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Abstract Objective Venous thromboembolism (VTE) prophylaxis is an important considera-
tion for hospitalized older adults, and the Padua Prediction Score (PPS) is a risk
prediction tool used to prioritize patient selection. We developed an automated PPS
(APPS) algorithm using electronic health record (EHR) data. This study examines the
accuracy of APPS and its individual components versus manual data extraction.
Methods This is a retrospective cohort study of hospitalized general internal medicine
patients, aged 70 and over. Fourteen clinical variables were collected to determine their
PPS; APPS used EHR data exports from health system databases, and a trained abstractor
performedmanual chart abstractions.We calculated sensitivity and specificity of the APPS,
using manual PPS as the gold standard for classifying risk category (low vs. high). We also
examined performance characteristics of the APPS for individual variables.
Results PPS was calculated by both methods on 311 individuals. The mean PPS was
3.6 (standard deviation, 1.8) for manual abstraction and 2.8 (1.4) for APPS. In detecting
patients at high risk for VTE, the sensitivity and specificity of the APPS algorithm were
46 and 94%, respectively. The sensitivity for APPS was poor (range: 6–34%) for
detecting acute conditions (i.e., acute myocardial infarction), moderate (range: 52–
74%) for chronic conditions (i.e., heart failure), and excellent (range: 94–98%) for
conditions of obesity and restricted mobility. Specificity of the automated extraction
method for each PPS variable was > 87%.
Conclusion APPS as a stand-alone tool was suboptimal for classifying risk of VTE
occurrence. The APPS accurately identified high risk patients (true positives), but lower
scores were considered indeterminate.
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Introduction

Venous thromboembolisms (VTEs), which encompass deep
vein thrombosis and pulmonary embolism, are serious
health threats for hospitalized patients.1–6 Clinical practice
guidelines recommend the use of risk prediction tools, such
as the Padua Prediction Score (PPS), to classify riskof VTE and
select the most suitable population for anticoagulant pro-
phylaxis.6–8 Without routine use of risk prediction tools,
pharmacologic VTE prophylaxis is either under- or over-
prescribed in medically ill hospitalized patients.9–11

The PPS is calculated based on 11 clinical criteria that are
weighed and summed to a score that stratifies patients as
either high or low risk for VTE occurrence.8 To use PPS, a
clinician can use an online calculator for computation but
must input a response for each individual clinical criteria.
This can be cumbersome and disruptive to the clinical work-
flow.12,13 To facilitate the use of the PPS at the point of care,
automated algorithms can extract data already captured in
discrete fields in the electronic health records (EHRs) during
routine care. However, automated identification of PPS vari-
ables largely depends on the International Classification of
Diseases 9th/10th Revision (ICD-9/10) coding. Given that
diagnostic coding may be inaccurate or omit relevant con-
ditions,14–19 the performance of automated algorithms is
unknown.

Objective

VTE anticoagulation prophylaxis may not be beneficial or
cost-effective in all cases, andmay be inappropriately used in
some older patients. Therefore, we embarked on a larger
study to determine the magnitude and scope of inappropri-
ate use of anticoagulants for VTE prophylaxis in low risk
older adults. As part of our approach, we developed an
automated PPS (APPS) algorithm for risk stratification of
hospitalized older adults and compared it to PPS calculated
from traditional manual chart review. We examined sensi-
tivity and specificity of the APPS for VTE risk assessment and
compared it to the gold standard, manual PPS. We also
examined the sensitivity and specificity of individual clinical
diagnoses comprising the PPS to inform the development of
other automated EHR algorithms.

Methods

Study Design and Setting
This retrospective cohort study used data from patients aged
70 years or older admitted to an academic medical center’s
general medicine service over a 1-year period (January 1,
2014–December 31, 2014). We were interested in adults
over the age of 70, as they have higher frequency of comorbid-
ities andalsohavehigherbleeding risk related to anticoagulant
therapy. Thus, weighing risks and benefits of pharmacologic
VTE prophylaxis use is particularly challenging in this popula-
tion. Patient exclusion included length of stay < 24 hours and
receiving therapeutic doses of anticoagulants prior to admis-
sion, as these patients are not in need of VTE prophylaxis.

