between them . Com 
plex concepts may be constructed from two or more simple 
concepts from the knowledge graph , but are not themselves 
stored in the knowledge graph . Complex concepts such as 
“ severe headache ” may be constructed from a simple con 
cept and one or more modifiers for example . 
[ 0118 ] The relationships may be links between the simple 
concepts . For example , a simple concept may be " pain ” . 
This simple concept may be a “ parent " concept for several 
" child " simple concepts such as “ headache ” , etc. These 
“ child ” concepts may also be “ parent ” concepts for further 
" child ” concepts such as “ frontal headache ” . The child 
concept “ frontal headache ” is thus a simple concept that 
exists in the knowledge graph , and comprises a label and an 
identifier : 

[ 0121 ] The complex concept " severe headache ” can be 
created by putting three simple concepts , i.e. three identifi 
ers , from the knowledge base together . The identifiers may 
identify simple concepts that exist in the knowledge base . In 
the example of “ severe headache ” above , the modifier 
“ Severity ” is also a simple concept , having a “ value ” of 
“ severe ” in this case . “ Severe ” is also a simple concept . 
[ 0122 ] Concepts may also include unary concepts , e.g. 
Not Headache . In this example , “ Not " is a special operator . 
The operator “ Not ” does not exist in the knowledge base , but 
it is part of the algebra that is used to define the semantics 
of the language . 
[ 0123 ] Each simple concept comprises a corresponding 
identifier that uniquely identifies it . The identifier may be 
compatible with a standard protocol known as the Interna 
tionalized Resource Identifier ( IRI ) for example . An IRI may 
be understood as a string of characters that identifies a 
resource . An IRI may be a link to an internet based resource . 
For example , the symptom headache may correspond to a 
concept comprising the label “ headache ” and an identifier 
that is an IRI , and the IRI is linked by e.g. " http : // health / 
test123 ” . The knowledge base stores simple concepts , each 
comprising a label and an identifier . 
[ 0124 ] The Knowledge Base 150 comprises a network of 
medical concepts ( diseases , drugs , treatments , risk factors , 
etc. ) together with links described relations between them , 
e.g. , < Headache treatedBy paracetamol > , < Malaria 
causedBy plasmodium > , < Malaria isA Infectious Disease > . 
The links may be referred to as edges . The Knowledge Base 
150 may therefore be represented using triples , comprising 
subject , property and object , < Subject , Property , Object > , 
each of these mapping to a concept and an IRI . An example 
of one triple would be < Breast cancer , isA , Cancer > . In one 
implementation , the Knowledge Base comprises 31,718,491 
triples , with 8,310,814 concepts and 4 738 properties . 
[ 0125 ] As described above , where the user input com 
prises free text , the diagnostic engine 111 calls one or more 
services to extract concepts from the text . For example a 
natural language parser which extracts the concepts which 
are present in the text and corresponding to one or more 
simple concepts in the knowledge base may be used . For 
example , a word2vec model may produce word embeddings , 
which are then mapped to concepts in the knowledge base . 
The diagnostic engine may then extract the concepts which 
correspond to concepts in the model used by the diagnostic 
engine 111. In other cases , the mapping may be pre - coded 

{ 
" label ” : “ Frontal headache ” , 
“ iri ” : " https://bbl.health/hFEPyOdO2k ” 

} 

[ 0119 ] Frontal headache in this example is a simple con 
cept which exists in the knowledge base itself . It may also 
be represented as a complex concept in an alternative 
formulation however . 
[ 0120 ] “ Severe headache ” in this example is a complex 
concept which does not exist in the knowledge graph . The 
complex concept “ severe headache ” may be represented as 
follows : 
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( for example given a question presented to the user , each 
answer corresponds to a concept used in the model ) . 
[ 0126 ] The interface 105 , diagnostic engine 111 and 
knowledge graph 150 may be located in a computing 
system , comprising a processor and memory , or in two or 
more computing systems . 
[ 0127 ] FIG . 2 ( a ) is a schematic illustration of a medical 
diagnostic system 1 in accordance with an embodiment . For 
simplicity the same reference numerals are used for com 
ponents that have been described previously in relation to 
FIG . 1. Description of the features which have been 
described previously is omitted . Again , a patient 101 com 
municates with the system via a device 102. The user 
terminal 102 communicates through the interface 105 as 
described previously in relation to FIG . 1 ( a ) . 
[ 0128 ] To begin the diagnosis process , the patient 101 
provides input comprising at least one symptom in step S103 
via interface 105. This information is then sent to the 
diagnostic engine in step S107 in the same manner described 
previously . As described previously , the diagnostic engine 
111 may extract a list of concepts which are present in the 
user input for example . This may correspond to a list of 
identifiers . It may also extract concepts which are used in the 
model and are identified by the user as absent . 
[ 0129 ] In this embodiment , the diagnosis engine 111 is 
configured to identify the items of medical data , in this case 
symptoms , risk factors , and / or diseases , by their IRIs . Other 
types of identifiers may be used to represent these concepts , 
however , for simplicity , in the remainder of this specification 
we will refer to identifiers as IRIS . 
[ 0130 ] The diagnostic engine 111 extracts the medical 
evidence ( in this case at least one symptom which is 
identified as present , and optionally other items of medical 
data , and optionally those identified as absent ) from the 
patient input . 
[ 0131 ] The diagnostic engine 111 comprises a probabilis 
tic model 112 from which the probability of one or more 
diseases being present can be calculated as has been 
described previously . From the calculated probabilities , the 
diagnosis engine 111 derives a likelihood that a disease is 
present and generates a diagnosis . The diagnosis may be 
output on the user terminal via steps S117 and S113 . For 
example , for a given set of medical evidence ( e.g. symp 
toms , diseases , or risk factors identified as present ) , if the 
diagnosis engine 111 calculates that P ( disease = flu ) = 99 % ; 
P ( disease = meningitis ) = 0.1 % ; and P ( disease = measles ) = 0 . 
2 % , the diagnosis engine 111 will output that the disease is 
likely to be flu . The diagnosis may alternatively be output on 
another display device . 
[ 0132 ] In an embodiment , the diagnosis engine 111 com 
prises an inference engine 109 and a PGM 120 , as will be 
described in relation to FIG . 4 below . Other models may be 
used to perform the medical diagnosis however . 
[ 0133 ] The probabilistic model 112 also takes as input 
relevant information relating to items of medical data ( such 
as symptoms , risk factors and / or diseases ) from a stored set 
of information relating to items of medical data ( such as 
symptoms , risk factors and / or diseases ) associated with the 
user . The stored set of information relating to items of 
medical data is stored in the clinical history 115 . 
[ 0134 ] In the following example , the items of medical data 
are symptoms , risk factors and / or diseases . However , other 
items of medical data , such as physiological data , recom 
mendations or behaviours may also be included . Physiologi 

cal data may include height , weight , body mass index 
( BMI ) , or VO2max for example . Recommendation may 
include medical advice such as “ Do more exercise ” or “ Eat 
more vegetables ” . Behaviour may include user behaviours 
such as “ Physically active ” , “ Low physical activity ” , or 
“ Healthy eater ” . 
[ 0135 ] The diagnostic engine 111 first identifies the user 
corresponding to the received input . For example , the initial 
input from the user may comprise an HTTP request that 
contains a user ID and the text ( comprising the at least one 
input symptom ) . 
[ 0136 ] The diagnostic engine then calls for the set of the 
symptoms , risk factors and / or diseases which are to be used 
in the probabilistic model . The diagnostic engine sends this 
information to the relevance module 201 , together with the 
information identifying the user and the user input . The set 
of the symptoms , risk factors and / or diseases used in the 
probabilistic model may comprise a list of IRIs correspond 
ing to the concepts in the PGM for example . The user input 
comprises a list of IRIs corresponding to at least one 
symptom which is identified as present , and optionally 
diseases and / or risk factors , and optionally those identified 
as absent , from the patient input . The relevance module 201 
then obtains the information relating to the user from the 
clinical history 112 , based on the user identification . 
[ 0137 ] This information from the clinical history may 
comprise one or more entries . Each entry may comprise an 
index , a patient ID , event information , the timestamp of the 
event , and the source of the event for example . The event 
information may comprise a concept which was identified as 
present or absent in the event . The events may include items 
of medical data from notes by a human doctor , prescriptions , 
user reported symptoms or events , healthchecks , lab tests , 
healthcare providers ' databases or medical data from other 
sources . Events may be , for example , a diagnosis by the 
diagnostic engine or by a human doctor , a medical prescrip 
tion , or an entry by a health monitoring service . The event 
information may further include information indicating 
whether the concept was identified as present ( e.g. just the 
concept ) or absent ( e.g. the concept in combination with the 
NOT operator ) . 
[ 0138 ] The relevance module 201 takes as input the infor 
mation from the clinical history 115 of the user , and extracts 
a set of symptoms , risk factors and / or diseases used in the 
probabilistic model . The relevance module 201 determines 
the information corresponding to each of the set of symp 
toms , risk factors and / or diseases used in the probabilistic 
model from the stored information associated with the user 
( for example whether the symptoms , risk factors and / or 
diseases are present , absent or this is unknown in this 
clinical history ) . 
[ 0139 ] The relevance module then determines a measure 
of relevance of each concept to the medical evidence ( in this 
case at least one symptom which is identified as present , and 
optionally diseases and / or risk factors , and optionally those 
identified as absent ) from the patient input . Specifically , for 
each concept in the patient input , the relevance module 201 
determines a measure of relevance for each concept 
extracted from the clinical history 115. Examples of how this 
relevance may be determined are described below , in rela 
tion to FIGS . 2 ( b ) and ( c ) . 
[ 0140 ] FIG . 2 ( b ) is a schematic illustration of a module 
201 for determining the relevance of medical information . 
The relevance module 201 may be a relevance module used 
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[ 0147 ] The embedding corresponding to the input symp 
tom is retrieved from a stored set of embeddings . The 
embeddings are generated in a training stage . Example 
training methods in which the embeddings are generated are 
described below in relation to FIGS . 7 and 8. Once gener 
ated , they are stored and can then be retrieved by the 
relevance module 201 during operation . The embeddings 
may be stored in a common system with the relevance 
module 201 , or may be stored in a separate system and 
retrieved from the separate system when needed . The dimen 
sions for the embeddings n may be selected as a hyperpa 
rameter during training . In an embodiment , the embedding 
vectors have length of 128. Alternatively , a length of 32 or 
512 could be used for example . A length of between 50 and 
200 was found to result in a good precision during testing , 
as will be described below . 
[ 0148 ] In S2004 , the relevance module 201 obtains an 
embedding for each concept extracted from the clinical 
history , in the same manner . 
[ 0149 ] In S2005 , a similarity measure between each con 
cept in the clinical history and the input concept is calcu 
lated . Various methods of calculating a similarity measure 
between two vectors may be used . In an embodiment , the 
cosine similarity is used : 

12 

?? ; ? ; ; ; A.B i = 1 similarity = 
|| A || - || B || VE A ? ? ? ' 

in a medical diagnosis system in accordance with an 
embodiment , such as that described in relation to FIG . 2 ( a ) 
above for example . Alternatively , it may be part of a 
different system , or may be a separate system for determin 
ing the relevance of medical information . 
[ 0141 ] The relevance module 201 obtains information 
regarding items of medical data associated with a user and 
stored in a clinical history 115. It determines a measure of 
relevance of the items , e.g. symptoms , risk factors and / or 
diseases , to one or more target items . It may then provide the 
relevant information as output . 
[ 0142 ] In the below described examples , the information 
corresponds to information indicating whether the concept is 
present or absent . However , the system may only use 
“ present ” for example . Alternative information may be pro 
vided . 
[ 0143 ] The relevance module 201 obtains information 
from a stored clinical history 115 , which comprises medical 
data about a patient . The clinical history 115 may be a 
database stored within the same system as the relevance 
module 201 , or it may be located remotely in a separate 
system . The clinical history comprises a record of informa 
tion relating to items of medical data ( i.e. , symptoms , 
diseases , and / or risk factors ) . These may be those previously 
reported by a diagnosis engine or notes from a human 
doctor , prescriptions , user reported symptoms or events , or 
medical data from other sources , as described above for 
example . 
[ 0144 ] The relevance module 201 may obtain the infor 
mation from the stored clinical history 115 in response to 
some input . This input may be a request for information 
relating to a set of symptoms , risk factors and / or diseases 
comprised in a model used by a medical diagnosis system , 
as described in the example relating to FIG . 2 ( a ) above . 
Alternatively , it may be simply a request for the valid 
clinical history from e.g. a doctor or user . 
[ 0145 ] FIG . 2 ( c ) shows a flow chart illustrating a method 
of determining relevance , which is performed as part of a 
method of medical diagnosis in accordance with an embodi 
ment . For example , in step S108 shown in FIG . 2 ( a ) , the 
relevance module 201 requests information from the 
patient's clinical history 115. This corresponds to S2001 in 
FIG . 2 ( c ) . The clinical history service provides information 
to the relevance module 201 in step S118 of FIG . 2 ( a ) . This 
corresponds to S2002 in FIG . 2 ( C ) . The information pro 
vided to the relevance module 201 may comprise a list of 
concepts . The information may indicate whether the concept 
is present ( for example by including the concept ) or absent 
( for example by including the operator “ NOT ” together with 
the concept ) . Alternatively , the information may simply 
indicate that the concept is present . 
[ 0146 ] In S2003 , the relevance module 201 obtains an 
embedding , i.e. a vector , for each target concept . In a method 
of medical diagnosis , the target concepts are those in the 
patient input , sent from the diagnosis engine 111 to the 
relevance module in S109 of FIG . 2 ( a ) . The patient input 
comprises at least one concept corresponding to a symptom 
which is identified as present . In the below , the case will be 
described where the patient input comprises only one con 
cept corresponding to a symptom . However , the patient 
input may comprise multiple concepts , corresponding to 
more than one symptom , and / or diseases and / or risk factors , 
and optionally those identified as absent as well as those 
identified as present . Other target concepts may be used . 

