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1  | INTRODUC TION

Hypertension is the most important risk contributor to the global 
burden of disease,1 accounting for up to 15% of global mortality.2 
Despite considerable advances in hypertension care over the past 
five decades,3 the world's 1.4 billion hypertensive individuals are 
mainly treated under the general umbrella of primary hypertension 
with little consideration for personalized therapy.

Hypertension guidelines categorize hypertensive patients into 
subgroups based on a few risk factors that determine their cardio-
vascular disease (CVD) risk. These risk factors include blood pressure 
(BP) level and presence of chronic kidney disease, type 2 diabetes, 
or hypertension-mediated organ damage.4,5 However, such clas-
sifications are based on arbitrary risk factor thresholds instead of 
the underlying cause of hypertension. Indeed, selecting the correct 
treatment for hypertensive patients is still commonly based on trial 
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Abstract
The current classification of hypertension does not reflect the heterogeneity in char-
acteristics or cardiovascular outcomes of hypertensive individuals. Our objective 
was to identify distinct phenotypes of hypertensive individuals with potentially dif-
ferent cardiovascular risk profiles using data-driven cluster analysis. We performed 
clustering, a procedure that identifies groups with similar characteristics, in 3726 in-
dividuals (mean age 59.4 years, 49% women) with grade 2 hypertension (blood pres-
sure ≥160/100 mmHg or antihypertensive medication) selected from FINRISK 1997, 
2002, and 2007 cohorts. We computed clusters based on eight factors associated 
with hypertension: mean arterial pressure, pulse pressure, non-high-density lipopro-
tein cholesterol, blood glucose, BMI, C-reactive protein, estimated glomerular filtra-
tion rate, and alcohol. After that, we used Cox regression models adjusted for age and 
sex to assess the relative risk of cardiovascular disease (CVD) outcomes between the 
clusters and a reference group of 11 020 individuals. We observed two comparable 
clusters in both men and women. The Metabolically Challenged (MC) cluster was 
characterized by high blood glucose (Z-score 4.4 ± 1.1 vs 0.2 ± 0.8, men; 3.5 ± 1.1 
vs 0.0 ± 0.6, women) and elevated BMI (30.4 ± 4.1 vs 28.9 ± 4.3, men; 32.7 ± 4.9 vs 
29.3 ± 5.5, women). Over a 10-year follow-up (1034 CVD events), MC had 1.6-fold 
(95% CI 1.1-2.4) CVD risk compared to non-MC and 2.5-fold (95% CI 1.7-3.7) CVD 
risk compared to the reference group (P ≤ .009 for both). Using unsupervised hierar-
chical clustering, we found two phenotypically distinct hypertension subgroups with 
different risks of CVD complications. This substratification could be used to design 
studies that explore the differential effects of antihypertensive therapies among 
subgroups of hypertensive individuals.
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and error, and an improved, objective classification of hypertension 
based on commonly measured clinical variables would benefit both 
patients and clinicians.

Unsupervised clustering is a machine learning technique that has 
the potential to classify individuals into subgroups that differ from 
each other.6 Previous studies have shown that unsupervised cluster-
ing can divide individuals with hypertension into clinically meaning-
ful subgroups. Guo et al7 (N = 513) and Yang et al8 (N = 9361) both 
applied unsupervised clustering on selected samples of individuals 
with hypertension and demonstrated subgroups with differing base-
line characteristics and CVD risk profiles. These studies have laid 
the groundwork for an improved classification of hypertension but 
are limited either in sample size or lack of individuals with diabetes.

An improved, pathogenesis-driven classification of hypertension 
is needed. The aim of this study was to use unsupervised cluster 
analysis to objectively identify subgroups of hypertensives with dif-
ferent baseline characteristics in the general population and analyze 
their CVD risk profiles.

2  | METHODS

2.1 | Study sample

The study participants took part in the national FINRISK epide-
miological surveys, which have been carried out since 1972 every 
5 years to survey risk factors of chronic diseases in Finland.9 For 

this study, we considered participants of the 1997 (N = 8444, aged 
25-74 years), 2002 (N = 9485, aged 25-74 years), and 2007 (N = 7857, 
aged 25-74 years) cohorts (total N = 25 786) who were drawn from 
the population register using stratified random sampling. FINRISK's 
methods, measurements, and protocols have stayed nearly identi-
cal over the years and have been previously described in detail.9 
The study protocols were approved by the Ethical Committee for 
Epidemiology and Public Health of the Hospital District of Helsinki 
and Uusimaa or the Coordinating Ethical Committee of the Hospital 
District of Helsinki and Uusimaa. All participants gave informed writ-
ten consent.

