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Abstract
Background  Pulmonary hypertension (PH) is a life-threatening condition often diagnosed late due to non-spe-
cific symptoms and overlapping comorbidities with other cardiovascular and respiratory diseases. Although there 
have been advances in treatment, diagnostic delays are common, and patients are treated late in their disease 
course. Investigating the temporal ordering of recorded comorbidities may provide insight into diagnostic pat-
terns associated with delayed PH recognition and adverse outcomes.
Methods  We identified 2,727 PH patients from the UK Biobank cohort of 440,014 participants with diseases diag-
noses, and sampled two demographics-matched cohorts of chronic obstructive pulmonary disease (COPD) and 
heart failure (HF) with the same number of patients as the PH cohort but were not diagnosed with PH. Employ-
ing process mining, a methodology originating from business process analysis to extract temporal patterns from 
event logs, the temporal diagnostic sequences of comorbidity combinations preceding PH diagnosis were com-
pared to those sequences in patients who received a final diagnosis COPD or HF. We also assessed the relative 
risk of mortality given different combinations of comorbidities and the genetic correlation between comorbidities.
Results  Patients diagnosed with PH had prior diagnoses of hypertension (58.1%), atrial fibrillation (31.2%), 
and heart failure (43.2%). Process mining revealed that the temporal order of cardiometabolic comorbidities 
influences the timing to diagnosis of PH, COPD and HF. Patients in which type 2 diabetes was diagnosed before 
systemic hypertension had received PH diagnosis 2 years and 9 months faster than the reverse sequence, where 
hypertension preceded diabetes. For patients with a final diagnosis of PH, HF and COPD, diagnostic sequences in 
which hypercholesterolemia was recorded before systemic hypertension and type 2 diabetes were associated with 
shorter median intervals to PH diagnosis. A sequence involving diabetes, hypertension, and hypercholesterolemia 
was associated with a significantly higher mortality risk (HR = 1.97; P = 0.001). Additional mortality risk factors 
included specific orderings of metabolic conditions and comorbidity clusters.
Conclusion  Temporal diagnostic sequences of comorbidities were associated with the timing of PH diagnosis. 
Our findings suggest that the presentation and ordering of metabolic diseases may serve as hypothesis-generating 
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epidemiological indicators of PH risk. Given the limited PH subtype granularity available within UK Biobank, 
these findings should be interpreted within a heterogeneous PH population and require further validation in clini-
cally characterized cohorts with detailed PH subtype information.

Keywords  Pulmonary hypertension · Process mining · Comorbidity sequence · Mortality · Longitudinal 
analysis

Abbreviations
PH	� Pulmonary hypertension
COPD	� Chronic obstructive pulmonary disease
HF	� Heart failure
ICD	� International Classification of Diseases
HR	� Hazard ratio
LDSC	� Linkage disequilibrium score regression
GWAS	� Genome-Wide Association Studies

Introduction

Pulmonary Hypertension (PH) is a chronic cardiovascular disease described by high blood pressure in the 
pulmonary arteries. PH affects the quality of life and reduces life expectancy [1, 2] and regularly develops 
in conjunction with heart failure and chronic lung conditions [3–5]. The initial symptoms of PH, including 
breathlessness, fatigue, and dizziness, may contribute to diagnostic uncertainty and alternative clinical cod-
ing prior to PH recognition. As a result, patients may initially receive diagnoses of other conditions such as 
asthma or heart failure (HF), which can be associated with delays in definitive PH diagnosis [6, 7]. Right 
heart catheterization to measure pulmonary artery pressure stands as the best method to confirm PH diag-
nosis, but its invasive and specialized nature prevents it from serving as an initial screening procedure [8]. 
Survival rates vary between different subgroups of PH [9], and previous studies have shown even mildly 
elevated mean pulmonary artery pressure of 19- 24 mm Hg are associated with an increased risk of death. 
Falling within this borderline range has redefined earlier diagnostic guidelines to emphasize the importance 
of early detection and management [10–12]. Yet patients suspected of having PH may need multiple visits 
to primary healthcare providers and specialists to undergo numerous medical tests, before a diagnosis is 
reached, particularly in cases of pulmonary arterial hypertension (PAH), where symptoms are often non-
specific and diagnosis comes from by exclusion [13]. A survey from the Pulmonary Hypertension Associa-
tion UK revealed that one-third of PH patients waited over three years for diagnosis confirmation [14]. To 
reduce the diagnostic delay, medical professionals should enhance awareness and screening of patients so 
that the most at risk of PH receive diagnostic tests earlier [7, 8].

