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Abstract

Background: Patients diagnosed with ischemic heart disease (IHD) are becoming increasingly multi-morbid, and
studies designed to analyze the full spectrum are few.

Methods: Disease trajectories, defined as time-ordered series of diagnoses, were used to study the temporality of
multi-morbidity. The main data source was The Danish National Patient Register (NPR) comprising 7,179,538 individu-
als in the period 1994-2018. Patients with a diagnosis code for IHD were included. Relative risks were used to quantify
the strength of the association between diagnostic co-occurrences comprised of two diagnoses that were over-
represented in the same patients. Multiple linear regression models were then fitted to test for temporal associations
among the diagnostic co-occurrences, termed length two disease trajectories. Length two disease trajectories were
then used as basis for constructing disease trajectories of three diagnoses.

Results: Ina cohort of 570,157 IHD disease patients, we identified 1447 length two disease trajectories and 4729
significant length three disease trajectories. These included 459 distinct diagnoses. Disease trajectories were domi-
nated by chronic diseases and not by common, acute diseases such as pneumonia. The temporal association of atrial
fibrillation (AF) and IHD differed in different IHD subpopulations. We found an association between osteoarthritis (OA)
and heart failure (HF) among patients diagnosed with OA, IHD, and then HF only.

Conclusions: The sequence of diagnoses is important in characterization of multi-morbidity in IHD patients as the
disease trajectories. The study provides evidence that the timing of AF in IHD marks distinct IHD subpopulations; and
secondly that the association between osteoarthritis and heart failure is dependent on IHD.
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Background

Ischemic heart disease (IHD) is a common, chronic, mul-
tifactorial disease, and among the leading causes of death
worldwide [1]. Up to 85% of IHD patients are diagnosed
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short [3, 4]. While the literature within the single-disease
paradigm is extensive, studies designed to analyze the
full multi-morbidity spectrum are few [5-9]. However,
such studies are becoming increasingly important, as
improved survival among cardiovascular patients has
stagnated; possibly due to the high and increasing inci-
dences of other chronic diseases in these patients [10,
11].

Most common chronic diseases such as IHD and atrial
fibrillation (AF), conditions related to the metabolic syn-
drome, and osteoarthritis (OA) are diagnosed within few
years making it non-trivial to unmask true etiology [12—
14]. For example, the risk of developing AF doubles for
every decade of advanced age, while AF is also a major
risk indicator after myocardial infarction [15, 16]. Stud-
ies designed to analyze the degree of association between
IHD and OA present conflicting results [14, 17]. Moreo-
ver, results of the Framingham Heart Study have sug-
gested that IHD, rather than hypertension and valvular
disease, is the most common cause of heart failure (HF),
which further substantiates the complexity of the order
with which chronic diseases develop [18]. Yet, clinical
management of IHD often comes down to absence or
presence of risk factors and co-morbidities, leaving out
information related to the temporal order of diagnoses
and the disease history as a whole [12, 19, 20].

Here, we present a study set out to characterize the
entire multi-morbidity landscape in IHD by means of
temporal disease trajectories, defined as time-ordered
series of diagnoses mapped at nationwide scale over a
period of 24 years. Disease trajectories were originally
developed as an approach for studying disease progres-
sion patterns comprehensively in the setting of nation-
wide register data and have recently been expanded to
also analyze prescription data [21, 22]. We argue that
disease trajectories describing patients diagnosed with
IHD represent an important strategy to overcome the
limitations that the single-disease paradigm are facing
within the complex spectrum of multiple, chronic dis-
eases. Thus, our study showcases information related to
the temporal order of diagnoses that is currently omitted
from clinical patient characterization.

Methods

Data foundation and study population

The main data source was the Danish National Patient
Registry (NPR), where healthcare data from all encoun-
ters with Danish hospitals have been recorded since
1977. The data include contact type (i.e. in-patient, out-
patient, and emergency room visits), date of contact start
(e.g. admission), date of discharge, diagnosis codes, and
diagnosis type (e.g. primary codes that best describe the
contact reason and secondary codes that complement
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the description of the contact) [23]. To obtain demo-
graphic data on patients such as date of birth, sex, and
status (dead or alive), data from NPR was linked to the
Danish Civil Registration System (CRS) via Civil Personal
Register numbers [24]. Since 1994, diagnoses in NPR
have been reported using the International Statistical
Classification of Diseases and Related Health Problems
10th Revision (ICD-10), which has a hierarchical struc-
ture comprising chapters, code blocks, level 3, and level 4
codes [25, 26]. The NPR dataset used in this study covers
the period 1994-2018 and contains data from 7,179,538
individuals corresponding to more than 142 million con-
tacts. There are 4565 distinct level 3 ICD-10 codes, which
we here refer to as ICD-10 codes. Prior to analysis, level 4
codes were truncated to level 3 codes. Patients who were
deceased by the end of the study were given the code Y99
and date of death was obtained from CRS [24].

To define the case population, all patients in NPR who
had been assigned an ICD-10 code for angina pectoris
(ICD-10 code: I120), acute myocardial infarction (ICD-
10 code: 121), or chronic IHD (ICD-10 code: 125) in the
period 1994—2018 were first identified. All ICD-10 codes
from chapters I-XIV assigned as a primary or second-
ary code (i.e., diagnosis types A, B, or G) to at least 25
patients were included. Next, patients who were assigned
either of the diagnosis codes 120, 121, or 125 before the
age of 18 years were excluded. Emigrants and tourists
were also excluded, as their contacts with the Danish
healthcare system are likely to be sporadic and thus, data
for these patients are generally not available for the entire
study period. Date of discharge in NPR was used to esti-
mate age at diagnosis via linkage to CRS (Fig. 1).

Experimental model and identification of diagnostic
co-occurrences

To study the temporal order of multi-morbidities in
the case population (i.e., patients diagnosed with IHD),
directional diagnosis pairs were computed. Next, the
directional diagnosis pairs were extended to trajectories
comprised of three diagnoses [21]. The two main steps in
computation of disease trajectories are (i) quantification
of the overrepresentation of diagnostic co-occurrences
between two diagnoses using relative risks (RRs) and (ii)
identification of directional diagnostic co-occurrences
where the temporal order of assignment is statistically
significant (i.e., directional diagnosis pairs).