Padua Prediction Score
A PPS was calculated for all patients based on clinical and
demographic factors available from prior encounters and
within the first 24 hours of admission to coincide with the
data available to clinicians at the time they make VTE
prophylaxis decisions. Fourteen clinical variables were col-
lected for each subject to determine their PPS (►Table 1).
Individual scores were assigned based on a 20-point scoring
system of risk factors including: active cancer, previous VTE,
myocardial infarction (MI), congestive heart or respiratory
failure, trauma surgery, age � 70 years, reduced mobility,
acute infectious or rheumatologic disease, thrombophilic
condition, obesity, and hormone use (see ►Table 1). A score
of < 4 signifies that a patient is considered low risk.8

Automated Extraction of VTE Risk
Variables used to calculate the APPS were identified electro-
nically from the EHR of the academic medical center via an
administrative data portal, the Duke Enterprise for Data
Unified Content Explorer (DEDUCE). The academic medical
center’s EHR is powered by EPIC of Verona, Wisconsin,
United States. DEDUCE is a data warehouse and research
tool that provides investigator access to patient-level admin-
istrative clinical information includingmedications and clin-
ical encounters across the health system. The algorithms
were developed by a data analyst and verified by the study
team. We used the PPS validation paper as our guide for
operationalizing variables except where further interpreta-
tion was required.8 All variable definitions used criteria that
could be applied to the structured data in DEDUCE, and relied
only on the use of data elements available to providers at the
time of admission, which is typicallywhen a PPS is calculated
and clinical decisions are made about VTE prophylaxis. As
shown in ►Table 1, algorithm definitions for previous VTE,
heart failure, respiratory failure/chronic obstructive pul-
monary disease (COPD), rheumatological disorder, and
thrombophilic condition used ICD-9 diagnostic codes found
in the Admitting Diagnoses or Problem lists. Acute condi-
tions related to the current hospitalization, such as active
cancer, MI, stroke, and infection were captured using algo-
rithm definitions based on ICD-9 codes found solely in the
Admitting Diagnoses list (►Table 1). We limited the data
source to only the Admitting Diagnoses list to reduce the
possibility of capturing remote histories of cancer orMIs that
may have been left on a problem list, but were no longer
active or related to the current hospital stay. The PPS variable
“reducedmobility”was attributed to anyonewith an activity
order for bed rest within the first 24 hours of admission
(►Table 1). The variable “obesity”was ascribed to anypatient
with a body mass index of � 30 kg/m2 within 1 year of
admission or the ICD-9 code for obesity present on the
Admitting Diagnoses or Problem lists. Estrogen-based hor-
mone use was extracted from the outpatient and inpatient
pharmacyorders using therapeutic class and pharmaceutical
subclass names of estrogens, estrogen–progestin, and vagi-
nal estrogens (►Table 1). Since our sample consisted only of
patients aged 70 and older, everyone in the sample received 1
PPS point for the “age” variable. However, we could not
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Table 1 Sources and definitions of the automated Padua Prediction Score variables

Variable Scored Automated Manual

Source Definition Source

Active cancera 3 Admitting Diagnosis list in
EHR

ICD-9 149.0–172.99,
174.0–209.99

Encounter reason for
admission, admitting
physician history & physical
(H&P) admission note at time
of index hospital stay (HPI,
problem list, A/P); oncology
notes in the past 6 months

Previous VTE 3 Problem list and Admitting
Diagnosis list in the EHR

ICD-9 415.1, 415.19. 453.8,
453.9, 671.31–671.50

Encounter reason for
admission, admitting
physician H&P admission
note

Reduced mobilityb 3 Physician orders in EHR Bed rest (complete or strict),
bed rest with bathroom
privileges, bed rest with
bedside commode privileges

Physician orders in EHR

Thrombophilic
conditionc

3 Problem list and Admitting
Diagnosis list in the EHR

ICD-9 289.81 Encounter reason for
admission, admitting
physician H&P admission note

Recent trauma/
surgery

2 NA NA Surgical procedure
encounter, surgical notes,
H&P note, or surgical history
in H&P note within 30 days of
admission

