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Abstract. Multimorbidity is a major problem for patients and health services. How-
ever, we still do not know much about the common trajectories of disease accumu-
lation that patients follow. We apply a data-driven method to an electronic health
record dataset (CPRD) to analyse and condense the main trajectories to multimor-
bidity into simple networks. This analysis has never been done specifically for mul-
timorbidity trajectories and using primary care based electronic health records. We
start the analysis by evaluating temporal correlations between diseases to determine
which pairs of disease appear significantly in sequence. Then, we use patient tra-
jectories together with the temporal correlations to build networks of disease ac-
cumulation. These networks are able to represent the main pathways that patients
follow to acquire multiple chronic conditions. The first network that we find con-
tains the common diseases that multimorbid patients suffer from and shows how
diseases like diabetes, COPD, cancer and osteoporosis are crucial in the disease tra-
jectories. The results we present can help better characterize multimorbid patients
and highlight common combinations helping to focus treatment to prevent or delay
multimorbidity progression.
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1. Introduction

Multimorbidity (the coexistence of two or more chronic diseases in an individual) is a
growing health and healthcare challenge. There is significant evidence showing that the
prevalence of patients with multiple chronic conditions has increased over time [1]. Nev-
ertheless, we still do not know the temporal dynamics of disease accumulation over time
in the development of multimorbidity. In this paper we study which are the trajectories of
disease accumulation that patients follow to become multimorbid. Understanding what
are the characteristics of these trajectories can be helpful to better identify and predict
the disease progression of patients. We adapt the methodology proposed by Jensen et
al [2] and we apply it to primary care electronic health records (EHRs) instead of sec-
ondary care EHRs. If we want to study multimorbidity we need to use primary care data
since most chronic condition are treated in general practice. However, it is challenging
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Table 1. List of chronic conditions in scope

Atrial Fibrillation (AF) Anxiety Alcohol problems
COPD Coronary Heart Disease (CHD) Chronic Kidney Disease (CKD)
Cancer Chronic liver disease (CLD) Depression

Diabetes Dementia Diverticulitis of intestine (Div)
Epilepsy Glaucoma Hypothyroidism

Heart Failure (HF) Inflammatory Bowel Disease (IBD) Learning Disabilities (LD)
Multiple Sclerosis (MS) Motor Neurone Disease (MND) Osteoporosis (Osteo)

Osteoarthritis Peripheral Arterial Disease (PAD) Parkinson’s disease
Psychoactive substance misuse

(Substance) Prostate disorders Psoriasis

Rheumatoid Arthritis (RA) Stroke or TIA Severe Mental Illness (SMI)

to work with primary care data because it is not standardized between countries and the
disease coding system used in the UK cannot be directly mapped onto the ICD-10 coding
system. We are the first to apply this methodology to find trajectories of chronic disease
accumulation using this type of data.

2. Data

To perform the analysis we used the CPRD (Clinical Practice Research Datalink) dataset
[3] that contains EHRs from general practices across the UK. Our study included 1.1
million English people aged 45 and over, followed up from 2001 to 2010. Since there
is no clear definition of the chronic conditions that define multimorbid patients we com-
bined 3 different approaches to decide which were the diseases of interest: a systematic
literature review of the diseases included in multimorbidity studies, the NHS Quality and
Outcomes Framework disease list and expert advice from primary-care clinicians and
clinical epidemiologists. Our final list is shown in Table 1. The CALIBER platform [4]
provided the data extracts and phenotyped the disease codes.

3. Methods

The method used is based on Jensen et al [2] and we adapted some aspects of the imple-
mentation to the specific circumstances of this analysis.

First, we computed the Relative Risk (RR) between all the pairs of diseases. The
Relative Risk between disease A and B measures if A is a risk factor for B (i.e. a temporal
correlation measure): RRA→B = P(Bt=T=1|At=0=1)

P(Bt=T=1|At=0=0) , where At and Bt are random variables
of being diagnosed or not with diseases A and B at time t. We estimated 5-year RRs by
matching each patient with At=0 = 1 (exposed group) to N comparison groups where
At=0 = 0. The comparisons groups were matched at baseline by sex, age and deprivation
index. We computed the P−values as the proportion of comparison groups where the
count of cases with Bt=5 = 1 is larger than in the exposed group. We selected all pairs
A → B with RRA→B > 1 and P-value < 0.05. In case of selecting both A → B and B →
A we checked which direction was more significant. To evaluate the directionality we
performed a Binomial test with the number of cases NA→B and NB→A in each direction.
We kept at most one direction if it had P-value < 0.05.
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Once all pairs of relevant directions were obtained we went through the dataset to
find patient trajectories formed only by these pairs. If a patient is diagnosed with A →
B →C → D we considered that trajectory for our analysis if all the pairs A → B, B →C
and C →D are relevant. We only selected trajectories with at least 4 diagnosed conditions
and with at least 5 patients going through that trajectory. Afterwards, we merged all these
trajectories to form a network where each node represents a disease. Finally, we clustered
the resulting network using the Markov Cluster Algorithm [5].