The first step (i) consists of a binomial test procedure
that identifies pairs of diagnoses that co-occur in more
patients than expected based on mean probability param-
eters specific for all diagnoses. For example, the proce-
dure tests if HF is assigned to more patients with acute
myocardial infarction compared to patients without a
diagnosis code for acute myocardial infarction. For each
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diagnosis in NPR assigned to a minimum of 25 patients
in the case population, the test procedure creates sets of
exposed patients (e.g., patients assigned a diagnosis for
acute myocardial infarction) and comparison patients
(e.g., patients who were not assigned a diagnosis for
acute myocardial infarction). For each pair of diagnoses
being tested, 10,000 comparison groups are formed by
sampling from un-exposed patients that are matched by
sex, year of birth, and week of discharge to conservatively
correct for e.g., seasonal variation in diagnosis codes and
changes in coding practices. As our sample size consists
of more than 19 million contacts, we can afford 10 000
comparison groups for each test (see Jensen et al. 2014
for details). By considering each discharge as a Bernoulli
sample, the test procedure identifies diagnosis pairs that
are significantly often assigned to the same patients com-
pared to the mean probability parameter for the diagno-
sis considered exposed. Finally, RRs are calculated for all
diagnosis pairs, e.g., acute myocardial infarction and HF.
The RRs express the strength of the association between
exposed patients (e.g. acute myocardial infarction) being
diagnosed with some disease (e.g. HF) within five years,
compared to unexposed patients. The level of signifi-
cance was set to 0.001 to guard against false positives due
to the binomial test procedure and corrected for multiple
testing using the Bonferroni method. Scripts were run
using R v. 3.4.0, Python v. 2.7, Python v. 3 and C+ +v. 11
[21, 27].

Definition of directional diagnosis pairs and construction
of disease trajectories

The second step (ii) establishes the directionality of diag-
nostic co-occurrences. In contrast to previous versions
of the disease trajectory program, a series of multiple
linear regression models (MLRs) was introduced. MLRs
were introduced to identify diagnostic co-occurrences
with a statistically significant difference between age at
diagnosis, while adjusting for potential confounding fac-
tors (described below). In cases where the same diagnosis
was assigned to a patient multiple times, only the earliest
recorded diagnosis (with reference to discharge or end
of contact) was included. In cases where a patient had
more than one diagnosis assigned for the first time at the
same contact, all codes were included in the regression
analysis.

The dependent variable for the MLRs was age at diag-
nosis and the independent variables were the diagnosis
pair from step (i), the type of diagnosis (primary—type
A—or non-primary diagnosis—type B or G), discharge
date, type of patient (in-patient or out-patient), and sex.
These covariates were included to account for the pos-
sibility of differences in baseline characteristics at diag-
nosis due to factors not related to the natural course of
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disease development (i.e., sequence), e.g., changes in cod-
ing practice over the years. The P-value of the main effect
for the diagnosis pair variable was used to determine the
significance of difference in age between diagnosis D1
and diagnosis D2. The fitted age at D1 and D2 defined
disease directionality, where D1 would be assigned at
the youngest age. P-values were corrected using the
Bonferroni method, setting the number of tests equal to
the number of regressions. Significance level was set to
0.05. The MLRs were applied to all diagnostic co-occur-
rences identified in step (i) and fitted using statsmodels in
Python 3.6.10 [28, 29].

Due to the number of covariates, it would be too
demanding to obtain a fitted age for each subgroup, e.g.,
primary diagnosis, females, and outpatients for each dis-
charge year. Therefore, the fitted age was calculated using
only the coeflicients for diagnosis pairs and type of diag-
nosis, as we observed that the covariate for the diagnosis
type generally had the highest impact on the age differ-
ence and primary diagnoses appeared first (negative coef-
ficient) for most of the diseases (Additional file 1: Figure
S1). The fitted age was calculated for the two diagnoses
when assigned as primary code and the diagnosis with
the youngest fitted age was defined as the first diagnosis
in the directional diagnosis (equivalent to length two tra-
jectories) pair, which we represented using D1 — D2. The
fit of models for the most relevant diagnosis pairs were
evaluated where the distribution of the residuals was
acceptable.

Establishing disease trajectories of three diagnoses

To determine the directionality of disease trajectories
containing three diagnoses, a similar set of MLRs was
established based on patients who were assigned three
diagnoses. Diagnosis pairs with a significant directional-
ity where the second diagnosis of one pair was equal to
the first diagnosis of another pair were pieced together
into a length three trajectory (i.e., D1 — D2 and D2 — D3
into D1 — D2 — D3). The directionality of such a length
three disease trajectory was determined by extracting all
patients with the three diagnoses and calculating the fit-
ted ages for the those diagnoses. The age at diagnosis was
calculated using the set of three diagnoses (i.e., D1, D2,
and D3) and type of diagnosis when assigned as primary
diagnosis (Additional file 1: Figure S1). The diagnoses
were ordered by estimated age, from youngest to old-
est age, e.g., the length three trajectory D1 — D2 — D3.
As fitted age at diagnosis was calculated separately for
length two and three trajectories, the order of the same
two diagnoses could be reversed in length two and length
three trajectories, respectively. In addition, length three
trajectories could establish new directional associations,
as their assemblage did not require the first and the last
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diagnoses to be a directional diagnosis pair. That is, the
trajectory D1 — D2 — D3 did not require a statistically
significant association between diagnoses D1 and D3. In
the final analysis, only trajectories computed based on
sets of more than 50 patients were included; and patients
with diagnoses D1 and D2 or D1, D2 and D3 were then
said to follow the resulting trajectory, of length two and
three, respectively.

Characterization of different IHD populations based

on disease trajectories

Finally, to compare different IHD subgroups based on
disease trajectories, the cohort was split into seven sub-
groups defined by assigned IHD codes (Fig. 1). Three
groups were defined by having only 120, 121, or I25.
Another three groups were defined by having two of the
three codes, e.g. 120 and I121. A final group was defined by
patients that were assigned 120, 121 and 125. These groups
comprised a total of seven distinct index groups. Disease
trajectories were computed for each of these groups sep-
arately, following the previously described step (ii).

