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Objective: Use symptoms to stratify temporal disease trajectories.
Materials and methods: We use data from the Danish National Patient Registry to stratify temporal disease pairs
by the symptom distributions they associate to. The underlying data comprise of 6.6 million patients collectively
assigned with 7.5 million symptoms from chapter XVIII in the WHO International Classiﬁcation of Disease
version 10 terminology.
Results: We stratify 33 disease pairs into 67 temporal disease-symptom-disease trajectories from three main
diagnoses (two diabetes subtypes and COPD), where the symptom signiﬁcantly changes the risk of developing
the subsequent diseases. We combine these trajectories into three temporal disease networks, one for each main
diagnosis. We conﬁrm apparent relations between diseases and symptoms and discovered that multiple symptoms decrease the risk for diabetes progression.
Conclusion: Symptoms can be used to stratify disease trajectories, and we suggest that this approach can be
applied to temporal disease trajectories systematically using structured claims data. The method can be extended
to also use text-mined symptoms from unstructured data in health records.

1. Introduction
Symptoms represent the clinical phenotype or manifestation of a
disease. Although they are the primary diagnostic source for doctors,
symptoms are a highly overlooked parameter in network models connecting diseases by co-occurrence, shared genes or omics proﬁles.
Recently, studies have generated disease networks based on phenotypic
similarity [1–3] or symptom networks where connections between
symptoms are based on shared diseases [4]. However, these approaches
do not take the directional co-occurrence into account, an aspect that
also is important for inferring potential causal relationships from the
data. Jensen et al. recently made a cancer speciﬁc network on a data set
of limited size, where symptoms and diseases were used interchangeably [5]. Since symptoms disambiguate diseases, we suggest that
symptoms and the systematics in their temporal manifestation should
primarily be used to stratify subsequent steps in disease trajectories.
Symptoms are recorded in the healthcare sector in multiple ways,
including formal coding by medical terminologies (structured data) and

symptoms mentioning in free-text narratives included in patient records
(unstructured data). Such data are interwoven with disease diagnoses,
procedures, prescriptions, laboratory tests and many other data types
and can therefore be interrogated in terms of their occurrence in the
time-window between two diagnoses. The division between coded diagnoses and symptoms can be carefully restricted in practical implementations in cases where symptoms are integral to a deﬁnitive
diagnosis.
In patient records, symptoms are typically coded using terminologies such as the WHO International Classiﬁcation of Diseases (ICD) or
Systematized Nomenclature of Medicine Clinical Terms (SNOMED CT)
developed by the International Health Terminology Standards
Development Organization (IHTSDO), and in primary care encounters a
reduced ICD set, or for example International Classiﬁcation of Primary
Care (ICPC) by the World Organization of Family Doctors' (WONCA).
Various tools exist that aid the coding of symptoms [6].
In the data driven approach to the analysis of symptoms presented
here we obtained data from the Danish National Patients Registry from
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Exact Test was used to determine which symptoms signiﬁcantly
changed the relative risk (RR) for obtaining the subsequent disease
given the ﬁrst diagnosis. The RR is deﬁned as risk of obtaining the
subsequent disease given you had the ﬁrst disease and symptom compared to the risk of background frequency of having the ﬁrst disease
and symptom and the subsequent disease

January 1996 until August 2014, covering 6.6 million patients and 88.8
million hospital encounters. A total number of 7.5 million symptoms,
distributed over 769 diﬀerent symptom types, were assigned to patients. Similar data has recently been used to create time-ordered disease co-occurrence or comorbidity analysis making 1171 temporal
disease trajectories with strong temporal directionality [7]. Temporal
trajectories of this type have subsequently been shown to contain predictive information for example regarding sepsis mortality [8].

RR =

2. Objective

n (D1 S )
n (D )
× n2
n
n (D1 SD2 )
n

where D1 is the ﬁrst disease, S is the symptom diagnosis, D2 is the
subsequent disease and n represent the number of patients.
RR calculations were binned in 10-years birth interval and sex to
correct for age and sex. Trajectories with a Benjamini-Hochberg corrected p-value below 0.05 were accepted. For a more detailed description of the methods used to compute disease trajectories see Jensen
et al 2014 [7]. Signiﬁcant trajectories were combined into networks
and visualized in Cytoscape v.3.2.1.

