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ABSTRACT

Objective: Venous thromboembolism (VTE) is a preventable cause of hospitalization-related morbidity and mortality. VTE
prevention requires accurate risk stratification. Federal agencies mandated VTE risk assessment for all hospital admis-
sions. We have shown that the widely used Caprini (30 risk factors) and Padua (11 risk factors) VTE risk-assessment models
(RAMs) have limited predictive ability for VTE when used for all general hospital admissions. Here, we test whether
combining the risk factors from all 23 available VTE RAMs improves VTE risk prediction.

Methods: We analyzed data from the first hospitalizations of 1,282,014 surgical and non-surgical patients admitted to 1298
Veterans Affairs facilities nationwide between January 2016 and December 2021. We used logistic regression to predict
VTE within 90 days of admission using risk factors from all 23 available VTE RAMs. Area under the receiver operating
characteristic curves (AUCQ), sensitivity, specificity, and positive (PPV) and negative predictive values (NPV) were used to
quantify the predictive power of our models. The metrics were computed at two diagnostic thresholds that maximized
(1) the value of sensitivity + specificity-1; and (2) PPV and were compared using McNemar's test. The Delong-Delong test
was used to compare AUCs.

Results: After excluding those with missing data, 1,185,633 patients (mean age, 66 years; 93% male; and 72% White) were
analyzed, of whom 33,253 (2.8%) had a VTE (deep venous thrombosis [DVT], n = 19,218, 1.6%; pulmonary embolism [PE],
n =10,190, 0.9%; PE + DVT, n = 3845, 0.3%). Our composite RAM included 102 risk factors and improved prediction of VTE
compared with the Caprini RAM risk factors (AUC composite model: 0.74; AUC Caprini risk-factor model: 0.63; P < .0001).
When the sum of sensitivity and specificity-1 was maximized, the composite model demonstrated small improvements
in sensitivity, specificity and PPV; NPV was high in both models. When PPV was maximized, the PPV of the composite
model was improved but remained low. The nature of the relationship between NPV and PPV precluded any further gain
in PPV by sacrificing NPV and sensitivity.

Conclusions: Using a composite of 102 risk factors from all available VTE RAMs, we improved VTE prediction in a large,
national cohort of >1 million general hospital admissions. However, neither model has a sensitivity or PPV that permits it
to be a reliable predictor of VTE. We demonstrate the limits of currently available VTE risk prediction tools; no available
RAM is ready for widespread use in the general hospital population. (J Vasc Surg Venous Lymphat Disord 2025;13:101968.)
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Venous thromboembolism (VTE), comprised of deep
venous thrombosis (DVT) and pulmonary embolism (PE),
is @ major preventable health problem in hospitalized pa-
tients. Over one-half of all VTEs are associated with hospi-
talization, with PE being one of the leading preventable
causes of hospital mortality.' Recent data suggest that
the incidence of VTE is increasing.?“ Reduction in incident
VTE has become a national initiative, with calls for
improved screening, prevention, and treatment of VTE
coming from the National Quality Forum, Joint Commis-
sion, and the Centers for Medicare and Medicare Services.'

Prevention of VTE is predicated on accurate and reliable
assessment and stratification of risk for VTE. Several risk
assessment models (RAMs) have been developed to pre-
dict VTE. Of these, the Caprini RAM is one of the most
widely used models. The Caprini RAM calculates a risk
score for VTE from values assigned to a list of 30 VTE risk


Delta:1_given name
Delta:1_surname
Delta:1_given name
Delta:1_surname
Delta:1_given name
Delta:1_surname
Delta:1_given name
Delta:1_surname
Delta:1_given name
Delta:1_surname
Delta:1_given name
http://www.jvsvenous.org
mailto:blal@som.umaryland.edu
mailto:blal@som.umaryland.edu
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://doi.org/10.1016/j.jvsv.2024.101968
http://crossmark.crossref.org/dialog/?doi=10.1016/j.jvsv.2024.101968&domain=pdf

2 Lin et al

factors>® The risk score is then stratified into risk
categories for VTE with corresponding prophylaxis
recommendations.