Results

Characterization of the IHD case population using index
subgroups

A total of 570,157 patients (57.5% males) diagnosed with
IHD by ICD-10 codes 120 (angina pectoris), 121 (acute
myocardial infarction) or I25 (chronic ischemic heart
disease) during 1994—2018 were included in the study.
Mean age at first IHD diagnosis was 65.9 years for males
and 70.9 years for females. At the end of the study period,
54.3% of the population were dead (52.1% for males and
57.1% for females). As expected, essential hypertension
(I10), non-insulin-dependent diabetes (E11), insulin-
dependent diabetes (E10), AF (I48), HF (I50) and dys-
lipidemia (E78), were among the co-morbidities with the
highest prevalence in the IHD cohort. Except for pneu-
monia (J18) and cystitis (N30), diagnoses that were prev-
alent in the cohort were generally chronic conditions or
manifestations of chronic diseases (Table 1).

Based on combinations of the ICD-10 codes 120, 121
and 125 we defined seven index subgroups of the case
population (Fig. 1). The size of the seven index groups
ranged from 16,991 to 125,105 patients. The group
defined by angina pectoris (I120) only was the larg-
est of the index groups and patients in this group were
youngest when diagnosed with IHD (mean age at diag-
nosis: 62.4 years) (Table 1). Using the entire set of diag-
nosis codes assigned to patients in the case population,
a total of 16,554 diagnostic co-occurrences were identi-
fied. Among all the diagnostic co-occurrences, there
were 1447 pairs with a statistically significant difference
between mean age at the two diagnoses (Fig. 1).
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Characterization of the multi-morbidity landscape

by means of disease trajectories

The 1 447 directional diagnosis pairs (i.e., length two
trajectories) contained a total of 459 distinct ICD-10
codes. The temporal associations between IHD and other
chronic conditions were highly diverse and dominated
by other diseases of the cardiovascular system as well
as metabolic diseases. In the most common trajectories,
chronic IHD (I25) primarily appeared as D1, whereas
angina pectoris (I20) appeared as D1 as well as D2
(Fig. 2A). Interestingly, insulin-dependent diabetes (E11)
and non-insulin-dependent diabetes displayed a similar
pattern in relation to IHD (Fig. 2A), whereas they differed
in their temporal association to other diagnoses than IHD
(Fig. 2B). Piecing together length two trajectories and
presenting them as a single connected graph illustrated
nicely the multi-morbidity landscape in IHD (Additional
file 1: Figure S2). In the 1447 length two disease trajecto-
ries, hypertension (I10) was the most common diagnosis,
occurring in 129 of the trajectories; and in 126 of these,
hypertension appeared as D1 consistent with the fact that
hypertension (I10) is primarily a risk factor, rather than
a disease complication. The same trend was observed
for both non-insulin-dependent diabetes (E11), insulin-
dependent diabetes (E11), and AF (I48) that appeared
as D1 in more than 75% of the cases. In contrast, the
distribution of the first and second diagnosis was more
even for angina pectoris (I120), HF (I50), acute myocar-
dial infarction (I21), and cystitis (N30). Diagnoses such
as osteoporosis without pathological fracture (M81) and
diverticular disease of the intestine (K57) were examples
of diagnoses that primarily appeared as D2, indicating
that they are rarely the first manifestation of multi-mor-
bidity. For some directional diagnosis pairs, we observed
that the total number of patients following them was
roughly the same as that of either of the two diagnoses,
meaning that all patients with these diagnoses had other
diagnoses that associated in a temporal manner (e.g.,
hypertension and osteoporosis) (Table 2).

A quantitative summary of the directional diagnosis
pairs revealed additional characteristics regarding multi-
morbidity in IHD that were not captured by the crude
counts of diagnoses. For example, insulin-dependent
diabetes (E10) and obesity (E66) were among the most
frequently occurring diagnoses in the directional diag-
nosis pairs, although they were not among the diagnoses
assigned to most patients in the population. Similarly,
osteoporosis without pathological fracture (M81) and
diverticular disease of the intestine (K57) were among the
diagnoses that associated with most diagnoses in a direc-
tional manner, albeit not among the most prevalent diag-
noses in the population. Conversely, conditions that are
not chronic, such as pneumonia (J18) and cystitis (N30),
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A: Ischemic heart disease case population

The Danish National Patient Registry in period 1994-2018
n=7.179.538

ICD-10 codes excluded if:

- not assigned as an A, B, or G code
- not in chapter I-XIV

- assigned to <25 patients

Case population defined by ICD-10 codes 120, 121, 125
n=570.157

B: Defining disease trajectories in case population

St () 16.554 diagnostic co-occurrences
cp U (computed from a binomial test procedure)

1.447 directional diagnosis pairs
Step (ii) (direction defined using mul-
tiple linear regressions)

C: Index groups defined by combinations of ICD-10 codes 120, 121, 125

120

121 125

Fig. 1 Study flowchart. A Identification of case population. Preprocessing of nationwide register data to construct disease trajectories by
identification of directional disease pairs. Grey: Identification. Blue: Screening. Red: Exclusion. B Computation of disease trajectories (see text for
details). C Definition of seven index groups. IHD: Ischemic heart disease. 120: Angina pectoris. 121: Acute myocardial infarction. 125: Chronic ischemic
heart disease. ICD-10: International Statistical Classification of Disease and Health Related Problems 10th Revision
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Table 1 Population characteristics and the 15 co-morbidities assigned to most patients

Patients (n) Mean age at IHD in  Patients dead at end Mean number of
years (SD) of study directional diagnosis
pairs
n %
Total 570,157 68.0(13.7) 309,326 54.3% 25.1
Males 327,876 65.9 (13.2) 170,942 52.1% 238
Females 242,281 709 (13.9) 138,384 57.1% 254
Index groups (ICD-10 code)
Angina pectoris (120) 125,105 624 (14.2) 38,861 31.1% 144
Acute myocardial infarction (121) 70,576 72.7 (14.2) 51,502 73.0% 124
Chronic ischemic heart disease (125) 107,252 749 (12.3) 78,762 73.4% 242
Angina pectoris (120) 16,991 67.3(13.9) 9,665 56.9% 203
Acute myocardial infarction (121)
Angina pectoris (120) 97,216 66.4 (11.4) 46,062 47 4% 323
Acute myocardial infarction (125)
Acute myocardial infarction (121) 66,292 69.1 (12.9) 36,635 55.3% 243
Chronic ischemic heart disease (125)
Angina pectoris (120) 86,725 65.0 (12.1) 47,456 54.7% 414
Acute myocardial infarction (121)
Chronic ischemic heart disease (125)
Diagnoses (ICD-10 code)
Hypertension (110) 251,032 67.7 (12.4) 118,118 20.7% 364
Heart failure (150) 167,863 72.2(12.0) 125,771 22.1% 394
Dyslipidemia (E78) 155,707 63.3(11.5) 54,683 9.6% 355
Atrial fibrillation (148) 147,896 73.5(11.6) 99,682 17.5% 39.0
Pneumonia (J18) 142,183 9(124) 105,826 18.6% 42.0
Senile cataract (H25) 126,008 74.0 (10.9) 75,022 13.2% 39.2
Non-insulin-dependent diabetes (E11) 101,822 67.2(12.3) 59,604 10.5 451
Other hearing loss (H91) 101,415 746 (11.7) 64,340 11.3% 35.1
Other chronic obstructive pulmonary disease (J44) 95,260 70.2(11.0) 67,502 11.8% 425
Cystitis (N30) 80,088 733(12.5) 55,829 9.8% 454
Dorsalgia (M54) 65,828 63.7 (14.1) 25,718 4.5% 38.2
Stroke (164) 61,763 724(11.8) 47,526 8.3% 425
Anemia (D64) 61,373 733(11.8) 46,418 8.2% 50.7
Other disorders of the urinary system (N39) 59,581 8(124) 37,360 6.6% 49.0
Atherosclerosis (170) 59,087 705(11.4) 44,895 7.9% 481