We suggest that symptoms holds an additional level of detail and
hypothesis that temporal disease-symptom-disease trajectories, we will
be able to predict disease progression, which can lead to optimized
treatment at the patient level to improve overall outcomes. To illustrate
the approach, we have created disease-symptom-disease trajectories in
two major, chronic diseases: Diabetes and Chronic Obstructive
Pulmonary Disease (COPD). However, the approach can be used essentially across the entire spectrum of disease although a data driven
method obviously always depends on data availability. Here we use
coded symptoms, but the approach is equally well suited for handing
symptom information extracted from clinical narratives by text mining
methodology.

4. Results
We found 6,185,309 hospital encounters containing at least one
assigned symptom, of which almost one million encounters occurred at
the emergency room or an acute ward. Not surprisingly, approximately
half of hospital encounters with at least one assigned symptom lack
disease diagnoses (Fig. S1). This indicates that symptom diagnoses
often are used, when there is not suﬃcient medical evidence for an
exact disease diagnosis. Furthermore, 95% of hospital encounters with
symptoms assigned only contain one symptom diagnosis (Fig. S2),
which illustrates the relevance for predicting future disease diagnoses
based on previous disease diagnoses combined with a single symptom.

3. Materials and methods
3.1. Study design
In this retrospective cohort study we used a data-driven approach to
stratify disease associations by symptoms assigned between the diagnoses using the population-wide Danish National Patient Registry. The
data is used for reimbursement purposes and contains administrative
information and primary and secondary diagnoses coded using the ICD10 terminology. It covers all hospital encounters (inpatient admissions,
outpatient visits and emergency room visits) in Denmark from 1st of
January 1996 until 19th of August 2014, comprising of 6.6 million
unique patients, of which almost 2.5 million patients were assigned
with at least one symptom. The ICD-10 system is structured hierarchically, where codes can be rounded to a less speciﬁc parent diagnosis code, block or chapter. We used this structure to round all codes
to level three codes. Our aim was to identify symptoms, which signiﬁcantly alter the risk of future disease.

4.1. Symptoms varies with age and sex
The distribution of assigned symptoms revealed that between
twenty and forty years of age females receive substantially more
symptoms than males. ‘Symptoms and signs involving the digestive
system and abdomen’ predominantly causes this diﬀerence (Fig. 1).
Additionally, males receive more coded symptoms from the ‘symptoms
and signs involving the urinary system’ block than females, especially
after sixty years of age (Fig. 1). These observed diﬀerences follow the
general perception of diﬀerences between sex, where males develop
urinary and prostatic disease in their later years, and females have
many gynecologic problems presented with abdominal pain throughout
life [9].

3.2. Temporal disease pairs
The temporal disease pairs and trajectories were identiﬁed using the
method described earlier in detail by Jensen et al 2014 [7]. The method
identiﬁes directional comorbid disease pairs where having one disease
signiﬁcantly increases the risk of acquiring the other within ﬁve years.
Quantitatively, the directionality within the disease pair is assessed
using a binomial test.

4.2. Symptoms are associated with corresponding disease chapters
Some symptoms will be highly associated with speciﬁc diseases as
symptoms are per deﬁnition the phenotype of an underlying disease or
condition. To reveal any potential pattern in our data we investigated
the co-occurrence of a symptom and a subsequently disease diagnosed
within a year of the symptom on a diﬀerent encounter. In ICD-10
Chapter XVIII, we rounded symptoms up to their respective symptom
block and diseases to chapters (Fig. 2).
Speciﬁc blocks of symptoms are correlated with their corresponding
disease chapter, e.g. ‘Diseases of the digestive system’ is strongly associated with ‘Symptoms and signs involving the digestive system and
abdomen’ and ‘Diseases of the genitourinary system’ with ‘Symptoms
and signs involving the urinary system’ (Fig. 2), which indicate a correct use of symptoms coding in our data. Several highly specialized
disease chapters such as ‘Diseases of the eye and anexia’ and ‘Diseases
of the ear and mastoid process’ have very few symptom associations
(Fig. 2). Contrary, the least speciﬁc block of symptoms ‘General
symptoms and signs ‘has the highest frequency in most types of diseases. This indicates again a correct use of symptoms and thereby the

