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a b s t r a c t 

Objective: The 2018 American Heart Association/American College of Cardiology (AHA/ACC) Blood Cholesterol 
Guideline recommendation to classify patients with atherosclerotic cardiovascular disease (ASCVD) as very high- 
risk (VHR) vs not-VHR (NVHR) has important implications for escalation of medical therapy. We aimed to define 
the prevalence and clinical characteristics of these two groups within a large multi-state healthcare system and 
develop a simpler means to assist clinicians in identifying VHR patients using classification and regression tree 
(CART) analysis. 

Methods: We performed a retrospective analysis of all patients in a 28-hospital US healthcare system in 2018. 
ICD-10 codes were used to define the ASCVD population. Per the AHA/ACC Guideline, VHR status was defined 
by ≥ 2 major ASCVD events or 1 major ASCVD event and ≥ 2 high-risk conditions. CART analysis was performed 
on training and validation datasets. A random forest model was used to verify results. 

Results: Of 180,669 ASCVD patients identified, 58% were VHR. Among patients with a history of myocardial 
infarction (MI) or recent acute coronary syndrome (ACS), 99% and 96% were classified as VHR, respectively. 
Both CART and random forest models identified recent ACS, ischemic stroke, hypertension, peripheral artery 
disease, history of MI, and age as the most important predictors of VHR status. Using five rules identified by 
CART analysis, fewer than 50% of risk factors were required to assign VHR status. 

Conclusion: CART analysis helped to streamline the identification of VHR patients based on a limited number 
of rules and risk factors. This approach may help improve clinical decision making by simplifying ASCVD risk 
assessment at the point of care. Further validation is needed, however, in more diverse populations. 
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The 2018 American Heart Association/American College of Cardi-
logy (AHA/ACC) Blood Cholesterol Guideline recommends risk strati-
cation of patients with clinical atherosclerotic cardiovascular disease
ASCVD) to identify those at very high-risk (VHR) for future events ( 1 ).
HR is defined as having a history of two or more major ASCVD events
recent acute coronary syndrome (ACS), history of myocardial infarction
MI), ischemic stroke or symptomatic peripheral artery disease (PAD))
r 1 major ASCVD event and two or more high-risk conditions (age ≥ 65
ears, diabetes, hypertension, smoking, familial hypercholesterolemia,
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hronic kidney disease, congestive heart failure, persistently elevated
ow density lipoprotein cholesterol (LDL-C), or prior coronary artery
evascularization). Because lower levels of LDL-C correlate with reduced
urden of atherosclerosis and better outcomes in secondary prevention
f cardiovascular disease ( 2 ), high (or maximal) intensity statin therapy
s recommended for all ASCVD patients. Guidance is further provided
bout the role of non-statin therapy in those with a persistent LDL-C
evel ≥ 70 mg/dL; however, the strength of recommendation and the
hoice of therapies (e.g., ezetimibe, PCSK9 inhibitor) vary among those
elt to be VHR vs not-VHR (NVHR). 
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Table 1 

Patient Demographics. 

Variable Overall NVHR VHR 

Patients, n (%) 180,669 75,545 (41.8) 105,124 (58.2) 

Age, years 72 ± 13 70 ± 13 73 ± 12 

Age ≥ 65 134,391 (74) 51,955 (69) 82,436 (78) 

Sex, male 99,365 (55) 41,158 (54) 58,207 (55) 

Race 

White 152,925 (92) 64,945 (93) 87,980 (91) 

Black / African American 4742 (3) 1453 (2) 3289 (3) 

Asian 5464 (3) 2170 (3) 3294 (3) 

Other ∗ 3057 (2) 1165 (2) 1892 (2) 

Hispanic/Latino 10,226 (6) 3558 (5) 6668 (6) 