[ 0150 ] For a vector corresponding to an input concept A , 
for each vector corresponding to a concept in the clinical 
history B , a cosine similarity is calculated . In above , n is the 
dimension of the vectors . In an embodiment , n = 128 . 
[ 0151 ] Thus at S2005 , for each concept extracted from the 
clinical history for the patient , a corresponding similarity 
value is generated . Although the cosine similarity is 
described here as an example , other measures of similarity 
between two vectors may be used , for example a Euclidean 
distance . Cosine similarity values range from -1 to 1 , with 
values closer to 1 implying higher similarity , and values 
closer to -1 implying higher dissimilarity . The score may be 
scaled to a range of 0 to 1 for example , with 0 implying 
maximum dissimilarity and 1 implying maximum similarity . 
The similarity measure is an example of a measure of 
relevance . 
[ 0152 ] In S2006 , the measure of relevance corresponding 
to the concepts from the clinical history are used to deter 
mine a sub - set of relevant concepts . The sub - set of relevant 
concepts may be a pre - determined number of concepts 
having the highest similarity values . For example , the con 
cepts corresponding to the highest 10 similarity values may 
be selected as the relevant concepts , and the information 
from the clinical history relating to these 10 concepts ( for 
example whether the concept is present or absent ) is pro 
vided as relevant information in S109 of FIG . 2 ( a ) . Alter 
natively , the concepts having a similarity value higher than 
a pre - determined threshold may be selected as the relevant 
concepts . In an embodiment , the threshold is 0.9 for 
example , where the similarity ranges between 0 and 1 . 
[ 0153 ] The above has been described for the case where 
the patient input comprises a single concept . Where the 
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patient input comprises multiple concepts , for each concept 
in the clinical history , a similarity value is calculated for 
each concept in the patient input . An average value is then 
taken as the similarity value for the concept from the clinical 
history . Whether the information relating to the concept in 
the clinical history is relevant is determined in the same 
manner as described above , using the average similarity 
value . 
[ 0154 ] The relevance module 201 may process simple 
concepts such as headache , but may also operate on complex 
concepts ( e.g. Severe Headache ) . In this case , an embedding 
may be obtained for a base simple concept ( for example 
“ Heacache ” ) , and this may be used to determine the measure 
of relevance . Alternatively , an embedding may be generated 
corresponding to one or more complex concepts in the 
training stage , for example if these are contained in the 
training dataset , and stored . 
[ 0155 ] The relevance module 201 scores one or more 
entries in the medical history of a given user based on their 
relevance to an input concept or concepts , as shown in the 
example below : 

clinical history 115 , and then determines the relevance of 
each item of medical data corresponding to the set of 
symptoms , risk factors and / or diseases to be used in the 
probabilistic model . This may comprise determining which 
of the symptoms , risk factors and / or diseases which are 
indicated as being present or absent in the clinical history 
115 are relevant to the patient input information . The rel 
evance module 201 then passes information relating to the 
relevant symptoms , risk factors and / or diseases back to the 
diagnostic engine 111. This information is also taken as 
input to the probabilistic model 112 ( as well as the infor 
mation from the user input ) . The probabilistic model 112 
determines the probability of the user having each of one or 
more diseases from the input information . 
[ 0160 ] The diagnostic engine 111 is therefore configured 
to retrieve further information in step S109 from the stored 
clinical history , in addition to the information provided by 
the user in S107 . The diagnostic engine 111 retrieves this 
information by calling a service called a " relevance " service 
201 ( also referred to as the relevance module 201 ) . The 
relevance module 201 acts as an interface between the 

Map < IRI , Float > calculate MemberRelevance ( Id memberId , Set < IRI > presentingConcepts ) { 
return calculate HistoryRelevance ( get History ( memberId ) , presenting Concepts ) 

} 
Map < IRI , Float > calculate History Relevance ( Set < IRI > medical HistoryOfMember , Set < IRI > 
presenting Concepts ) ; 

( 0156 ] It takes as input a set of one or more presenting 
concepts and the medical history of a given user . In an 
embodiment , it outputs a scoreE [ 0 , 1 ] for each item in the 
medical history , showing the relevance of that item to the set 
of input concepts , where 0 indicates the lowest likelihood of 
relevancy and 1 the highest likelihood of relevancy . A 
concept may be considered as “ relevant if the score assigned 
is over a threshold for example . 
[ 0157 ] The clinical history 115 of the user may comprise 
information from a doctor's note for example , indicating 
that the patient has diabetes . The information about symp 
toms , risk factors and / or diseases from the clinical history 
115 of the user therefore comprises an indication that the 
disease “ diabetes ” is present . If this information is deter 
mined to be relevant , the relevance module 201 may gen 
erate an entry “ 1 ” corresponding to the IRI representing the 
concept “ diabetes ” . Similarly , the clinical history 115 of the 
user may comprise information from a doctor's note for 
example , indicating that the patient does not have “ asthma ” . 
If this information is determined to be relevant , the rel 
evance module 201 may generate an entry “ -1 “ correspond 
ing to the IRI representing the concept “ asthma ” . If it is 
unknown whether the symptom , risk factor and / or disease is 
present or absent , this may be indicated by a 0. Similarly , if 
the symptom , risk factor and / or disease is determined not to 
be relevant , a 0 is used . As previously stated , other means of 
indicating this information may be used however . 
[ 0158 ] By comparing the symptoms , risk factors and / 
diseases from the diagnostic engine to the information about 
the relevant symptoms , risk factors and / or diseases from the 
clinical history , information about the relevant symptoms , 
risk factors and / or diseases used in the model is obtained ( for 
example , whether each is present , or absent ) . 
[ 0159 ] Thus the relevance module 201 first retrieves infor 
mation relating to items of medical data from the stored 

diagnostic engine 111 and the patient's stored clinical his 
tory 115 that pre - processes information for items of medical 
data stored in the clinical history . 
[ 0161 ] The relevance module 201 may output the set of 
IRIs representing the relevant symptoms , risk factors and / or 
diseases used in the probabilistic model , together with the 
information ( for example , the information may indicate , for 
each concept in the model , whether the concept is present or 
absent ) . This may be combined with the information 
received from the user and input into the model 112. The 
combination may be performed according to some pre 
defined priority , as will be described below . 
[ 0162 ] The probabilistic model 112 takes as input evi 
dence , for example the presence or absence of various 
symptoms , diseases and / or risk factors , from the clinical 
history and the information received from the user . For 
symptoms and risk factors where the patient has been unable 
to provide a response , and for which the status is unknown 
in the clinical history , or which are not determined to be 
relevant , these are initially assumed to be unknown . As will 
be described in relation to FIG . 5 below , the user and clinical 
history may only provide partial information , and therefore 
the system can be adapted to request further information 
from the patient . With this approach , several rounds of 
dialog between the user 101 and the diagnostic system 111 
may be used to obtain information to make an accurate 
diagnosis . It is desirable that the questions asked of the user 
are more relevant and thus lead to a more accurate diagnosis . 
[ 0163 ] In an embodiment , some or all of the information 
obtained from the relevance module 201 is confirmed with 
the user before being input to the model 112. For example , 
some or all of the information output from the relevance 
module 201 as being relevant may be sent to the user 
through the user interface , and the user requested to confirm 
the information is correct , and correct the information if 
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some 

incorrect . The confirmed and / or corrected information 
received from the user is then sent back to the diagnostic 
engine and the input evidence generated from the confirmed / 
corrected information . 
[ 0164 ] Retrieving information from the clinical history 
115 may provide additional evidence that was not reported 
by the user in the input . The user clinical history is likely to 
comprise a large data set however . Some of the information 
derived from the clinical history 115 may not be relevant . If 
irrelevant information is entered in the diagnosis engine 111 
of FIG . 2 ( a ) , this can result in less accurate diagnosis in 

cases . Furthermore , if irrelevant information is 
included , this results in transmission of a large amount of 
data to the user device for confirmation . 
[ 0165 ] The data may therefore be pre - processed , before 
inputting into the model , so that information determined to 
be relevant is inputted . The system pre - processes the infor 
mation from the stored information to identify a sub - set of 
relevant information . A more accurate diagnosis may be 
obtained in some cases , and less data is required to be 
transmitted . 
[ 0166 ] The clinical history may also be referred to as the 
user graph . The user graph is a health record , comprising the 
information collected by different services about a patient . 
For each interaction that the patient has with the system , and 
optionally other services , the collected information is stored 
into a Clinical History and the data is converted as medical 
concepts coded in the Knowledge Graph . The relevance 
module 201 allows filtering of the information to exclude 
less useful data points . The user graph mitigates a need to 
re - ask the same questions to the patient at every encounter . 
It can also give more context to the diagnosis system to 
allow improvement of the diagnosis . 
[ 0167 ] The diagnosis model is integrated with the User 
Graph ( clinical history ) , providing the diagnosis mode with 
a " memory " . Instead of each diagnosis flow ( e.g. PGM flow ) 
being independent and agnostic of all others , each flow is 
able to recall the status of previous diseases and disease risks 
gathered from previous flows carried out on the same user . 
However , if the User Graph simply provides all known prior 
medical information about the user ( or even all valid con 
cepts , as described below ) , large amounts of data must be 
transmitted , and a less accurate diagnosis may be provided 
in some cases . 
[ 0168 ] FIG . 4 is a schematic illustration of a medical 
diagnostic system 1 in accordance with an embodiment . The 
diagnostic engine 111 comprises an inference engine 109 
and a probabilistic graphical model ( PGM ) 120. Although an 
embodiment in which a PGM is used is described here , other 
models can alternatively or additionally be used , for 
example one or more neural networks . 
[ 0169 ] In the system shown in FIG . 4 , and as described 
previously , follow - up questions may be asked by the inter 
face 105. How this is achieved will be explained later . First , 
it will be assumed that there are no follow - up questions . This 
will be used to explain the basic procedure . However , a 
variation on the procedure will then be explained where the 
diagnosis engine , once completing the first analysis , requests 
further information . 
[ 0170 ] Inference engine 109 performs Bayesian inference 
on PGM 120. PGM 120 will be described in more detail with 
reference to FIG . 3 ( a ) . In the medical diagnosis system , 
performing inference on the PGM provides the likelihood of 
a set of diseases , based on the evidence provided . 

[ 0171 ] The inference engine 109 calculates " likelihood ” 
( conditional marginal probability ) P ( Disease_i | Evidence ) 
for all diseases . 
[ 0172 ] In addition the inference engine can also deter 
mine : 
[ 0173 ] P ( Symptom_i | Evidence ) , 
[ 0174 ] P ( Risk factor_i / Evidence ) . 
[ 0175 ] From this , it can transmit back information in step 
S117 concerning the “ likelihood ” of a disease in other 
words , a diagnosis given the evidence supplied by the 
patient 101 and the clinical history . The interface 105 can 
then supply this information back to the mobile phone 102 
of the patient in step S113 . 
[ 0176 ] Due to the size of the PGM 120 , it may not be 
possible to perform exact inference using inference engine 
109 in a realistic timescale . Instead , the inference engine 109 
may perform approximate inference . The inference engine 
may be configured to perform approximate inference using 
importance sampling over conditional marginals . However , 

methods may be used such as variational inference , 
other Monte Carlo methods , etc. 
[ 0177 ] Approximate inference may comprise sampling 
from an independent ‘ proposal distribution , which ideally is 
as close as possible to the target ( true posterior distribution ) . 
The inference engine uses an approximation of the outputs 
of the probabilistic graphical model as proposals for subse 
quent sampling . One approach when applying Bayesian 
networks for medical decision - making is to use the model 
prior as the proposal distribution . Other approaches can be 
used , for example generating a proposal distribution using a 
neural network . An example of this approach will be 
described below , however various other methods may be 
used . 
[ 0178 ] Inference may be performed by considering the set 
of random variables , X = ( X1 , . . .XN ) . A BN is a combination 
of a directed acyclic graph ( DAG ) , with X , as nodes , and a 
joint distribution of the X? , P. The nodes X , correspond to the 
risk factors , symptoms and diseases as shown in FIG . 3 ( a ) 
for example , and described in more detail below . The 
distribution P can factorize according to the structure of the 
DAG : 

N N ( 1 ) 
P ( X1 Xn ) = || P ( Xi [ Pa { X ; ) ) = P ( x1 ) || PCX ; | X1 , ... , Xi - 1 ) , 

i = 1 i = 2 

[ 0179 ] Where P ( X ; \ Pa ( X ) ) is the conditional distribution 
of Xi given its parents , Pa ( X ; ) . The second equality holds as 
long as X ;; X ; ::: ; Xy are in topological order . 
[ 0180 ] Now , a set of observed nodes is considered , 
Xo CX and their observed values Â . To conduct Bayesian 
inference when provided with a set of unobserved variables , 
say X - X \ Xo , the posterior marginal is computed : 

( 2 ) P ( X4 , Xo = î ) P ( X | Xe = Â ) = P ( Xo = î ) 
P ( Xu ) P ( Xo - î | XW ) 

P ( Xo = î ) 

[ 0181 ] In the optimal scenario , Equation ( 2 ) could be 
computed exactly . However , as noted above exact inference 
becomes intractable in large BNs as computational costs 
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grow exponentially with effective clique size , in the worst 
case , becoming an NP - hard problem . 
[ 0182 ] In an embodiment , importance sampling is used to 
perform approximate inference . Here , a function f is con 
sidered for which its expectation , Ep [ f ] is to be estimated , 
under some probability distribution P. It is often the case that 
we can evaluate Pup to a normalizing constant , but sampling 
from it is costly . 
[ 0183 ] In Importance Sampling , expectation Ep [ f ] is esti 
mated by introducing a distribution Q , known as the pro 
posal distribution , which can both be sampled and evaluated . 
This gives : 

( 3 ) f ( x ) P ( x ) dx 

= f for P ( x ) f ( x ) Q ( x ) dx Q ( x ) 

lim , Š f ( xidmi , 
i = 1 

[ 0184 ] Where x - Q and where w? = P ( x ; ) / Q ( x ; ) are the 
importance sampling weights . If P can only be evaluated up 
to a constant , the weights need to be normalized by their 

generated from the probabilistic graphical model ( PGM ) 
using ancestral sampling . Each sample is a binary vector 
which will be the values for the classifier to learn to predict . 
[ 0190 ] For the purpose of prediction , some nodes in the 
sample may then be hidden , or “ masked ” in step S203 . This 
masking is either deterministic in the sense of always 
masking certain nodes ) or probabilistic over nodes . In 
embodiment each node is probabilistically masked ( in an 
unbiased way ) , for each sample , by choosing a masking 
probability p ~ U [ 0,1 ] and then masking all data in that 
sample with probability p . 
[ 0191 ] The nodes which are masked ( or unobserved when 
it comes to inference time ) are represented consistently in 
the input tensor in step S205 . Different representations of 
obscured nodes will be described later , for now , they will be 
represented as a 
[ 0192 ] The neural network is then trained using a cross 
entropy loss function in step S207 in a multi - label classifi 
cation setting to predict the state of all observed and unob 
served nodes . The output of the neural net can be mapped to 
posterior probability estimates . Any reasonable , i.e. , a twice 
differentiable norm , loss function could be used . However , 
when the cross entropy loss is used , the output from the 
neural net is exactly the predicted probability distribution . 
[ 0193 ] The trained neural network can then be used to 
obtain the desired probability estimates by directly taking 
the output of the sigmoid layer . This result could be used as 
a posterior estimate . 
[ 0194 ] However , the output approximation can also be 
used as a proposal for any inference method ( e.g. as a 
proposal for Monte Carlo methods or as a starting point for 
variational inference , etc ) . An example method of impor 
tance sampling is described in relation to FIG . 3 ( b ) . 
[ 0195 ] In the above discussion of Importance sampling , 
we saw that the optimal proposal distribution Q for the 
whole network is the posterior itself P ( Xul Xo ) , and thus for 
each node the optimal proposal distribution lopt = P ( X , EXJ / 
XOUXs ) , where Xo are the evidence nodes and Xs the 
already sampled nodes before sampling X ;. 
[ 0196 ] As it is now possible using the above UM to 
approximate , for all nodes , and for all evidences , the con 
ditional marginal , the sampled nodes can be incorporated 
into the evidence to get an approximation for the posterior 
and use it is as proposal . For node i specifically , this optimal 
Q * is : 

Q : * = P ( X ; ] { X1 , ... , X ; _1 } U XO = + ) < UM ( { X1 , .. 
„ X - 1 } U XO ) = 2 

sum . 

[ 0185 ] In the case of inference on a BN , the strategy is to 
estimate P ( XL ) Xo ) with an importance sampling estimator 
if there is appropriate Q to sample from . One approach when 
applying Bayesian networks for medical decision - making is 
to use the model prior as the proposal distribution Q. 
[ 0186 ] Alternatively , a further model may be used to 
generate a proposal distribution corresponding to a joint 
distribution Q = P ( XLI Xo ) . For example , the evidence may 
be passed to a universal marginaliser ( UM ) . A UM is a 
neural network that has been trained to approximate the 
outputs of the PGM , for example a single feedforward neural 
net , or a neural network which comprises several sub 
networks ( such that the whole architecture is a form of 
auto - encoder - like model but with multiple branches ) . The 
UM returns probabilities to be used as proposals to the 
inference engine , based on the input evidence . The inference 
engine then performs importance sampling using the pro 
posals from the UM as estimates . 
[ 0187 ] An example inference method using a Universal 
Marginalizer has been described in the document Douglas , 
L. , Zarov , I. , Gourgoulias , K. , Lucas , C. , Hart , C. , Baker , A. , 
Sahani , M. , Perov , Y. and Johri , S. , 2017 , A Universal 
Marginalizer for Amortized Inference in Generative Models , 
arXiv preprint arXiv : 1711.00695 , which is incorporated 
herein by reference . 
[ 0188 ] The UM ( e.g. a feedforward neural network ) may 
be trained by sampling from the PGM . An example training 
process for the above described UM involves generating 
samples from the underlying BN , in each sample masking 
some of the nodes , and then training with the aim to learn a 
distribution over this data . An example training process 
using this approach is illustrated in FIG . 3 ( C ) . 
[ 0189 ] The UM model is trained off - line by generating 
samples from the original BN ( PGM ) via ancestral sampling 
in step S201 . In an embodiment , unbiased samples are 

( 5 ) 

[ 0197 ] The process for sampling from these approxi 
mately optimal proposals is illustrated in the algorithm 1 
below and in FIG . 3 ( b ) where the part within the box is 
repeated for each node in the BN in topological order . 
[ 0198 ] In step S301 , the input is received and passed to the 
UM ( NN ) . The NN input is then provided to the NN ( which 
is the UM ) in step S303 . The UM calculates in step S305 , the 
output q that it provides in step S307 . This is the provided 
to the Inference engine in step S309 to sample node X , from 
the PGM . Then , that node value is injected as an observation 
into â , and it is repeated for the next node ( hence ‘ i : = i + 1 ' ) . 
In step S311 , we receive a sample from the approximate 
joint . 
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Algorithm 1 Seguential Universal Marginalizer importance sampling 
1 : 
2 : 
3 : 
4 : 
5 : 
6 : 
7 : 

Order the nodes topologically X1 , Xy , where N is the total number of nodes . 
for j in ( 1 , .. M ] ( where M is the total number of samples ) : do 
X = 0 
for i in [ 1 , ... N ] : do 

sample node X ; from Q ( X ; ) = UM?R ) ; - P ( X ; X , X ) 
add x ; text 

8 : 

w ; = UTM NP ; li = 1 Q : ( where Pi is the likelihood , P ; = P ( X ; = x ; | xsn PalX ; ) and 

Qi = Q ( X ; = x ; ) ) 
9 : 

Ep [ X ] = j = 1 
M 
i = 1 

X ; W ; 
; 

( as in standard IS ) 

[ 0199 ] That is , following the requirement that parents are 
sampled before their children and adding any previously 
sampled nodes into the evidence for the next one , we are 
ultimately sampling from the approximation of the joint 
distribution . This can be seen by observing the product of the 
probabilities we are sampling from . 
[ 0200 ] It can be seen that the proposal Q , constructed in 
such a way , becomes the posterior itself : 

[ 0201 ] This procedure requires that nodes are sampled 
sequentially , using the UM to provide a conditional prob 
ability estimate at each step . This can affect computation 
time , depending on the parallelization scheme used for 
sampling . However , parallelization efficiency can be recov 
ered by increasing the number of samples , or batch size , for 
all steps . 