Prior studies have faced challenges in identifying PH subtypes due to limited coding granularity, which 
may increase the potential for misclassification [15, 16]. Late detection is also common, as PH frequently 
presents alongside cardiovascular and respiratory comorbidities. This highlights the need to evaluate whether 
prior diagnosis of comorbidity conditions can aid in early detection and risk stratification of PH [17]. Previ-
ous studies show PH often co-occurs with cardiovascular conditions (e.g., hypertension, atrial fibrillation, 
heart failure) and respiratory disorders (e.g., COPD, interstitial lung disease, pulmonary fibrosis) [18, 19]. 
However, identifying which comorbidities are associated with earlier or later recorded PH diagnosis remains 
a challenge. Importantly, the relative timing of these comorbidities relative to diagnosis and each other may 
offer deeper insights into disease risk. These patterns may help identify opportunities for earlier investiga-
tion and risk stratification [20–22]. Several studies have emphasized the importance of understanding the 
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temporal sequence and clustering of comorbidities. For instance, findings from the COMPERA registry 
showed increasing comorbidity rates over time in PH patients, underscoring the need for adaptive treatment 
approaches [23]. A 15-year longitudinal study by Santiago-Vacas et al. [24] examined temporal patterns in 
the recorded diagnosis of PH among patients with heart failure and right ventricular dysfunction. However, 
such studies did not specifically evaluate diagnostic sequences in which cardiovascular symptoms or comor-
bidities were recorded prior to PH diagnosis.

In this study, we analyzed the temporal ordering and timing of recorded comorbidity diagnoses preceding 
PH diagnosis using a data driven technique in business analytics, process mining, that has been success-
fully applied in different disease contexts [25–29]. We compared different temporal diagnostic sequences of 
comorbidities before PH diagnosis with demographic-matched cohorts of heart and lung diseases. To assess 
the molecular underpinnings of PH comorbidities, we incorporated publicly available GWAS summary sta-
tistics and applied linkage disequilibrium score regression (LDSC) to estimate genetic correlations between 
PH and its major comorbidities. Finally, we estimated the increased risk of mortality associated with the 
different comorbidity sequences prior to final diagnosis.

Methods

Identifying a PH cohort

From the 502,499 UK Biobank participants with electronic health records under our application ID 85457, 
we extracted the ICD-10 codes dataset, containing diagnostic information for 440,017 participants (cover-
ing the period from 1992 to 2021), and the all-cause mortality dataset, which included death records for 
37,897 participants and their detailed causes of death for 37,731 (99.5%) of them. After removing dupli-
cates, 3 participants were excluded due to missing key information (e.g., incomplete diagnostic records or 
inconsistent ICD-10 codes). This resulted in a final data set comprising 440,014 participants. From this, we 
identified a cohort of 2,727 PH patients. We subdivided the population into three primary classes: Primary 
PH (I27.0, n = 776), Other Secondary PH (I27.2, n = 1,949), and Secondary PH (I27.9, n = 395). This PH 
cohort of 2,727 included 1,451 males (53.21%) and 1,276 females (46.79%), differing slightly from the 
broader UK Biobank population, where males comprised 45.17% and females 54.83%. A full breakdown of 
the cohort characteristics is provided in Supplementary Table S8. ICD-10 PH codes map onto the PH sub-
groups 1–5: Group 1 (PAH, I27.0) and Groups 2–5 covering secondary PH from heart disease, lung disease, 
thromboembolism, or multifactorial causes [1, 10].

Identifying comorbidities in the PH cohort, and in matched COPD and heart failure cohorts

We further extracted the most frequently co-occurring ICD-10 diagnoses to identify comorbidities within 
this population before categorizing them at the subchapter level. In the PH patient group consisting of 2,727 
participants, essential hypertension was also present in 1,611 (59.1%), atrial fibrillation in 868 (31.8%), 
COPD in 1,822 (66.8%), heart failure in 1,179 (43.2%), hypercholesterolemia in 830 (30.4%), and diabe-
tes mellitus in 579 (21.2%) patients. Since COPD and HF are thought to have related pathology to PH, we 
examined their comorbidities as comparable controls to the comorbidities observed for PH. We extracted a 
COPD-matched cohort and a heart failure (HF)-matched cohort, each consisting of 2,441 participants who 
had never been diagnosed with PH. Participants in the COPD and HF comparison cohorts were restricted to 
individuals with no recorded PH-related ICD-10 codes (I27.0, I27.2, I27.9) at any time during follow-up. A 
detailed description of the control cohort selection, ICD-10 codes and matching methodology is provided in 
the Supplementary Materials (Sect. 1.1–1.2, Figure S1 and S3).
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Assessing genetic overlap between PH and comorbidities using GWAS Data