(See figure on next page.)

Fig. 2 Graphical summary of length two disease trajectories. Chord diagrams displaying the directional relations for selected directional diagnosis
pairs. ICD-10 codes that comprise directional pairs are marked in the periphery and ribbons indicate directional diagnosis pairs. Width of ribbons
corresponds to the number of patients that follow a directional diagnosis pair. A The 35 directional diagnosis pairs followed by most patients that
contain at least one ICD-10 code for IHD. Number of patients represented: 469,342. Diagnosis D1 refers to the diagnosis that appears first (youngest
age) and diagnosis D2 refers to the diagnosis D2 (oldest age) in the directional diagnosis pair as indicated in the insert on right. B All directional
diagnosis pairs that did not contain an ICD-10 code for IHD and followed by more than 20,000 patients. Number of patients represented: 355,921.
Number of directional diagnosis pairs: 63. Diagnoses D1 and D2 are indicated as they are in A. A and B: Number of distinct patients in A and B:
331,207. Only directional diagnoses pairs without Y99 (death) and more than three months between estimated age at D1 and D2 are depicted.
Color key according to ICD-10 chapter and available in Additional file 1: Figure S3. IHD: Ischemic heart disease. ICD-10: International Statistical
Classification of Disease and Health Related Problems 10th Revision. For a full list of ICD-10 codes and descriptions see Additional file 1: Table S1
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Table 2 Diagnoses that appear in at least 25 directional diagnosis pairs (D1 — D2)

ICD-10 Description Number of trajectories per Number of distinct patients per
diagnosis trajectory with diagnosis
Total D1 D2 Total D1 D2
110 Hypertension 129 126 6 249,797 249,652 44,326
125 Chronic ischemic heart disease 104 93 11 355,100 354,669 61,979
ET1 Non-insulin-dependent diabetes 90 89 1 101,507 101,493 2,525
120 Angina pectoris 71 46 25 316,688 293,978 280,966
148 Atrial fibrillation 56 42 10 146,221 139,275 102,242
E10 Insulin-dependent diabetes 45 44 1 43,243 43,140 34,656
150 Heart failure 52 23 29 167,838 149,446 159,595
E78 Dyslipidemia 52 47 5 155,389 155,324 28,788
E66 Obesity 42 42 0 44,324 44,324 0
M62 Other disorders of muscle 41 41 0 38,598 38,598 0
121 Acute myocardial infarction 40 14 26 235,633 187,056 200,793
E86 Volume depletion 39 1 38 58,469 47417 56,836
H25 Senile cataract 37 13 24 124,799 104,124 117,541
146 Cardiac arrest 30 1 31 20,263 16,583 20,263
N92 Excessive, frequent, and irregular menstruation 29 28 1 14,503 14,503 479
M81 Osteoporosis without pathological fracture 29 7 22 37,727 28,832 37,727
K57 Diverticular disease of intestine 28 3 25 46,705 27,008 46,189
196 Respiratory failure, not elsewhere classified 28 1 27 40,819 32,119 40,457
Ja4 Other chronic obstructive pulmonary disease 28 25 3 89,885 88,625 16,051
D64 Other anemias 27 1 26 61,109 46,546 60,239
N30 Cystitis 26 13 13 78,603 70,081 70,428
142 Unspecified chronic bronchitis 25 25 0 22,546 22,546 0
169 Sequelae of cerebrovascular disease 25 15 10 56,998 54,771 54,410

were among the diagnoses assigned to most patients, yet
they were not among the most frequently occurring diag-
noses in the directional diagnosis pairs (Tables 1, 2).

Information obtained from a comparison of length two
and length three trajectories

Next, the 1447 length two disease trajectories were com-
bined into 4729 length three trajectories, i.e., disease
trajectories comprised of three diagnoses (for details,
see “Methods” section). Selected length two and three
disease trajectories with shared diagnoses were then
compared. Generally, the fitted ages for IHD in trajecto-
ries containing IHD risk factors, e.g., dyslipidemia (E78)
and hypertension (I10) were younger than trajectories

containing a diagnosis code for IHD and no risk factors.
In contrast, among dead patients (Y99), the fitted age at
IHD was higher primarily reflecting that this instance
generally captured older patients. However, in trajecto-
ries that contained death (Y99) and a code for common
IHD risk factors e.g., E78 or 110, age at death was gener-
ally lower (Fig. 3).

For some diagnoses the fitted age at diagnosis varied
considerably between trajectories. For example, the fit-
ted age at angina pectoris (120) was below 60.8 years for
patients diagnosed with dyslipidemia and angina pectoris
(i.e., E7Z8 > 120, n=114 071). In contrast, the fitted age
at the diagnosis of angina pectoris (120) was 68.0 years
for patients diagnosed with angina pectoris and HF (i.e.,

(See figure on next page.)