N ( 6 ) 
Q = ?? : 

i = 1 

N 

UM ( Xo ) : || UM ( X1 , ... , X : -1 , Xo ) ; 

[ 0202 ] In Importance Sampling , each node will be condi 
tioned on nodes topologically before it . The training process 
may therefore be optimized by using a " sequential masking " 
process in the training process as in FIG . 3 ( C ) , where firstly 
we randomly select up to which node X , we will not mask 
anything , and then , as previously , mask some nodes starting 
from node Xi + 1 ( where nodes to be masked are selected 
randomly , as explained before ) . This is to perform to a more 
optimal way of getting training data . 
[ 0203 ] Another approach might involve a hybrid approach 
as shown in Algorithm 2 below . There , an embodiment 
might include calculating the conditional marginal prob 
abilities only once , given the evidence , and then construct 
ing a proposal for each node X , as a mixture of those 
conditional marginals ( with weight B ) and the conditional 
prior distribution of a node ( with weight ( 1-3 ) ) . 

i = 2 

( 8 ) 
P ( Xi | Xo ) || PCX ; | X1 , . , X : -1 , XO ) 

= P ( X1 , X2 , ... , Xn | Xo ) ( 9 ) 

Algorithm 2 Hybrid UM - IS 

1 : Order the nodes topologically X1 , Xn , where N is the total number of nodes . 
for j in [ 1 , ... , M ] ( where M is the total number of samples ) : do 2 : 

3 : 
4 : 

5 : 
for i in [ 1 , ... N ] : do 

sample node x ; from Q ( X ; ) = BUM ; ( ) + ( 1 - B ) P ( X ; = x ; ** ) 
add x ; taxes 6 : 

7 : 

8 : 

w ; = [ 72 , ( where P , is the likelihood , P ; = P ( X ; = x ; | XS Pax ; ) and 

Qi = Q ( X ; = x ; ) ) 

9 : 

Ep [ X ] = - .X ; W ; 
?AI w ; ; ( as in standard IS ) 
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[ 0204 ] While this hybrid approach might be easier and 
potentially less computationally expensive , in cases when 
P ( X , IX U Xo ) is far from P ( X , 1 Xo ) , this will be just a 
first - order approximation , hence the variance will be higher 
and we generally need more samples to get a reliable 
estimate . 
[ 0205 ] The intuition for approximating P ( X ; | XOUXS ) by 
linearly combining P ( X , IP ( X ) ) and UM ( XO ) , is simply 
that UM ( XO ) i will take into account the effect of the 
evidence on node i and P ( X ; [ Pa ( X . ) ) will take into account 
the effect of Xs , namely the parents . Note that ß could also 
be allowed to be a function of the currently sampled state 
and the evidence , for example if all the evidence is contained 
in parents then = 0 is optimal . 
[ 0206 ] Although the above describes an inference method 
using importance sampling , alternatively , the sampling step 
may be omitted , and the trained UM can be used to directly 
approximate the posterior . The output of the UM comprises 
a vector of conditional marginal probabilities for every node 
in the BN , whether observed or not ( if node X , is observed , 
the marginal posterior distribution for it will be trial , i.e. 
P ( X ; | Xo = 1 or P ( X ) Xo ) 0 ) . The probabilities corre 
sponding to the disease nodes can then be used directly for 
diagnosis , omitting the sampling step . 
[ 0207 ] Although one method of performing inference has 
been described above , other models can be used to generate 
P ( Disease_i | Evidence ) for all diseases . 
[ 0208 ] FIG . 3 ( a ) is a depiction of a graphical model of the 
type used in the system of FIG . 4 according to an embodi 
ment . The graphical model provides a natural framework for 
expressing probabilistic relationships between random vari 
ables , to facilitate causal modelling and decision making . In 
the model of FIG . 3 ( a ) , when applied to diagnosis , D stands 
for disease , S for symptom and RF for Risk Factor . The 
model therefore has three layers : risk factors , diseases and 
symptoms . Risk factors ( with some probability ) influence 
other risk factors and diseases , diseases cause ( again , with 
some probability ) other diseases and symptoms . There are 
prior probabilities and conditional marginals that describe 
the “ strength ” ( probability ) of connections . 
[ 0209 ] In this simplified specific example , in the first layer , 
there are three nodes S1 , S2 and S3 , in the second layer there 
are three nodes D1 , D2 and D , and in the third layer , there are 
two nodes RF1 , RF2 and RF3 . Each arrow indicates a 
dependency . For example , D , depends on RF , and RF , D2 
depends on RF2 and D .. Further relationships are possible . 
In the graphical model shown , each node is only dependent 
on a node or nodes from a different layer . However , nodes 
may be dependent on other nodes within the same layer . 
[ 0210 ] In an embodiment , the graphical model of FIG . 
3 ( a ) is a Bayesian Network ( BN ) . The network represents a 
set of random variables and their conditional dependencies 
via a directed acyclic graph . Thus , in the network of FIG . 
3 ( a ) , given full ( or partial ) evidence over symptoms S1 , S2 
and S , and risk factors RF ;, RF2 and RFz the network can be 
used to represent the probabilities of various diseases Di , 
D2 , and Dz . 
[ 0211 ] In summary , the PGM 120 captures the probabilis 
tic relationship between entities such as risk - factors , dis 
eases , and symptoms . Given a set of evidence , the inference 
engine 109 performs Bayesian inference from the PGM 120 
and calculates a “ likelihood ” ( conditional marginal prob 
ability ) of a disease given a set of evidence for all diseases . 
Performing exact inference is computationally expensive 

and approximations are generally used to speed up the 
computation . Example methods have been described above 
for performing this calculation . 
[ 0212 ] Information about the concepts ( e.g. S1 , S2 and S3 , 
RF1 , RF2 and RF3 and D1 , D2 , and D3 in the example ) is 
obtained from the user input in steps S103 and S107 , and from 
the clinical history in S119 . How the information from both 
sources is combined will be described later . This information 
corresponds to the nodes in the PGM , and is taken as the 
input evidence into the inference engine ( i.e. the observed 
nodes ) . 
[ 0213 ] The value of the state of the node reflects whether 
the concept represented by the node is true ( 1 ) —that is , it 
should have an impact on the calculation of probabilities 
or false ( 0 ) that is , it should not have any bearing on the 
calculation . It will be understood that the state of a node can 
have a value that is not restricted to 0 or 1 . 
[ 0214 ] As described above , the relevance module 201 may 
output information for each relevant concept in the clinical 
history indicating whether it is present ( 1 ) or absent ( -1 ) . 
This information is combined with the user input . The input 
to the model consists of the presence ( 1 ) or absence ( 0 ) of 
two or more concepts in the model . An output of 1 from the 
relevance module 201 is mapped to “ 1 ” , an output of -1 
from the relevance module is mapped to “ 0 ” . 
[ 0215 ] For example , the input evidence may comprise a 
vector â , in which each entry corresponds to a node of the 
PGM . In the example described above , in which the infer 
ence engine uses importance sampling together with a 
universal marginaliser , the input evidence vector Â is pro 
vided as input to the universal marginaliser ( comprising a 
neural network ) . The output from the universal marginaliser 
is then provided to the inference engine to sample node X , 
( corresponding to a disease ) from the PGM . Then , that node 
value is injected as an observation into Â , and it is repeated 
for the next node . Finally , a sample is received from the 
approximate joint distribution . 
[ 0216 ] Alternatively , the sampling step may be omitted , 
the input evidence vector în provided as input to the trained 
neural network , the output of the neural network being 
directly used as the probability of each node corresponding 
to a disease . 
[ 0217 ] As described above , the input medical data vector 
Â may comprise an entry corresponding to each node in the 
PGM , where the entry is a 1 if the symptom , risk factor or 
disease is indicated as present ( as determined from the 
information in the user input and the output from the 
relevance module 201 ) , and the entry is a 0 if the symptom , 
risk factor or disease is absent ( as determined from the 
information in the user input or in the output from the 
relevance module 201 ) . A value of 0.5 may be assigned 
where the presence / absence is unknown . 
[ 0218 ] Where there is a conflict between the user input and 
the clinical history information , or where the clinical history 
information itself comprises a conflict , a pre - defined priority 
may be used to select the information used . This will be 
described below . 
[ 0219 ] Using information from the clinical history 115 
may allow the presence ( and optionally absence ) of a greater 
number of nodes to be determined initially . Having values 
for more of the nodes enables the diseases to be computed 
with greater certainty ( higher probability ) . In other words , 
entering information about a larger number of concepts , e.g. 
by having access to a clinical history , into the diagnosis 
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engine 111 enables the diagnosis engine to determine dis 
eases with more certainty ( higher probability ) and arrive at 
an accurate diagnosis . 
[ 0220 ] However , if a large amount of information is 
entered but some of it is not relevant , this may result in a less 
accurate diagnosis in some cases . The values of the nodes 
corresponding to different concepts ( risk factors , disease or 
symptom ) taken as input to the probabilistic model 112 
affect the values of the computed probabilities , and therefore 
the accuracy of the diagnosis . By pre - processing the infor 
mation from the clinical history 115 , before inputting it into 
the model 112 , only information determined to be relevant 
is input to the model 112 . 
[ 0221 ] In the example described above , according to an 
embodiment , the diagnostic engine 111 is configured to take 
information from the interface in S107 , where the input is 
converted to a list of as of the concepts reported as present 
by the user , and from the clinical history , via the relevance 
module 201 , where the relevant information is provided . 
According to the above example , relevant information from 
the clinical history ) are assigned values of { 0 , 1 } in the 
diagnostic engine , which represent ' absent ' and ' present ' . 
[ 0222 ] FIG . 5 illustrates how the system of FIG . 2 can ask 
follow - up questions to the patient . FIG . 5 illustrates a 
method of medical diagnosis in accordance with an embodi 
ment , which may be performed on the system illustrated in 
FIG . 2 for example . In step S119 , the system of FIG . 2 makes 
a diagnosis ( for example using the method explained above ) . 
The system then determines which further questions should 
be asked of the patient 101. In an embodiment , the next 
further questions to be asked are determined on the basis of 
questions that reduce the entropy of the system most effec 
tively . 
[ 0223 ] In the method illustrated in FIG . 5 , the system has 
a pre - determined number of questions to ask the user . In 
S315 it is determined whether this number of questions has 
been reached . If not , the probabilities of the different dis 
eases are considered and the question to be asked is deter 
mined ( e.g. that which reduces the entropy of the system 
most ) . 
[ 0224 ] Once the user supplies further information , then 
this is then passed back to the diagnosis engine 111 to update 
evidence to produce updated probabilities . The evidence 
vector is updated with the new information . Further itera 
tions may be performed until the allowed number of ques 
tions is reached . At this point a final diagnosis is output . 
Where the new evidence obtained from the user conflicts 
with the previous evidence , this may be resolved by imple 
menting a rule which gives priority to the information 
provided by the user for example . The input to the model 
then comprises the user information ( e.g. that “ headache ” is 
present ) instead of the previous information ( e.g. that “ head 
ache ” is absent ) . 
[ 0225 ] In the above described example , the system has a 
pre - determined allowable number of questions . However , 
alternatively , the system may determine whether a diagnosis 
is accurate and then determine whether to ask further ques 
tions . In this case , the diagnosis engine 111 determines : 
[ 0226 ] P ( Disease_i Evidence for all diseases 
[ 0227 ] P ( Symptom_i / Evidence ) , 
[ 0228 ] P ( Risk factor_i | Evidence ) . 

[ 0229 ] It is possible to use a value of information analysis 
( Vol ) to determine from the above likelihoods whether 
asking a further question would improve the probability of 
diagnosis . 
[ 0230 ] For example , if the initial output of the system 
seems that there are 9 diseases each having a 10 % likelihood 
based on the evidence , then asking a further question will 
allow a more precise and useful diagnosis to be made . 
Further iterations may be performed until a diagnosis is 
obtained with sufficient certainty . 
[ 0231 ] The evidence may comprise a vector , where ele 
ments of the vector corresponds to one particular item of 
medical data , and the value of the elements is 0 or 1 
( representing absent or present ) . Further elements in the 
vector corresponding to the other nodes in the model may be 
assigned a value of 0.5 for example . Each piece of medical 
data corresponds to a concept ( symptom , risk factor or 
disease ) which is used in the model . The diagnostic engine 
may receive a first vector representing the user input , and a 
second vector representing the input from the clinical his 
tory . Elements of the first vector representing the user input 
may have values of 1 ' for all symptoms , diseases or risk 
factors positively identified by the user as present , and 
values of ' O ' for all symptoms , diseases or risk factors that 
are positively identified as absent . A value of 0.5 may be 
assigned for elements where the presence / absence is 
unknown . Elements of the vector representing the clinical 
history may have values of ' 1 ' for all relevant symptoms , 
diseases or risk factors that are present , values of -1 ' for all 
relevant symptoms , diseases or risk factors that are validly 
absent , and values of 0.5 ' for the other symptoms , diseases 
or risk factors . 
[ 0232 ] Both vectors may be of the same length , with each 
element denoting a particular concept according to the 
above . Each entry may corr orrespond to a concept used in the 
model for example . The information is combined in the 
manner described below . The data that is passed to the 
inference engine 109 and the PGM 120 of the diagnosis 
engine 111 is derived from both the user input in S107 and 
the clinical history in S119 . The vectors representing the 
user input and the clinical history may have different val 
ues — intuitively , this is expected because , for example , the 
user is expected to report symptoms that he is currently 
experiencing , while the clinical history will provide other 
concepts such as risk factors , symptoms , and diseases pre 
viously reported . 
[ 0233 ] Where both of the first vector and the second vector 
indicate that the concept is present , the concept is indicated 
as present ( 1 ) in the input evidence . Where one of the first 
vector and the second vector indicates that the concept is 
present , and the other indicates that it is unknown , the 
concept is indicated as present ( 1 ) in the input evidence . 
Where both of the first vector and the second vector indicate 
that the concept is unknown , the concept is indicated as 
unknown in the input evidence ( 0.5 ) . Where both of the first 
vector and the second vector indicate that the concept is 
absent , or where one of the first vector indicates that the 
concept is absent and the other indicates that it is unknown , 
the concept is indicated as absent ( 0 ) in the input evidence . 
Where one of the first vector indicates that the concept is 
present , and the other indicates that it is absent , there is a 
conflict and this is resolved using a pre - defined priority . 
[ 0234 ] In an embodiment , in order to combine the infor 
mation from the clinical history and the user input , a set of 
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rules are implemented to resolve any conflicts . The rules 
reflect the priority of the information source . For example , 
information from the clinical history that originates from a 
doctor is prioritised over information from the user . Infor 
mation from the user is prioritised over information from the 
clinical history from any other source . In this manner , a 
single input vector may be generated . For example , if the 
user inputs that they do not have asthma , but the clinical 
history comprises information from a doctor indicating that 
they do have asthma , the information from the clinical 
history is taken and asthma is indicated as present . Addi 
tional or alternative rules may be implemented , for example 
prioritising more recent information . The data may be stored 
together and read from a system wide event bus . The 
resolution of conflicts is achieved based on policies . 
[ 0235 ] In an alternative embodiment , a conflict may be 
resolved by requesting further confirmation from the user . 
[ 0236 ] Conflicts refer to the case where information indi 
cating both presence and absence of the same concept is 
provided . Where one of the user input or clinical history 
indicates unknown in relation to the concept , there is no 
conflict , and the information from the other source is taken . 
Where both the user and input and clinical history indicate 
the same , again there is no conflict , and the information from 
either is taken . 
[ 0237 ] Conflicts may also occur within the clinical history 
information . Resolution of such conflicts is performed 
before the combined input evidence is generated . It may be 
performed at the relevance module 201 for example . Such 
internal resolution may be performed on the same or differ 
ent pre - defined priorities . This will be described in more 
detail below . 
[ 0238 ] The combined vector is then passed as input to the 
PGM for the calculation of the probabilities . 
[ 0239 ] The diagnosis system described above can be used 
in the following manner . An unwell patient inputs symptoms 
such as headache and short of breath . The system then asks 
a set of questions to the user to determine what could be their 
diagnosis , as described in relation to FIG . 5. During the flow 
of questions , additional information about the user , for 
example , they have a family history of cardiac problems and 
they used to smoke will be received . Then , the system will 
generate a set of one or more diagnostics , such as the patient 
might have angina or other cardiovascular disease and book 
an appointment with a GP ( General Practitioner ) . During the 
appointment , the GP will be able to see in the patient history 
all of the data points populated during the diagnosis , the 
presenting complaint and the possible diagnostics . The GP 
will give a diagnostic , write a prescription for some medi 
cation and write some notes about the appointment . The 
User Graph will process those notes to extract only the 
medical concepts and store them to the clinical history of the 
patient . All of the information recorded into the User Graph 
records are coded into concept mapping to the Knowledge 
Base ( KB ) . 
[ 0240 ] The information may need to be confirmed by the 
user at the time of use before it can be integrated into 
medical decision - making . For example , this may be required 
for clinical safety reasons . Therefore , providing of all his 
torically - gathered information about a user could result in 
the need for their validation of an overwhelmingly long list 
of concepts . This would make an extremely poor user 
experience . It also results in a large amount of data transfer 
between the diagnosis system 111 and the user device 102 . 