Age 1 Demographics in EHR Age from date of birth Demographics in EHR

Heart failure 1 Problem list and Admitting
Diagnosis list in the EHR

ICD-9 428.x Encounter reason for
admission, Admitting
physician H&P admission note

Respiratory failure 1 Problem list and Admitting
Diagnosis list in the EHR

ICD-9 490–494.99, 496.x Encounter reason for
admission, admitting
physician H&P admission note

Acute myocardial
infarction

1 Admitting Diagnosis list in
EHR; listed as primary reason

ICD-9 410.x Encounter reason for
admission, admitting
physician H&P admission note

Acute stroke 1 Admitting Diagnosis list in
EHR; listed as primary reason

ICD-9 430–438.99 Encounter reason for
admission, admitting
physician H&P admission note

Acute infection 1 Admitting Diagnosis list in
EHR

ICD-9 1.x-136.99,
460–466.99,
480–488.99,680–686.99,
995.9, 995.90–995.94,

Encounter reason for
admission, admitting
physician H&P admission
note

Rheumatological
disorder

1 Problem list and Admitting
Diagnosis list in the EHR

ICD-9 274.9, 696,696,701.0,
715.x 725.x, 710.0–715.99,
720.x

Admitting physician H&P
admission note

Obesity 1 Problem list in EHR and BMI in
EHR vitals

ICD-9 278.x or BMI � 30 Admitting physician H&P
admission note and
admission height and weight
in EHR vitals

Hormone
treatment

1 Pharmacy orders in EHR,
outpatient and inpatient

Therapeutic class hormones,
pharmaceutical subclass
estrogens, estrogen–
progestin, vaginal estrogens

Admission medication list in
admitting physician H&P
admission note

Abbreviations: A/P, assessment and plan; BMI, body mass index; EHR, electronic health record; HPI, history of present illness; ICD, International
Classification of Disease; VTE, venous thromboembolism.
aPatients with local or distant metastases and/or in whom chemotherapy or radiotherapy has been performed in the previous 6 months.
bBed rest with bathroom privileges (either due to patient’s limitations or on physician’s order) for at least 3 days.
cCarriage of defects of antithrombin, protein C or S, factor V Leiden, G20210A prothrombin mutation, and antiphospholipid syndrome.8
dLow risk of VTE: score < 4.
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operationalize the PPS variable “recent (� 1 month) trauma
and/or surgery,” because traumawas not easily defined using
ICD-9 codes, and surgical procedures could not be efficiently
identified across all Current Procedural Terminology codes.
Therefore, this variable was not included in the APPS or
manual PPS scoring.

Manual Data Extraction of VTE Risk
A trained abstractor performed manual chart abstractions,
considered the gold standard for calculating the PPS as this
is how it was abstracted in the validation paper.8 The
abstractor was instructed to review the EHR for all PPS
comorbidity variables using structured encounter data (e.g.,
Reason for Admission and Problem Lists) and unstructured
data (e.g., documentation of present illness, assessments,
and plans found in the physician admission note). Problem
lists are updated and maintained at the system level and
autopopulated into the admission notes. To test the relia-
bility of the manual abstraction protocol, a second coder
independently verified a sample of 20 randomly selected
patient charts. All findings were recorded using the
Research Electronic Data Capture platform (REDCap Con-
sortium, Vanderbilt University, Nashville, Tennessee, United
States). This study was approved by the Institutional Review
Board.

Analysis
To describe the accuracy of the APPS, we examined the
sensitivity and specificity of the automated algorithm and
compared with the manual review. Performances of the two
methods were examined for individual variables and the
overall risk classification based on their total scores. We
calculated (1) the proportion of high risk patients according
to themanual reviewwhowere also classified as high risk by
the APPS (sensitivity), and (2) the proportion of low risk
patients according to the manual extraction method who
were also classified as low risk patients by the APPS (speci-
ficity). Because the “recent trauma or surgery” variable was
not operationalized in the automated algorithm, the overall
accuracy for the total score of the PPS was based on a
maximum possible score of 19 rather than 20. All analyses
were performed using SAS Version 9.4 (SAS Institute, Cary,
North Carolina, United States).