Additional file 1: Table S1

Fig. 3 Overview of selected length two and three trajectories ordered by age at diagnoses. A Plot illustrating the mean age at diagnoses D1 and
D2 for the 25 directional diagnosis pairs that most patients followed arranged by mean age at D1 (in descending order going down on Y-axis). Each
horizontal line segment corresponds to a length two trajectory. B Plot illustrating the mean age at diagnoses D1, D2, and D3 for the 25 length three
trajectories followed by most patients where fitted age at D1 is between 65 and 70 years and who weren't disease by the end of the study (absence
of Y99). X-axis: Age in years (continuous). Y-axis: Length two (A) or three (B) trajectories. ICD-10: International Statistical Classification of Disease and
Health Related Problems 10" Revision. Color key according to ICD-10 chapter and available in Additional file 1: Figure S3. Circles indicate diagnoses.
Diagnosis D1 is a diagnosis that appears at the earliest age and will be represented furthest to the left. For a full list of ICD-10 code definitions see
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120 — 150, n=284 952). When combined into a length
three trajectory, i.e., E78 - 120— 150 it was primarily
the age at diagnosis of HF (I50) that changed. The fitted
age at diagnosis of HF (I50) among patients diagnosed
with angina was 71.4 years whereas it was 68.3 years for
patients diagnosed with dyslipidemia (E78), angina pec-
toris (I120) and HF (Table 3).

Disease trajectories identify temporal associations

that depend on more than two diagnoses

We observed that length three trajectories captured tem-
poral trends in the cohort that length two trajectories did
not identify. For example, albeit the length three trajec-
tory 110 — 120 — 125 was followed by 105,652 patients,
the diagnoses 110 and 125 did not form a length two
trajectory. The number of patients following the tra-
jectory 110 —120— 125 corresponded to 66.1% of the
patients following the trajectory 110 — 120 (n=162 374,
P<0.001). This indicates that angina pectoris (I20) is
essential for the temporal association between hyper-
tension (I10) and chronic IHD (I25). A similar trend was
observed when comparing dyslipidemia (E78) and AF
(I48) (no diagnostic co-occurrence) with patients follow-
ing the trajectory E78 — 120 — 148 (n=32 248), corre-
sponding to 28.3% of patients who followed the trajectory
E78 — 120 (n= 114 071) (Table 3).

Among the length three trajectories we found the tra-
jectory M16— 121 — 150, indicating that acute myo-
cardial infarction (I21) is essential for the association
between OA of the hip and HF as no length two disease
trajectory comprised of the diagnoses OA of the hip

Table 3 Summary of selected disease trajectories
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(M16) and HF (I150) was observed (Table 3). Further, in
the population of patients who had been assigned the
diagnosis code for OA of the hip (M16) and acute myo-
cardial infarction (I21), the fitted age for OA of the hip
was lower than that of acute myocardial infarction (fit-
ted ages 70.9 years and 71.4 years, for M16 and 121,
P <0.001). However, among patients with the diagnosis
code for dyslipidemia (E78), OA of the hip (M16) and
acute myocardial infarction (I21) the order was reversed,
i.e., the fitted age of 121 was younger than that of M16 as
fitted ages were 68.6 and 67.7 for M16 and 121, respec-
tively (Table 3). This indicates the dual nature of OA
that might be a component of the metabolic syndrome,
a marker of lack of mobility/reduced exercise, or simply
age-related degeneration.

Disease trajectories with different patterns in IHD
subpopulations

Finally, we characterized selected disease trajectories in
different index groups. Ages at HF (I50) and acute res-
piratory failure (J96) were similar in the index groups
defined by patients diagnosed with angina pectoris (120)
and chronic IHD (I25); and patients diagnosed with
angina pectoris (I20), acute myocardial infarction (I21),
and chronic IHD (I25). Among patients indexed with
120 and 125, estimated age at HF (I50) was 70.5 years
and 75.0 years for acute respiratory failure (n=3 882, P
<0.0001). For patients indexed with 120, 121, and 125 it
was 70.0 years and 74.8 years for HF and acute respira-
tory failure, respectively (n=5 161, P<0.001) (Table 4).

Length two trajectories

ICD-10 D1 ICD-10 D2 Age in years, Agein years, Adj.P Counts RR, D1, D2

D1 (95% ClI) D2 (95% Cl)
10 120 62.8(62.7,63.0) 649 (649,650  <0.001 162,374 1.93
10 Y99 743 (740;74.1)  80.2(80.2803) O 118,440 -
E78 120 3(61.1,616) 625(624,62.6) <0.001 114,071 436
120 150 68.9 (68 9,69.0) 722(722;725)  <0.001 84,952 1.94
120 148 69.0 (69.0,69.1)  70.8(70.7,70.9)  <0.001 80,558 1.34
121 150 71.1(71.3,719)  734(733;73,6)  <0.001 84,990 2,30
M16 121 71.5(714;,717)  723(72.1,72.5) <0.001 17,316 2.62
Length three trajectories
ICD-10D1 ICD-10,D2 ICD-10,D3 Age, D1 Age, D2 Age,D3 Counts RR,D1,D2 RR,D2,D3
E78 120 150 63.7 63.9 683 32309 436 1.94
E78 120 148 65.1 654 683 30248 436 1.34
E78 121 M16 66.1 67.7 68.6 6437 3.69 262
110 120 125 629 64.6 64.7 105,652 193 4.28
M16 121 150 73.0 74.2 764 6760 262 2.30
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Index codes Counts Total ICD-10 D1 ICD-10, D2 Age, D1 Age, D2 Adj.P Counts Trajectory RR, D1, D2
121 70,576 148 121 733 76.2 <0.001 11,868 1.09
120,121,125 86,725 121 148 694 712 <0.001 26,273 1.09
120, 125 97,216 150 196 70.5 75.0 <0.001 3882 1.68
120, 121, 125 86,725 150 J96 70.0 74.8 <0.001 5161 1.68

These observations suggest that there is a clearer tem-
poral association between heart failure (I50) and acute
respiratory failure (J96) than between acute myocardial
infarction (I21) and atrial fibrillation (I48).

As noted above, AF (I148) most often appeared as the
first diagnosis in length two trajectories, indicating that
AF primarily occurred as an early manifestation of multi-
morbidity in this population. However, in the length
two disease trajectories with a diagnosis code for IHD
and AF, the fitted age of IHD was lower than that of AF,
e.g. 120 - 148 (n=280 558, 120, age: 69.0, 148, age: 70.8,
P <0.001). Patients following this trajectory were among
the patients that were oldest when diagnosed with angina
pectoris (120), indicating that AF is not associated with
younger age at onset for angina pectoris (Table 3).