For this reason , it may be desired to cap the list of concepts 
to be confirmed . For example , a maximum of 10 concepts 
per flow may be confirmed . The concepts to be confirmed 
may be selected based on the measure of relevance . Only 
information about those 10 concepts are then used during the 
diagnosis flow however , instead of the full clinical history 
evidence about the user . 
[ 0241 ] Furthermore , users may find it confusing to be 
asked to confirm concepts about their previous medical 
history that appear entirely unrelated to their presenting 
complaint . For example , they may present with a headache , 
but are immediately asked to confirm whether they are still 
pregnant , or whether they truly have a family history of liver 
cancer . This also makes for a poor user experience . 
[ 0242 ] Providing the clinical history information about the 
user that is considered medically relevant to their presenting 
complaint identifies the most impactful subset of concepts to 
confirm with the user and therefore to use in the flow . Also , 
it is much more likely that the concepts extracted by the 
relevance filter will make sense to the user as concepts to be 
asked about , as they will appear semantically related to their 
query . FIG . 2 ( d ) illustrates how the relevant clinical history 
may be presented to the user . 
[ 0243 ] In the above described examples , the relevance 
module 201 is configured to generate a sub - set of relevant 
concepts from those returned from the clinical history . 
However , optionally , the relevance module 201 may per 
form additional functionality . 
[ 0244 ] For example , prior to determining the relevance , 
the relevance module 201 may determine the validity of the 
information returned from the clinical history . This is 
described in relation to FIG . 6 ( a ) below . FIG . 6 ( a ) is a 
schematic illustration of a system 201 in accordance with an 
embodiment for determining the relevance of medical infor 
mation , in which validity of the information is determined 
prior to relevance . The validity module 301 obtains infor 
mation regarding a items of medical data associated with a 
user and stored in a clinical history 115. It determines the 
validity of the information relating to some or all of the 
items , e.g. symptoms , risk factors and / or diseases , and 
provides the valid information as output . 
[ 0245 ] The relevance module 201 extracts concepts from 
the events in the clinical history . The relevance module 201 
comprises a validity module 301. The validity module 301 
assigns 1 , -1 , or 0 to the extracted concept to indicate 
whether the concept is validly present ( 1 ) , validly absent 
( -1 ) or this is unknown ( 0 ) , and outputs a list of concepts , 
each with an assigned value of 1 , -1 , or 0. In another 
example , the validity module 301 outputs a list of concepts 
which are identified as validly present in the clinical history . 
In yet another example , the validity module 301 may output 
a list of concepts together with a confidence level , C , where 
-15Csl . The closer to “ 1 ” the value of C is , the higher the 
likelihood that a concept is validly present ; and the closer to 
“ –1 ” the value of C is , the higher the likelihood that a 
concept is validly absent . 
[ 0246 ] At the diagnostic engine , C may be compared to 
one or more threshold values in order to generate an input to 
the model . If a concept has a value greater than or equal to 
a first threshold value , it is considered to be present . If a 
concept has a value less than or equal to a second threshold 
value , it is considered to be absent . 
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-continued [ 0247 ] An example code that shows the manner in which 
the confidence level is used by the diagnostic engine to 
generate the model input is described below . 
[ 0248 ] For example , the input “ evidence_set ” that is input 
ted to the model may be obtained according to the code 
below . A node corresponding to an item of medical data can 
be present , Evidence ( node = node , state = PRESENT ) ” , or 
absent , “ Evidence ( node = node , state = ABSENT ) ” . In the 
example below , the state of the node is determined by 
comparing a confidence value from the validity module 301 , 
“ validity.confidence ” . Since the PGM model is based on 
probabilities then PRESENT becomes probability 1 and 
ABSENT becomes probability 0. All other nodes may be 
assigned a probability of 0.5 for example . 

“ modifiers " : [ 
{ 

" type " : { 
" label " : “ HAS QUALIFIER ” , 
“ iri ” : " https : // protect 

eu.mimecast.com/s/XeloCqxlyu8Z7x8F00DpX?domain=bbl.health ” 
} , 
“ value " : { 

" label " : “ Chronic phase ” , 
“ iri ” : " https : // protect 

eu.mimecast.com/s/X5NjCrkmzT8EDz8FMx_BZ?domain=bbl.health ” 
} 

} 
] 

} , 
“ validity " : { 

" confidence " : 0.0 
} 

} evidence_set = EvidenceSet ( ) 
evidence_set.add_all { 

Evidence ( node = node , state = PRESENT ) 
for node , validity in node_to_validity.items ( ) 
if node.is_boolean 
if validity.confidence > = PRESENT_CONFIDENCE 

) 
evidence_set.add_all ( 

Evidence ( node = node , state = ABSENT ) 
for node , validity in node_to_validity.items ( ) 
if node.is_boolean 
if validity.confidence < = ABSENT_CONFIDENCE 

) 

[ 0252 ] A further example below shows a disease “ Family 
history of malignant neoplasm of thyroid " having a confi 
dence = 1 . 

{ 
" concept " : { 

" label ” : “ Family history of malignant neoplasm of thyroid ” , 
“ iri " : " https : // protect 

eu.mimecast.com/s/A4KBC31yMipqRPpsg80AsX?domain=bbl.health ” 
} ; 
“ validity " : { 

" confidence " : 1.0 
} 

} 

[ 0249 ] PRESENT_CONFIDENCE is a first threshold 
used to determine whether the state is present . In an embodi 
ment , PRESENT_CONFIDENCE = 1 . ABSENT_CONFI 
DENCE is a second threshold used to determine whether the 
state is absent . In an embodiment , ABSENT_CONFI 
DENCE = -1 . For values of the validity.confidence which do 
not meet either threshold , state = 0.5 may be assigned for 
example . 
[ 0250 ] The output of the validity module 301 may com 
prise the information shown in the examples below . The 
output of the validity module 301 comprises the valid 
information . The first example below shows a disease 
“ Asthma ” having a confidence = -1 . 
{ 

" concept " : { 
" baseConcept " : { 

" label " : " Asthma ” , 
“ iri " : " https : // protect 

eu.mimecast.com/s/9nlFC1wGKIM3E0Mtkry Yo ? domain = bbl.health ” 
} , 
“ modifiers " : [ ] 

} , 
“ validity " : { 

" confidence " : -1.0 
} 

} , 

" 

[ 0253 ] In the above examples , " confidence ” : -1.0 repre 
sents validly “ absent " ; “ confidence ” : 0 represents 
“ unknown ” ; and “ confidence ” : 1.0 represents validly “ pres 
ent ” . Furthermore , in the above examples , the concepts are 
items of medical data , e.g. Asthma is an item of medical 
data , while the information about medical data the 
confidence , i.e. whether the concept is validly present , 
validly absent , or this is unknown . The values of -1.0 , 0 , and 
1.0 are assigned to the concepts by the validity module 301 . 
Example methods of assigning the confidence will be 
described in more detail below . 

[ 0254 ] The validity module 301 takes as input the infor 
mation from the clinical history 115 of the user , as described 
above , and extracts a set of symptoms , risk factors and / or 
diseases to be used in the probabilistic model . The validity 
module 301 determines the information corresponding to 
each of the set of symptoms , risk factors and / or diseases to 
be used in the probabilistic model from the stored informa 
tion associated with the user ( for example whether the 
symptoms , risk factors and / or diseases are validly present , 
validly absent or this is unknown in this clinical history ) . 
[ 0255 ] For example , the clinical history 115 of the user 
may comprise information from a doctor's note indicating 
that the patient has diabetes . The information about symp 
toms , risk factors and / or diseases from the clinical history 
115 of the user therefore comprises an indication that the 
disease " diabetes ” is present . If this information is deter 
mined to be valid , the validity module may generate an entry 
“ 1 ” corresponding to the IRI representing the concept “ dia 

[ 0251 ] Another example shown below shows a disease 
“ Crohn's disease ” having a confidence = 0 . In this example , 
a modifier with label “ Chronic phase ” is also defined . 

{ 
“ concept " : { 

" baseConcept " : { 
" label ” : “ Crohn's disease " , 
“ iri ” : " https : // protect 

eu.mimecast.com/s/OS6rCpYkxSnmxJnSO2CbB?domain=bbl.health ” 
} , 
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betes ” . The absence of a symptom , risk factor and / or disease 
may be indicated by an entry of " -1 " for example . If it is 
unknown whether the symptom , risk factor and / or disease is 
present or absent , this may be indicated by a 0. As previously 
stated , other means of indicating this information may be 
used however . 
[ 0256 ] By comparing the symptoms , risk factors and / 
diseases from the diagnostic engine to the information about 
the symptoms , risk factors and / or diseases from the clinical 
history , information about the symptoms , risk factors and / or 
diseases used in the model is obtained ( for example , whether 
each is validly present , or validly absent or this is unknown ) . 
[ 0257 ] Thus the validity module 301 first retrieves infor 
mation relating to items of medical data from the stored 
clinical history 115 , and then determines the validity of the 
information for each item of medical data corresponding to 
the set of symptoms , risk factors and / or diseases to be used 
in the probabilistic model . This may comprise determining 
which of the symptoms , risk factors and / or diseases which 
are indicated as being present or absent in the clinical history 
115 are validly indicated as such . Various methods of 
determining the validity are described below in relation to 
FIGS . 6 ( b ) and ( c ) . The validity module 301 then passes 
valid information relating to the symptoms , risk factors 
and / or diseases to the relevance stage 201a . The relevance 
stage 201a determines the relevance of each concept 
returned from the validity module as being present or absent 
to the patient input , and outputs the relevant information , in 
the same manner as has been described previously . 
[ 0258 ] In a medical diagnosis system such as described in 
relation to FIG . 2 , the relevant , valid information is passed 
to the diagnostic engine 111. This information is taken as 
input to the probabilistic model 112 ( as well as the infor 
mation from the user input ) . The probabilistic model 112 
determines the probability of the user having each of one or 
more diseases from the input information , as has been 
described previously . 
[ 0259 ] Various methods by which the validity module 301 
determines if the information relating to a symptom , risk 
factor and / or disease is valid in accordance with embodi 
ments will be described in more detail below in relation to 
FIGS . 6 ( a ) and ( b ) . The validity module 301 may output the 
set of IRIs representing the symptoms , risk factors and / or 
diseases used in the probabilistic model , together with the 
valid information ( for example , the information may indi 
cate , for each concept in the model , whether the concept is 
validly present , validly absent or whether its presence / 
absence is unknown ) . 
[ 0260 ] The validity module 301 receives information from 
the clinical history , comprising one or more concepts and 
information indicating that the concept is present or absent . 
The validity module 301 determines , for each concept 
corresponding to a symptom , risk factor and / or disease used 
in the probabilistic model , whether the concept is validly 
present , validly absent or whether its presence / absence is 
unknown . For example , if the validity module 301 deter 
mines from information in the clinical history that a symp 
tom is present , the validity module 301 then determines 
whether this is valid . If this information is valid , the validity 
module 301 outputs that the symptom is present ( 1 ) . If there 
is no information in the clinical history regarding the pres 
ence or absence of the symptom , or the information in the 
clinical history is determined to be not valid , the validity 
module 301 outputs that the presence / absence of the symp 

tom is unknown ( 0 ) . Similarly , if the clinical history pro 
vides information from which the validity module 301 
determines that a symptom is absent , and this information is 
determined to be valid , the validity module 301 outputs that 
the symptom is absent ( -1 ) . 
[ 0261 ] Data about the patient is held in the patient's 
clinical history 115. The clinical history comprises a record 
of information relating to items of medical data ( i.e. , symp 
toms , diseases , and / or risk factors ) previously reported by 
the diagnosis engine 111. The clinical history may also 
include information relating to items of medical data from 
notes by a human doctor , prescriptions , user reported symp 
toms or events , healthchecks , lab tests , healthcare providers ' 
databases or medical data from other sources . In an embodi 
ment , information indicating the source of each entry is also 
included with each entry . For example , information identi 
fying whether the entry originated from a doctor , user , 
medical diagnosis system , or another source may be 
included . 
[ 0262 ] The clinical history may contain entries over a 
large range of time e.g. hours , days , weeks , months , or years . 
In an embodiment , the clinical history further comprises 
temporal information , corresponding to the reporting time of 
each entry . For example , each entry in the clinical history 
may comprise date information , indicating the day on which 
the entry was reported . For example , an entry in the clinical 
history may comprise an IRI representing a symptom , dis 
ease or risk factor entered by a doctor at an appointment ( for 
example “ backache ” ) and the date of the appointment . An 
entry previously reported by the diagnostic engine 111 may 
comprise a symptom input by the user together with the date 
on which the input occurred , and a second entry may 
comprise the disease determined by the diagnostic engine , 
together with the date on which the diagnosis occurred . 
Although date information is given here as an example , the 
temporal information may alternatively comprise time infor 
mation , or only the year for example . Date information may 
be stored so that the validity module 301 may determine 
validity based on the time since the concept was reported . 
However , validity may be determined using alternative 
criteria , and therefore in some examples the temporal infor 
mation is not stored . 
[ 0263 ] Items of medical data in the clinical history may 
comprise concepts , in particular the IRI ( s ) of the concept . 
The clinical history may also store information indicating 
whether the concept is present , absent or unknown . For 
example , unary concepts ( e.g. NOT headache ) may be used 
to indicate that a concept is absent . Furthermore , the clinical 
history may include temporal information about concepts 
that is , when were they were reported . 
comprise information about the source of the information 
( for example doctor , patient , diagnosis system ) . The clinical 
history may store , for a particular patient : the Patient Id , 
event information comprising one or more concepts and 
information indicating whether each concept is present or 
absent , the date for each event , source for each event , and 
any extra application specific info ( e.g. the confidence of a 
diagnosis or the free text the concepts were derived from ) . 
[ 0264 ] Each entry in the clinical history thus may further 
comprise temporal information , for example date informa 
tion indicating the day on which the entry was reported . It 
may additionally or alternatively comprise information 
about the source of the information ( for example doctor , 
patient , diagnosis system or other ) . 