Results

Of the total eligible cohort (N ¼ 1,399), 400 patients were
randomly selected for manual chart review; 89 of these
patients were not eligible because they were on anticoagu-
lants upon admission, leaving n ¼ 311 patients in the ana-
lytic sample. Mean age for the sample was 80.6 years
(standard deviation [SD], 7.3); 42% were male; and 34%
were African American. Median length of stay was 4.0 days
(►Table 2). According to the manual PPS, 41% (n ¼ 129) of
patients had a total score of 4 or more and so were classified
as high risk for VTE.

The mean manually abstracted PPS and APPS were 3.6
(SD, 1.8) and 2.8 (1.4), respectively. Manual PPS identified a

higher percentage of patients at high risk for VTE compared
with APPS (41% vs. 24%, respectively). Sensitivity of the
APPS algorithm for detecting patients at high risk for VTE
was 46% (►Fig. 1); 17% of high risk patients were mis-
classified as low risk by the automated algorithm. However,
the algorithm was highly specific (94%) and rarely mis-
classified a patient at low risk for VTE as being high risk
(false positives).

The performance of individual APPS variables fluctuated.
The automated extraction had poor sensitivity (range: 6–
34%) when capturing acute conditions (MI, infection, and
active cancer; ►Fig. 1, ►Table 3). The automated extraction
had moderate sensitivity (range: 52–74%) when identifying
chronic conditions (COPD, heart failure, and rheumatological
diseases; ►Fig. 1, ►Table 3). For conditions that relied on
structured data fields (obesity and restricted mobility), the
APPS algorithm had excellent sensitivity (range: 94–98%;
►Fig. 1, ►Table 3). Specificity of the APPS algorithm was
> 87% for each PPS variable (►Fig. 1).

Discussion

In this study of 311 hospitalized older adults, an APPS had
low sensitivity but high specificity in classifying patients as
high risk for VTE. Whereas a score of 4 or more on the APPS
indicating a “high risk” patient was reliable, there were
considerable false negatives in the “low risk” group. A pre-
vious study comparing APPS to manual calculation found
observed mean scores to be slightly higher in the manual
group, although the difference was not statistically

Table 2 Characteristics of the study patients

Overall sample, n ¼ 311
Mean (SD) or n (%)

Demographics

Age 80.6 (7.3)

Gender (Male) 131 (42)

Race (African American) 105 (34)

Ethnicity (Hispanic) 2 (0.6)

Hospital characteristics

Length of stay, (days), median 4

Admission diagnosis

1. Acute infection
2. Altered mental status
3. Cardiovascular disease
4. COPD
5. Kidney failure
6. Dysphagia
7. Cancer
8. Other diagnosesa

37 (12)
28 (9)
9 (3)
9 (3)
3 (1)
50 (16)
3 (1)
171 (55)

Abbreviations: COPD, chronic obstructive pulmonary disease; SD,
standard deviation.
aExamples of other diagnoses include: gastrointestinal conditions and
symptoms, cardiac/respiratory symptoms (i.e., dyspnea, chest pain,
cough), neurological symptoms (i.e., difficulty walking, gait instability,
weakness, falls), and anemia, missing n ¼ 1.
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significant (mean score, 5.1 [SD, 2.6] vs. 5.5 [SD, 2.1], respec-
tively, p ¼ 0.073).20 That study did not report proportion of
each group that would have been identified as high or low
risk for VTE occurrence, sowe cannot compare directly to our
findings. Our primary objective was to examine how accu-
rately the automated algorithm predicted high- versus low
risk stratification of patients, as this is how the PPS is used
clinically.

Successful translation of PPS clinical criteria for use in a
subsequent EHR system requires carefully constructed vari-
able definitions, which in turn affects the sensitivity and
specificity of individual PPS items. The poor sensitivity of our
algorithm is partially explained by the reliance on diagnostic
codes and structured data from the EHR. Similar to results by
Elias et al, we found that the differences in the performance
betweenmanual and automated data extractionmethods for
the PPSwere largest among the individual variables for acute
conditions, such as active cancer, acute infection, as well as
for previous VTE.20 The automated definitions for these
variables rely heavily on diagnostic coding in the EHR. Risk
for undercoding diminishes the likelihood that automated
algorithms will capture certain PPS conditions. Previous
studies show that diagnostic coding in the EHR and admin-
istrative databases is often inaccurate, with poor sensitivity
being a particular issue.14,21–23 For example, the sensitivity
of VTE diagnosis using ICD-9/10 coding is 75%.15 With our
algorithm, 7% of patients identifiedwith no history of VTE by
the automated algorithm did have prior VTE. Constructing a
variable definition for acute infection solely using ICD-9/10
codes can also lead to miscategorization. Upon admission,
many infections are coded using symptom categories (e.g.,
fevers, shortness of breath, cough, etc.) rather than by actual
infectious conditions (e.g., urinary tract infection, pneumo-
nia, etc.).24 Errors in risk miscategorization are common