We excluded participants with missing covariates (N = 10 184), 
prevalent CVD (N = 3583), and extreme outliers in any clustering 
variables (>5 standard deviations from the mean; N = 118). After 
these exclusions, we included 14 746 participants in the study 
sample. For clustering, we considered 3726 individuals (Table 1) 
with grade 2 hypertension, defined as: systolic BP ≥160 mm Hg, 
diastolic BP ≥100 mm Hg, or the use of antihypertensive medi-
cation.4 We included individuals with grade 2, instead of grade 1, 
hypertension to increase the specificity of our clustering sample 
as the prevalence of grade 1 hypertension is approximately 40% in 
Finns aged >30 years.10 In addition, the threshold for initiation of 
antihypertensive therapy was 160/100 mm Hg for most patients 
until 2014 in Finland,11 therefore coinciding with the definition of 
hypertension we used in this study. We used the remaining 11 020 
individuals as the reference group for the subsequent survival 
analysis.

TA B L E  1   Baseline characteristics of the clustering sample stratified by sex (men vs women) and substratified by cluster (non-MC vs MC)

Variable All men non-MC MC All women non-MC MC

N (% of sample) 1910 (51.3) 1848 (49.6) 62 (1.7) 1816 (48.8) 1765 (47.4) 51 (1.4)

Age (y) 59.2 (9.5) 59.1 (9.5) 62.8 (7.3) 59.6 (9.0) 59.6 (9.1) 61.6 (7.8)

Glucosea  (Z-score) 0.3 (1.1) 0.2 (0.8) 4.4 (1.1) 0.1 (0.9) 0.0 (0.6) 3.5 (1.1)

FPGa  (mmol/L) 6.0 (1.3) 5.9 (0.9) 10.8 (1.3) 5.7 (1.0) 5.6 (0.8) 9.7 (1.3)

HbA1ca  (mmol/L) 39.3 (7.4) 38.3 (5.2) 68.2 (7.4) 38.8 (6.6) 37.6 (3.8) 62.0 (8.3)

BMI (kg/m2) 29.0 (4.3) 28.9 (4.3) 30.4 (4.1) 29.4 (5.5) 29.3 (5.5) 32.7 (4.9)

CRP (mg/L) 1.4 (2.3) 1.4 (2.3) 1.6 (3.2) 1.8 (2.8) 1.7 (2.8) 2.2 (2.5)

logCRP 0.4 (1.1) 0.4 (1.1) 0.5 (1.1) 0.6 (1.1) 0.6 (1.1) 0.8 (1.0)

non-HDLc (mmol/L) 4.3 (1.0) 4.3 (1.0) 4.0 (1.3) 4.1 (1.0) 4.1 (1.0) 3.8 (1.0)

MAP (mm Hg) 116.2 (10.7) 116.1 (10.7) 118.2 (10.7) 112.8 (10.6) 113.0 (10.6) 108.3 (9.4)

PP (mm Hg) 69.1 (19.1) 68.9 (19.1) 77.0 (18.9) 72.6 (18.5) 72.6 (18.6) 74.5 (15.9)

eGFR (mL/min/1.73 m2) 85.8 (15.1) 85.7 (15.2) 86.3 (13.6) 81.7 (15.6) 81.6 (15.5) 85.8 (16.3)

Alcohol (g/wk) 53.8 (146.1) 55.6 (146.6) 17.6 (126.0) 8.0 (35.5) 8.4 (35.5) 2.7 (23.5)

rAlcohol 0.4 (1.0) 0.4 (0.9) 0.0 (1.1) −0.3 (0.8) −0.3 (0.8) −0.4 (0.9)