may further 
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of 

[ 0265 ] FIG . 6 ( b ) shows a flow chart illustrating a method 
of determining validity used in a method in accordance with 
an embodiment . In step S108 the relevance module 201 
requests information from the patient's clinical history 115 . 
This corresponds to S601 in FIG . 6 ( b ) . The clinical history 
service provides information to the validity module 301 in 
step S118 . This corresponds to S602 in FIG . 6 ( b ) . The 
information provided to the validity module 301 may com 
prise concepts . The information may indicate whether the 
concept is present ( for example by including the concept ) or 
absent ( for example by including the operator “ NOT ” 
together with the concept ) . Alternatively , the information 
may simply indicate that the concept is present . For each 
entry , the information may further comprise temporal infor 
mation ( when were they were reported ) . It may further 
comprise information about the source of the information 
( for example doctor , patient , diagnosis system ) . 
[ 0266 ] In S603 , the validity module determines the valid 
ity of the information . In an embodiment , the validity 
module 301 is configured to determine whether information 
relating to a concept ( for example presence or absence of 
items of medical data such as symptoms , diseases and / or risk 
factors ) recorded in the past is still valid at present . The 
validity is determined based on the temporal information . 
The date on which the concept was reported is compared to 
a stored reference time duration in this example . 
[ 0267 ] For example , suppose an event of a headache has 
been reported 3.3 months ago . It is unlikely that such an 
event is relevant to a diagnosis in the present , and therefore 
such information is determined not to be valid ( i.e. the 
presence a headache is determined to be invalid and , in 
the absence of any other information relating to a headache , 
whether a headache is present or absent is reported as 
unknown ) . In another example , suppose an event of a chest 
pain has been reported 3 days ago . It is likely that such an 
event is relevant to a diagnosis in the present , and therefore 
such information is determined to be valid ( i.e. the presence 
of chest pain is determined to be valid ) . In yet another 
example , suppose a condition of Diabetes ' is associated to 
a patient . It is almost certain that such an event is relevant 
to a diagnosis in the present , and therefore such information 
should be tagged as valid . 
[ 0268 ] Temporal information relating to when the concept 
was reported is compared with information indicating how 
long information relating to the particular concept is valid , 
in order to determine whether the specific information is 
valid at the current time . 
[ 0269 ] In this example , the validity module 301 comprises 
a stored list of items of medical data , encoded as concepts , 
and the relevant time durations for which they remain valid . 
The validity module 301 determines the time since the entry 
was reported by comparing the current date and the date on 
which the information was reported . 
[ 0270 ] The validity module 301 compares the time since 
the entry is reported with stored information relating to each 
concept , indicating the duration of time for which informa 
tion relating to that concept is valid . The stored information 
indicating the duration of the validity may be generated by 
human doctors for example . If the time since the entry is 
reported is longer than the time for which information 
relating to that concept is valid , the information in the entry 
is determined to be invalid . The validity module 301 outputs 
" unknown ” in relation to the concept ( indicated by a 0 ) . If 
the time since the entry is shorter than the time for which 

information relating to that concept is valid , the information 
in the entry is determined to be valid . The validity module 
301 outputs the valid information in relation to the concept 
( for example present , indicated by 1 or absent indicated by 
-1 ) . 
[ 0271 ] The output from the validity module 301 is pro 
vided to relevance stage 201a . Thus in S604 , the valid 
information is provided . 
[ 0272 ] The validity of an input concept is determined 
based on the time when it was reported . The time between 
the concept being reported and the validity of the concept 
being determined is termed a “ time duration ” . A reference 
time duration is a time duration for which a concept is 
known to be valid . It may be a time duration for which a 
concept is known to be valid within a certain confidence 
interval ( e.g. 90 % ) for example . The reference time duration 
may be generated by a human expert for example . The 
method comprises : looking up reference time durations for 
which information about symptoms , diseases and / or risk 
factors are valid from a table , for each symptom , disease or 
risk factor , comparing the reference time durations to the 
time duration from when the symptom , disease or risk factor 
was reported , and providing information relating to the 
symptom , disease or risk factor obtained from the clinical 
history if the reference time duration is greater than or equal 
to the time duration from when information about the 
symptom , disease or risk factor was reported . 
[ 0273 ] The validity module thus comprises a database that 
contains a list of concepts and an associated reference 
duration , which indicates for how long a concept remains 
valid . The reference duration may indicate how long a 
concept remains valid within a certain level of certainty e.g. 
90 % , after an incidence of the concept has been reported . 
The information in this database may be entered by human 
experts . 
[ 0274 ] Although in the above example , whether the infor 
mation is valid is determined in the same manner regardless 
of whether the information indicates that the concept is 
present or absent , in an embodiment , the validity may be 
determined differently for each case . Thus it may first be 
determined whether the information indicates that the con 
cept is present or absent . If present , a first criteria is applied 
in order to determine validity . If absent , a second criteria is 
applied . This is because the two cases may not be symmetri 
cal , especially in the case of symptoms . This may mean 
using a shorter validity duration for absent information for 
example . The duration for absence may be based on statis 
tics on how likely a patient is to acquire the condition for 
example . It may mean confirming the absence with the user . 
[ 0275 ] The examples illustrate simple concepts such as 
headache , however , the validity module 301 may also oper 
ate on complex concepts ( e.g. Severe Headache ) . 
[ 0276 ] In the above described example , the validity mod 
ule 301 matches the received concepts from the clinical 
history with the stored reference duration associated with the 
concept . 
[ 0277 ] In an embodiment , the validity module 301 is 
configured to predict the duration for which a concept 
remains valid based on the duration of a related concept , the 
related concept being either parent or a child . 
[ 0278 ] However , FIG . 6 ( c ) illustrates an alternative 
method in which a table storing a set of concepts for which 
the information indicating that the concept is present is 
permanently valid is stored . For example , information indi 
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cating the presence of diabetes is likely to be relevant to a 
diagnosis forever . In this example , only information indi 
cating the presence of a concept is returned from the validity 
module . FIG . 6 ( c ) shows a flow chart of a method of 
determining validity in accordance with an embodiment . In 
step S601 the relevance module 201 requests information 
from the patient's clinical history 115. In this example , the 
clinical history may provide information including concepts 
which are present in the clinical history in S602 . Temporal 
information is not provided . The validity module 301 com 
pares the list of concepts from the clinical history with the 
list of valid concepts in S603 to determine validity . Only 
information relating to the valid concepts is output in S604 . 
[ 0279 ] Concepts for indicating permanence may also be 
stored in the knowledge base , and used by the validity 
module to determine which concepts are permanently valid . 
For example , permanence may be represented by the simple 
concept “ Is Permanent ” . One or more concepts used in the 
model may comprise a simple concept indicating perma 
nence . The validity module may use this information to 
determine whether information provided from the clinical 
history is valid , instead of a stored table . 
[ 0280 ] Conflicting data points may exist in the clinical 
history . In an embodiment , the relevance module 201 rec 
onciles differences between entries in the clinical history . 
For example , the clinical history may provide two entries , 
relating to the same concept , to the relevance module 201 . 
One may indicate that the concept is present and the other 
may indicate that the concept is absent . In this case , there is 
a conflict within the clinical history . 
[ 0281 ] In an embodiment , a set of rules are implemented 
to resolve such conflicts . These may be applied before 
relevance is determined , for example they may be applied 
before the valid clinical history is transferred to the rel 
evance stage 201a in the system of FIG . 6 ( a ) . In an embodi 
ment , the rules reflect the priority of the information source . 
For example , information that originates from a doctor is 
prioritised over information from the patient or from the 
medical diagnosis system . For example , if one entry in the 
clinical history originates from the user and indicates that 
they do not have asthma , and another entry in the clinical 
history comprises information from a doctor indicating that 
they do have asthma , the information from the doctor is 
taken and asthma is indicated as present . 
[ 0282 ] Where one entry indicates unknown , the informa 
tion from the other source is taken since no conflict exists . 
Where both sources indicate the same , the information from 
either is taken as again , no conflict exists . 
[ 0283 ] Other rules may additionally or alternatively be 
implemented , for example a more recent entry may be taken 
as having priority . Different policies may be specified , for 
example doctors may have priority over self - reports , or it 
can be specified to trust one particular source only . 
[ 0284 ] As explained above , the clinical history comprises 
a record of items of medical data ( i.e. , symptoms , diseases , 
or risk factors ) previously reported by the diagnosis engine 
111. The clinical history may also include notes from a 
human doctor , prescriptions , user reported symptoms or 
events , or medical data from other sources . However , infor 
mation recorded by the user over time may contradict the 
risk factors or diseases flagged by the human doctor . If 
conflicting concepts are passed to the diagnosis engine , the 
diagnosis may not be accurate . In this case , where valid 
information about the same concepts are conflicting , the 

validity module 301 may be configured to pass information 
that has been entered by a human doctor , rather than that 
logged in the clinical history by the user for example . 
[ 0285 ] In the above described examples , stored embed 
dings corresponding to concepts in the clinical history and in 
the patient input are retrieved , in order to determine a 
similarity value , used as a measure of relevance . The embed 
dings are generated during a training stage , and stored for 
use during implementation . In the below , various example 
methods of generating the embeddings are described . 
[ 0286 ] Relevance may be considered in the following 
manner : a concept is relevant to an input concept if it 
increases the accuracy of diagnosis of the disease from 
which the input concept results . In other words , whether or 
not something is relevant depends on whether it helps to 
achieve the specific goal of diagnosis . 
[ 0287 ] Similarity can be considered a sub - class of rel 
evance . The term “ similar ” generally means that something 
shares common characteristics with another concept . It 
should be noted that the term similarity used here is not the 
same as a similarity measure , such as the cosine similarity , 
which is a mathematical operation on two vectors . 
[ 0288 ] Taking the example of a clinician during a consul 
tation : their aim is to use the information about the patient 
that are available to them to come to the correct diagnosis of 
that patient's condition . To help them do this , they will often 
ask the patient questions or take quantifiable measurements 
( e.g. from blood test results ) to both validate suspicions 
( shown in their patient history / reported by the patient ) and 
fill in gaps in their knowledge about that patient . This 
information gathering and validation process must be bal 
anced with efficiency — which is why clinicians only ask 
questions or take measurements about aspects of the patient 
which they believe will help them decide on the correct 
diagnosis in the current scenario as quickly as possible . All 
such information used in their decision - making — both those 
that represent positive signals and those that represent 
negative signals — are therefore considered relevant to the 
goal . The information they seek to gather will give them the 
clearest sense of direction , either through positive signals 
( affirming the test hypothesis ) or through negative signals 
( discounting " competitor " hypotheses ) . 
[ 0289 ] For example , a patient presents with a complaint of 
dizziness . Their patient history shows that they have recently 
complained about the following : a ) Benign Positional Ver 
tigo , b ) Fast Heart Rhythm , and c ) Tendonitis in Left Wrist . 
The Clinician must decide which of these concepts to 
validate with the patient . a ) Benign Positional Vertigo is 
Similar because Vertigo and Dizziness are different ways to 
describe the same symptom . Benign Positional Vertigo is 
Relevant to the current case ( dizziness ) because it is a 
condition that could explain dizziness symptoms . b ) Fast 
Heart Rate is not Similar to Dizziness , but it is Relevant 
because the Clinician knows that Dizziness could be a sign 
of the condition Ventricular Tachycardia when the Patient 
simultaneously presents with Fast Heart Rate . c ) Tendonitis 
in Left Wrist is not Similar to Dizziness , and also not 
Relevant because the Clinician knows that Tendonitis is a 
chronic condition for which there are no known links with 
dizziness nor the conditions that could cause dizziness . 
Therefore , the Clinician will validate concept A because it is 
both Similar and Relevant . The Clinician will also validate 
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concept B because it is Relevant despite being Dissimilar . 
The Clinician will not validate concept C because it is 
Irrelevant . 
[ 0290 ] From this example , it can be seen that similarity is 
a sub - class of relevance . Similarity can enable relevance , but 
concepts that are considered relevant should not be limited 
to those that are similar to the concept in question . Again , the 
term similarity is not used here to refer to the cosine 
similarity measure , which may be used as a measure of 
relevance when operating on embeddings which are trained 
to capture relevance . 
[ 0291 ] The methods described below to generate the 
embeddings use measures of semantic relevance . Semantic 
similarity between two concepts expresses the taxonomic 
similarity between terms . For example , chronic bronchitis 
and asthma are similar because they are both respiratory 
disorder . On the other hand , semantic relevance is a much 
broader concept , that covers not only the taxonomic rela 
tionship , but may also included metonymy , functionality , 
cause - effect and / or others . For example , a condition and the 
treatment are related although they are not similar . 
[ 0292 ] The methods use statistics to create representations 
of the concepts taken from the text to build semantic models 
of context . The goal is to express a measure of how much 
information a concept can provide to a diagnosis , given the 
user input . This can then be used to rank the concepts for 
example . 
[ 0293 ] Distributed representations based methods gener 
ate a representation of the concepts in a vectorial space 
based on a domain corpus . This captures more of the 
relevance , or relatedness , rather than the similarity between 
concepts , as the vectors are based on the context in which 
concepts are used within a domain specific corpus that 
capture relevance rather than similarity . Therefore , the 
method builds a representation of the meaning of the con 
cept based on the context they are used in . Context vector 
measures of semantic relevance are based on the assumption 
that concepts that appear in similar contexts are related . The 
method creates embeddings , which are vectorial represen 
tations of concepts in a low dimensional ( i.e. n dimensional ) 
space meant to represent the semantic meaning of the 
concept : concepts that are close together in this vectorial 
space are meant to be close in meaning . To create this 
vectorial space , the architectures such as those used for 
Word2 Vec may be used , as is described below . Alternatively , 
architectures such as those used for fasttext may be used . 
[ 0294 ] An example model using a word2vec type archi 
tecture comprises a single hidden layer network trained to 
give the probability of each concept to be in the neighbour 
hood ( given a window size , which will be described later ) of 
a given concept . The output probabilities relate to how likely 
it is to find each concept of the vocabulary near the input 
concept . For example , if you give the network the concept 
“ fever ” , the output probabilities are going to be higher for 
“ headache ” , than for unrelated concepts such as “ diabetes ” . 
The network learns the probabilities from the frequency with 
which each pair is represented in the corpus . 
[ 0295 ] Using word embeddings type models provides 
means to vectorize the concepts . In order to be able to 
compare concepts , vector representations are generated . To 
generate the embeddings , a word embedding type model can 
be trained on Clinical Notes for example , with some pre 
processing performed . Once the training data is pre - pro 
cessed , the next step is to train and test the model . 