Fig. 1 Sensitivity and specificity of automated Padua Prediction Score individual variables and risk categorization. High risk, Padua Prediction
Score � 4; MI, myocardial infarction; PPS, Padua Prediction Score; VTE, venous thromboembolism.

Table 3 Comparison between the automated and manual
Padua Prediction Score

Automated PPS
extraction
N ¼ 311, n (%)

Manual PPS ex-
traction
N ¼ 311, n (%)

Active cancer 7 (2) 33 (11)

Recent trauma 32 (10)

Previous VTE 6 (2) 28 (9)

Heart failure 51 (16) 84 (27)

Respiratory
failure

63 (20) 94 (30)

Rheumatological
Illness

88 (28) 130 (42)

Thrombophilic
history

0 (0) 1 (0.3)

Obesity 143 (46) 101 (33)

Ongoing hormone
use

8 (3) 5 (2)

Acute MI 2 (0.6) 4 (1)

Acute stroke 10 (3) 3 (1)

Acute infection 71 (23) 139 (45)

Restricted
mobility

40 (13) 33 (11)

Padua Score,
mean SDa

2.8 (1.4) 3.6 (1.8)

High risk,
score � 4

75 (24) 129 (41)

Abbreviations: MI, myocardial infarction; PPS, Padua Prediction Score;
SD, standard deviation; VTE, venous thromboembolism.
aAutomated PPS out of possible 19 points, manual PPS out of possible
20 points.
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among risk instruments, with true cases often being mis-
classified as “controls.” This tends to bias the risk assessment
tools to underclassification.17,25 Both builders and users of
APPS algorithms need to be aware of individual variables that
are hard to operationalize, and of poorly sensitive items.
Efforts to improve sensitivity of automated extraction for PPS
conditions are needed that address other common reasons
why the automated algorithm did not identify the variables
with poor sensitivity. This might include using more com-
prehensive lists and combinations of diagnosis codes, other
data elements such as medications, and laboratory values,
and other extraction methods such as machine learning
algorithms. Our results suggest that the APPS rarely mis-
classifies a patient as high risk. However, otherswith an APPS
score of < 4 should be considered as indeterminate risk and
a score recalculated after clinician input of poorly sensitive
items.

The data sources used to extract variables, such as Pro-
blem Lists, Orders, or Flowsheets, also influence the accuracy
of APPS variables. For our automated algorithm, the search
for active cancer was restricted to ICD-9 codes on the
Admission Diagnoses list. This decision resulted in the auto-
mated algorithm missing almost 94% (15/16; sensitivity 6%)
of patients with active cancer. Expanding the data sources to
Problem lists would have increased the sensitivity at a
possible cost of decreased specificity. Use of other proxy
measures in the EHR, such as prescription for chemotherapy
medications in the preceding 3 months, would be another
approach to attempt to increase the sensitivity. In a second
example, the original PPS manuscript did not define “immo-
bile.”8 Our automated algorithm assigned immobility to
anyone having a bed rest order following definitions used
in previous PPS studies.26 This definition has resulted in 5 to
11% of patients being identified as immobile. If defined using
nursing documentations, such as Flowsheets, the percent of
patients classified as immobile is much higher.20 The use of
nursing documentation, however, requires sophisticated
algorithm programming which may prevent local hospitals
and health systems from implementing APPS. These exam-
ples illustrate the importance of standardizing algorithm
definitions and data sources to optimize the sensitivity
and specificity of results.