Note: Summary statistics are given as mean (standard deviation), except for CRP and Alcohol, which are reported as median (interquartile range). The 
clustering sample consisted of 3726 individuals with grade 2 hypertension from FINRISK 1997 (N = 1098), 2002 (N = 1385), and 2007 (N = 1243) 
cohorts.
Abbreviations: BMI, body-mass index; CRP, C-reactive protein; eGFR, estimated glomerular filtration rate; FPG, fasting plasma glucose; Glucose, 
standardized Z-score of either glycated hemoglobin or fasting glucose; HbA1c, glycated hemoglobin; MAP, mean arterial pressure; MC, the 
metabolically challenged cluster with higher blood glucose and BMI; non-HDLc, non-high-density lipoprotein cholesterol; non-MC, the non-
metabolically challenged cluster with lower blood glucose and BMI; PP, pulse pressure; rAlcohol, rank-normalized alcohol.
aFor the calculation of Glucose Z-score, FPG was used in 2770 individuals, and HbA1c was used in 956 individuals. 
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2.2 | Baseline data

Trained nurses measured BP (average of 3 measurements using 
a mercury sphygmomanometer after at least 5 minutes of rest9), 
height, and weight on-site. We determined plasma creatinine, gly-
cated hemoglobin, fasting blood glucose, C-reactive protein (CRP), 
total cholesterol, and high-density lipoprotein (HDL) cholesterol 
from collected blood samples. We assessed alcohol consumption 
(1-year average of grams of pure alcohol per week) and the use of 
antihypertensive medication from a self-reported survey. We im-
puted the BP of individuals with antihypertensive medication by 
adding 10 mm Hg to SBP and 5 mm Hg to DBP. We defined mean 
arterial pressure as12 1/3 × SBP + 2/3 × DBP and pulse pressure as 
SBP − DBP. We calculated the estimated glomerular filtration rate 
(eGFR) with the Chronic Kidney Disease Epidemiology Collaboration 
(CKD-EPI) equation13 and body mass index (BMI) as weight (kg) 
divided by height (m) squared. We defined non-high-density li-
poprotein (non-HDL) cholesterol as total cholesterol minus HDL 
cholesterol.

2.3 | Follow-up

In Finland, each permanent resident can be linked to nationwide 
electronic health records that cover all major health events and 
deaths. We obtained follow-up data for CVD events from the 
National Hospital Discharge Register and the National Causes of 
Death Register and used incident fatal and non-fatal CVD as the end 
point. The National Hospital Discharge Register and the National 
Causes of Death Register cover14 all years since 1969. In order to 
make follow-up comparable between cohorts, we restricted the fol-
low-up time to 10 years. We defined incident CVD events as those 
after the baseline examination date, and prevalent CVD events as 
those before or at the baseline examination date. We defined CVD 
as either coronary heart disease (including myocardial infarction) 
or stroke (excluding subarachnoid hemorrhage). For details of the 
definitions, see Appendix S1. The register data have been previously 
validated for these diagnoses.15,16

2.4 | Cluster analysis

We performed unsupervised hierarchical clustering (R function 
“hclust”; see below for details) on the participants with eight con-
tinuous, standardized (mean-centered with unit variance) variables: 
mean arterial pressure, pulse pressure, alcohol intake, eGFR, BMI, 
blood glucose, CRP, and non-HDL cholesterol. We chose these 
variables because they are clinically relevant, well-established risk 
factors for hypertension and CVD that are routinely measured in 
clinical practice. We calculated blood glucose as a standardized Z-
score of either glycated hemoglobin or fasting glucose (when gly-
cated hemoglobin was not available). To achieve balanced variable 
distributions for clustering, we took the natural logarithm of CRP 

before standardization to obtain log CRP and rank-normalized17 (R 
package RNOmni18) alcohol intake. We clustered men (N = 1910) 
and women (N = 1816) separately to avoid stratification due to 
sex differences in the clustering variables. For clustering, we used 
Ward's method19 (Ward2) with Euclidean distance. We determined 
the number of clusters by maximizing the minimum average silhou-
ette width20 (R package cluster21) of clusters and used the resulting 
clustering as the primary exposure variable for survival analysis. To 
visualize the high-dimensional clusters in two dimensions, we used 
principal component analysis (PCA22, R function “prcomp”) on the 
same standardized variables as in the clustering.