Data presented as n (%) of patients or mean ± SD. 
NVHR = not very high-risk, VHR = very high-risk. 
∗ Native Hawaiian/Pacific Islander and American Indian/Alaska Native. 
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Given the number of factors to consider when assessing VHR status,
t may well go unassigned in busy hospital or clinic settings. For some
linicians, this may be related to challenges in easily accessing relevant
ata at the point of care. It is also not clear whether redundancy exists
mong the 13 factors identified. Machine learning (ML) appears to be
 useful approach to help address this, having previously been shown
o improve classification based on guideline recommendations ( 3-5 ). In
articular, a tree-based method represents a useful framework for risk
lassification ( 6 ). Accordingly, we sought to a) define the clinical char-
cteristics of VHR and NVHR patients within a large multi-state health-
are system and b) develop a simpler means for assigning patients to one
f these two groups utilizing classification and regression tree (CART)
nalysis. 

ethods 

We performed a retrospective analysis of electronic health record
EHR) data from 28 hospitals in a large multi-state healthcare system in
he western US. Patients aged ≥ 18 years with clinical ASCVD and at least
ne lipid panel with triglycerides < 400 mg/dL between January 1, 2018
nd December 31, 2018 were included. Clinical ASCVD was defined by
he presence of one or more related ICD-10 codes (Supplemental Ap-
endix) in the patient’s history or problem list. For patients identified
ith ASCVD in 2018, the history and problem list was back-checked

hrough October 1, 2015 (the start of ICD-10 codes), to capture diagno-
is codes and social history relevant to VHR status. Outpatient encounter
ata was the primary data source, with hospital data included for iden-
ification of high-risk conditions. If multiple lab values were available,
nly the most recent was used. 

VHR status was defined by ≥ 2 major ASCVD events (ACS during
018, history of MI prior to 2018, ischemic stroke at any time, or symp-
omatic PAD at any time) or 1 major ASCVD event and ≥ 2 high-risk con-
itions (age ≥ 65 years, diabetes, hypertension, smoking, familial hyper-
holesterolemia, chronic kidney disease, congestive heart failure, persis-
ently elevated LDL-C, or prior coronary artery revascularization). For
moking status, data from the patient’s most recent social history was
sed. Chronic kidney disease was defined by an estimated glomerular
ltration rate (eGFR) of 15–59 mL/min/1.73m 

2 . Persistently elevated
DL-C was defined by an LDL-C ≥ 100 mg/dL while on statin therapy
nd ezetimibe in 2018. Patients not meeting the above criteria for VHR
tatus were classified as NVHR. This study was approved by the Prov-
dence St. Joseph Health institutional review board, with waiver of in-
ormed consent. Aggregate data used in this study are available from
he corresponding author upon reasonable request. 

Patient demographics and data related to the 13 factors used to de-
ne VHR status were compared for VHR and NVHR patients. Categorical
ariables were described using frequencies and percentages. Continuous
ariables were described using means and standard deviations (SD). 

To better identify the clinical and demographic factors associated
ith VHR status, a CART analysis was performed with VHR status as the
rimary outcome. The model selects a) variables most greatly associated
ith the outcome of choice and b) the preferred splitting point among
ll values to best classify observations into groups. For each subgroup,
ne additional splitting variable and point were chosen for evaluation.
his process branches out continuously to reveal potential interactions,
ltimately summarizing combinations of factors into an easily visual-
zed tree-like plot ( 7 , 8 ). In our CART analysis, patients were randomly
ssigned equally into a training and testing set. The model was devel-
ped using the training set, and the resulting tree structure was eval-
ated using the testing set. A confusion matrix of actual and predicted
HR status was made to calculate sensitivity, specificity, and the ratio
f misclassified individuals over the testing dataset. 

Since results of the CART analysis were based on building a single
ree, we also employed a random forest method to ensure that the CART
ariables selected were also important by alternative means. A random
orest is built using a collection of random sampled trees ( 9 , 10 ) and does
ot yield the same tree-structure seen with a CART analysis. Instead, it
roduces a variable importance (VI) index for each variable that is com-
uted based on an increase in misclassification when a given variable is
xcluded from the model. The VI indices can be used to rank the impor-
ance of variables relative to the outcome. Variables considered in both
odels included age, sex, race, ethnicity, and each of the VHR criteria.
he primary outcome for both models was VHR classification. Model
erformance was evaluated using area under the curve (AUC) and mis-
lassification rates. 