Several studies have confirmed the ability of existing VTE
RAMs to effectively predict VTE in subsets of high-risk
groups such as cancer, thoracic surgery, plastic surgery, gy-
necology, and trauma patients.”"> However, few studies
have evaluated their performance in the general hospital-
ized population, where they are now being used to risk
stratify and guide decisions on VTE prophylaxis. We recently
evaluated the two most commonly used RAMs, Caprini and
Padua, and found that both models have limited ability to
predict incident VTE when applied to the general hospital
population.'* In addition, other existing VTE RAMs offer no
significant advantage over the Caprini RAM.>'®

Because high-risk patient subpopulations have higher
event rates for VTE and stronger associations between risk
factors and the outcome, models developed using these
groups are biased to perform better. Unfortunately, this
also results in poor performance when the same model is
applied to the general population, in which the event rate
for VTE is lower and there are weaker associations between
risk factors and VTE. Another reason for the poor perfor-
mance of existing models may be that the risk factors
used may not be comprehensive enough to accurately pre-
dict VTE risk and are thus more effective in the subpopula-
tions for which they were initially designed. Almost all
existing RAMs were developed by selecting a small group
of risk factors empirically, based on the individual authors’
assessment of their association with VTE. The number of
risk factors was generally restricted in an attempt to
make them user-friendly and implementable in a clinical
environment. The onset of thrombosis is complex and
muiltifactorial, such that many factors can contribute to
the overall risk for VTE. Thus, the risk factors included in
each individual RAM may be too limited to accurately pre-
dict VTE risk in the general hospital population. We posited
that, to better compute risk for VTE in the general popula-
tion, a broader set of risk factors must be included in a risk
assessment model.

We developed a new composite RAM designed to pre-
dict VTE risk within 90 days of hospital admission using
102 risk factors taken from all 23 currently available VTE
RAMs. We compared the predictive ability of our compos-
ite VTE RAM with a model using the Caprini risk factors.
Comparison metrics included the area under the
receiver-operating characteristic curve (AUC), sensitivity,
specificity, and positive predictive value (PPV) and nega-
tive predictive value (NPV) of each RAM. We hypothesized
that our composite RAM would demonstrate improved
predictive ability compared with the Caprini model risk
factors in an unselected general hospital population.

METHODS
Study design, setting, and participants. We conducted
a multicenter retrospective cohort study using data
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ARTICLE HIGHLIGHTS

- Type of Research: Multicenter retrospective cohort
study of >1 million hospitalized patients

- Key Findings: We developed a new composite risk
assessment model (RAM) for venous thromboembo-
lism (VTE) using 102 risk factors taken from the 23
currently available VTE RAMs. We improved VTE pre-
diction compared with the Caprini RAM risk factors;
however, neither the Caprini risk factors nor our com-
posite model is an effective predictor of VTE.

- Take Home Message: Combining risk factors used in
the 23 currently available VTE risk assessment
models does not offer a clinically useful stratification
tool; no available RAM is ready for widespread use in
the general hospital population.

obtained from the Veterans Affairs Informatics and
Computing Infrastructure (VINCI). VINCI is a repository
that stores all data entered in the electronic medical re-
cord used at all Veterans Affairs (VA) health care facilities
in the nation. We obtained data from all 1298 VA medical
facilities nationwide on the first admission and 90-day
follow-up of all patients aged 18 and older, between
January 2016 to December 2021. We excluded individuals
diagnosed with a VTE on admission or within 90 days
prior to admission to focus on incident VTE associated
with hospitalization. The protocol was approved by the
Institutional Review Board of the University of Maryland
and the Baltimore VA Research and Development
Committee.

Variable definitions. The primary outcome measure
was VTE diagnosed within 90 days of admission. VTE
was defined using the International Classification of Dis-
eases (ICD-10) codes that were diagnostic for DVT, PE, or
DVT with PE (Supplementary Table |, online only). The 102
independent variables used in the composite model
were selected from an aggregate list of variables taken
from all 23 existing VTE RAMs.>'7® Data describing each
admitted patients’ status in relation to the 102 inde-
pendent variables was obtained from ICD-10 codes,
Current Procedural Terminology (CPT) codes, de-
mographic data, clinical and nursing orders, laboratory
data, medications, and operating room data stored in
VINCI. Surgical patients were defined as those who had
undergone a surgical procedure during hospital admis-
sion regardless of the service they were admitted to, and
medical patients were defined as those who had not. A
total of 123 different risk factors were identified in the 23
RAMs (Supplementary Table II, online only). Of the 123
variables, 102 were used in the composite model. Among
the 21 variables that were excluded from the analysis,
primary reasons for exclusion included: (1) an excessive
number of patients were missing values for the variable,
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such that the total number of patients able to be
included in the study would be severely limited:; (2) there
was overlap with already included variables; and (3) the
variables were poorly defined. All 1,185,633 patients in our
cohort had available data for all 102 variables. The com-
plete list of variables used in the model are provided in
Supplementary Table Il (online only).