When the cohort was analyzed in its entirety, the diag-
noses acute myocardial infarction (I21) and AF (148) did
not comprise a directional diagnosis pair meaning that
there was no significant age difference between age at
acute myocardial infarction and age at AF. However, there
was a significant age difference between age at diagnosis
in two index groups. For patients with a diagnosis code
for acute myocardial infarction (I21) and neither code
for angina pectoris (120) nor chronic IHD (I25), mean
age at diagnoses for AF was 73.3 years and 76.3 years
for acute myocardial infarction, ie. 148 —-121 (n=11
871, P<0.001). In contrast, the order was reversed, i.e.,
patients were younger when diagnosed with acute myo-
cardial infarction when calculated for the population who
was indexed with diagnosis codes 120, 121 and 125 (n=26
273, P<0.001) (Table 4).

Discussion

We presented a strategy for analyzing the temporal order
of IHD co-morbidities based on trends in nationwide reg-
ister data from more than 500 000 IHD patients observed
over a period of 24 years. By first establishing diagnostic
co-occurrences and then piecing together disease trajec-
tories, we present a comprehensive characterization of
multi-morbidity in IHD centered on temporal associa-
tions. The disease trajectories captured temporal associa-
tions and interactions withinn multi-morbidity that are
usually omitted in a purely hypothesis-driven studies.
Generally, chronic conditions were more prevalent in

disease trajectories as opposed to raw counts of co-mor-
bidities, where both cystitis and pneumonia were common
(Tables 1, 2). Previous studies have primarily analyzed IHD
in relation to selected chronic diseases, such as AF, diabe-
tes, or HF [16, 17]. In contrast, this study sheds light on the
fact that the sequence of diagnoses for individual patients
differs. In a clinical context, the sequence of diagnoses
in multi-morbid patients is largely omitted from patient
characterization. Here, we demonstrated at a nationwide
scale that the sequence of diagnoses varies in different
IHD subpopulations using the association between acute
myocardial infarction and AF as an example. This finding
is consistent with the dual nature of AF that may be an age
phenomenon as well as a disease complication, includ-
ing common conditions such as pulmonary embolism
where AF is a frequent sequela. Moreover, we used the
length three disease trajectories to identify associations of
more than two diagnoses that would otherwise have been
missed. For example, we found that the temporal associa-
tion of dyslipidemia and AF required a diagnosis of angina
pectoris prior to a diagnosis of AF. Such analysis calls for
future focused studies assessing if it is true that in isola-
tion, dyslipidemia is not a risk factor for AF, which again
may call for differential antiarrhythmic therapies depend-
ing on the sequence of diagnoses leading to AF. As tem-
poral interrelatedness beyond several risk factors for the
same disease is largely omitted in patient characterization,
temporal analyses of multi-morbidity may partly explain
currently conflicting literature in this domain.

Finally, the disease trajectories served as a tool to iden-
tify cases where OA was more likely to be a component
of metabolic syndrome as opposed to an age-related
degeneration in a single organ system (Table 2). Simi-
larly, the disease trajectories facilitated identification of
OA as one of the co-morbidities that appeared in most
directional diagnosis pairs, although it was not among
the most common diagnoses in the population. Thus,
such a diagnosis is likely to be underestimated within
single-disease, cross-sectional studies. , the potential to
link more than two diagnoses casts light on the immense
heterogeneity within IHD. For example, we found that
in this setup acute myocardial infarction is essential to
establish an association between OA and HF. Potential
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clinical implications of these findings are better patient
treatment facilitated by a refined understanding of the
etiology within IHD multi-morbidity.

The study has several strengths and limitations. Gener-
ally, the disease trajectory approach offers a novel strategy
to identify temporal trends and factor interactions in the
complex multi-morbidity landscape of IHD. We argue that
this strategy can complement traditional studies, where
multi-morbidity is assessed in a binary fashion, depending
on their presence or absence [13]. An inherent limitation
with NPR (despite its long observation period) is that the
disease history of the individual patient is not complete,
meaning that all data is conditioned on the fact that the
patient went to the hospital, but not necessarily hospital-
ized. Moreover, the diseases did not necessarily appear
in the order they were registered. Similarly, there will of
course be cases where the true age at first diagnosis was
earlier than 1994 and hence will not be captured in the
analysis. We assume that for patients with many contacts
before 1994 this will apply to most diagnoses that are then
likely to be registered at the same contact in the observa-
tion period. For patients with only few contacts before the
start of the study that are close in time to 1994 this will
only have limited impact on the results. Further, due to dif-
ferences in year of birth for study participants combined
with the broad inclusion criteria, differences in disease
directionality may be confounded by factors not related to
etiological differences. Ultimately, future studies will also
include data from the Danish ICD-8 period, i.e., before
1994, and healthcare data from the primary care sector. In
its current form, the method can only define a direction
in a predefined population meaning that the direction is
determined using the entire distribution for the population
instead of the recorded sequence for the individual patient.

Conclusions

The sequence of diagnoses is important in characteriza-
tion of multi-morbidity in IHD patients as the disease tra-
jectories. The study provides evidence that the timing of
AF in THD marks distinct IHD subpopulations; and sec-
ondly that the association between OA and HF is depend-
ent on IHD. Further studies are needed to determine the
actual order of diagnoses in the individual patient and
thereby disentangle the true disease mechanism in cases
where one condition may both appear as a risk factor and
a complication. Ultimately prognostic individual patient
models will be needed to develop more personalized
treatment in the IHD domain. We argue that the value of
studying nationwide health register data comprehensively
outweighs the limitations and calls for future collabora-
tions between basic and physician scientists.
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For a full list of ICD-10 code definitions see Table S1. Fig. S3. Color key
according to ICD-10 chapter. ICD-10: International Statistical Classification
of Diseases and Related Health Problems 10th Revision chapter | through
XIV. Table S$1.1CD-10 codes and descriptions.

Acknowledgements
None.

Author contributions

ADH, JJAA, and SB conceived the idea behind the study. ADH and JJAA carried
out most of the work (extracted the cohort, did the computational analyses,
and wrote the manuscript draft). LK pinpointed aspects in the data that
motivated algorithmic work. PCH, RE, and PM contributed to the reporting

of the work. All authors read and improved the draft. HB and SB led a larger
effort on IHD that this work is part of. All authors read and approved the final
manuscript.

Funding

This work was financially supported by Novo Nordisk Foundation (Grants
NNF170C0027594 and NNF14CC0001) and the Innovation Fund Denmark
(5184-001028B).