[ 0296 ] FIG . 7 ( a ) is a flow chart of a method of training a 
medical diagnosis system , comprising generating vectors 
corresponding to medical concepts , in accordance with an 
embodiment . In this example method , a word2vec type 
technique is used , in which a model is trained on data 
extracted from an electronic health record ( EHR ) database . 
[ 0297 ] Other data may alternatively or additionally be 
used for training . For example , data extracted from the user 
graph may be used as the training data . Such data may 
include PGM flows , Clinical Portal consultations ( including 
codes entered by GPs during a consultation , which are of 
higher quality , and codes extracted from consultation text 
automatically , which are generally of lower quality ) and 
Check Base flows . Other data that may be used for training 
includes Check Base flows , or doctor interaction with GP 
portal as a feedback signal . 
[ 0298 ] The method results in an embedding i.e. a vector , 
for each IRI in the training data vocabulary . Two embed 
dings will be similar to each other if the respective concepts 
are relevant to each other . Using word embeddings based 
models allows to vectorize the concepts . It is then possible 
to measure their relevance by computing their cosine simi 
larity for example . 
[ 0299 ] In step S701 , data pre - processing is performed . For 
example , patient history data is extracted from the EHR 
database for a plurality of patients . A patient history is 
defined by all the medcodes ( events , e.g. “ asthma ” ) belong 
ing to a given COMBID ( unique for patient - practice com 
binations ) . The entries for each patient are ordered by date 
and time . The medcodes are grouped by consultation , where 
each consultation may be considered as a sentence in the 
word2vec framework , i.e. a list of concepts . The consulta 
tions are also grouped by user . A user would correspond to 
a “ document " in the word2vec framework , i.e. a list of 
consultations . A medcode is a clinical code used to represent 
clinical terms , for example NHS read codes . All the med 
code entries for each patient are then replaced with their 
corresponding IRI using a conversion algorithm , for 
example using a look up table . Any entry that cannot be 
converted is discarded . 
[ 0300 ] Since the database might not cover many of the 
symptoms and risk factors in the knowledge base , each 
" sentence ” , i.e. consultations , may be extended by including 
neighbouring concepts from the knowledge base . These are 
simply added into the list of concepts for the consultation . In 
order to extend the dataset and the vocabulary , some of the 
sequences may be duplicated and one or more concepts 
replaced with an ancestor concept ( e.g. parent concept ) from 
the Knowledge Base in the duplicate sequence . 
[ 0301 ] The data set at this stage comprises a sequence of 
concepts ( represented by as for example ) for each consul 
tation , and a sequence of consultations for each patient . Each 
sequence of concepts can be considered to be a set of 
concepts that are relevant to each other . Each sequence can 
be considered to correspond to a sentence for the purposes 
of applying the word2vec type training algorithm . The 
training data comprises sequences of medical conditions that 
are found in the same patient history and in the same 
consultation . 
[ 0302 ] The resulting set of concept sequences makes up 
the training data for the model . Various publically available 
training algorithms can be used to train a word2vec based 
model using a set of training data . Details of the word2vec 
technique are provided in “ Distributed Representations of 
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Words and Phrases and their Compositionality ” , Mikolov et 
al , arXiv : 1310.4546 , 16 Oct. 2013 , the contents of which are 
hereby incorporated by reference . 
[ 0303 ] Different word2vec type models may be used , 
including a skip - gram type model or a Continuous Bag or 
Words ( CBOW ) type model . Although examples based on 
word2vec algorithms are described below , alternative algo 
rithms , such as the fasttext algorithm may be used . Although 
the term “ word2vec ” type model is used , the model is used 
to generate embeddings for concepts rather than words , as 
will be described below . 
[ 0304 ] A schematic illustration of an example word2vec 
type model is shown in FIG . 7 ( b ) . The model comprises a 
two - layer neural network that processes input concepts . The 
input to the model is a vector of length V , where V is the 
number of concepts in the training data . The input vector 
represents an input concept from a training sequence , i.e. 
consultation , represented using one - hot encoding . The entry 
in the vector corresponding to the input concept from the 
sequence is given a value of 1 , with the other entries having 
a value of 0. For a sequence in the training data , a sliding 
window may be used to extract the target and context 
concepts . For the case where the first concept in a sequence 
from the training data is “ headache ” , the first input vector 
comprises a 1 in the position corresponding to the concept 
" headache ” , and a 0 in all other positions , as shown in FIG . 
7 ( b ) . 
[ 0305 ] The model comprises a hidden layer , comprising n 
linear nodes . The weights between the input layer and the 
hidden layer correspond to the vector encodings for all of the 
words in the vocabulary . These weights are learned during 
training , and stored as the vector embeddings corresponding 
to each concept . The parameter n corresponds to the length 
of the embeddings . In an embodiment , n is 128. No activa 
tion function is used in the hidden layer . Furthermore , no 
bias terms are included . 
[ 0306 ] For each entry , i , in the input vector of length V , the 
set of weights which multiply the entry i make up an n 
dimensional vector which is stored as the embedding for the 
concept i . Thus there are V embeddings , each of length n , 
which are stored . 
[ 0307 ] The output layer also comprises V nodes . Each 
node again corresponds to one of the words in the vocabu 
lary . The softmax function is applied to the output layer . 
Each output node also has a corresponding set of weights , 
which is multiplied by the output of the hidden layer , and the 
softmax function applied to the result . The softmax function 
takes as input a vector of real numbers , and normalizes it 
into a probability distribution . 
[ 0308 ] Each output node gives the probability correspond 
ing to a concept . There is one output node for each concept 
in the vocabulary . The output node gives the probability that 
a concept at a randomly chosen nearby position in the 
training sequence is the concept corresponding to the node . 
[ 0309 ] The input is thus a V - dimensional vector , with V 
the number of concepts in the corpus . The hidden layer has 
n neurons , with n being a hyperparameter of the model . The 
model comprises a single hidden layer , and is a fully 
connected neural network . The neurons in the hidden layer 
are all linear neurons . The input to hidden layer connections 
can be represented by matrix of size Vxn , with each row 
being the embedding for a vocabulary word . In same way , 
the connections from hidden layer to output layer can be 
described by matrix of size nxV . 

[ 0310 ] The model takes as input a one - hot vector repre 
senting the input concept and the training output is a one - hot 
vector representing the output concept of the neighbouring 
concept . 
[ 0311 ] The model output is a vector of probability distri 
butions . The weights of the hidden layer represent the 
projection of each of the concepts in the corpus into the 
low - dimensional ( n dimensional ) space . 
[ 0312 ] The model outputs a vector of probabilities . The 
first entry in the output vector corresponds to “ Migraine ” for 
example . The output probability for this entry is the prob 
ability that the concept “ Migraine ” is at a randomly chosen 
nearby position to the concept “ headache ” in the training 
sequence . 
[ 0313 ] In order to learn the weights , backpropagation is 
performed to compute the gradient of a loss function with 
respect to each weight in the model . Gradient descent is then 
performed to update the weights via optimization . Each 
input concept is taken in turn , ( in the form of the one - hot 
vector of length V ) and the corresponding context concept 
( e.g. the next concept in the sequence ) from the training 
example may be used to generate the loss . Training is thus 
performed by feeding in the input concept from the training 
example , producing a vector of length V as output . The 
output may be used to determine a loss . The gradient of the 
loss with respect to each of the weights is determined 
through back - propagation . The gradients may then be used 
to determine the updated weights , using a gradient descent 
based optimiser function . 
[ 0314 ] The above describes a word2vec based model 
which learns on pairs of words from the sequence . However , 
a continuous bag of words ( CBOW ) based word2vec type 
model may be used , in which multiple input concepts are 
used for a given output concept . In this case , the model is 
modified by replicating the input to hidden layer connections 
C times , and adding a divide by C operation in the hidden 
layer neurons . C is the number of context concepts in the 
window , and is a hyperparameter . In an embodiment , C is 
equal to 5. Each of the C input concepts is encoded using a 
one hot vector of length V , in the same manner as described 
above . The output of the hidden layer is the average of the 
vectors corresponding to the input concepts . The set of input 
concepts is generated by a sliding window through the set of 
concepts in a consultation . The input weights are tied for the 
C input concepts , and are stored as the concept embeddings . 
[ 0315 ] Alternatively , a skip - gram type model may be used . 
In this case , multiple output concepts are used for a given 
input concept . The output layer is replicated C times . C 
output vectors are thus produced , and the error vectors from 
all output layers are summed during backpropagation . 
Again , C is selected as a hyperparameter , In an embodiment , 
C is equal to 5. The input weights are stored as the concept 
embeddings . 
[ 0316 ] As has been explained previously , the number of 
dimensions for the embeddings n , corresponding to the 
number of nodes in the hidden layer , can also be selected as 
a hyper - parameter . In an embodiment , there are 128 entries 
in the embeddings . Alternatively however , a length of 32 or 
512 could be used for example . 
[ 0317 ] Other hyper - parameters may be selected . For 
example , the epoch number ( the number of times the train 
ing vectors are used to update the weights ) may be selected . 
In an embodiment , 5 epochs is used . 
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[ 0318 ] In an embodiment , a CBOW type word2vec algo 
rithm is used , with window size 5 , for 5 epochs , and with 
128 dimensions for the embeddings . 
[ 0319 ] Once the model is trained , the resulting embedding 
vectors ( i.e. the weights ) are stored , and may then be 
compared using cosine similarity as has been described 
above in order to determine the relevance of a concept from 
the clinical history to a concept in the patient input . 
[ 0320 ] An input training sequence may comprise the con 
cepts { " headache ” , “ migraine ” , “ fever ” , “ dry mouth ” , ... } . 
A first training example is extracted from this sequence in 
S702 . The input concept ( or concepts in the CBOW case ) is 
converted into a one - hot vector comprising a 1 in the 
position corresponding to the concept “ headache ” , and a 0 in 
all other positions and taken as input to the model in S703 . 
[ 0321 ] In order to learn the weights , backpropagation is 
performed to compute the gradient of the loss function with 
respect to each weight in the model in S704 , and gradient 
descent is then performed to update the weights via optimi 
zation . Each input is taken in turn , and the corresponding 
concept ( or concepts in the skip - gram case ) from the training 
example used to generate the loss function . The weights may 
be updated in batches comprising multiple sequences for 
example . 
[ 0322 ] Once the training stage is complete , the weights 
between the input layer and hidden layer are extracted , and 
stored as the concept embeddings in S705 . In this way , the 
algorithm can learn the meaning of the medical conditions 
based on the other conditions that are reported by a patient . 
[ 0323 ] FIG . 8 shows an alternative method of generating 
the concept embeddings , which is used in a method in 
accordance with an embodiment . In addition to the method 
described in relation to FIG . 7 , the links between concepts 
that are stored in the knowledge base are utilised . This 
allows embeddings to be generated for concepts which are 
not present in the training data , but which are present in the 
knowledge base , for example . 
[ 0324 ] In this method , embeddings may be generated for 
concepts which are present in the knowledge base but which 
are not present in the training data set . For example , around 
35,000 concepts may be included in training data set , 
whereas the knowledge base may comprise more than 1.6 
million concepts . In this method , an embedding may be 
generated for nodes in the knowledge base , using the neigh 
bours in the knowledge graph , as will be explained below . 
Concepts that are missed by the word embedding model ( for 
example if doctors never mention a condition but always 
mention its parent or children in the context of consulta 
tions ) may therefore be included . By combining a word 
embedding based approach such as described in relation to 
FIG . 7 , with information from the knowledge base , coverage 
of concepts not in the training data - set may be achieved . 
[ 0325 ] The method uses the structure of the knowledge 
base . Knowledge - based similarity measures are used to find 
concepts which are similar to a target concept . An embed 
ding for the target concept can then be generated from the 
existing embeddings of the similar concepts . Similar con 
cepts in the knowledge base may be found in various ways . 
For example , concepts which are close in the ontology are 
more likely to have a close semantic meaning . The degree of 
information carried by a link depends also on its position , 
since the lower the concept is in the ontology hierarchy , the 
higher its specificity . 

[ 0326 ] Furthermore , links between general concepts con 
vey less similarity than the ones between specific concepts . 
[ 0327 ] The below method uses an information content 
based similarity measure , which measures the degree of 
specificity of a concept , to determine the similar concepts . 
[ 0328 ] Information content is a knowledge based similar 
ity measure . Other knowledge based similarity measures 
may be used however . Information content was found to 
give good results for medical ontologies . 
[ 0329 ] In the method of FIG . 8 ( a ) , steps S801 to S805 
correspond to steps S701 to $ 705 described previously . At 
this stage , a number of embeddings have been generated and 
stored for each concept in the training data set , as has been 
described previously in relation to FIG . 7. Description of 
these steps will not be repeated . 
[ 0330 ] In the subsequent steps S806 to S811 , for a target 
node in the knowledge graph , the similarity of one or more 
of its neighbours is calculated . An information content 
based similarity measure may be used . The neighbours 
having a similarity measure higher than a pre - determined 
similarity threshold are then determined . This is extended to 
their neighbours , and so on . The mean embedding of all the 
similar concepts that have an existing embedding , for 
example generated in steps S801 to S805 , is then calculated . 
This is assigned as the embedding of the target node . 
[ 0331 ] In S806 , a target node in the knowledge graph is 
selected . The target node may be a node without an existing 
embedding for example . Alternatively , the process may be 
performed in order to update existing embeddings . The 
direct hyponyms and direct hypernyms of this node ( i.e. the 
direct parent and child nodes ) are then retrieved . These are 
referred to as the “ neighbour ” nodes , i.e. the direct parent 
and child nodes of the target node in the knowledge graph . 
[ 0332 ] The knowledge graph is a directed acyclic graph 
( DAG ) , comprising a finite number of edges and nodes , with 
each edge directed from one node to another . The graph is 
acyclic , which means that there is no way to follow a 
consistently - directed sequence of edges that eventually 
loops back to a same node . 
[ 0333 ] In an embodiment , information about all of the 
nodes is generated once and then cached . This means that the 
hyponyms and hypernyms do not have to be determined 
repeatedly , but are simply retrieved for a particular node 
when needed . A process of generating this information for 
all of the nodes is therefore described here . 
[ 0334 ] The nodes linked by a " subClassOf ” edge in the 
knowledge base are extracted . The edges are also extracted 
into a csv file for example , i.e. a list of the relations . The 
number of nodes extracted in the example knowledge graph 
is 1,640,384 and the number of edges is 1,048,576 . This 
process may comprise looping over all the edges , and 
caching the direct hypernyms and hyponyms in hashmaps . A 
hyponym is a word or phrase whose semantic field is more 
specific than its hypernym . For each edge [ node 1- > node 2 ] , 
node 2 is saved as a hyponyms of node 1 , and node 1 is saved 
as a hypernym of node 2. All the direct hypernyms and direct 
hyponyms of a specific node are retrieved . All of the 
ancestors and all the descendants of each node are then 
found and cached into a hashmap . For each node , the 
number of hyponym nodes without hyponyms ( also referred 
to as “ leaves ” ) is also computed . These can be considered as 
" final nodes ” . Its number of ancestors is also cached . 
[ 0335 ] The root of the graph is then found . The graph has 
only one root , which is retrieved by finding the only node 
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measure takes into account the total number of leaves and 
not only the hyponyms , making the measure less dependent 
on the taxonomy design . 
[ 0342 ] Adding the number of subsumers to the equation 
allows to differentiate concepts with the same number of 
leaves but different specificity . 
[ 0343 ] The information content is computed for each 
node , using the cached information about each node . This 
cached information may be saved to a file on a disk for 
example . 
( 0344 ] In step S807 , the similarity between two nodes is 
determined . To compute the similarity between two nodes , 
various similarity algorithms may be used . Some examples 
of similarity measures that may be used are shown in the 
Table 1 below . One of these may be used to determine the 
similarity . In an embodiment , a Jaccard similarity measure is 
used . Each similarity measure shown below returns a value 
greater than or equal to 0 , and less than or equal to 1 , where 
a value closer to 1 indicates the nodes are more similar . 