We used linkage disequilibrium score regression (LDSC v1.0.1) to evaluate whether PH and its comorbidities 
share common genetic risk factors by estimating SNP-based heritability and pairwise genetic correlations. We 
extracted common genetic variants called SNPs from publicly available GWAS summary statistics while concen-
trating on European-ancestry groups and high-quality HapMap3 SNPs (Supplementary material: Table S9 – S10). 
We excluded comorbid traits that showed very low heritability levels below 1% and those with non-significant 
correlation results exceeding a p-value of 0.05. Supplementary Materials contain detailed descriptions of dataset 
sources, quality control filters, and LDSC parameters used in our methodology.

Process mining of comorbidity progression over time

We extracted dates of diagnostic events from hospital inpatient records and primary care data from the UK Bio-
bank which links each patient's ICD-10 diagnosis to the date they were diagnosed or hospitalized. The initial 
occurrence date was used to timestamp all ICD-10-coded diagnoses for each participant. We further identified 
the PH diagnosis date by selecting the first recorded date among all ICD-10 codes related to PH which include 
I27.0, I27.2, and I27.9. Comorbidities are sorted into chronological order based on the PH diagnosis date, then 
separated into pre-PH (diagnosed before PH) and post-PH (diagnosed after PH) categories. Diagnoses recorded 
on the same date were treated as concurrent events, and no directional ordering was assumed for such events in 
the temporal analyses. We utilized process mining techniques in the bupaR package in R to create sequences 
of comorbidities that describe the order and time between diagnoses. The ordered diagnostic sequences were 
visualized as event logs to illustrate temporal patterns of recorded comorbidities preceding PH, COPD, and HF 
diagnoses. For longitudinal trajectory analyses, follow-up began at each participant’s earliest recorded diagnosis 
across linked primary care and inpatient records to reconstruct comorbidity sequences preceding PH. For survival 
analyses, analytic time zero was defined as the first recorded PH diagnosis. Sensitivity analyses using incident 
PH definitions were performed to minimize potential left truncation and immortal-time bias due to differences 
in data capture across sources. Participants were followed until death or administrative censoring (30 November 
2021), whichever occurred first.

Estimating mortality risk associated with different comorbidity sequences

To evaluate mortality risk associated with each identified comorbidity sequence, we used linked mortality 
data from the UK Biobank. We performed time-to-event analysis using Cox proportional hazards models, 
estimating hazard ratios (HRs) to quantify the risk of death associated with specific comorbidity trajectories. 
Models were adjusted for potential confounders including age at PH diagnosis, smoking status, body mass 
index category, socioeconomic deprivation (IMD quintiles), and index year where data availability permit-
ted (details in Supplementary material 1.6). We pre-specified primary hypotheses focusing on major meta-
bolic-cardiovascular diagnostic sequences preceding PH diagnosis. All additional sequence contrasts were 
treated as exploratory. To account for multiple comparisons, both Bonferroni correction and false discovery 
rate (FDR) adjustment were applied. Hazard ratios are reported with 95% confidence intervals together with 
adjusted p-values (details in Supplementary material 1.8). Cause-specific Cox models were additionally 
fitted to evaluate cardiovascular mortality while accounting for competing risks. The proportional hazards 
assumption was assessed using Schoenfeld residual-based tests, with detailed diagnostic results provided in 
Supplementary Material Sect. 1.7.
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Software and code availability

The data cleaning and process mining stages of the analysis were implemented in Python (v 3.9.12) and R (v 
4.3.2). The complete set of experiments and associated code is freely available on ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​0​.​5​2​8​1​/​z​e​n​o​d​
o​.​1​5​7​4​7​7​6​6​​​​​.​​

Results

Pulmonary hypertension has a similar profile of pre-diagnosis comorbidities as heart failure