The following variables had missing data: race ( n = 14,481), ethnic-
ty ( n = 66), and sex ( n = 1). CART and random forest model analyses
ere performed using “party ” package in R (Version 3.6.1). All other
nalyses were conducted using SAS Enterprise Guide 7.1 (SAS Institute
nc., Cary, NC, USA.). 

esults 

A total of 180,669 patients with ASCVD were identified, with
05,124 (58.2%) classified as VHR and 75,545 (41.8%) classified as
VHR. The mean age and sex for these two groups were 73.1 ± 11.9
ears, 55% male and 70.1 ± 13.4 years, 54% male, respectively
 Table 1 ). Of the 105,124 VHR patients, 44,374 (42.2%) had two or
ore major ASCVD events and 60,750 (57.8%) had one major ASCVD

vent plus ≥ 2 high-risk conditions. 
Among VHR patients, 47% had a recent ACS, 38% had a history

f MI, 42% had an ischemic stroke, and 27% had symptomatic PAD
 Table 2 ). The most prevalent high-risk conditions for those in this group
ere hypertension (88%), age ≥ 65 years (78%), diabetes (39%), and

urrent smoking (37%). Patients with a recent ACS or prior history of
I were classified as VHR 96% and 99% of the time, respectively. 

Of note, a sizable percentage of patients classified as VHR had one
ajor ASCVD event plus two (18.4%), three (19.7%), or four (12.8%)
igh-risk conditions ( Table 3 ). In contrast, the overwhelming major-
ty (87.2%) of those classified as NVHR had no major ASCVD event.
n this latter group, however, it was not uncommon for one (11.4%),
wo (22.3%), or three (24.1%) high-risk conditions to be found. 

Patients with one major ASCVD event were classified as NVHR if
hey had < 2 high-risk conditions. Most commonly, this included pa-
ients with ischemic stroke and no high-risk conditions (24.2%); these
atients, however, represented only 3.1% of the NVHR group overall
 Table 4 ). Instead, this population was largely made up of patients with
SCVD, but no major ASCVD event. This usually included patients with
) atherosclerotic heart disease of the native coronary artery without
ngina (36.2%), b) transient ischemic attack (TIA) (12.6%), c) other
orms of cerebrovascular disease (6.8%), or d) other forms of coronary
rtery disease with coronary revascularization (6.6%) ( Table 5 ). 

After assigning patients to the training ( n = 90,334) and testing
 n = 90,335) datasets, recent ACS, ischemic stroke, hypertension, PAD,
istory of MI and age were identified as the most important predictors
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Table 2 

Clinical Differences Between Very High-risk (VHR) and Not-VHR (NVHR) ASCVD Groups. 

Variable Overall population ( n = 180,669) NVHR ( n = 75,545) VHR ( n = 105,124) % with event or condition that are VHR 

Major events 

Recent ACS 51,111 (28) 1880 (2) 49,231 (47) 96 

History of MI 40,444 (22) 227 (0.3) 40,217 (38) 99 

Ischemic stroke 49,305 (27) 5539 (7) 43,766 (42) 89 

Symptomatic PAD 30,010 (17) 2070 (3) 27,940 (27) 93 

High-risk conditions 

Age ≥ 65 years 134,391 (74) 51,955 (69) 82,436 (78) 61 

FH 3840 (2.1) 1357 (1.8) 2483 (2.4) 65 

Previous coronary revascularization ∗ 23,181 (13) 8500 (11) 14,681 (14) 63 

Diabetes Mellitus 61,293 (34) 20,509 (27) 40,784 (39) 67 

Hypertension 145,677 (81) 53,083 (70) 92,594 (88) 64 

Chronic kidney disease 62,144 (34) 20,670 (27) 41,474 (39) 67 

Current smoker 59,016 (33) 20,382 (27) 38,634 (37) 65 

Persistently elevated LDL-C † 1566 (0.9) 566 (0.8) 1000 (1.0) 64 

CHF 42,694 (24) 12,480 (17) 30,214 (29) 71 

Data presented as n (%) or %. 
ASCVD = atherosclerotic cardiovascular disease, ACS = acute coronary syndrome, CAD = coronary artery disease, CHF = congestive heart failure, FH = familial 
hypercholesterolemia, LDL-C = low-density lipoprotein cholesterol, MI = myocardial infarction, NVHR = not very high-risk, PAD = peripheral arterial disease, 
TIA = transient ischemic attack, VHR = very high-risk. 