Limitations
There are several limitations of this study. The first is
generalizability; this is a single-center study and our results
are specific to an EPIC-based EHR. Second, this study uses
retrospective data; future studies will be required to test
algorithms prospectively. Third, a limitation of using only
diagnostic codes for variable definitions is the sensitivity and
specificity of the diagnostic code itself related to under-
coding (e.g., absence of a specific code does notmean absence
of the condition), or overcoding (e.g., clinicians selecting a
condition by best match to help communicate care decisions
though it may not entirely reflect the presenting condition).
Fourth, ICD-10 has now replaced ICD-9, and it is unclear
whether this will affect the results. Although the validity of
ICD-9 and ICD-10 administrative data in coding clinical

conditions was generally similar when tested in 2008, the
validity of ICD-10 codes was expected to improve as coders
gained experience with them.19 As a result, automated
algorithms like ours would be expected to perform better
using ICD-10 coding. Fifth, the variable recent trauma and/or
surgery was not included in our analysis. Future studies
should examine incorporating this variable into automated
algorithms by using proxy measures, such as admission to a
surgical or trauma service in the preceding 30 days, or
scheduled operating room times. Lastly, patients with acute
stroke and acute MI are underrepresented in our sample
because at our medical center they are admitted to subspeci-
alty services rather than to general medicine.

Implications
Our results do not support use of an APPS as a stand-alone
tool to predict VTE risk; however, the specific test character-
istics revealed (low sensitivity/high specificity) suggest the
utility of a hybrid approach combining automated and
manual data inputs. For example, PPS values that can be
extracted automatically with high reproducibility could be
autopopulated, leaving a more concise set of data values for
clinicians to extract. As an illustration of this, during the
admission order entry for a patient, a screen could be
presented to the clinician asking them to fill in PPS data
elements that the algorithm has not been able to determine,
and then proceed to calculate the PPS. Instead of having to
answer all 11 PPS variable fields, this hybrid method would
require fewer manual inputs. Alternatively, a “high risk”
designation based on the APPS could be considered action-
able, and any scores below this threshold considered inde-
terminate and in need of further clinician review. Both of
these examples could save timewhile improving recognition
of high risk individuals, because in current practice, all VTE
risk assessments and decision-making about prophylaxis are
based on clinician review. Our results suggest that the
following considerations should be made when developing
and testing PPS algorithms: (1) determine inclusion or
exclusion of diagnostic codes and their data sources (i.e.,
Problem lists, Admission Diagnosis), which can affect false
negative and false positive rates, and consider adding other
EHR data elements (i.e., medications, laboratories, notes), so
that more data can be available to an algorithm to achieve
better results; (2) create structured data fields for essential
elements of the PPS to facilitate automated extraction; and
(3) explore other methods of extraction, such as the use of
natural language processing algorithms to extract data from
texts in physician’s notes, as they contain a large part of
clinically relevant information.27 In particular, we found that
some algorithm elements, such as active cancer, previous
VTE, and acute infection, are more difficult than others to
capture.

Conclusion

The accuracy of the APPS was suboptimal as a stand-alone
tool for classifying risk of VTE occurrence. The APPS accu-
rately identified patients as high risk for VTE occurrence
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(true positives), but lower scores were indeterminate. Future
work should examine how other areas of the EHR and other
data extractionmethodswould improve the sensitivityof the
APPS. A hybrid method combining both automated and
manual data extraction methods merits further study as a
method for improving recognition of VTE risk and decision-
making around VTE prophylaxis.

Clinical Relevance Statement

Wedesigned an automated Padua Prediction Score (PPS) that
had low sensitivity but high specificity in classifying patients
as high risk for venous thromboembolism (VTE). A “high risk”
designation based on the automated PPS could be considered
actionable, and any scores below this threshold considered
indeterminate. PPS values that can be extracted automati-
cally with high reproducibility could be autopopulated,
leaving a more concise set of data values for clinicians to
review, thereby saving time while improving recognition of
high risk individuals.