TABLE 1 

Example algorithms for determining similarity 

Similarity measure Formula 

Jaccard 

with hyponyms but without hypernyms . It may be checked 
at this point that there is only one root . The depth of each 
node is also then cached . The depth is defined as the number 
of steps from the node to the root node . If there are multiple 
paths , the length of the longest path is taken . In a DAG , 
computing the depth may be difficult because there can be 
multiple ways to go from the root to a node , therefore the 
nodes can have multiple depth . In order to determine the real 
least common subsumer node ( LCS , described below ) , the 
depth value is taken as the length of the longest path from 
the node to the root . Pre - computing the depth of all the nodes 
offline allows the algorithm to be a recursive one , saving 
computation time when looking for the LCS for a particular 
node . 
[ 0336 ] Information about the nodes is thus cached . For 
each node , the information may comprise one or more of : 
the direct hypernyms and hyponyms , a complete set of 
ancestors and descendants , number of ancestors , number of 
leaves , information content and depth . By determining this 
information once , the individual computations are speeded 
up . For example , this information may be saved when 
building the graph . 
[ 0337 ] The similarity to the target node of each of the 
direct neighbour nodes retrieved in S806 is then calculated 
in S807 . This may be calculated by computing an informa 
tion content based similarity measure . Information Content 
( IC ) based similarity measures estimate the specificity of a 
concept . Various information content coefficients may be 
used . An intrinsic Information Content coefficient is based 
on the structure of the taxonomy rather than the statistic of 
a corpus for example . Concepts found very high in the 
taxonomy are likely to be non - specialized and have a lot of 
leaves : they have low information content . On the other 
hand , concepts found very deep in the taxonomy with a lot 
of subsumers are very specialized and have high information 
content . Nodes having a similar information content value 
are likely to be similar . 
[ 0338 ] Nodes on the same branch , or in the same part of 
the knowledge graph are also likely to be similar . Nodes for 
which the least common subsumer has a higher information 
content are likely to be in the same branch , or the same part 
of the knowledge graph , since having a higher information 
content means the least common subsumer will be lower in 
the knowledge graph . 
[ 0339 ] Thus two nodes having a closer information con 
tent , and for which the least common subsume has a higher 
information content , are likely to be more similar . Intrinsic 
information content coefficients are based on the structure of 
the knowledge graph , and thus are not reliant on a specia 
lised corpus of data . 
[ 0340 ] In an embodiment , a measure of intrinsic IC based 
on the ratio between the number of leaves of a concept and 
its number of subsumers is used : 

IC ( LCS ( C1,2 ) ) 
IC ( C1 ) + IC ( C2 ) - IC ( LCS ( 1 , C2 ) ) 

Dice 2.IC ( LCS ( C1 , C2 ) ) 
IC ( C1 ) + IC ( C2 ) 

Ochiai IC ( LCS ( C1 , C2 ) 
VICC ) . IC ( C ) 

Simpson IC ( LCS ( C1 , C2 ) 
Min ( IC ( ci ) , IC ( c2 ) ) 

Braun - Blanquet IC ( LCS ( C1 , C2 ) ) 
Max ( IC ( C1 ) , IC ( C2 ) 

Sakal and Sneath IC ( LCS ( C1 , C2 ) ) 
2. ( IC ( C1 ) + IC ( +2 ) – 3. IC ( LCS ( C1 , C2 ) ) 

[ 0345 ] Each of the above example similarity measures 
uses the information content ( IC ) of the first node ( target 
concept node c? ) , the information content of the second node 
( neighbour concept node c2 ) , as well as the information 
content of the least common subsumer ( LCS ) node . The 
LCS node is the LCS of the first node c , and the second node 
C2 . The LCS of two nodes c , and c2 is defined as an ancestor 
of both c , and cy that has no descendant which is an ancestor 
of c , and c ” . An algorithm to find the LCS of two nodes 
comprises the following steps : 

[ 0346 ] Compute the intersection of the two set of ances 
tors and the two nodes ( using the cached list of ances 
tors for each node ) ; 

[ 0347 ] Take the node with the largest depth as the LCS . 
[ 0348 ] In S807 , a similarity measure , being a value greater 
than or equal to 0 and less than or equal to 1 is generated 
between the target node and each of the direct neighbour 
nodes ( the direct parent and direct child nodes of the target 
node ) , as described above . In S808 , it is determined , for each 
of these similarity measures , whether the similarity measure 
meets a pre - defined criterion . For example , it is determine 

?leaves ( c ) 
subsumers ( 0 ) 
max leaves + 1 IC ( C ) = -log 

[ 0341 ] where leaves ( c ) is the number of leaves ( concepts 
at the end of the branch ) found in the knowledge graph under 
node c , subsumers ( c ) is the number of concepts found 
subsuming c ( i.e. the number of ancestors ) and max leaves 
is the total number of leaves in the knowledge graph . This 
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whether the similarity is greater than or equal to a pre 
determined threshold . In an embodiment , the threshold is 
0.9 . 
[ 0349 ] In S809 , if the similarity of the target node with one 
of its neighbour nodes is above the preselected threshold 
( e.g. 0.9 ) , then the direct hyponyms and direct hypernyms of 
this neighbour node are found , and their similarity with the 
target node is computed and compared to the threshold . This 
process is repeated . 
[ 0350 ) Thus in S809 , as long as the similarity of a node 
with the initial concept ( target node ) is above the threshold , 
the process continues walking the graph and computing the 
similarity with the initial node . Alternatively , the process 
may be continued until a maximum number of similar nodes 
is reached , for example 60 nodes . In FIG . 8 ( b ) , a first stage 
of walking the graph is represented in the lightest shading , 
the second level in the darker shading . The similarity values 
to the concept to be embedded , for each of the first degree 
neighbours and second degree neighbours , are shown . If the 
node similarity with the initial concept is above 0.9 , the 
process continues exploring the graph in that direction by 
extracting its hypernyms and hyponyms . FIG . 8 ( b ) shows a 
visualisation of the process of extracting the similar nodes 
by walking the graph in every direction until a node below 
the threshold is encountered . 
[ 0351 ] At the end of this process , all the nodes in the graph 
with a similarity with the initial node above the threshold are 
extracted . In S810 , among these nodes , the existing embed 
dings of the nodes are extracted . In S811 , these embeddings 
are then used to determine an embedding for the target node . 
For example , these embeddings may be averaged to com 
pute an embedding of the initial concept ( target node ) . Other 
methods of determining the embedding for the target node 
from the embeddings of the similar nodes can be used , for 
example by determining a weighted average based on dis 
tance or similarity . 
[ 0352 ] Using this method , embeddings can be determined 
for most of the 1,640,384 nodes present in the knowledge 
base . In practice , some nodes don't have similar neighbours 
with an existing embedding , so it may not be possible to 
compute a new embedding for all nodes . 
[ 0353 ] FIG . 8 ( c ) shows an example of the combined 
similarity scores for part of the knowledge graph . The 
similarity of each node with the “ Acute severe exacerbation 
of asthma co - occurrent and due to allergic asthma ” node 
( indicated by the arrow ) has been computed . The nodes with 
a star are the ones with an embedding generated using the 
word embedding model . The other embeddings are com 
puted using the combined method . The scale on the left hand 
side shows the similarity , with the node shading indicating 
its value on the scale . 
[ 0354 ] There are multiple hyperparameters of the model 
which has been described in relation to FIG . 8 : 

[ 0355 ] Different algorithm types can be used ( e.g. 
word2vec or Fastext ) ; 

[ 0356 ] Embeddings with different sizes can be used 
( e.g. 32 , 128 or 512 ) ; 

[ 0357 ] Different types of similarity measures can be 
used ( Jaccard , Dice , Ochiar , Simpson , Braun - Blanquet , 
Sokal and Sneath ) ; 

[ 0358 ] When aggregating the embeddings from the 
similar nodes in the graph , the similarity threshold to 
consider a node to be similar can be varied ; 

[ 0359 ] The maximum number of similar nodes to be 
picked ( e.g. 60 ) can be varied , where used . 

[ 0360 ] These may be varied in order to improve perfor 
mance , as is discussed in relation to FIG . 10 below . 
[ 0361 ] Although in the above , examples of use of the 
relevance module 201 in a diagnosis system have been 
described , alternatively , the relevance system 201 can be 
used separately to a diagnosis system . For example , the 
relevance module 201 may be used as part of a clinical portal 
system . A schematic illustration of a clinical portal system 2 
in accordance with an embodiment is shown in FIG . 9 ( c ) . 
The system comprises a user interface 205 that talks to a 
clinical portal backend 211. The clinical portal backend 211 
interacts with clinical history 115 through a relevance mod 
ule 201 . 

[ 0362 ] A user 101 , for example a GP or other healthcare 
professional , communicates with the system 2 via a com 
puting device 102 , which may be a laptop or fixed computer 
for example . 
[ 0363 ] The device 202 communicates with interface 205 , 
and transmits the information corresponding to the user 
input to the interface 205 in S203 . Interface 205 has two 
primary functions , the first function is to receive the infor 
mation input by the user . In step S207 , this information is 
passed on to the clinical portal 211. The second function is 
to take the output of the clinical portal 211 and to send this 
back to the device 202 in steps S217 and S213 . 
[ 0364 ] The user 101 inputs information identifying a 

ent . The user input also comprises at least one input 
concept , for example a symptom experienced by the patient . 
In step S203 this is sent to interface 205. This information 
is then sent to the clinical portal 211 in step S207 . The 
clinical portal 211 extracts a list of concepts which are 
present in the user input . This may correspond to a list of 
identifiers . For example , in this step , following receipt of an 
input phrase , the clinical portal 211 calls an NLP depen 
dency parser which extracts one or more symptoms which 
are present in the phrase , and outputs the concept ( s ) corre 
sponding to the symptom ( s ) . 
[ 0365 ] As described previously , a stored set of information 
relating to items of medical data is stored in the clinical 
history 115. The clinical portal 211 sends a request to the 
relevance module 201 , together with the information iden 
tifying the patient and the user input . The relevance module 
201 then obtains the information relating to the patient from 
the clinical history 115 , based on the patient identification . 
The information stored in the clinical history 115 has been 
described previously . 
[ 0366 ] The relevance module 201 takes as input the infor 
mation from the clinical history 115 relating to the patient . 
The relevance module 201 then determines whether each 
concept for which information is stored relating to the 
patient in the clinical history is relevant to the user input . 
Specifically , for each concept in the user input , the relevance 
module 201 determines a measure of relevance for each 
concept extracted from the clinical history 115 for the 
patient . Examples of how this relevance may be determined 
have been described above , in relation to FIGS . 2 ( b ) and ( c ) . 
[ 0367 ] The relevance module 201 then passes information 
relating to the relevant symptoms , risk factors and / or dis 
eases back to the clinical portal 211. The relevance module 
201 acts as an interface between the clinical portal 211 and 
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the patient's stored clinical history 115 that pre - processes 
information for items of medical data stored in the clinical 
history . 
[ 0368 ] The relevance module 201 may output the set of as 
representing the relevant symptoms , risk factors and / or 
diseases , together with the information ( for example , the 
information may indicate whether the concept is present or 
absent ) . The clinical portal 211 may then transmit back this 
information in step S217 . The interface 205 can then supply 
this information back to the device 202 of the user in step 
S213 . The output displayed on the user device 202 com 
prises the information corresponding to the relevant con 
cepts from the clinical history 115. For example , it may 
comprise a list of relevant concepts which are indicated as 
present in the clinical history 115 , or a list of relevant 
concepts which are indicated as present or absent for the 
patient in the clinical history 115. The relevance feature is 
configured to extract relevant data from the patient health 
record stored in the User Graph 115 . 
[ 0369 ] In some embodiments , only relevant information is 
transmitted to the clinical portal 211. Retrieving information 
from the clinical history 115 may provide additional evi 
dence that was not reported by the patient that allows the 
user to make a diagnosis . The clinical history is likely to 
comprise a large data set however . Some of the information 
derived from the clinical history 115 may not be relevant . If 
irrelevant information is included , this results in transmis 
sion of a large amount of data to the clinical portal 211. It 
may also result in transmission of a large amount of data to 
the user device 202. The data may therefore be pre - pro 
cessed so that information determined to be relevant is 
transmitted . The system pre - processes the information from 
the stored information to identify a sub - set of relevant 
information . 
[ 0370 ] When using a clinical portal , the clinician may 
scroll through the patient medical history until they find the 
information that will help them to make an informed deci 
sion about the patient diagnosis . This may include deep 
diving into specific previous Consultation Notes or Symp 
tom Checker chat histories if necessary . Time may be spent 
by clinicians searching for specific information they deem to 
be relevant to their patient's presenting complaint . Further 
more , being presented with so much information at once can 
overwhelm clinicians , exacerbating the risk of error result 
ing in omission of key information from decision - making . 
Including the relevance module 201 feature can help to 
mitigate both these problems . 
[ 0371 ] In some embodiments , information from the clini 
cal history may be provided ordered by the relevance 
measure , such that the more relevant information is provided 
first . The relevance module 201 may therefore act to reduce 
the total number of requests produced when the user is 
navigating the patient history . For example , when used 
together with paginated search , displaying the relevant 
results reduces the number of pages retrieved on average 
before the entry of interest is obtained . 
[ 0372 ] The concept embeddings are generated during the 
training stage and stored in memory , the relevance module 
201 may comprise a storage unit in which the concept 
embeddings are stored . The measure of relevance can there 
fore be calculated efficiently for each input concept . The 
concept embeddings are pre - computed , so the relevance 
module can be scaled horizontally for efficiency and reli 
ability . 

[ 0373 ] AGP may interact with the relevant clinical history 
at various points during a consultation , for example , where 
a GP has a diagnosis in mind , and they want to retrieve any 
relevant evidence / risk factors ( to that diagnosis ) in the 
patient clinical history . In this case , concepts relevant to the 
suspected diagnosis are retrieved ( rather than concepts rel 
evant to the patient input ) , in the same manner as described 
above . Alternatively , a GP may want to know if a patient has 
experienced a given symptom ( or a related one ) in their 
clinical history . In this case , relevance to a diagnosis concept 
may be determined . 
[ 0374 ] FIG . 9 ( a ) shows an example of how relevance 
might appear to a user accessing the Clinical Portal . The user 
inputs a keyword or phrase , in this case dizziness . The 
relevance module 201 then obtains the relevant concepts 
from the clinical history , together with the information 
relating to these concepts . These are then displayed in the 
results section . For example , only the relevant concepts may 
be displayed in the results section , as shown in FIG . 9 ( a ) . 
Alternatively , all of the concepts from the clinical history 
may be displayed , with the relevant concepts highlighted , as 
shown in FIG . 9 ( b ) . The relevance module 201 provides the 
capability to filter for or highlight the most relevant concepts 
given a presenting scenario ( e.g. a patient presenting symp 
tom , or a suspected diagnosis ) . 
[ 0375 ] A Clinical Portal 211 may provide information 
from the user history 115 to be displayed in a chronological 
manner , with data coming from a variety of sources . The 
User Graph , or clinical history 115 , collects data from a 
variety of sources and stores it . The User Graph Timeline 
API provides this data in a chronological order . The Clinical 
Portal 211 is integrated with the User Graph Timeline , or 
clinical history 115. In an embodiment , it extracts only 
diagnosis and Check Base flows from the clinical history 
115 , and displays them to the GP . Other data from the patient 
health record is extracted directly from the corresponding 
services ( e.g. prescriptions data is extracted from the Pre 
scription Service ) 
[ 0376 ] In an embodiment , the relevance module 201 aims 
to capture how much information a recommendation can 
provide to the doctor and rank those entries the highest . 
[ 0377 ] While it will be appreciated that the above embodi 
ments are applicable to any computing system , an example 
computing system is illustrated in FIG . 11 , which provides 
means capable of putting an embodiment , as described 
herein , into effect . As illustrated , the computing system 900 
comprises a processor 901 coupled to a mass storage unit 
903 and accessing a working memory 905. As illustrated , a 
relevance module 201 is represented as a software product 
stored in working memory 905. Further functionality , such 
as the validity module 301 may also be embodied as a 
software product stored in working memory 905. The clini 
cal history may be stored in a database table in the mass 
storage unit 903 for example , or in external memory , for 
example in an external computing system . 
[ 0378 ] It will be appreciated that elements of the relevance 
module 201 may , for convenience , be stored in the mass 
storage unit 903. It will also be appreciated that the com 
puting system 900 may be connected to and configured to 
communicate with other parts of a medical diagnosis system 
1 , such as the diagnosis engine 111 , or with other parts of a 
clinical portal system 2 , such as the clinical portal 211. It 
will also be appreciated that the diagnosis engine 111 may be 
put into effect by means of a computing system similar to the 
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system 900 , or may be put into effect by means of the 
computing system 900 itself . Furthermore , the clinical portal 
211 may be put into effect by means of a computing system 
similar to the system 900 , or may be put into effect by means 
of the computing system 900 itself . 
[ 0379 ] In use , the system receives data from a user . The 
programs , including the relevance module , are then executed 
on the processor in the manner which is described with 
reference to the above figures . The processor may comprise 
logic circuitry that responds to and processes the program 
instructions . 
[ 0380 ) Testing of concept embeddings generated using an 
example method as described in relation to FIGS . 7 and 8 
was performed using a first dataset and a second dataset . The 
first dataset comprised a set of manually annotated concept 
pairs and the second dataset comprised a set of manually 
annotated consultation histories . Both were built from data 
in the training dataset , and annotated by doctors . 
[ 0381 ] The first dataset of annotated pairs built for testing 
comprised a list of 4000 pairs of concepts with their respec 
tive relevance coefficient added by doctors . Generating the 
first dataset comprised building pairs and then asking doc 
tors to rate their relevance . 
[ 0382 ] Specifically , generating the first dataset comprised : 

[ 0383 ] 1. Extracting symptoms and diagnosis data 
grouped by users from the EHR database , i.e. acquiring 
user medical histories ; 

[ 0384 ] 2. Sampling concept pairs from this data , e.g. by 
using co - occurrence as described below ; 

[ 0385 ] 3. Input these pairs in a table and send them for 
annotation to doctors ; 

[ 0386 ] 4. Doctors rate the relevance on a scale from 0 

[ 0391 ] 1 : There is a correlation between the two con 
cepts , but an established link might not necessarily 
exist . This may provide better contextual information 
to the presenting complaint . 

[ 0392 ] 2 : The 2 concepts are strongly related clinically 
so that one may lead to the other , or the 2 are concepts 
that have an established link ( e.g. nausea leads to 
vomiting / Obesity and IHD ) . This would usually form 
part of a doctors decision making process . 