Statistical methods. To compare demographic and
clinical characteristics of the study cohort, we used the
Pearson xz test (categorical variables) and the Student
t-test (continuous variables). To generate the composite
model, 102 independent variables from the 23 RAMs
were used as the predictor variables in a logistic regres-
sion where the outcome was the development of a VTE
within 90 days of hospital admission. To generate the
model using the Caprini risk factors for comparison, the
Caprini risk factors were used as predictor variables in a
logistic regression to predict VTE within 90 days of hospi-
tal admission. Because we used only traditional statistical
modeling techniques via logistic regression in this anal-
ysis, the entire study cohort was used to both develop
and run our models. The predictive power of our com-
posite RAM and the Caprini risk factor model was quan-
tified using AUC, sensitivity, specificity, PPV, and NPV. The
AUCs of our composite RAM and the Caprini risk factor
model were compared using the Delong-Delong test.*”
The sensitivity, specificity, PPV, and NPV of the two
models were compared using McNemar's test.*® Given
the large size of the study cohort, a P value of < .001
was selected as the threshold for statistical significance.
Analyses were performed using SAS version 83 (SAS
Institute Inc).

We graphed the relationship between PPV, sensitivity,
and NPV of both models to facilitate selection of the
optimal cut-point (value separating VTE predicted to
occur vs VTE predicted not to occur). Using the graphs
for each model, we identified two distinct cut-points
and calculated the sensitivity, specificity, PPV, and NPV
at the two cut-points. The first cut-point maximized the
value of sensitivity + specificity — 1, otherwise known as
Youden's J index”; the second maximized the PPV.
Two distinct cut-points were chosen to allow for two clin-
ical interpretations of the composite RAM. Utilization of
the first approach, in which sensitivity and specificity
are given equal weight, results in a test with maximum
ability to differentiate between groups. This is because
the metric of the sum of sensitivity and specificity — 1 ap-
proaches its maximum value of 1 as the error in predic-
tion (false negatives and false positives) approaches
zero. This cut-point selection method is suitable if the
RAM is used as a screening test for VTE, where the aim
is to properly predict as many incident VTEs as possible.
The second cut-point, a diagnostic threshold maximizing
PPV, is useful if the priority is to minimize those who are
unnecessarily treated with VTE prophylaxis. The cut-
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points under each approach were generated using pre-
dicted probability values obtained from the logistic
regression function in SAS. For the first approach, the
predicted probability corresponding to the maximum
value of sensitivity + specificity — 1 was selected as the
cut-point; for the second approach, the predicted proba-
bility corresponding to the maximum PPV was selected
as the cut-point.

RESULTS

Study cohort

A total of 1,282,014 unique patients were admitted to VA
medical facilities between January 1, 2016, and
December 1, 2021 (Supplementary Fig, online only). A to-
tal of 29,554 patients were excluded due to either a diag-
nosis of a VTE at the time of admission (n = 17,474) or a
diagnosis of VTE up to 90 days prior to admission (n =
12,080). A total of 54,198 patients were excluded for
extreme variable values, including body mass index
(BMI) <15 or >60 kg/m? (n = 49,857), hospital length of
stay greater than 60 days (n = 3456), duration of surgery
greater than 10 hours (n = 847), and age less than 18 years
(n = 38). Finally, to perform a complete case analysis,
12,629 patients were excluded due to missing values for
variables used in the composite model. Following all ex-
clusions (n = 96,381; 7.5%), the final study cohort con-
sisted of 1,185,633 patients. This cohort was used to
generate and compare the composite and Caprini risk
factor models.