4. Results

We used RRs to measure the temporal correlation between the different diseases. To
compute the RRs we used 1000 comparison groups for each exposed patient. In Figure
1 we show the significant 5-year RR between all pairs of diseases. From the 870 pairs of
disease we find that 648 have RR> 1 and P-value < 0.05. There are 281 pairs of diseases
(A,B) where RRA→B > 1 and RRB→A > 1 and the P-values are under 0.05. Therefore,
we checked for directionality to select the most significant directions of the two. After
removing the less significant directed pairs we obtained 367 relevant directed pairs of
diseases.

Figure 1. Relative Risks heatmap. The x-axis represents the baseline disease and the y-axis the follow-up
disease. The x-axis and y-axis follow the same numerical index. The black dots indicate that RR < 1 or
P-value< 0.05 so the relative risk is not significant. There are values with RR> 10 but for visualization pur-
poses we have limited the colorbar range.

We searched disease trajectories from patients in the CPRD dataset formed exclu-
sively by these significant pairs of diseases and with at least 4 diagnoses in the trajec-
tory. Then, we merged all trajectories that have at least 5 patients going through them
and we obtained a network of diseases where the diseases are the nodes and the edges
are the transitions in the trajectories. We applied the Markov Clustering Algorithm [5]
to the network and we obtain two clusters. The main cluster is shown in Figure 2 and
contains 16 diseases. To visualize the second cluster in Figure 3 we added 3 disease long
trajectories. There are some diseases that do not appear in any of the two clusters since
they do not appear in 3 long patient trajectories formed by RR significant pairs. These
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Figure 2. Main cluster of disease trajectories. The edge width represents the number of patients going through
that diagnose sequence
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Figure 3. Second cluster of disease trajectories or Depression cluster. The edge width represents the number
of patients going through that diagnose sequence

two clusters describe the most common trajectories of chronic disease accumulation. The
main cluster network was build using trajectories of 4 conditions. Consequently, there
are disease trajectories that start in a node with incoming edges.

5. Discussion

In this analysis we used EHRs from primary care to investigate the sequence in which
patients get multiple chronic conditions. When studying multimorbidity it is not clear
which are the chronic conditions that need to be taken into account. Thus, we decided
to focus on a relatively small but prevalent number of diseases to understand what are
the most common trajectories that multimorbid patients follow. We started by comput-
ing the RRs between diseases to evaluate the temporal correlation between any pair of
conditions. Previous studies have focused on studying RRs of specific pairs of diseases.
However, we were able to directly estimate 648 RRs thanks to the large dataset used.
Most RRs related to learning disabilities, multiple sclerosis and motor neurone disease
were found not significant due to the small amount of diagnosed cases. It is not possible
to compare directly these RRs to previous studies because the time frame and disease
definition can vary. Nevertheless, we found similar estimates for multiple pairs like CKD
and Dementia [6] or PAD and CHD [7].

The main cluster shown in Figure 2 condenses the most common trajectories to
multimorbidity into a single network. We can see how diseases like cancer, COPD, dia-
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betes and osteoporosis are central in the progression. We also can observe clinically well
known trajectories like Diabetes → PAD → Stroke [7]. The second cluster in Figure 3
shows reasonably expected alcohol problems related trajectories with depression as the
initiating disease. However, there are many other trajectories that the two clusters do not
cover. A dataset with a longer follow up period would help improve the results since
we would be able to observe more complete trajectories. Previous work have applied
this methodology to Secondary Care data and ICD-10 codes [2]. However, secondary
care data does not capture most of the long lasting chronic conditions that multimorbid
patients suffer from.

We know that sex and deprivation index are key factors to understand multimorbid
patterns [8]. Consequently, in the future we should focus on finding specific trajectory
networks for different population subgroups.

6. Conclusion

We used a data driven method to obtain networks that describe the main trajectories that
patients follow to become multimorbid. The application of this method to a primary care
dataset like CPRD confirms some of the already know temporal correlations between
diseases and detects longer less known disease sequences. However, this method does
not capture all the complex patterns that multimorbid patients follow. A main limitation
of the model is that it only uses a directionality between the pairs of diseases. In the
future we should focus on detecting specific trajectory patterns for different populations
subgroups.
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