∗ History of percutaneous coronary intervention or coronary artery bypass graft surgery. 
† Presence of statin, ezetimibe, and LDL ≥ 100 mg/dL. 

Table 3 

Combinations of Major ASCVD Events and Conditions. 

# Major ASCVD Events # High-risk Conditions 

0 1 2 3 4 5 6 7 

VHR Patients 

1 – – 18.4 19.7 12.8 5.4 1.4 0.2 

2 0.8 2.9 6.3 8.2 7.6 4.6 1.6 0.3 

3 0.1 0.3 1.0 2.1 2.5 2.0 0.8 0.2 

4 0 0.01 0.1 0.2 0.3 0.3 0.2 0.04 

NVHR Patients 

0 3.6 11.4 22.3 24.1 16.2 7.4 1.9 0.3 

1 5.0 7.8 0 0 0 0 0 0 

Data presented as % of the VHR or NVHR group. 
Abbreviations as in Table 2 . 

Table 4 

NVHR Patients with 1 Major ASCVD Event: Top 10 Combinations. 

Major Events High-risk Conditions N (% of those with 1 major event ∗ ) % of NVHR group 

Ischemic stroke None 2349 (24.2%) 3.1% 

Ischemic stroke Hypertension 1307 (13.5%) 1.7% 

Ischemic stroke Age ≥ 65 1067 (11.0%) 1.4% 

Recent ACS ∗ None 792 (8.2%) 1.0% 

Symptomatic PAD Age ≥ 65 732 (7.5%) 1.0% 

Symptomatic PAD None 609 (6.3%) 0.8% 

Recent ACS ∗ Hypertension 478 (4.9%) 0.6% 

Symptomatic PAD Hypertension 447 (4.6%) 0.6% 

Ischemic stroke Current smoker 422 (4.3%) 0.6% 

Recent ACS ∗ Age ≥ 65 260 (2.7%) 0.3% 

Abbreviations as in Table 2 . 
∗ N = 9716 patients who are NVHR + 1 major ASCVD event. 
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f VHR status ( Fig. 1 ). Using this approach, we identified five groups
ith high likelihood of VHR status in the training dataset: 1) patients
ith recent ACS (96% VHR), 2) patients without recent ACS but with is-

hemic stroke and hypertension (96% VHR), 3) patients without recent
CS or stroke but with PAD (90% VHR), 4) patients without recent ACS,

schemic stroke, or PAD but with prior MI (92% VHR), and 5) patients
ithout recent ACS or hypertension but with ischemic stroke and age
ver 65 years (72% VHR). When we classified patients in the valida-
ion set as VHR using these five rules, the CART model was associated
ith a sensitivity, specificity, positive predictive value, negative predic-

ive value and misclassification rate of 99.5%, 91.3%, 94.1%, 99.3% and
.9%, respectively. Similar findings were observed with the random for-
 t  
st model, where the most important VI index predictors (from highest
o lowest) were ischemic stroke, recent ACS, PAD, history of MI, hyper-
ension, and age (Supplemental Figure 1). The AUC for the CART and
andom forest models were 0.949 and 0.968, respectively. 

iscussion 

While risk assessment represents a critical step in primary prevention
f ASCVD ( 11 ), it has received appreciably less attention in secondary
revention. In spite of efforts to match the intensity of LDL-C reduction
o the baseline risk of an individual ( 12 ), key lipid quality measures in
his population largely employ a “one size fits all ” approach ( 13 , 14 ).



A. Sajja, H.-F. Li, K.J. Spinelli et al. American Journal of Preventive Cardiology 7 (2021) 100187 

Table 5 

NVHR Patients with 0 Major ASCVD Events: Top 10 Diagnoses. 