Demographics

The average age of the cohort was 65.8 years (Table ).
The average age was higher among patients who devel-
oped a VTE compared with those who did not (68.1 vs
65.7 years; P < .0001). Approximately 93% of the cohort
was male, and 72.1% were white. A higher proportion of
patients who developed a VTE were Black (24.6%)
compared with those who did not develop a VTE (21%)
(P < .0001). The average BMI of the cohort was 29.3 kg/
m? and was similar in those who did and did not develop
a VTE. Hospital length of stay was longer among those
who developed a VTE (7.1 days) compared with those
who did not (3.5 days; P < .0001). The cohort consisted
of 26.7% surgical patients (n = 316,354). A greater propor-
tion of medical patients developed VTE (n = 2575I;
2.96%) compared with surgical patients (n = 7502;
2.37%) (P < .0001). Those who developed a VTE had
higher rates of multiple comorbidities, including hyper-
tension, chronic heart disease, history of cancer, renal
insufficiency, and respiratory disease, as well as higher
rates of COVID-19 infection and prior VTE (P < .0001)
(Table 1). The mean Caprini score among those with
VTE (5.4) was higher than that of those without (4.8)
(P < .0001) (Table I). Of the total study population, 47%
(n = 558,674) received pharmacologic prophylaxis within
48 hours of hospital admission (Table ). A greater
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Table I. Demographic features of 1,185,633 consecutive patients’ first admission between January 2016 and December 2021

Sex® < .0001

Male 31,669 (95.2) 1,070,451 (92.9) 1102120 (93.0)

White 22,946 (69) 831,673 (72.2) 854,619 (72.1)

Native American or Pacific Islander 507 (1.5) 19,962 (1.7) 20,469 (1.7)

Other 1484 (4.5) 51,435 (4.5) 52,919 (4.5)

Hospital length of stay, days® 7.1 (8.4) 3.5 (4.7) 3.6 (4.8) < .0001

Surgical 7502 (22.6) 308,852 (26.8) 316,354 (26.7)

Comorbidities®

Chronic heart disease 7051 (21.2) 213170 (18.5) 220,221 (18.6) < .0001

History of cancer 11,705 (35.2) 323,155 (28.0) 334,860 (28.2) < .0001

Respiratory disease 12,599 (37.9) 355,172 (30.8) 367,771 (31.0) < .0001

History of VTE® 2513 (7.6) 16,831 (1.5) 19,344 (1.6) < .0001

Pharmacologic prophylaxis” 15,332 (46.1) 543342 (47.2) 558,674 (47.1) .0002

proportion of medical patients (h = 425,096; 48.9%)
received pharmacologic prophylaxis compared with sur-
gical patients (n = 133,578; 42.2%) (P < .0001).

Ninety-day Cumulative Incidence of VTE

A total of 33,253 patients developed an incident VTE
within 90 days of hospital admission (Table Il). Of these,
19,218 developed a DVT alone, 10,190 developed PE alone,
and 3845 developed a DVT with a PE.

Evaluation of predictive ability

The predictive ability of the composite model for VTE,
as measured by AUC, was higher than that of the Caprini
risk factor model (Fig 1). The AUC for the composite
model was 0.74, whereas the AUC of the Caprini risk fac-
tor model was 0.63 (P < .0001).

Relationship between test metrics
In both models (Figs 2 and 3), there was an inverse rela-
tion between PPV and NPV, and a direct relation be-

tween sensitivity and NPV. In both figures, th
maximum PPV attainable from the RAM is indicated by
the intersection of the horizontal dotted line with the
left Y-axis. This is the point at which PPV transitions
from becoming a function of NPV (each discrete value
of NPV associated with a single PPV value) to having
one value of NPV being associated with multiple values
of PPV. The PPV at this point is the approximate
maximum possible PPV of the model. In the Caprini
risk factor model, the maximum PPV was approximately
014 (Fig 2). In the composite model, the maximum
possible PPV was approximately 0.27 (Fig 3).

()
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Table Il. Ninety-day cumulative incidence of venous
thromboembolism (VTE), pulmonary embolism (PE), and
deep venous thrombosis (DVT) in 1185,633 patients’ first
admission between January 2016 and December 2021

VTE (total) 33,253 (2.8) 1,152,380 (97.2)
DVT alone 19,218 (1.6) 1166,415 (98.4)
PE alone 10,190 (0.9) 1175,443 (99.1)
PE with DVT 3845 (0.3) 1181,788 (99.7)

Predictive performance, two approaches

For each model, the sensitivity, specificity, PPV and NPV
were computed using two cut-points: (1) maximizing the
value of sensitivity + specificity — 1 (Youden'’s J index); and
(2) maximizing the PPV (Table IlI).