Availability of data and materials

Permission to access and analyse the underlying person-sensitive data can be
obtained following approval from the Danish Data Protection Agency and the
Danish Health Authority.

Declarations

Ethics approval and consent to participate

The study was approved by the Danish Data Protection Agency (ref: 2015-54-
0939 and SUND-2017-57) and Danish Health Authority (ref: FSEID-00001627
and FSEID-00003092).

Consent for publication
Not applicable. The paper contains summary level statistics only.

Competing interests

Dr. Kgber reports speaker’s honorarium from AstraZeneca, Novo Nordisk A/S,
Novartis, and Boeheringer. Dr. Brunak reports ownerships in Intomics A/S,
Hoba Therapeutics Aps, Novo Nordisk A/S, Lundbeck A/S, ALK A/S and manag-
ing board memberships in Proscion A/S and Intomics A/S.

Author details

"Novo Nordisk Foundation Center for Protein Research, Faculty of Health
and Medical Sciences, University of Copenhagen, Blegdamsvej 3B,

2200 Copenhagen, Denmark. “Department of Cardiology, The Heart Center,
Rigshospitalet, Blegdamsvej 9, 2100 Copenhagen, Denmark. *Department
of Infectious Diseases, Karolinska University Hospital, 171 76 Stockholm,
Sweden. “Department of Clinical Medicine, Faculty of Health and Medical
Sciences, University of Copenhagen, Blegdamsvej 3B, 2200 Copenhagen,


https://doi.org/10.1186/s12933-022-01527-3
https://doi.org/10.1186/s12933-022-01527-3

Haue et al. Cardiovascular Diabetology (2022) 21:87

Denmark. °Copenhagen University Hospital, Rigshospitalet, Blegdamsvej
9, 2100 Copenhagen, Denmark. *College of Health Solutions, Arizona State
University, Arizona State University, 550 N 3rd St., Phoenix, AZ 85004, USA.

Received: 4 March 2022 Accepted: 18 May 2022
Published online: 31 May 2022

References

1. Timmis A, Townsend N, Gale CP, et al. European Society of Cardiology:
Cardiovascular Disease Statistics 2019. Eur Heart J. 2020;41:12-85. https://
doi.org/10.1093/eurheartj/ehz859.

2. Forman DE, Maurer MS, Boyd C, et al. Multimorbidity in older adults with
cardiovascular disease. J Am Coll Cardiol. 2018;71:2149-61. https://doi.
0rg/10.1016/jjacc.2018.03.022.

3. Kalyani RR. Glucose-lowering drugs to reduce cardiovascular risk in type
2 diabetes. N Engl J Med. 2021;384:1248-60. https://doi.org/10.1056/
NEJMcp2000280.

4. McMurray JJV, Solomon SD, Inzucchi SE, et al. Dapagliflozin in patients
with heart failure and reduced ejection fraction. N Engl J Med.
2019;381:1995-2008. https://doi.org/10.1056/NEJMoa1911303.

5. Gupta R, Wood DA. Primary prevention of ischaemic heart disease: popu-
lations, individuals, and health professionals. Lancet. 2019;394:685-96.
https://doi.org/10.1016/50140-6736(19)31893-8.

6. Ades PA. Cardiac rehabilitation and secondary prevention of coronary
heart disease. N Engl J Med. 2001;345:892-902. https://doi.org/10.1056/
NEJMra001529.

7. Antman EM, Braunwald E. Managing stable ischemic heart disease. N
Engl J Med. 2020,382:1468-70. https://doi.org/10.1056/NEJMe2000239.

8. Tran J,Norton R, Conrad N, et al. Patterns and temporal trends of comor-
bidity among adult patients with incident cardiovascular disease in the
UK between 2000 and 2014: A population-based cohort study. PLOS
Med. 2018;15: e1002513. https://doi.org/10.1371/journal.pmed.1002513.

9. Moseley PL, Brunak S. Identifying sepsis phenotypes. JAMA.
2019;322:1416-7. https://doi.org/10.1001/jama.2019.12591.

10. Lopez-Otin C, Blasco MA, Partridge L, Serrano M, Kroemer G. The hall-
marks of aging. Cell. 2013;153:1194-217. https://doi.org/10.1016/j.cell.
2013.05.039.

11. Conrad N, Judge A, Canoy D, et al. Temporal trends and patterns in
mortality after incident heart failure: a longitudinal analysis of 86 000
individuals. JAMA Cardiol. 2019;4:1102-11. https://doi.org/10.1001/jamac
ardio.2019.3593.

12. Barnett K, Mercer SW, Norbury M, et al. Epidemiology of multimorbid-
ity and implications for health care, research, and medical education: a
cross-sectional study. Lancet Lond Engl. 2012;380:37-43. https://doi.org/
10.1016/50140-6736(12)60240-2.

13. Cosentino F, Grant PJ, Aboyans V, et al. 2019 ESC Guidelines on diabetes,
pre-diabetes, and cardiovascular diseases developed in collaboration
with the EASD. Eur Heart J. 2020;41:255-323. https://doi.org/10.1093/
eurheartj/ehz486.

14. Wang H, Bai J, He B, Hu X, Liu D. Osteoarthritis and the risk of cardio-
vascular disease: a meta-analysis of observational studies. Sci Rep.
2016;6:39672. https://doi.org/10.1038/srep39672.

15. Keber L, Swedberg K, McMurray JJV, et al. Previously known and newly
diagnosed atrial fibrillation: a major risk indicator after a myocardial
infarction complicated by heart failure or left ventricular dysfunction. Eur
J Heart Fail. 2006;8:591-8. https://doi.org/10.1016/j.ejheart.2005.11.007.

16. Benjamin EJ, Levy D, Vaziri SM, et al. Independent risk factors for atrial
fibrillation in a population-based cohort. Framingham Heart Study JAMA.
1994;271:840-4.

17. Haugen IK, Ramachandran VS, Misra D, et al. Hand osteoarthritis in rela-
tion to mortality and incidence of cardiovascular disease: data from the
Framingham Heart Study. Ann Rheum Dis. 2015;74:74-81. https://doi.
0rg/10.1136/annrheumdis-2013-203789.

18. Gheorghiade M, Sopko G, De Luca L, et al. Navigating the crossroads of
coronary artery disease and heart failure. Circulation. 2006;114:1202-13.
https://doi.org/10.1161/CIRCULATIONAHA.106.623199.