2.5 | Statistical analysis

To assess the association between hypertension clusters and CVD 
outcomes, we used Cox proportional hazards regression (R package 
rms23) with time-on-study as the time-scale. After observing that 
clusters with similar characteristics could be identified in both men 
and women, we merged the corresponding clusters from both sexes 
for the prospective analyses to increase statistical power. We used 
three models: an unadjusted model, a model adjusted for age and 
sex, and a model adjusted for age and sex with an interaction term 
between sex and hypertension cluster. We checked the proportional 
hazards assumptions using a correlation test based on Schoenfeld 
residuals24,25 (R package survival26). We measured the association 
between glycated hemoglobin and fasting glucose with Pearson's r 
(R function “cor.test”). All statistical tests were two-sided, and we 
considered P < .05 statistically significant. We used R version 3.6.1 
(R Core Team 2019) for all computations.

3  | RESULTS

The study sample characteristics are shown in Table 1. The optimal 
number of clusters was two for both sexes, and the smaller clus-
ter was characterized by high blood glucose (Z-score 4.4 ± 1.1 vs 
0.2 ± 0.8 in men; 3.5 ± 1.1 vs 0.0 ± 0.6 vs in women) and elevated 
BMI (30.4 ± 4.1 vs 28.9 ± 4.3 in men; 32.7 ± 4.9 vs 29.3 ± 5.5 in 
women). We thus termed the smaller cluster (N = 113) as the 
metabolically challenged (MC) and the larger cluster (N = 3613) as 
non-MC. The baseline characteristics of the two clusters were com-
parable between sexes (Figure 1). The average silhouette widths for 
non-MC and MC were 0.38 and 0.31, respectively, for men and 0.38 
and 0.32, respectively, for women. A separation of the two clusters 
was visible in the PCA projections (Figure 2). Out of the 113 individu-
als in the MC cluster, 110 (97%) had metabolic syndrome as defined 
by the International Diabetes Federation.27 Pearson's r between gly-
cated hemoglobin and fasting glucose in this study was .58 (95% CI 
0.53-0.63).

Because the cluster characteristics were comparable between 
sexes, we used merged clustering results from men and women to 
assess the relationship between hypertension cluster membership 
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(MC, non-MC, or reference group) and CVD outcomes. A total 
of 1034 CVD events occurred during a median follow-up time of 
10 years: 30 in the MC cluster, 504 in the non-MC cluster, and 500 
in the reference group. In the unadjusted model, membership in the 
MC cluster was associated with significantly increased CVD risk 
compared to the non-MC cluster (hazard ratio [HR] 2.0, 95% CI 1.4-
2.9, P < .001) and to the reference group (HR 6.7, 95% CI 4.7-9.7, 
P < .001). In the age- and sex-adjusted model, the risk for incident 
CVD remained significantly higher for the MC cluster compared 
to the non-MC cluster (HR 1.6, 95% CI 1.1-2.4, P = .009) and to 
the reference group (HR 2.5, 95% CI 1.7-3.7, P < .001) (Figures 3 
and 4). In the age- and sex-adjusted model with a sex × cluster 
interaction, there appeared to be additional CVD risk for women 
compared to men, associated with the MC cluster compared to the 
non-MC cluster (HR 1.3, 95% CI 0.6-2.8, P = .47) and to the refer-
ence group (HR 1.6, 95% CI 0.7-3.4, P = .23) but the effects were 
not statistically significant. We found no evidence of non-propor-
tional hazards in any of the models (global P values .81, .67 and .78, 
respectively).

4  | DISCUSSION

The results of our study suggest that a metabolically challenged 
subgroup of individuals exists in the general hypertensive popula-
tion, characterized by elevated blood glucose and increased BMI 

(Figures 1 and 2). This group has an elevated CVD risk (Figures 3 
and 4).

Only two prior studies have assessed the unsupervised clus-
tering of hypertension. In order to identify high-risk individuals 
with hypertension, Yang et al8 performed unsupervised hierar-
chical two-step clustering on 9361 hypertensive participants of 
the randomized, controlled, open-label Systolic Blood Pressure 
Intervention Trial (SPRINT). The trial compared the effects of inten-
sive (BP target <120 mm Hg) and standard (BP target <140 mm Hg) 
BP control. Notably, individuals with diabetes were excluded from 
the trial. According to the authors, clustering variables included all 
clinically relevant baseline variables in the SPRINT trial relevant to 
hypertension, including Framingham risk score (FRS) for 10-year 
CVD risk, BMI, total cholesterol, HDL, SBP and DBP, eGFR, and 
age. The authors observed four clusters: Cluster 1 had relatively 
healthy individuals, cluster 2 individuals with slightly decreased 
eGFR, cluster 3 individuals with the highest BMI, and cluster 4 indi-
viduals with the highest FRS for 10-year CVD risk. Yang et al then 
compared the cumulative incidence of CVD outcomes between the 
four clusters with the Kaplan-Meier estimator. They defined the 
primary CVD outcome as a combination of myocardial infarction, 
acute coronary syndrome, stroke, heart failure, and death from 
CVD causes. The results showed that cluster 4 with the highest 
FRS for 10-year CVD risk also had the highest incidence of CVD 
outcomes, while the CVD risk of the other clusters did not differ 
from one another. Since all individuals with diabetes were excluded 