There were 2,727 individuals in UK Biobank who received a PH diagnosis from 1992 to 2021 as described 
by their ICD-10 codes. We classified comorbid conditions into three types based on their diagnosis timing 
relative to the assignment of a PH diagnosis code (I27.0, I27.2, I27.9): pre-PH comorbidities (diagnosed 
only before PH diagnosis), post-PH comorbidities (diagnosed only after PH diagnosis), and common PH 
comorbidities (diagnosed both before and after PH diagnosis). To eliminate duplication, we included only 
the first recorded instance of each comorbidity. The distribution of comorbidities across PH, COPD, and 
HF was consistent with patterns reported in specialized PH centers [30] (Fig. 1). For the COPD matched 
control cohort, the most prevalent comorbidities included chronic ischemic heart disease with 1,377 cases 
representing 56.4%, hypertension with 1,138 cases equating to 46.6%, along with hypercholesterolemia 
which occurred in 543 cases or 22.2%. A total of 1,746 individuals in the HF matched cohort suffered from 
hypertension (71.5%), followed by hypercholesterolemia in 1,042 individuals (42.7%) and atrial fibrillation 
in 803 individuals (32.9%).

All comorbidities are diagnosed before their respective index conditions, which indicates that these conditions 
were frequently recorded before the index diagnosis rather than effects of those diseases. The most common 
comorbidity found before diagnosis was essential hypertension with a prevalence of 58.1% in PH patients, 38.5% 
in COPD patients, and 69.7% in HF patients (Fig. 2). Atrial fibrillation and flutter showed high prevalence in PH 
patients (31.2%) and HF patients (31.3%) while remaining significantly less common in COPD patients (6.5%, 
χ2 (2) = 568.07, p < 0.0001). Asthma was most prevalent in PH patients (15.8%), compared to both COPD (1.6%) 
and HF (9.8%). PH patients exhibited a pattern of cardiovascular comorbidities, including hypertension, atrial 
fibrillation, atherosclerosis, and hypercholesterolemia, that was more similar to that of HF patients than to COPD 
patients. Unlike COPD patients, who showed the highest prevalence of chronic ischemic heart disease (56.4%), 
PH patients had a lower prevalence (14.9%). The pre-diagnosis timing of comorbidities in PH patients followed 
a pattern that was more comparable to HF patients than to COPD patients.

Strong genetic overlap between PH and cardiovascular comorbidities

We observed the strongest genetic correlation between PH and heart failure, with an estimated rg = 0.65 
(SE = 0.18, P = 3.08 × 10–4) (Supplementary Figure S4). Notable correlations were also found with hyper-
tension (rg = 0.62, SE = 0.14, P = 1.82 × 10⁻5), hypercholesterolemia (rg = 0.52, SE = 0.14, P = 3.26 × 10–4), 
atrial fibrillation (rg = 0.64, SE = 0.17, P = 1.10 × 10⁻4), and coronary atherosclerosis (rg = 0.42, SE = 0.11, 
P = 1.38 × 10⁻4) (Supplementary Table S10). A smaller but statistically significant correlation was identified 
between PH and type 2 diabetes (rg = 0.26, SE = 0.08, P = 1.92 × 10⁻3). In contrast, no significant genetic cor-
relation was observed between PH and either COPD or asthma in the GWAS datasets analyzed.

https://www.python.org/downloads/release/python-3912/
https://cran.rstudio.com/bin/windows/base/old/4.3.2/README.R-4.3.2
https://cran.rstudio.com/bin/windows/base/old/4.3.2/README.R-4.3.2
https://doi.org/10.5281/zenodo.15747766
https://doi.org/10.5281/zenodo.15747766
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Process mining reveals temporal comorbidity sequences preceding pulmonary hypertension diagnosis

Across participants diagnosed with PH, we applied process mining to examine comorbidity sequences lead-
ing to PH (Fig. 3). Hypertension was the most common pre-PH comorbidity, with a direct diagnostic tra-
jectory preceding PH in 565 patients over 3.90 median years. Two main temporal diagnostic sequences 
were identified: (1) hypertension → atrial fibrillation → PH, where 235 patients developed atrial fibrillation 
2.30 years after hypertension onset, persisting 4.31 years in 294 patients before PH; (2) hypertension → ath-
erosclerotic heart disease → PH, where 228 patients developed atherosclerosis 2.66 years after hyperten-
sion, progressing to PH over 1.94 years in 297 patients. Asthma persisted 4.52 years in 156 patients, and 
hypercholesterolemia 2.92 years in 265 patients before PH. After PH diagnosis, mitral valve insufficiency 