ASCVD category N (% of those with 0 major events ∗ ) % of NVHR group 

Other CAD 28,315 (43.0%) 37.0% 

Atherosclerotic heart disease of native coronary artery without angina pectoris (I25.1) 27,719 (97.9%) 36.2% 

Chronic ischemic heart disease, unspecified (I25.9) 804 (2.8%) 1.1% 

Coronary atherosclerosis due to calcified coronary lesion (I25.84) 527 (1.9%) 0.7% 

Atherosclerosis of coronary artery bypass graft w/o angina (I25.810) 468 (1.7%) 0.6% 

Coronary atherosclerosis due to lipid rich plaque (I25.83) 337 (1.2%) 0.4% 

TIA 9654 (14.7%) 12.6% 

Other cerebrovascular disease 5166 (7.9%) 6.8% 

Other CAD + coronary revascularization 5036 (7.7%) 6.6% 

Other CAD + stable angina 3193 (4.9%) 4.2% 

Other arterial revascularization 2561 (3.9%) 3.4% 

Stable angina 2341 (3.6%) 3.1% 

Other CAD + other cerebrovascular disease 1904 (2.9%) 2.5% 

Other CAD + TIA 1388 (2.1%) 1.8% 

Other CAD + coronary revascularization + stable angina 1251 (1.9%) 1.6% 

Abbreviations as in Table 2 . 
∗ N = 65,829 patients who are NVHR + 0 major ASCVD events. 

Fig. 1. Classification and Regression Tree for Prediction of 
ASCVD Patients at Very High Risk: Recent ACS, ischemic 
stroke, hypertension, PAD, history of MI, and age were 
identified as the most important predictors of VHR status. 
Percentage of patients classified as VHR and sample sizes 
are given below the bars. 
ASCVD = atherosclerotic cardiovascular disease, 
ACS = acute coronary syndrome, MI = myocardial 
infarction, NVHR = not very high-risk, PAD = peripheral 
arterial disease, VHR = very high-risk. 
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 significant attempt to move beyond this took place with the 2018
HA/ACC Blood Cholesterol Guideline, where it was recommended that
atients with ASCVD be further classified as VHR vs NVHR. 

Using criteria recommended in the 2018 Blood Cholesterol Guide-
ine, more than half (58%) of adults with ASCVD in the current study
ere classified as VHR. This rate is higher than that previously noted in
 2014–2015 analysis from the Veteran Affairs healthcare system (43%)
 15 ); however, this may be related to differences in the populations stud-
ed. In contrast, a very similar rate of VHR patients was observed in
 2016 analysis of a large commercial and Medicare health insurance
atabase (MarketScan) (55%), which interestingly had a low rate of pa-
ients from the western US (6%) ( 16 ). 

Efforts focused on identifying VHR patients to date have largely high-
ighted significant gaps in care. In the aforementioned Veterans Affairs
tudy, only 35% of VHR patients were receiving high-intensity statin
herapy, 2% were on ezetimibe, and 67% had an LDL-C ≥ 70 mg/dL
 15 ). Similar findings were noted in the MarketScan database, where
nly 35% of VHR patients were receiving high-intensity statin therapy,
% were on ezetimibe, and 67% had an LDL-C ≥ 70 mg/dL ( 16 ). While
ot unique to VHR patients, a 2019 analysis of 2.6 million all-comer AS-
VD patients in the NCDR PINNACLE registry demonstrated that 53%
ad never received lipid lowering therapy and among those on statin
herapy (of any intensity), 68% had a LDL-C ≥ 70 mg/dL ( 17 ). Recently,
n a 2020 analysis performed by Colantonio et al., authors also reported
arked under-utilization of lipid lowering therapies in patients with
AD, coronary heart disease, and cerebrovascular disease ( 18 , 19 ). In
hat study, approximately 50% of patients with coronary heart disease
nd only one third of patients with PAD were on a statin. 

Acknowledging that a number of factors likely contribute to marked
nderutilization of appropriate LDL-C lowering therapy in those with
SCVD ( 20–24 ), efforts to simplify personalized risk assessment may
till be key. To this end, we utilized a CART analysis to identify ma-
or drivers of VHR status, and in the process, created simple rules to
elp guide treatment decision-making. Use of this approach allowed us
o assess many levels of interactions between variables, as well as the
mpact of independent variables ( 7 , 25 ). Moreover, it allowed identifi-
ation of interactions to be automated. Importantly, it also obviated the
eed to create frequency tables that include all of the risk factors and
ossible combinations for VHR and NVHR patients alike. Finally, it al-
owed for accommodation of larger samples with missing data, without
osing power ( 26 , 27 ). 