Approach 1, using a cut-point that maximized You-
den’s index (sensitivity + specificity — 1). The sensi-
tivity of the composite model (0.66) was higher than
that of the Caprini risk factor model (0.58). The specificity
of the composite model (0.69) was also higher than that
of the Caprini risk factor model (0.61). The NPV of both
models was very high (composite model, 0.99; Caprini
risk factor model, 0.98). PPV was low for both models,
but slightly higher in the composite model (0.06),
compared with the Caprini risk factor model (0.04). All
metrics were compared using McNemars test and
were found to be statistically significant (P < .0001).

Approach 2, using a cut-point that maximized PPV.
The sensitivity of the composite model (0.01) was lower
than that of the Caprini risk factor model (0.07). The
specificity for both models was 0.99, and the NPV of
both models was 0.97. The PPV of the composite model
(0.27) was higher than that of the Caprini risk factor
model (0.13). All metrics were also compared using
McNemar's test and resulted in a significant P value <
.0001.

DISCUSSION

Using 102 risk factors obtained from the 23 existing risk
assessment models predicting incident VTE and data
from a large cohort of general, unselected hospital
admissions to all VA facilities across the country, we con-
structed a new composite RAM predicting incident
90-day VTE. The composite RAM demonstrated improve-
ments in predictive ability for incident VTE compared
with the model using Caprini risk factors. The AUC of
the composite RAM was higher than that of the Caprini
risk factor model.

We evaluated the sensitivity, specificity, NPV, and PPV of
our models using two different cut-points—one maxi-
mizing Youden's J index, and another maximizing PPV.
Compared with selecting one approach only, this
permitted a more comprehensive analysis of our model,
focusing on two different clinical perspectives. The cut-
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point derived from maximizing Youden's J index maxi-
mizes sensitivity and specificity and is relevant if the
model is to be used as a screening tool. The cut-point
derived from maximizing PPV is relevant if the clinical
priority is to reduce individuals who are falsely diagnosed
with VTE and may unnecessarily receive prophylaxis.

When the criterion of maximizing the value of Youden’s J
index (the sum of sensitivity and specificity — 1) was used in
selecting the cut-point, all test metrics of the composite
RAM (sensitivity, specific, NPV, and PPV) were improved
compared with the Caprini risk factor model. However,
the improvement is limited; the composite RAM demon-
strates low sensitivity, specificity, and PPV, posing a signif-
icant limitation to its clinical utility. When the cut-point is
selected to maximize PPV, although the specificity and
NPV are high and the PPV is improved for both RAMs,
the sensitivity and PPV are unacceptably low in both.
Considering the graphical representation of sensitivity,
PPV, and NPV for each of these RAMs (Figs 2 and 3) and
the inverse relationship between PPV and sensitivity,
these findings are not unexpected. Thus, although the
composite RAM modestly improved PPV and sensitivity
compared with the Caprini risk factor model, neither
model has a PPV or sensitivity that permits it to be consid-
ered a clinically useful predictor of VTE.

The 102 variables used in the composite model are all
risk factors for VTE that have been included in the 23

1.00
Composite RAM
075
CapriniRAM
2
2 050
K7
c
Q
(%]
0.25
Model AUC SE 95% ClI
Caprini 0.63 0.002  (0.63, 0.64)
Composite 0.74 0.001  (0.74,0.74)
0.00 p value <0.0001
0.00 025 0.50 0.75 1.00
1 - Specificity

Fig 1. Receiver operating characteristic curves comparing
prediction of cumulative incidence of venous thrombo-
embolism (VTE) 90 days after hospital admission in
1,185,633 patients’ first admission between January 2016
and December 2021. Inset table: Comparison of area un-
der the receiver operating characteristic curve (AUC) of the
Caprini risk factor model vs the composite model. P value
generated using the Delong-Delong test. Cl, Confidence
interval; RAM, risk assessment model; SE, standard error.
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Fig 2. Relationship between sensitivity, positive predictive value (PPV), and negative predictive value (NPV) for the
Caprini risk factor model. Blue line: PPV vs NPV; red line: sensitivity vs NPV. Crossed dotted lines indicate the

maximum possible PPV from this model, ~0.14.

existing VTE RAMs, each of which has been believed to
be an important risk factor for VTE by its authors. When
these individual VTE RAMs are applied to the specific
high-risk populations that were used to develop the
RAMs, they show high predictive ability for VTE. Although
this is good to know, federal agencies mandate risk strat-
ification of the entire general hospital admission popula-
tion. The current response has been to use these same

RAMs that were built for high-risk populations in the
general population. Our results show that these RAMs
are not effective in the general population.