Fig. 1  Study cohorts with extracted diagnoses data: The selection of participants in the UK Biobank (n = 502,409) towards 
the identification of 2,727 PH patients, stratified by ICD-10 codes into I27.0, I27.2, and I27.9 classes. The bars show the 
distribution of common comorbidities among the PH cohort, COPD-matched controls, and HF-matched controls, grouped 
by the ICD-10 codes of cardiovascular, respiratory, and metabolic comorbidities. The control cohorts with a final diagnosis 
of HF or COPD were the same size as the PH cohort and matched by demographics
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was common, diagnosed in 151 patients within 0.09  years, likely reflecting concurrent detection during 
echocardiography. Mortality was high, with 900 of 2,727 patients dying within 2.13 years of PH diagnosis.

Temporal sequences of cardiometabolic comorbidities identify accelerated diagnostic trajectories to 
PH and reveal order-specific risks

To evaluate whether temporal diagnostic ordering of comorbidities was associated with differences in the timing 
of recorded PH and other cardiopulmonary diagnoses, we compared matched sequences with alternative temporal 
arrangements (Fig. 4). Analyses focused on temporal diagnostic sequences demonstrating a ≥ 2-year difference 
in median inter-diagnosis intervals and consistent patterns across PH, COPD, and HF cohorts. For the sequence 
diabetes → hypertension → PH/COPD/HF compared with hypertension → diabetes → PH/COPD/HF, the median 
interval to recorded PH diagnosis was 5y11m versus 8y8m, respectively. Similar patterns were observed in COPD 
(3 m vs. 9y7m) and HF (5y5m vs. 10y3m), suggesting that differences in diagnostic ordering are associated with 
variation in the timing of subsequent disease diagnoses. Another pair, diabetes → hypertension → hypercholester-
olemia → PH/COPD/HF versus diabetes → hypercholesterolemia → hypertension → PH/COPD/HF, showed PH 
progression in 9y2m vs. 6y9m; similar results occurred in COPD (10y8m vs. 5 m) and HF (8y9m vs. 10y4m), 
emphasizing hypercholesterolemia’s role. The shortest temporal diagnostic sequence was hypertension → athero-
sclerotic heart disease → PH, with a median interval of 4y11m compared with 5y11m for the reversed sequence. 
Comparable differences were observed when COPD (2y2m vs. 1y5m) or HF (4y4m vs. 10y1m) represented the 
final recorded diagnosis. Detailed median inter-event interval statistics for all diagnostic sequences (Fig. 4) are 
provided in the Supplementary Material (Tables S11–S13).

Fig. 2  Timing and frequency of comorbidities in PH, and matched cohorts of COPD and HF: The frequency of cohort indi-
viduals with the comorbidity diagnosed before, after, and on the same date as the final diagnosis of either PH, HF or COPD. 
Each bar is labeled with the number of individuals and as a percentage relative to the size of the cohort
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Fig. 3  Process mining of longitudinal comorbidity trajectories in PH cases: Nodes represent individual comorbid conditions, 
and directed edges indicate the temporal sequence of disease occurrence. Edge thickness and color intensity correspond 
to the number of individuals within each diagnostic sequence, with darker and thicker edges representing more frequently 
observed transitions between diagnoses. Numerical labels adjacent to edges indicate the number of patients and the median 
time (years) between successive diagnoses. The direction of arrows reflects disease progression over time. The pulmonary 
hypertension node is highlighted to denote the index diagnosis event in trajectory analysis
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Mortality risk associated with pre-diagnostic comorbidity sequences