We believe that this CART-based approach provides a simplified
eans to guide risk assessment in secondary prevention. This is not a

rivial issue, given the underutilization of known risk-reducing interven-
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ions in those with ASCVD ( 28 ), the significant residual risk faced by
atients with ASCVD treated with high-intensity statin therapy ( 29 , 30 ),
nd the role risk plays in determining the cost-effectiveness of non-statin
herapies ( 31 , 32 ). Simply embedding these rules into an EHR system
ithout further vetting is likely to fall short ( 33 ). Nonetheless, there

s a need to simplify the decision-making process for busy clinicians
t the point of care, where risk assessment in secondary prevention is
requently underutilized. Future work should explore design and imple-
entation of an EHR- or application-based tool, where clinicians may

e guided by characteristics outlined in Fig. 1 to identify VHR patients.
Even for those with ASCVD initiated on appropriate LDL-C lower-

ng therapy, adherence remains suboptimal ( 20 , 34 , 35 ). This, in part, is
ikely related to how risk is communicated by clinicians and ultimately
erceived by patients ( 36 , 37 ). Prior studies have reported that those at
HR have approximately three times greater chance of developing fu-

ure ASCVD events compared to those considered NVHR ( 16 , 38 ). Our
esults suggest that those classified as VHR using the five rules identi-
ed by our CART analysis leads to a low misclassification rate (3.9%),
ith less than half of the previously identified risk factors being consid-

red. Of interest are the high-risk conditions that were not selected by
he CART analysis (diabetes, smoking, familial hypercholesterolemia,
hronic kidney disease, congestive heart failure, persistently elevated
DL-C, and previous coronary artery revascularization). While our study
uggests these conditions do not need to be as strongly considered when
valuating ASCVD patients for VHR status, further validation is needed
n more diverse populations, where the validity is currently unknown. 

Our study has several limitations. First, patients in this study were
isproportionately white and non-Hispanic. While race and ethnicity
ere not included in the AHA/ACC Blood Cholesterol Guideline as a
eans to define risk status, it remains unknown whether the same dis-

ribution of risk would have been observed in patients with greater
acial and ethnic heterogeneity. Second, indices related to socioeco-
omic and insurance status, as well as medication (e.g., statin, ezetim-
be, and PCSK9 inhibitor) utilization were not available. This data would
ave been particularly helpful in clarifying the magnitude and potential
nderpinnings of care gaps. Third, while all patients in the dataset had
heir EHR queried, newer patients to the healthcare system may have
ad less complete documentation. Fourth, ICD-10 codes used to assess
HR status were derived from outpatient encounters and could not be

ied directly to index hospitalizations. Fifth, while rules generated by
he CART analysis provide an easy means to assess VHR predictors, it
s limited by instability, such that small changes in partitioning can re-
ult in different tree structures. We attempted to overcome this, though,
hrough inclusion of a random forest model which selected the same set
f predictors. While the single tree developed from the CART analysis is
upported by 500 trees from the random forest model, further validation
s needed to confirm our model. Lastly, we did not assess the impact of
he CART analysis on use of specific LDL-C lowering therapies. Accord-
ngly, it will be important for future studies to examine the impact of
his approach on treatment decisions at the point of care. 

onclusion 

Limited data currently exist on the application of the 2018 AHA/ACC
lood Cholesterol Guideline in real-world settings. More than half of
dults with ASCVD in our study met the definition of VHR, which is
onsistent with previous reports ( 15 , 16 ). In an attempt to simplify as-
ignment of VHR status, however, we showed that use of five rules iden-
ified in our CART analysis could appreciably reduce the number of risk
actors that need to be considered. Such an approach is appealing, in
art, because EHR-based tools are either not widely available or under-
tilized. By considering a more limited number of risk factors, clinicians
ay be able to better employ the mental heuristics used to quickly tab-
late VHR vs NHVR status. Such an approach simplifies ASCVD risk
ssessment and may help to streamline decision making at the point of
are. 
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