3.3. Selecting main diagnoses
For this proof of concept study, we selected two diabetes diagnoses
(E10 and E11) and COPD (J44) as our main cases. These diseases diverge in many diﬀerent diagnoses directions with disease pairs.
3.4. Temporal disease-symptom-disease networks
We identiﬁed all patients who followed a particular temporal disease pair, where the ﬁrst disease is one of our main diseases.
Subsequently, we stratiﬁed patients by the occurrence of any symptoms
assigned between after the ﬁrst disease and maximum one year before
the subsequent disease. Disease-symptom-disease trajectories followed
by at least 80 patients were accepted for further analyses. Fischer’s
108
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Fig. 1. Symptoms coded in the Danish
National Patient Registry from 1996–2014.
The data panel shows females (left) and males
(right), outpatients (top), inpatients (middle)
and emergency room patients (bottom). The
color-coding corresponds to ICD-10 symptoms
blocks. ‘Symptoms in’ is an abbreviation for
‘Symptoms and signs involving’. ‘Af ‘is an abbreviation for ‘Abnormal ﬁndings’.

1.3% of COPD patients with ‘Abnormalities of breathing’. Another noticeably ﬁnding is that ‘Abnormalities of breathing’ decreases the RR for
all of seven associated diseases, including respiratory failure, bacterial
pneumonia and sepsis (Fig. 3).

potential predictive value of symptom data.
4.3. From linear disease-symptom-disease trajectories to disease networks
From the analysis presented above we showed that particular blocks
of symptoms are associated with certain disease chapters. The broad
aim of this analysis is, however, to stratify single steps within directional disease co-occurrences or trajectories [7] using symptoms. In this
study we focused on two diseases: COPD and diabetes, where the latter
included both non-insulin-dependent diabetes mellitus (NIDDM) and
insulin-dependent diabetes mellitus (IDDM).
We found 99, 114 and 46 signiﬁcant disease pairs starting with
IDDM, NIDDM and COPD, respectively. For each pair we tested if any
(of the 89) symptoms signiﬁcantly changed the relative risk (RR) of
acquiring a subsequent disease within a year after the symptom was
acquired, but during a diﬀerent encounter. This resulted in 31 disease
pairs (nine starting with COPD, six starting with IDDM and sixteen
starting with NIDDM) stratiﬁed into 67 unique temporal diseasesymptom-disease trajectories, nineteen starting with COPD, six starting
with IDDM and 42 starting with NIDDM (Supplementary Tables 1–3).
We used these trajectories to create three temporal disease networks,
one from each of our main disease cases (Figs. 3, 4 A and B).

4.5. Symptoms can stratify diabetes patients in risk for progression to insulin
dependency
The network for IDDM patients only contains one symptom,
whereas the network for NIDDM contains nine (Fig. 4A and B, respectively). This is most likely due to the diﬀerence in the number of patients (118,803 IDDM and 245,200 NIDDM patients), which aﬀects the
chance that at least eighty patients will follow an entire disease trajectory. Five of the six symptom-disease associations in the IDDM networks are also present in the NIDDM network (Fig. 4), which is expected as IDDM and NIDDM have a similar comorbidity spectrum.
Interestingly, eight symptoms decrease the risk of progression from
NIDDM to IDDM (Fig. 4B). Of the 245,200 NIDDM patients 53,550
(21,8%) progresses to IDDM. However, if an NIDDM patient has any of
the eight signiﬁcant symptoms, the risk of progression is only between
3.3–4.1%. No symptoms increase the risk of progression, indicating that
patients without symptoms are at higher than average risk. This result
suggests a possible use for symptoms to stratify NIDDM patients in risk
for progression to IDDM.