F I G U R E  1   Baseline characteristics of MC and non-MC clusters stratified by sex. MC and non-MC clusters consisted of 3726 individuals 
with grade 2 hypertension from FINRISK 1997, 2002, and 2007 cohorts. BMI, body-mass index (kg/m2); eGFR, estimated glomerular 
filtration rate (mL/min/1.73 m2); Glucose, standardized Z-score of either glycated hemoglobin or fasting glucose; logCRP, natural logarithm of 
C-reactive protein concentration (mg/L); MAP, mean arterial pressure (mm Hg); MC, the metabolically challenged cluster with higher blood 
glucose and BMI; non-HDLc, non-high-density lipoprotein cholesterol (mmol/L); non-MC, the non-metabolically challenged cluster with 
lower blood glucose and BMI; PP, pulse pressure (mm Hg); rAlcohol, rank-normalized alcohol
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from the SPRINT trial, it is challenging to compare the results of 
Yang et al with those from our study, as all our MC individuals had 
diabetes. In addition, inclusion of both the Framingham risk score 
and its components among the clustering variables could result in 
misclassification.

Guo et al7 recruited 513 patients with a mean age of 61 years 
to explore clinical phenotypes in patients with essential hyperten-
sion using cluster analysis. Baseline characteristics included age, sex, 
prevalence of coronary artery disease (CAD) and cerebral infarction, 
smoking, diabetes and fasting glucose, carotid plaque thickness, sev-
eral variables derived from 24-hour ambulatory BP monitoring, and 
lipids. After reducing baseline data to two dimensions with PCA, Guo 
et al applied k-means clustering and observed four clusters. Cluster 
1 (N = 172) included younger male smokers, cluster 2 (N = 70) older 
diabetic females, cluster 3 (N = 144) relatively healthy individuals, 
and cluster 4 (N = 127) all individuals with prevalent CAD. While our 
study and the study by Guo et al used a somewhat different set of 
variables, our clustering results also have similarities. The prevalence 
of diabetes was 100% in our MC cluster and 100% in cluster 2 of Guo 
et al. However, the MC cluster was 3.0% of our clustering sample, 
while cluster 2 of Guo et al was 14% of their clustering sample. The 
differences in study samples could explain some of the discrepancies 
between the current study and the one by Guo et al: They excluded 
hypertensives who were under antihypertensive treatment, while 
63% of our clustering sample were on antihypertensive medication. 
Furthermore, 41% of their study sample had had a stroke. In addi-
tion, it remains unclear why exactly four clusters were chosen as the 
optimal number of clusters.

Existing research on the pathophysiology of vascular alter-
ations supports the classification of MC as a hypertension sub-
type. Hyperglycemia leads to low-grade vascular inflammation that 
further causes endothelial dysfunction and vascular stiffening.28 
Therefore, the vascular stiffening caused by hypertension itself gets 
compounded, and the risk for the development and progression of 
CVD increases. In the Framingham Heart Study,29 having diabetes 