19. Adelborg K, Szépligeti SK, Holland-Bill L, et al. Migraine and risk of cardio-
vascular diseases: Danish population based matched cohort study. BMJ.
2018,;360: k96. https://doi.org/10.1136/bmj.k96.

Page 13 of 13

20. Cleland JGF, Charlesworth A, Lubsen J, et al. A Comparison of the Effects
of Carvedilol and Metoprolol on Well-Being, Morbidity, and Mortality
(the “Patient Journey”) in Patients With Heart Failure: A Report From the
Carvedilol Or Metoprolol European Trial (COMET). J Am Coll Cardiol.
2006;47:1603-11. https://doi.org/10.1016/j.jacc.2005.11.069.

21. Jensen AB, Moseley PL, Oprea Tl, et al. Temporal disease trajectories con-
densed from population-wide registry data covering 62 million patients.
Nat Commun. 2014;5:4022. https://doi.org/10.1038/ncomms5022.

22. Aguayo-Orozco A, Haue AD, Jorgensen IF, et al. Optimizing drug selection
from a prescription trajectory of one patient. Npj Digit Med. 2021;4:1-9.
https://doi.org/10.1038/s41746-021-00522-4.

23. Schmidt M, Schmidt SAJ, Sandegaard JL, et al. The Danish National
Patient Registry: a review of content, data quality, and research potential.
Clin Epidemiol. 2015,7:449-90. https://doi.org/10.2147/CLEPS91125.

24. Schmidt M, Pedersen L, Sgrensen HT. The Danish Civil Registration System
as a tool in epidemiology. Eur J Epidemiol. 2014;29:541-9. https://doi.org/
10.1007/510654-014-9930-3.

25. BoermaT, Harrison J, Jakob R, et al. Revising the ICD: explaining the WHO
approach. Lancet. 2016;388:2476-7. https://doi.org/10.1016/5S0140-
6736(16)31851-7.

26. Jetté N, Quan H, Hemmelgarn B, et al. The development, evolution, and
modifications of ICD-10: challenges to the international comparability of
morbidity data. Med Care. 2010;48:1105-10. https://doi.org/10.1097/MLR.
0b013e3181efod3e.

27. Siggaard T, Reguant R, Jergensen IF, et al. Disease trajectory browser for
exploring temporal, population-wide disease progression patterns in 7.2
million Danish patients. Nat Commun. 2020;11:4952. https://doi.org/10.
1038/541467-020-18682-4.

28. Seabold S, Perktold J. Statsmodels: Econometric and Statistical Modeling
with Python. Rat. 2010;4:92-6. https://doi.org/10.25080/Majora-92bf1
922-011.

29. Van Rossum G, Drake Jr FL. Python tutorial. vol. 620 (Centrum voor
Wiskunde en Informatica Amsterdam, 1995).

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Ready to submit your research? Choose BMC and benefit from:

fast, convenient online submission

thorough peer review by experienced researchers in your field

rapid publication on acceptance

support for research data, including large and complex data types

gold Open Access which fosters wider collaboration and increased citations

maximum visibility for your research: over 100M website views per year

K BMC

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions



https://doi.org/10.1093/eurheartj/ehz859
https://doi.org/10.1093/eurheartj/ehz859
https://doi.org/10.1016/j.jacc.2018.03.022
https://doi.org/10.1016/j.jacc.2018.03.022
https://doi.org/10.1056/NEJMcp2000280
https://doi.org/10.1056/NEJMcp2000280
https://doi.org/10.1056/NEJMoa1911303
https://doi.org/10.1016/S0140-6736(19)31893-8
https://doi.org/10.1056/NEJMra001529
https://doi.org/10.1056/NEJMra001529
https://doi.org/10.1056/NEJMe2000239
https://doi.org/10.1371/journal.pmed.1002513
https://doi.org/10.1001/jama.2019.12591
https://doi.org/10.1016/j.cell.2013.05.039
https://doi.org/10.1016/j.cell.2013.05.039
https://doi.org/10.1001/jamacardio.2019.3593
https://doi.org/10.1001/jamacardio.2019.3593
https://doi.org/10.1016/S0140-6736(12)60240-2
https://doi.org/10.1016/S0140-6736(12)60240-2
https://doi.org/10.1093/eurheartj/ehz486
https://doi.org/10.1093/eurheartj/ehz486
https://doi.org/10.1038/srep39672
https://doi.org/10.1016/j.ejheart.2005.11.007
https://doi.org/10.1136/annrheumdis-2013-203789
https://doi.org/10.1136/annrheumdis-2013-203789
https://doi.org/10.1161/CIRCULATIONAHA.106.623199
https://doi.org/10.1136/bmj.k96
https://doi.org/10.1016/j.jacc.2005.11.069
https://doi.org/10.1038/ncomms5022
https://doi.org/10.1038/s41746-021-00522-4
https://doi.org/10.2147/CLEP.S91125
https://doi.org/10.1007/s10654-014-9930-3
https://doi.org/10.1007/s10654-014-9930-3
https://doi.org/10.1016/S0140-6736(16)31851-7
https://doi.org/10.1016/S0140-6736(16)31851-7
https://doi.org/10.1097/MLR.0b013e3181ef9d3e
https://doi.org/10.1097/MLR.0b013e3181ef9d3e
https://doi.org/10.1038/s41467-020-18682-4
https://doi.org/10.1038/s41467-020-18682-4
https://doi.org/10.25080/Majora-92bf1922-011
https://doi.org/10.25080/Majora-92bf1922-011

	Temporal patterns of multi-morbidity in 570157 ischemic heart disease patients: a nationwide cohort study
	Abstract 
	Background: 
	Methods: 
	Results: 
	Conclusions: 

	Background
	Methods
	Data foundation and study population
	Experimental model and identification of diagnostic co-occurrences
	Definition of directional diagnosis pairs and construction of disease trajectories
	Establishing disease trajectories of three diagnoses
	Characterization of different IHD populations based on disease trajectories

	Results
	Characterization of the IHD case population using index subgroups
	Characterization of the multi-morbidity landscape by means of disease trajectories
	Information obtained from a comparison of length two and length three trajectories
	Disease trajectories identify temporal associations that depend on more than two diagnoses
	Disease trajectories with different patterns in IHD subpopulations

	Discussion
	Conclusions
	Acknowledgements
	References