4.4. Abnormal ﬁnding on lungs increases risk of cancer in COPD patients
The strongest correlation among all trajectories in the cases studied
here is between ‘Abnormal ﬁndings on diagnostic imaging of lung’ and
‘Malignant neoplasm of bronchus and lung’ for COPD patients (Fig. 3).
Of the 251,052 COPD patients, 5,4% (13,600) will subsequently be
diagnosed with ‘Malignant neoplasm of bronchus and lung’. If the
COPD patients are subdivided according to symptoms 10.7% of COPD
patients with ‘Abnormal ﬁndings on diagnostic imaging of lung’ will
acquire ‘Malignant neoplasm of bronchus and lung’. This is only true for

4.6. Associations between symptoms and diseases occur in multiple patient
groups
‘Retention of urine’ increases the risk for sepsis in both COPD patients (Fig. 3) and in NIDDM (Fig. 4B). Likewise we show that ‘Abdominal and pelvic pain’ is associated with a decreased risk of respiratory failure in COPD patients (Fig. 3) and a decreased risk of
pneumonia in IDDM and NIDDM patients (Fig. 4). ‘Abdominal and
109

International Journal of Medical Informatics 129 (2019) 107–113

M. Lademann, et al.

Fig. 2. Association of symptoms and diagnoses.The heatmap shows how many times a symptom (y-axis) have been assigned to a patient with a subsequent diagnosis
(x-axis) within a year of the symptom. The color-coding on the y-axis corresponds to ICD-10 symptoms block (Fig. 1).

lung and broncus [11,12]. Similarly, ‘urine retention’ increased RR for
both ‘cystitis’ and ‘other septicemia’, probably in NIDDM patients due
to the increased risk of infection because of residual urine in the
bladder [13,14]. These results showed that our method ﬁnds causative
connections and demonstrate the ability of symptoms to diﬀerentiate
disease progression in accordance with medical knowledge.
We further discovered new interesting associations between symptoms and diseases. We observe several disease pairs where one
symptom increased and another symptom decreased the RR for obtaining the second disease. This suggests that not only can symptoms be
used to stratify disease progression between diﬀerent main diagnoses,
but they can also be used to stratify the patient population within a
single disease pair.
Some trajectories challenge the way we normally understand disease progression, COPD followed by ‘abnormities of breathing’ reduced
the risk of seven associated diseases. Four of these diseases, ‘unspeciﬁed
chronic bronchitis’, ‘bacterial pneumonia not elsewhere classiﬁed’,
‘respiratory failure, not elsewhere classiﬁed’ and ‘malignant neoplasm
of bronchus and lung’, are expected to be correlated with ‘abnormities
of breathing’. This can either be due to early detection and thereby
early treatment, which reduces the risk of a full-blown disease requiring
hospitalization. Alternatively, the symptom ‘abnormities of breathing’
might only be coded, when a patient’s breathing problems are not
caused by one of the most common diseases, and therefore the symptom
is coded rather than the disease.
A very interesting ﬁnding is, that symptoms can stratify NIDDM
patients into groups with a lower risk of progression into insulin dependency within a year. It is highly relevant to know which diabetes
patients are at risk for disease progression and which are less likely to
progress for more personalized treatment.
Health care database oriented research have been used increasingly

pelvic pain’ increases the risk of ‘Other functional intestinal disorders’
but decreases the risk of multiple diseases including ‘retinal disorders’
and other diabetes diagnoses for both IDDM and NIDDM patients
(Fig. 4).
5. Discussion
Mapping disease progression has only recently been done using
temporal disease networks, based on data from an entire country
[7,10]. A small scale study in cancer, where symptoms resulted from
text mining of electronic patient records data, did not distinguish between diseases and symptoms [5]. To the best of our knowledge we are
the ﬁrst to use symptoms as an independent variable for stratiﬁcation of
temporal disease trajectories.
Our analyses show that symptoms often are assigned to patients,
where the disease diagnosis is unclear, which suggests that symptoms
are of importance to determine a subsequent unknown diagnosis.
Highly speciﬁc disease chapters, such as ‘Diseases of the eye and anexia’
and ‘Disease of the ear and mastoid process’, are less correlated in terms
of symptoms than disease chapters regarding a broader spectrum of
diseases such as ‘Mental and behavioral disorders’ and ‘Diseases of the
circulatory system’. This is expected as problems with eyes or ears often
have very few but speciﬁc symptoms, whereas both mental and circulatory problems can be represented by many and diverse symptoms.
Most of the association between symptoms and diseases in the three
networks are readily explained by general medical knowledge, and
substantiate the use of symptoms in temporal network stratiﬁcation.
The most prominent example is COPD patients with ‘abnormal ﬁnding
of diagnostic imaging of the lung’ increasing the risk for ‘malignant
neoplasm of the lung and broncus’. ‘Abnormal ﬁnding of diagnostic
imaging of the lung’ is a diagnostic result used to ﬁnd cancers in the
110
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Fig. 3. Disease-symptom-disease network for COPD patients.The network combines all the disease-symptom-disease trajectories, which start with COPD. The arrow
connecting a symptom and a subsequent disease is colored blue for a RR < 1 and red for a RR > 1. The thickness indicates the value of RR (Edge legend). The colors
of the nodes represent diﬀerent ICD-10 chapters, including “dark blue” which represent chapter XVIII (symptoms) (Node legend). (For interpretation of the references
to colour in this ﬁgure legend, the reader is referred to the web version of this article.)