It may be suggested that the results of our analysis are
limited by the exclusion of patients with extreme or
missing variable values, as well as the exclusion of 21 of
the possible total of 123 risk-factors. Of the total original
cohort of 1282014 patients, 66,827 patients (5.2%) were

0.4 °- 1.0
Sensitivity vs. NPV
0.8
0.3
0.6 2>
=
a =
a 0.2 g
[
w
0.4
0.1
0.2
PPV vs. NPV
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0.975 0.980 0.985 0.990 0.995 1.000
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Fig 3. Relationship between sensitivity, positive predictive value (PPV), and negative predictive value (NPV) for the
composite model. Blue line: PPV vs NPV; red line: sensitivity vs NPV. Crossed dotted lines indicate the maximum

possible PPV from this model, ~0.27.
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Table lll. Comparison of predictive performance of the Caprini risk factor model vs composite risk assessment model (RAM)
in 1,185,633 patients’ first admission between January 2016 and December 2021

Composite 0.74 0.66 0.69 0.99 0.06 0.01 0.99 0.97 0.27
Caprini risk factors 0.63 0.58 0.61 0.98 0.04 0.07 0.99 0.97 0.13
P-value < .0001 < .0001 < .0001 < .0001 < .0001 < .0001 < .0001 < .0001 < .0001

AUC, Area under the receiver operating characteristic curve; NPV, negative predictive value; PPV, positive predictive value; Sen, sensitivity: Spec,

specificity.

P-value for AUC computed using Delong test, P-values for Sen, Spec, PPV, NPV computed using McNemar's test.

excluded for extreme or missing variable values. Although
it is possible that these patients are significantly different
from the remainder of the study cohort such that their in-
clusion would have changed the results of the analysis,
this is unlikely. An analysis of the demographic character-
istics of the overall study population prior to any exclu-
sions yielded very similar results compared with the
demographic characteristics seen in the analysis cohort
alone. It may also be argued that incorporating the
excluded risk factors could have improved the predictive
ability of the model. Although this is possible, we believe
that for use in a general, unselected population, the exclu-
sion of these variables had minimal impact on the final
model. This is because several of the excluded factors
are highly specific to certain subpopulations—the vari-
ables of ‘injury severity score’ and ‘serious trauma’ are
only relevant to those who had sustained traumatic in-
juries, whereas the variables for various preoperative labo-
ratory values are only relevant to those who had
undergone surgery. Other excluded risk factors, such as
D-dimer and fibrinogen, are laboratory values that are
not routinely collected in the general population. These
markers are elevated as the result of a VTE and are
collected to diagnose the presence of a VTE (ie, prevalent
VTE). They are not risk factors for the development of VTE
and thus should not be included in a model designed to
predict incident VTE. The role of VTE RAMs is to predict
incident VTE and to guide prophylactic measures to pre-
vent incident VTE. Although 21 variables were excluded,
a total of 102 risk factors were included in our composite
model. This is a significant increase in the number of pre-
dictive variables compared with all existing VTE RAMs and
represents the most comprehensive model in the litera-
ture. Additionally, because data for all 102 of the variables
included in composite model were available for all
1185,633 patients in our cohort consisting of patients
across all VA facilities, we can conclude that these risk fac-
tors are being consistently collected. These factors would
be readily available for analysis in general hospitals
outside of the VA system, and appropriate for use in a
RAM being developed for general hospital populations.

Thus, the effect of these exclusions on the results of our
analysis is likely to be minimal.

Ultimately, we demonstrate that, although the com-
posite RAM does improve prediction, it is not the optimal
solution to improve VTE prediction in the general hospi-
tal population. The studies validating the Caprini and
Padua RAMs have primarily been done in highly selected
subpopulations, in which the models perform well. Our
results do not negate their use in these highly selected
subpopulations; however, the performance of these
models is poor when applied to the general population.
The composite RAM reveals that the risk factors from
those RAMs, even when aggregated into a single, more
comprehensive model, do not generate a similarly high
predictive ability when applied to an unselected general
hospital population. These results raise concerns about
the indiscriminate use of any of the available 23 VTE
RAMs in the general hospital population outside of the
high-risk categories in which the individual RAMs were
tested. For the vast majority of patients that fall outside
of those subpopulations, at present, we are just as likely
to be correct if we make prophylaxis decisions based
on clinical judgement. Although it is possible that the
poor predictive ability may still be related to other un-
known risk factors that are not being considered, it is
more likely that the limitation in predictive ability lies
with the traditional method for model development (lo-
gistic regression). These findings highlight the need for a
new approach to developing a RAM that can predict
incident VTE in the general hospital population.