Multiple Choice Questions

1. You are building an automated Padua Prediction Score
algorithm, and the variable “active cancer” needs to be
operationalized. What is the best strategy to improve the
sensitivity of the algorithm for capturing “active cancer”?
a. Manually extract information from the provider notes.
b. Use a limited and narrow list of ICD-9/10 cancer

diagnostic codes.
c. Use a proxy measure, such as orders for chemotherapy

in the prior 3 months.
d. Use dates of encounter instead of ICD-9/10 diagnostic

codes.
Correct Answer: The correct answer is option c. Previous
studies show that diagnostic coding in the EHR and
administrative databases is often inaccurate, with poor
sensitivity a particular issue.23 Use of other proxy mea-
sures in the EHR, such as prescription for chemotherapy
medications in the preceding 3months, would be another
approach to attempt to increase the sensitivity of the
variable “active cancer” (c). Manual extraction of infor-
mation can be cumbersome (a). Efforts to improve sensi-
tivity of automated extraction include using a more
comprehensive list of ICD-9/10 diagnostic codes, and
other elements of the EHR (b). Dates of encounter could
be used in addition to ICD-9/10 diagnostics rather than in
place of diagnostic codes (d).

2. Relying only on diagnostic codesmay not result in a useful
automated algorithm that provides real-time clinical
decision support. Including other types of EHR data may
improve the diagnostic accuracy. Of the following, which
is most likely to require advanced data extraction tech-
niques from which to infer diagnoses?

a. Laboratory data.
b. Medications.

c. Provider notes.
d. Vital signs.
Correct Answer: The correct answer is option c. Provider
notes would require advanced machine learning data
extraction techniques such as natural language proces-
sing. Laboratory data, medications, and vital signs can be
extracted with simpler rule-based programming algo-
rithms (a, b, d).28

3. Based on the results of this study, you are asked to build a
hybrid PPS algorithm combining automated and manual
data inputs. The strategy that will best improve adoption
of the clinical decision support (CDS) tool would be:
a. Autopopulate all variables that use diagnoses codes,

and use manual entry for variables that use orders or
medication data.

b. Make the algorithm available to clinicians by selecting
it from a menu of available tools.

c. Require clinician manual input of variables that can be
accurately obtained only from them, and automate
input of highly specific variables.

d. Require clinicians to review the accuracy of highly
specific variables identified by the automated algorithm.

Correct Answer: The correct answer is option c. Accord-
ing to Bates et al, clinical decision support tools should
anticipate needs and deliver in real time, as well as fit into
the user’s workflow.29 Therefore, making clinicians go to a
menu of available tools is a task outside of their workflow
(b). Another stated commandment is that you should ask
for information only when you really need it. Requiring
clinical manual input only for variables they can accu-
rately obtain is an example of this (c). However, manually
entering well-performing variables (a) or requiring clin-
icians to also review well-performing variables by the
automated algorithm (d) are examples of asking for
information that may not be really needed.

4. You are implementing a CDS tool in your EHR to assess
patient VTE risk. This tool has high specificity for detect-
ing high risk patients—94% of patients assigned a score� 4
are high risk. In contrast, the tool has lower sensitivity and
assigns a score of < 4 to a substantial number of high risk
patients. The best way to support users is to:
a. Report results as “high risk” or “low risk.” When a

patient is assigned a score of � 4, it automatically
places an order for VTE prophylaxis.

b. Report results as “high risk” or “low risk.” When a
patient is assigned a score of < 4, it automatically
moves to the next screen in the EHR for the clinician
to enter laboratory and diet orders.

c. Report results as “high risk” or “indeterminant.” When
a patient is assigned a score of 3, it prompts the user to
manually update specific key input variables for which
the automated algorithm has poor sensitivity.

d. Report results as “high risk” or “indeterminant.” When
a patient is assigned a score of 3, it prompts the user to
close out of the tool and calculate the VTE risk score
manually.
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Correct Answer: The correct answer is option c. As per
our results, this CDS accurately identified patients as high
risk for VTE occurrence (true positives), but lower scores
were indeterminate. Therefore, results should not be
reported as “high risk” or “low risk” (a, b). A hybrid
approach for a CDS refers to an approach by which the
values that can be extracted automatically with high
reproducibility could be autopopulated, leaving a more
concise set of data values for clinicians to extract (c). This
is also in line with the keys to a successful CDS tool.29

However, instead of having to answer 11 variable fields,
this hybridmethodwould require fewermanual inputs by
providers, and that would be meaningful in terms of
saving time (d).
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