Given the different timelines observed across comorbidity sequences preceding diagnosis, we hypothesized that 
these temporal diagnostic patterns may also be associated with differences in mortality risk among PH, COPD, 
and HF cohorts. We assessed overall survival in patients grouped according to their comorbidity sequences 
preceding PH and COPD diagnoses (Fig. 5). For each comorbidity sequence, Cox proportional hazards models 
were used to estimate mortality risk, comparing patients within that sequence to all other patients within the same 
disease group. The resulting hazard ratios also allowed us to compare which comorbidity sequences were associ-
ated with higher mortality risk in PH versus COPD populations. With hazard ratios of 1.88 (p = 0.001) for PH 
and 1.99 (p = 0.010) for COPD, the diabetes → hypertension → hypercholesterolemia → PH/COPD sequence had 
similar mortality risk for both conditions. The sequence: hypercholesterolemia → hypertension → atrial fibrilla-
tion → COPD was associated with increased mortality risk in the COPD cohort (HR = 2.51, p = 0.001). In con-
trast, this same sequence does not show elevated risk in the PH cohort. The sequence associated with the highest 
mortality risk was hypertension → diabetes → hypercholesterolemia → COPD (HR = 3.67, p = 0.001). In the PH 
cohort, the same sequence was also associated with increased mortality risk, although the magnitude of associa-
tion was lower (HR = 1.67, p = 0.001). A considerable mortality risk is shown by the sequence: atherosclerotic 
heart disease → hypertension → COPD (HR = 2.27, p = 0.010), while the corresponding sequence preceding PH 
diagnosis does not show the same mortality risk (HR = 1. 39, p = 0.16).

This same comparison was performed to evaluate the mortality risks associated with various comorbidity sequences 
preceding PH and HF diagnoses (Fig. 6). The sequence: diabetes → hypertension → hypercholesterolemia → PH 

Fig.  4  Comorbidity sequences and median time preceding diagnosis in PH, COPD, and HF cohorts: The cohorts were 
matched on demographic characteristics and excluded individuals with the corresponding index condition of the comparison 
cohorts. The left panel visualizes temporal diagnostic sequences preceding pulmonary hypertension (PH), chronic obstruc-
tive pulmonary disease (COPD), and heart failure (HF) diagnoses, with each node representing a sequentially recorded ICD-
coded condition. Sequences are grouped according to the initial recorded comorbidity. The right panel presents horizontal 
boxplots showing the median time (years ± IQR approximation) from the first recorded condition in each sequence to the 
corresponding diagnosis across PH, COPD, and HF cohorts, enabling comparison of temporal diagnostic patterns between 
cohorts
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presents the highest mortality risk in PH (HR = 1.97, p = 0.001). The same sequence of comorbidities also had a 
poor prognosis in HF patients with an HR of 1.34 and p-value at 0.010. There is a considerable mortality risk for 
HF patients with a prior comorbidity sequence of hypercholesterolemia → hypertension → atrial fibrillation → HF 
(HR = 1.60, p = 0.005). In contrast, the sequence hypertension → diabetes → hypercholesterolemia → PH was 
associated with the highest observed mortality risk for PH (HR = 2.05, p = 0.001). These findings emphasize dis-
tinct high-risk multimorbidity sequences across disease cohorts. Notably, no single comorbidity sequence was 
found to be significantly associated with high mortality risk in both PH and HF cohorts.

Discussion

This study provides insights into the temporal ordering of diagnoses and mortality risks of comorbidities in PH, 
HF, and COPD, leveraging UK Biobank data. The analysis identified clinically relevant temporal sequences of 
comorbidities through a dynamic analytical approach that surpasses traditional cross-sectional studies [1, 29]. 
Hypertension affected 58.1% of patients, with atrial fibrillation (31.2%) and heart failure (43.2%) also highly 
prevalent. The distribution of the most common comorbidities across PH patients was similar to what was 
observed in a PH-specific disease cohort [30]. The similarity between the datasets supports the robustness of the 
observed comorbidity patterns across these populations; however, further validation in independent and clinically 
characterized cohorts remains warranted. These findings suggest that cardiometabolic multimorbidity represents 
an important feature of the PH population studied, especially in elderly and high-risk groups. Furthermore, our 
analysis shows that PH patients are frequently diagnosed with other cardiovascular conditions, hypertension 
(58.1%) and atrial fibrillation (31.2%) being most common [1–3, 30]. Overlapping metabolic conditions such 
as diabetes, hypercholesterolemia, and atherosclerotic heart disease were prevalent, supporting the presence of 
cardiometabolic multimorbidity in PH patients. While these comorbidities are associated with worse outcomes, 