F I G U R E  2   Principal component analysis (PCA). The detected 
hypertension clusters are indicated by color. Positions of 3726 
individuals with grade 2 hypertension from FINRISK 1997, 2002, 
and 2007 cohorts are plotted in a plane defined by principal 
components PC4 and PC5. We chose to show these components 
as they produced the highest variance between the two clusters. 
The ellipses represent regions of highest density for each cluster. 
MC, the metabolically challenged cluster with higher blood glucose 
and body-mass index; non-MC, the non-metabolically challenged 
cluster with lower blood glucose and body-mass index; PC, 
principal component
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F I G U R E  3   Kaplan-Meier plot for 
cumulative CVD incidence plotted against 
time in years. P value for the difference 
in survival between clusters was <.0001 
(log-rank test). The study sample 
consisted of 3726 individuals with grade 
2 hypertension and 11 020 reference 
individuals from FINRISK 1997, 2002, 
and 2007 cohorts. CVD, cardiovascular 
disease; MC, the metabolically challenged 
cluster with higher blood glucose and 
body-mass index; non-MC, the non-
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was related to almost 10-fold lower odds for maintaining healthy 
vasculature in old age. MC individuals therefore potentially repre-
sent a distinct group of high-risk hypertensive individuals that could 
benefit from aggressive and tailored drug and lifestyle therapies.

The characteristics of the MC cluster resemble those of the 
metabolic syndrome (MetS). While MetS has many similar defini-
tions,27,30-32 they all include hyperglycemia, obesity, and elevated 
blood pressure, all of which are present in the MC cluster. In the USA 
alone, over a third of the population33 is estimated to have MetS as 
defined by the International Diabetes Federation, and it is associated 
with numerous cardiovascular complications.34 The 97% prevalence 
of MetS in the MC cluster indicates that it is likely a strict subset 
of MetS. The established research on MetS, along with the pheno-
typic separation of the MC cluster from the rest of the population 
(Figure 2), further supports the classification of the MC cluster as a 
hypertension subtype.

Although the stratified random sampling and the quantification of 
cluster quality are the strengths of our study, it also has several limita-
tions. First, our sample size, although large, is still somewhat limited. 
A direct consequence of this can be seen in Figure 3, in which the 
Kaplan-Meier curves fluctuate between years 2 and 4. This is most 
likely explained by the low number of CVD events in the MC clus-
ter during the 10-year follow-up, which renders the initial follow-up 
years particularly susceptible to random variation. Second, combining 
Z-scores from glycated hemoglobin and fasting glucose to quantify 
blood glucose is not ideal, but their moderate35 correlation of r = .58 
supports this choice. Third, self-reported alcohol intake might often 
underestimate true alcohol use. However, self-report is usually the 

only feasible option for measuring alcohol use and usually ranks the 
individuals correctly. Similarly, a self-reported survey can misesti-
mate the proportion of individuals on antihypertensive medication. 
However, we believe self-report to be a good compromise when esti-
mating the true medication use as prescribed antihypertensive drugs 
are often not purchased.36 Fourth, while two clusters were optimal, 
the silhouette widths of <0.5 do not indicate particularly strong clus-
tering,37 and the separation seen in the PCA projection (Figure 2) is 
not complete. Fifth, we recognize that in hierarchical clustering the 
choice of metric (Euclidean), linkage (Ward2), and variable transfor-
mations (normalization and standardization) greatly affect the results. 
However, we find our choices to be the most appropriate for a noisy 
dataset with continuous variables. Finally, hypertension-specific 
phenotyping—including direct measurements of the cardiovascular 
system such as echocardiography, ECG, or assessment of arterial 
stiffness—could have improved cluster quality.

In conclusion, we used unsupervised hierarchical clustering to 
uncover a metabolically challenged subgroup of hypertensive indi-
viduals in the general population. The subgroup has a high risk for 
incident CVD and is characterized by high blood glucose and BMI. 
Stratification of hypertensive patients more strictly by metabolic 
status could help tailor and target early treatment to patients who 
would benefit most from it, thereby allowing for a more precision 
medicine approach. More studies are therefore needed to examine 
if hypertension care in MC patients should markedly differ from 
their counterparts in terms of treatment targets and modalities. 
In addition, more studies focused on hypertension clustering with 
data on hypertension-specific phenotyping of the cardiovascular 

F I G U R E  4   Hazard ratios with 95% confidence intervals for CVD incidence associated with age, sex and cluster in the full Cox regression 
model. The study sample consisted of 3726 individuals with grade 2 hypertension and 11 020 reference individuals from FINRISK 1997, 
2002, and 2007 cohorts. CVD, cardiovascular disease; HR, hazard ratio; MC, the metabolically challenged cluster with higher blood glucose 
and body-mass index; non-MC, the non-metabolically challenged cluster with lower blood glucose and body-mass index. *Here the non-MC 
cluster was used as the reference group
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system, and discovering optimal therapies for these clusters, are 
needed.
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