[ 0393 ] 3 : Extremely related concept : the two concepts 
always occur together clinically , or one cannot happen 
without the other ( e.g. alcoholic liver disease and liver 
cirrhosis ) . This is a vital part of the history based on the 
presenting complaint . 

[ 0394 ] Each of the 4000 pairs was annotated by 3 doctors . 
These results were aggregated by taking the rounded mean 
of the 3 annotations . The pairs were then labelled with 0 to 
indicate not relevant ( corresponding to an annotation of 0 to 
1 ) and 1 to indicate relevant ( corresponding to an annotation 
of 2 to 3 ) . 
[ 0395 ] This first dataset is thus extracted from the pairs 
that are the most represented in the EHR database . However , 
testing a set of random pairs it is not very close to the actual 
task , where the pairs are not extracted randomly but from a 
patient's clinical history . 
[ 0396 ] The second testing dataset was not biased toward 
very common pairs . To build this data set , a presenting 
complaint and a patient history from the EHR database was 
presented to doctors for scoring . A set of around 100 
" consultations ” , where each consultation has a set of 20-30 
pairs , comprising ( presenting complaint , concept extracted 
from patient medical history } , was generated . Specifically , 
generating the second dataset comprised : 

[ 0397 ] 1. Acquiring user medical history from an EHR 
database i.e. extract all the concepts grouped by users 
from the database ; 

[ 0398 ] 2. Filter the users with a large enough number of 
concepts reported ( 20-30 concepts ) ; 

[ 0399 ] 3. Extract a presenting complaint from this same 
patient history ; 

[ 0400 ] 4. For each set { input query ; patient history } , ask 
the doctors to label all of the concepts in the patient 
history that are related to the input query with 1 . 

[ 0401 ] Table 2 below is an example of how this second 
dataset is constructed . The concepts in the medical histories 
are majority non - relevant , which is what would be expected 
from a non - biased dataset . The presenting complaint in this 
case is “ lumbar pain ” . 

to 3 ; 
[ 0387 ] 5. Collect and verify the distribution of the 

annotated pairs , where score from 0-1 are considered 
irrelevant and scores from 2-3 are considered relevant . 

[ 0388 ] The method adopted to extract the pairs was to use 
co - occurrence matrices computed on the training dataset . 
The co - occurrence matrix represents the number of times 
one concept in the rows is reported for the same patient as 
one concept in the columns , in the EHR database . These 
matrices were stratified by age , sex and computed for 
different time windows . By sampling the pairs using the 
co - occurrence matrices instead of randomly taking pairs of 
non - relevant concepts , the dataset is skewed toward a more 
balanced distribution of the relevance score . The co - occur 
rence matrix for conditions occurring within a time window 
of one day was used . This matrix was extracted as a list of 
pairs , with their respective frequency of occurrence . This list 
was sorted based on the frequency . A total of 1,345,193 pairs 
and 34794 concepts was generated . Extracting the top N 
pairs gives a good coverage of the most frequent pairs , and 
limiting the number of repetitions of a concept to a given 
number gives coverage of concepts . For example , a maxi 
mum of repetition of 6 represents 9.3 % of the pairs and 8.1 % 
of the concepts . 4000 pairs of medical concepts were 
extracted in this manner . 
[ 0389 ] Five doctors annotated the pairs on a scale from 0 
to 3 using these criteria : 

[ 0390 ] 0 : Completely unrelated concepts : the concepts 
have nothing in common and no relationship link them . 
The concept does not add any value to the presenting 
complaint . 

TABLE 2 

Example data used for the second dataset 

Eventdate Label In Is relevant ? Age Sex 

63 F 
ose 

2015-08-03 
2015-04-27 
2015-30-30 
2015-01-25 
2014-03-13 

Pneumonia 
Chest pain 
Cough 
Fever 
Synoope 
symptom 
Intertrigo 
Nosebleed 
Wheezing 
symptom 

https://bbl.health 
https://bbl.health 
https://bbl.health 
https://bbl.health 

2013-07-11 
2009-07-21 
2008-06-29 

een 
https://bbl.health 
https://bbl.health 
https://bbl.health ? 
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TABLE 2 - continued 
1 

F1 = 2 Example data used for the second dataset 1 
+ precision recall 

Eventdate Label In Is relevant ? Age Sex 

2005-01-07 
2004-06-15 
2004-01-08 
2003-07-11 
2003-03-21 
2003-01-06 
1995-11-03 
1991-01-31 

[ 0410 ] Mean absolute error : average of the difference 
between the real value and the predicted value : 

Lipoma https://bbl.health 
Prenatal care https://bbl.health 
Pruritus ani https://bbl.health 
invert nipple https://bbl.health 
Carpal canal https://bbl.health 
Backache https://bbl.health 
Cholangitis https://bbl.health 
Prostatism https://bbl.health 

OD OD 
12 1 

MAE = - . 
n ly ; – Ûil 

i = 1 

[ 0411 ] where n is the number of predicted values ( number 
of pairs ) , y ; the i - th true value ( annotation , i.e. 1 or 0 ) and ?i 
its corresponding predicted value ( i.e. the output from the 
model ) . 

[ 0412 ] Mean square error : the average of the square of 
the difference between the real value and the predicted 
value . 

[ 0402 ] The second data - set was converted into pairs , each 
pair comprising the presenting complaint and a concept from 
the patient history , and each pair being labelled as 1 if 
relevant and O if not relevant . 

[ 0403 ] After separating the pairs from the dataset into 
relevant and non - relevant , the datasets were balanced . The 
second testing set showed a much higher proportion of 
non - relevant conditions , where 87 % of the conditions in the 
medical histories were not relevant to the presenting com 
plaint . As a result , a model that returns that all of the 
conditions as non - relevant will be right 87 % of the time . To 
correct that bias , the dataset is balanced by duplicating pairs 
of the non - predominant category , i.e. relevant in this case . 
[ 0404 ] The following metrics were used to assess the 
embeddings : 

[ 0405 ] Precision : fraction of relevant instances among 
the retrieved instances : 

MSE = 
2 ? ( y ; – ; ) ? 

i = 1 

TP 
Precision = 

TP + FP 

[ 0406 ] where TP is the number of True Positive classifi 
cations ( where the pair is annotated as relevant and the 
cosine similarity returns a result classed as relevant ) and FP 
the number of false positive classification ( where the pair is 
annotated as irrelevant and the cosine similarity returns a 
result classed as relevant ) . 

[ 0407 ] Recall : fraction of relevant instances that have 
been retrieved over the total amount of relevant 
instances : 

[ 0413 ] FIG . 10 ( a ) shows the precision of the word embed 
ding based model described in relation to FIG . 7 for recall 
values of 0.75 , 0.85 and 0.95 tested on the first dataset for 
different hyperparameters . The recall is set by altering the 
threshold at which the cosine similarity is determined to be 
relevant . The different hyperparameters include the type of 
model ( cbow or skip - gram ) , the dimension of the embed 
dings ( d ) , the epoch number ( e ) and the window size ( ws ) . 
[ 0414 ] FIG . 10 ( 6 ) shows the precision of the word embed 
ding based model for recall of 0.75 , 0.85 and 0.95 , tested on 
the second dataset for the different hyperparameters . FIG . 
10 ( c ) shows the precision of the different word embedding 
based models for recall of 0.95 tested on the first dataset and 
second dataset . 

[ 0415 ] The results of the relevant classification on each of 
the models tested on the two annotated datasets are shown 
below . Precision is given for a recall of 75 , 85 and 95 % with 
the corresponding classification threshold t used to classify 
the result of the cosine similarity measure as relevant or not 
relevant . The F1 score is also given for recall of 75 , 85 and 
95 % . Table 3 shows the results for an example model based 
on the method described in relation to FIG . 7 , and Table 4 
shows the results for an example model based on the method 
described in relation to FIG . 8 . 

?? 
Recall - TP + FN 

TABLE 3 

testing results for example model such as described in relation to FIG . 7 [ 0408 ] where FN is the number of False Negative classi 
fication ( where the pair is annotated as relevant and the 
cosine similarity returns a result classed as irrelevant ) . 

[ 0409 ] F1 score : the harmonic mean between precision 
and recall . The range for F1 score is [ 0,1 ] . It tells you 
how precise the classifier ( i.e. the result of the cosine 
similarity combined with the threshold for determining 
whether this result indicates relevance ) is ( how many 
instances it classifies correctly ) , as well as how robust 
it is ( it does not miss a significant number of instances ) : 

Word 
embedding 
model 
( word2vec , 128 
dimensions ) 

Precision : 70.30 % , recall : Precision : 62.46 % , recall : 
75.04 % 74.94 % 
( t = 0.495 ) ( t = 0.146 ) 
Precision : 66.52 % , recall : Precision : 56.02 % , recall : 
84.85 % 84.85 % 
( t = 0.414 ) ( t = 0.086 ) 
Precision : 59.95 % , recall : Precision : 51.03 % , recall : 
95.07 % 95.16 % 
( t = 0.278 ) ( t = 0.023 ) 
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TABLE 3 - continued 

testing results for example model such as described in relation to FIG . 7 
Mean Absolute Error : 0.26Mean Absolute Error : 0.40 
Mean Square Error : 0.10 Mean Square Error : 0.27 
F1 score at recall 75 % : F1 score at recall 75 % : 
0.725 0.661 
F1 score at recall 85 % : F1 score at recall 85 % : 
0.745 0.674 
F1 score at recall 95 % : F1 score at recall 95 % : 
0.735 0.664 

TABLE 4 

testing results for example model such as described in relation to FIG . 8 
Combined 
model 
( word 
embedding 
and 
knowledge 
base 
similarity ) 

Precision : 74.69 % , recall : 
75.04 % 
( t = 0.543 ) 
Precision : 68.66 % , recall : 
85.19 % 
( t = 0.411 ) 
Precision : 61.41 % , recall : 
95.11 % 
( t = 0.026 ) 
Mean Absolute Error : 0.25 
Mean Square Error : 0.10 
F1 score at recall 75 % : 
0.746 
F1 score at recall 85 % : 
0.760 
F1 score at recall 95 % : 
0.746 

Precision : 66.14 % , recall : 
74.93 % 
( t = 0.124 ) 
Precision : 56.76 % , recall : 
84.94 % 
( t = 0.065 ) 
Precision : 51.14 % , recall : 
94.73 % 
( t = 0.18000000000000002 ) 
Mean Absolute Error : 0.38 
Mean Square Error : 0.26 
F1 score at recall 75 % : 
0.702 
F1 score at recall 85 % : 
0.680 
F1 score at recall 95 % : 
0.664 

[ 0416 ] While certain embodiments have been described , 
these embodiments have been presented by way of example 
only , and are not intended to limit the scope of the inven 
tions . Indeed the novel methods and apparatus described 
herein may be embodied in a variety of other forms ; fur 
thermore , various omissions , substitutions and changes in 
the form of methods and apparatus described herein may be 
made . 

1. A computer - implemented method for medical diagno 
sis , comprising : 

receiving a user input from a user , the user input com 
prising an input symptom ; 

determining a measure of relevance of a plurality of items 
of medical data to the user input , wherein the plurality 
of items of medical data are items of medical data for 
which information associated with the user is stored ; 

determining whether to include the stored information 
corresponding to an item of medical data in a first set 
of information , based on the measure of relevance for 
the item of medical data ; 

providing the user input and the first set of information as 
an input to a model , the model being configured to 
output a probability of the user having a disease ; and 

outputting a diagnosis based on the probability of the user 
having a disease . 

2. The method according to claim 1 , wherein determining 
the measure of the relevance of an item of medical data to 
the user input comprises : 

obtaining a first vector representation corresponding to 
the input symptom ; 

obtaining a second vector representation corresponding to 
the item of medical data ; 

determining a similarity measure between the first vector 
representation and the second vector representation . 

3. The method according to claim 2 , wherein the similar 
ity measure is the cosine similarity . 

4. The method according to claim 1 , wherein the input is 
received from a user device , the method further comprising : 

sending the first set of information to the user device ; 
receiving confirmation information corresponding to the 

first set of information from the user device . 
5. The method according to claim 2 , wherein when the 

user input comprises two or more input symptoms , deter 
mining the measure of the relevance of an item of medical 
data to the user input comprises : 

obtaining a first vector representation corresponding to 
each of the input symptoms ; 

obtaining a second vector representation corresponding to 
the item of medical data ; 

determining a similarity measure between each first vec 
tor representation and the second vector representation ; 

determining an average similarity measure . 
6. The method according to claim 1 , wherein determining 

whether to include the information corresponding to an item 
of medical data in a first set of information based on the 
measure of relevance for the item of medical data comprises 
determining whether the measure of relevance meets a 
pre - determined threshold . 

7. The method according to claim 1 , wherein determining 
whether to include the information corresponding to an item 
of medical data in a first set of information based on the 
measure of relevance for the item of medical data comprises 
determining whether the measure of relevance is within a 
pre - determined number of the most relevant . 

8. A method according to claim 1 , wherein an item of 
medical data comprises a symptom , risk factor , disease , 
physiological data , recommendation or behaviour . 

9. A method according to claim 1 , wherein said model 
comprises a probabilistic graphical model comprising prob 
ability distributions and relationships between symptoms 
and diseases , and an inference engine configured to perform 
Bayesian inference on said probabilistic graphical model , 
and wherein determining the probability that the user has a 
disease comprises performing approximate inference on the 
probabilistic graphical model to obtain a prediction of the 
probability that the user has a disease . 

10. The method according to claim 9 , further comprising : 
obtaining a set of items of medical data to be used in the 

probabilistic graphical model ; 
obtaining stored information associated with the user 

relating to the items of medical data to be used in the 
model ; 

determining the measure of the relevance for the items of 
medical data . 

11. A method according to claim 10 , wherein inference is 
performed using a discriminative model , wherein the dis 
criminative model has been pre - trained to approximate the 
probabilistic graphical model , the discriminative model 
being trained using samples generated from said probabi 
listic graphical model , wherein some of the data of the 
samples has been masked to allow the discriminative model 
to produce data which is robust to the user providing 
incomplete information about their symptoms , 

and wherein determining the probability that the user has 
a disease comprises deriving estimates of the probabili 
ties that the user has that disease from the discrimina 
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tive model , inputting these estimates to the inference 
engine and performing approximate inference on the 
probabilistic graphical model to obtain a prediction of 
the probability that the user has that disease . 

12. The method according to claim 1 , further comprising : 
determining the validity of the stored information ; 
wherein determining the measure of the relevance of the 

plurality of items of medical data comprises determin 
ing the measure of relevance for the items of medical 
data for which the stored information is valid . 

13. A method according to claim 12 , wherein the validity 
is determined from information indicating which items of 
medical data are permanently valid . 

14. A medical diagnosis system comprising : 
a user interface configured to receive a user input from a 

user , the user input comprising at least one input 
symptom ; 

one or more processors configured to : 
determine a measure of relevance of a plurality of items 

of medical data to the user input , wherein the plu 
rality of items of medical data are items of medical 
data for which information associated with the user 
is stored ; 

determine whether to include the information corre 
sponding to an item of medical data in a first set of 
information , based on the measure of relevance for 
the item of medical data ; 

provide the user input and the first set of information as 
an input to a model , the model being configured to 
output a probability of the user having a disease ; and 

a display device , configured to display a diagnosis based 
on the probability of the user having a disease . 

15. A computer implemented method of training a medi 
cal diagnosis system , comprising : 

obtaining a dataset comprising a plurality of items of 
medical data associated with each of a plurality of 
patients ; 

learning a vector representation corresponding to items of 
medical data in the dataset ; 

storing the vector representation associated with the item 
of medical data . 

16. The method according to claim 15 , wherein the vector 
representations are learned by training a model to recon 
struct the context of concepts from the dataset . 

17. The method according to claim 16 , further compris 
ing : 

obtaining an ontology comprising items of medical data 
and information describing the relationships between 
the items of medical data ; 

for a target item of medical data , determining one or more 
items of medical data in the ontology which are similar 
to the target item and for which there is an associated 
stored vector representation ; 

determining a vector representation for the target item of 
medical data from the vector representations of the one 
or more similar items of medical data . 

18. The method according to claim 17 , wherein an item of 
medical data is determined to be similar to a target item 
using an information content based similarity measure . 

19. A non - transitory carrier medium comprising computer 
readable code configured to cause a computer to perform the 
method of claim 1 . 

20. A non - transitory carrier medium comprising computer 
readable code configured to cause a computer to perform the 
method of claim 15 . 
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