Fig. 5  Diagnostic Sequences Preceding PH and COPD with Mortality Risk Assessment Using Cox Proportional Hazards 
Analysis: The left panel illustrates temporal diagnostic sequences preceding PH and COPD diagnoses, with each node rep-
resenting a sequentially recorded ICD-coded condition. The number of participants in each cohort (PH, COPD) and within 
each diagnostic sequence is shown along the vertical axis. The right panels present hazard ratios with 95% confidence inter-
vals for mortality risk associated with diagnostic sequences preceding PH diagnosis (A) and COPD diagnosis (B)
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their mechanistic role in PH progression remains unclear and warrants further investigation. Although we did not 
directly measure systemic inflammation or vascular resistance, the observed comorbidity patterns, including high 
prevalence of metabolic conditions such as diabetes and hypercholesterolemia, may be associated with PH and 
its recorded diagnostic patterns [29–31]. Supporting this is the genetic correlation between PH and several other 
cardiometabolic conditions, most notably heart failure, hypertension, atrial fibrillation, hypercholesterolemia, 
and type 2 diabetes, suggesting shared genetic liability across these related traits. However, these correlations 
should be interpreted cautiously, as genetic correlation does not imply causality and may also be influenced by 
heterogeneity in PH subtypes.

Process mining revealed temporal diagnostic patterns preceding PH diagnosis, often preceded by cardiovascu-
lar conditions such as hypertension and atrial fibrillation, and metabolic disorders including diabetes and hyper-
cholesterolemia. These conditions frequently appear in diagnostic sequences before PH, suggesting potential 
shared risk factors or diagnostic complexity rather than direct causality [32]. The sometimes-fast decline in 
patient health after PH diagnosis highlights the critical need for prompt intervention and specialized treatment 
approaches to prevent negative health results [33]. Diagnostic sequences in which diabetes was recorded before 
hypertension were associated with shorter intervals to PH diagnosis, suggesting a temporal diagnostic pattern that 

Fig. 6  Diagnostic sequences preceding PH and HF with mortality risk assessment using cox proportional hazards analysis: 
The left panel illustrates temporal diagnostic sequences preceding PH and HF diagnoses, with nodes representing sequen-
tially recorded ICD-coded conditions and their temporal ordering. The number of participants in each cohort (PH, HF) and 
within each diagnostic sequence is shown along the vertical axis. The right panels present hazard ratios with 95% confidence 
intervals for mortality risk associated with diagnostic sequences preceding PH diagnosis (A) and HF diagnosis (B)
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warrants further investigation. For example, hypertension → atherosclerotic heart disease → PH was associated 
with the shortest median interval to PH diagnosis (4y11m), suggesting that hypertension frequently appears early 
within recorded diagnostic sequences preceding PH. These findings align with earlier reports linking metabolic 
syndrome components to PH pathogenesis [34], but our results provide a longitudinal lens, demonstrating that 
sequence, not just the presence of comorbidities, carries important epidemiological implications.

For PH, the sequence diabetes → hypertension → hypercholesterolemia → PH was associated with the high-
est mortality risk. This pattern reflects the frequent co-occurrence of diabetes, hypertension, and hypercho-
lesterolemia within PH diagnostic sequences associated with increased mortality risk. In HF, the sequence 
hypertension → atrial fibrillation → diabetes → HF was associated with the highest mortality risk [35]. These 
mortality-associated sequences highlight recurring patterns of metabolic and cardiovascular comorbidities, but 
further work is needed to determine whether sequence or individual conditions are key contributors to risk. Some 
comorbidity sequences are also associated with better outcomes, such as reduced mortality in sequences involv-
ing valvular diseases (hypertension → mitral valve disorder → PH) and chronic ischemic heart disease (athero-
sclerotic heart disease → hypercholesterolemia → HF). These findings should be interpreted cautiously, as the 
observed associations do not establish causality and may reflect differences in clinical management or underly-
ing disease severity [36, 37]. The occurrence rates of hypertension and atrial fibrillation within PH diagnostic 
sequences are consistent with findings reported by Simonneau et al. [1], which identified left heart disease as 
the defining cause of Group 2 PH. Similarly, the observed HF diagnostic sequences are consistent with previous 
studies highlighting the importance of cardiovascular comorbidities in HF outcomes [38]. This analysis sup-
ports previous observations regarding the importance of cardiometabolic comorbidities while identifying distinct 
temporal diagnostic patterns between PH and HF. These findings provide epidemiological insights that may help 
generate hypotheses for future research but should not be interpreted as evidence for disease-specific mechanisms 
or direct changes to clinical management. While these temporal diagnostic patterns provide important insight 
into clinical pathways preceding PH recognition, they should be interpreted within the context of healthcare 
utilization patterns, referral pathways, diagnostic surveillance intensity, and administrative coding practices. Dif-
ferences in the timing and ordering of recorded diagnoses may reflect variations in clinical contact frequency 
or investigation of timing rather than true biological acceleration of disease processes. Therefore, the identified 
comorbidity trajectories are best understood as epidemiological risk-flagging patterns within routinely collected 
healthcare data rather than causal disease pathways. In estimating mortality risk, proportional hazards assump-
tions may have been violated for several key covariates with potential time-varying effects. While sensitivity 
analyses and graphical diagnostics suggested that these deviations did not materially alter the overall interpre-
tation of hazard ratio estimates, the presence of non-proportional hazards may influence the precision of effect 
estimates. Therefore, hazard ratios should be interpreted with caution, particularly when comparing risks across 
heterogeneous patient subgroups. Alternative modelling approaches, including time-varying coefficient models, 
were considered during the interpretation of the survival analyses. However, given that the primary objective of 
this study was to identify epidemiological patterns and temporal diagnostic sequences rather than to develop a 
fully specified causal survival model, these analyses were not formally pursued. Future studies using clinically 
characterized cohorts with richer longitudinal data may further explore time-dependent effects and dynamic risk 
relationships.