Another concern in this data is the accuracy of coding. Several papers have described great variations in ICD-10 coding accuracy, which
depends both on the country or hospital and especially the disease
chapter [15–17]. Signs and symptoms are, however, a special case regarding coding. Signs and symptoms should be used only when the
doctor is not certain of a disease diagnosis. It can, therefore, be a bit
diﬃcult to calculate the accuracy. Regardless, the purpose of our study
is to stratify patients in risk groups depending on prior diseases and
symptoms coded within the EHR domain. Consequently, the coding
accuracy of the ﬁrst disease and symptom is less important, however,
the coding accuracy of the subsequent disease is highly important.
The association found by our model should not be considered causal
by default. There can by any number of confounding factors inﬂuences
the results such as shared comorbidities, socio-economic or other environmental factors. Further studies are needed to assess causality in
the trajectories.

in recent years to create disease networks and in disease prediction
[7,10]. However, the use of symptoms has been limited in these network-based studies. Zhou et al. showed recently a relation between
disease phenotypes and underlying molecular interactions using
symptom-disease networks [1]. In this exploratory study we showed the
potential for using symptoms as an additional level of detail for disease
networks. We further show that several of the trajectories in our networks can be medically rationalized, while other trajectories provide
new insight. Application of symptom stratiﬁcation on a wide scale,
would further the insight into disease progression and could ultimately
lead to clinical measures that preemptively prevent disease progression.
Future studies could implement text mining of unstructured electronic
patient records to increase the coding consistency of symptoms in databases. This could widen the possibilities of symptoms in databaseoriented research, such as disease prediction models.
5.1. Limitations

6. Conclusion
Even though the NPR covers twenty years of hospital data from an
entire population, registry data can never be complete and perfect. NPR
covers symptoms and diseases diagnosed at hospitals, but NPR does not
cover diagnoses from general practitioners. Many milder symptoms
might therefor not be included in our data.

An emerging tool in personalized medicine is disease correlations
based population wide data, which leads into disease networks
[1,7,8,18–21]. These networks are created using shared phenotypes,
genotype and even transcriptomic behavior as the basis for disease
111

International Journal of Medical Informatics 129 (2019) 107–113

M. Lademann, et al.

Fig. 4. Disease-symptom-disease network for diabetes patients.The networks combine all the disease-symptom-disease trajectories, which start with IDDM (A) or
NIDDM (B). The arrow connecting a symptom and a subsequent disease is colored blue for a RR < 1 and red for a RR > 1. The thickness indicates the value of RR
(Edge legend). The colors of the nodes represent diﬀerent ICD-10 chapters, including “dark blue” which represent chapter XVIII (symptoms) (Node legend in Fig. 3).
(For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web version of this article.)

New

correlations in these networks [1,22–24] revealing disease-causing
genes, diagnostic biomarkers, therapeutic targets and population differences [25,26]. These patterns of disease correlations can be implemented in clinical decision support systems, which help clinicians
decide on treatment, preventive treatment of even select candidates for
clinical trials [18]. It is therefore highly relevant to make these disease
association networks as accurate as possible, including adding symptoms as an additional stratiﬁcation level.

longitudinal disease patterns based on symptoms - the
• Stratify
phenotypic manifestation of diseases
diabetes patients into risk groups of progression
• Stratifying
using symptoms.
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