A potential solution to the limited prediction of incident
VTE by existing and composite RAMs might be to divide
risk prediction into multiple, ordinal categories of progres-
sively higher risk rather than into a binary outcome, VTE
predicted to occurvs VTE predicted not to occur. However,
earlier work by our group demonstrates that this
approach has not been successful.** A review of 895 pa-
pers that cited the Caprini RAM yielded 57 that fulfilled in-
clusion criteria for a systematic review. In these studies,
there was no standardization achieved for the actual
number of categories of risk that could be defined, and
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importantly, no standardization in the cutoff scores that
could be used to define the categories of risk or the VTE
rates reported for similar risk categories. This heterogene-
ity of risk categories, cut-points for risk categories, and
varying fractions of patients in similar categories indicates
that no categorization works for all patients. Given that we
have included the collective knowledge of a diverse group
of experts in our analysis using risk factors reported by 23
different groups, it appears that a new approach to con-
structing VTE RAMs is needed.

Limitations. The generalizability of our findings may be
limited, given the use of a study population with more
males and Whites than in the general population.
Although this is a constraint inherent to the use of VA
data, the numbers of female (n = 83,513) and Black pa-
tients (n = 250,336) in our study were large, and the total
cohort of over 1 million patients represents the largest
unselected study population analyzed for VTE RAM pre-
diction to date. In excluding those diagnosed with VTE
either on admission or in the 90 days prior to admission,
we relied on accuracy of documentation regarding the
timing of diagnosis. Given the limitations of retrospective
data, we cannot account for any patients who may have
presented to the hospital with VTE but had delayed di-
agnoses. Additionally, due to the large size of our cohort
of over 1 million patients from an administrative dataset,
we relied on ICD-10 coding to define the outcome of VTE
and were unable to perform image-based verification to
cross-check the ICD coding. However, prior studies have
confirmed that administrative databases reliably identify
patients with VTE when using ICD-10 codes. One sys-
tematic review of 24 such studies showed that they have
good sensitivity and specificity for identification of VTE.**
Because our data source includes only VA records, we are
unable to account for patients who may have had a
diagnosis of VTE made at non-VA facilities. However,
most Veterans return to the VA for continued care after
acute events are diagnosed or managed at other facil-
ities; therefore, we would have identified a new ICD-10
entry once they visited a VA clinic. We were limited by
the imprecise definitions that were provided for some
variables in the original RAMs. As a result, for some vari-
ables it was necessary to use our own interpretation of
the original intent of those variables when operational-
izing them in our models. Given limitations with our
dataset, we also made slight modifications to the original
variables. For example, there were two different variables
from the original RAMs regarding transfusion; one was
defined as transfusion of >4 units of red cells in the
72 hours prior to surgery, and the other was the trans-
fusion of >4 units of red cells in the first 24 hours. Due to
lack of available information in our data regarding timing
of transfusion, we included a single transfusion variable,
defined as any transfusion during admission. Other such
modifications to the original variables are detailed in
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Supplementary Table Il (online only). Finally, although
this study generates a new composite RAM for VTE that
is better than the Caprini RAM, this model is not suitable
for clinical use, given its low sensitivity and positive pre-
dictive value. Thus, it is not suitable for use in the VA
population or in the general United States population.

CONCLUSION

Using 102 risk factors obtained from all 23 available VTE
RAMs, we improved prediction of incident VTE in a large,
national cohort of over one million general hospital ad-
missions. Neither the model generated using Caprini
risk factors nor the new composite RAM had a sensitivity
or PPV that permits them to be reliable predictors of VTE
in a population of unselected, general patients admitted
to the hospital. We therefore conclude against using a
composite RAM with 102 risk factors. It is neither prac-
tical nor clinically effective as a predictor of VTE, and a
new approach to risk stratification is needed. We demon-
strate the limits of currently available VTE risk-prediction
tools; no available RAM is ready for widespread use in the
general hospital population. For the vast majority of pa-
tients that fall outside of the high-risk sub-populations,
at present, we are just as likely to be correct if we make
prophylaxis decisions based on clinical judgement.
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