A key limitation of this study is the reliance on ICD-10 coded diagnoses without haemodynamic confirma-
tion, which may lead to misclassification across PH subgroups. Given the high number of comorbidities with 
heart conditions in UK Biobank, ICD-defined PH is likely to predominantly represent Group 2 PH, with some 
contribution from Group 3 PH rather than the full spectrum of PH subtypes. Therefore, the observed comorbid-
ity trajectories should be interpreted as aggregated epidemiological patterns within a heterogeneous PH popula-
tion, rather than subtype-specific biological mechanisms, and should not be assumed to apply uniformly across 
all PH groups. Consequently, these findings do not provide direct insight into earlier diagnosis or intervention 
in other PH subgroups, particularly Groups 1 and 4, which have distinct pathophysiological mechanisms and 
clinical management pathways that are not captured in population datasets. Furthermore, participants in the 
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COPD and HF comparison cohorts were restricted to individuals without recorded PH-related ICD-10 diagnoses 
codes (I27.0, I27.2, or I27.9) throughout the available follow-up period. However, systematic echocardiographic 
screening was not available within UK Biobank and therefore the presence of undiagnosed or subclinical PH 
cannot be completely excluded. Any resulting misclassification would be expected to reduce differences between 
cohorts rather than artificially inflate observed associations, suggesting that the reported associations may repre-
sent conservative estimates of between-group differences. Furthermore, although propensity score matching was 
applied to construct comparable COPD and HF cohorts, some residual imbalance remained for certain covari-
ates, including sex and mortality status. While most variables achieved acceptable balance, these residual differ-
ences may introduce bias in comparative analyses and should be considered when interpreting sequence-specific 
associations and mortality risk estimates. In addition, the temporal ordering of diagnoses derived from routinely 
collected administrative healthcare data may reflect variations in healthcare utilization, referral timing, diagnostic 
surveillance intensity, or coding practices rather than true biological disease progression. Therefore, observed 
diagnostic sequences should be interpreted as epidemiological associations within recorded care pathways rather 
than definitive mechanistic trajectories. When multiple diagnoses were recorded on the same calendar date, they 
were treated as concurrent events rather than being assigned a directional order. Consequently, these events 
should not be interpreted as reflecting the true chronological sequence of clinical events occurring during routine 
clinical care. To address potential misclassification inherent to ICD-10–based PH identification, we conducted 
sensitivity analyses using stricter PH definitions excluding unspecified PH (I27.9) and COPD diagnoses reduced 
the cohort by 10.2%, 34.8%, and 37.2% when applied jointly, but the temporal comorbidity trajectories and mor-
tality associations remained consistent; detailed cohort derivation and analyses are provided in the Supplemen-
tary Material (Sect. 1.2.4). Treatment effects were not considered due to missing records, which may influence 
trajectories. Future work should integrate treatment, lifestyle, genetic, and biomarker data, and apply machine 
learning to improve disease classification and survival prediction. These findings highlight the potential of tem-
poral comorbidity patterns as epidemiological indicators of PH risk. However, these findings should be inter-
preted as hypothesis-generating insights rather than direct tools for clinical decision-making. Further validation 
in clinically characterized cohorts with detailed haemodynamic and subtype-specific data, as well as in ethnically 
diverse populations and different healthcare systems, is required before these epidemiological observations can 
be generalized or translated into clinical applications.
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