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CCDSS In Health Policy

A HITECH act in the United States
I $27 billion (or more) to promote uptake of EMR

I Incentive $$$ for providers and institutions tied to meeting
Omeaningful used0 objectives.

I Integration of CCDSS is one of the required objectives for
Stage 1 meaningful use

0Obj ect i vilaplethehtone clinical decision support rule relevant to

specialty or high clinical priority along with the ability to track compliance
with that NXzf S ¢

A CanadaHealth Infoway
I Granted $2.1 billion since 2001 to facilitate eHealth projects,

including adoption of EMRs across Canada. ((Q
SO

I 0Generating alerts and reminder
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Primary prevention (41) 63% (26/41) 29% (4/14)
Acute care (36) 63% (22/35) 15% (3/20)
Chronic disease management (55) 54% (26/48) 31% (11/36)
Diagnostic test ordering (35) 55% (18/33) N/A

Drug prescribing (65) 64% (37/59) 21% (6/29)
Drug monitoring and dosing (33) 60% (18/30) 21% (4/19)

Implementation Sci2011: 1) Roshanov et al; 2) Roshanov et aI&Q
3) Hemenset al; 4) Souza et al; S§ahotaet al; 6)Nieuwlaatet al.



But what makes an effective system?

A Meta-regression analysis eindomized controlledrials.

A Adatabase of features and effeat$ systemslerived from 162
RCTs

A Contactedrialiststo confirm the accuracy of data and to help
prioritize features for testing.

AOTFTFSOUADSE &eéads yithatimBdids prin&rf A v ¢
(or 50% of secondary) reported outcomes of process of care or
patient health.

A Simpleand multiple logistic regression modédstest
characteristics for association with system effectiveness with
several sensitivity analyses.
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Factors previously Internal working Factors from previous
captured in our database survey group systematic reviews

Factor selection l
Consensus meeting

:

Is this factor in our database already?

No ‘ Yes
Operational definition possible?
No¢ | lYes 1
Drop Finalise operational definition in pilot test
Data extraction l No

Data extractors reliably apply definition?

l Yes

Extract new factor from 166 studies in duplicate, resolving disagreements by consensus

¢

Email authors of primary studies to confirm extraction and rank factors by importance

Factor grouping 1 y
Reported in 270% of studies?
Yes l ‘ No
Drop
Associated with effect No Ranked secondary No Prescribed
—_—

in a previous review? in author survey? secondary?

Yes l Yes l Yes * l No

Primary factor set Secondary factor set Exploratory factor set




Factor sets

PRIMARY (6 factors) SECONDARY EXPLORATORY
Authorsare the developers | Facilitatesaction Major HI institution
Automaticin workflow Evidence based advice Previously evaluated
Feedback atime of care Critiquing function Commercial product
Integratedwith EMR or CPOE Practitioners enters data  Electronic interface
Requiregeason for ignoring | After year 2000 Non-physician providers
Givesadvice to patients Advice directly to patients Periodic performancéedback

Trained users Cointervention

Local users consulted

Presents reasoning

Presents evidence
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Challenges

A Unbalanced structure/sparse data
A Small sample size

A Traditional methods may lead to biased or no
results

A Many studies conducted at the same institution
as other studies

A Missing data due to poor reporting
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Primary
Factor Set

Secondary
Factor Set

Exploratory

| Factor Set '

Multiple Imputation Analysis

y
Complete-Case Analysis

Analyze the original dataset Analyze 20 datasets imputed by CE

. - Multiple Logistic Exact Multiple . - Multiple Logistic
Hgm:gfslﬁyrl;%glsr\t;chE Regression by Logistic Regression Rgmigg)slforl;obglsr\tllliE Regression by
9 y Firth's PPL by CMLE and MUE 9 y Firth's PPL

Random-Effects
Logistic Regression by
AGQA

Combine results by Rubin's rules

Random-Effects
Logistic Regression by
AGQA

Goodness of Fit, Residuals, Influence Statistics

Predictive Performance (Sensitivity, Specificity, Accuracy)

Internal Validation on 10,000 Simulated Datasets

Final Ml Final MI
Primary Model Secondary Model

Final Final
Primary Model Secondary Model

Stratification on Methodological Factors Stratification on Methodological Factor:




Results

Factor Odds ratio 0dds ratio P value
(95% CI) (95% Cl)

Primary logistic model (148 trials)
Developed by authors - 3.52(1.34t09.27) 0.01
Advice automatically in workflow —_— 1.48 (0.62 to 3.52) 0.38
Advice at time of care . 0.61 (0.21t0 1.77) 0.35
Advice presented in electronic charting or order entry —_—— 0.33 (0.14 t0 0.76) 0.01
Provides advice for patients  Ea— 2.54 (0.98 to 6.57)  0.05
Requires reason for over-ride - 10.69 (1.87 t0 61.02) 0.001

After removal of factors with no association (150 trials)

Developed by authors - 4.35(1.66t011.44) 0.002
Advice presented in electronic charting or order entry —_— 0.37 (0.17 to 0.80) 0.01
Provides advice for patients —_— 2.77 (1.07 t0 7.17) 0.03
Requires reason for over-ride - 11.23 (1.98 t0 63.72) <0.001
0.1 1 10 100
Associated Associated

with failure with success




Stable across estimation methods

Factor

Developed by the
authors

Advice presented in
electronic charting or
order entry

Provides advice for
patients

Requires reason for
override

MLE Logistic
N=150
OR
(95% ClI)
4.65
(1.72 to 12.56)
0.36
(0.17 t0 0.79)

2.94
(1.11to0 7.87)
16.82
2.11to 134.28

Modeling method

Firth’s PPL Logistic Exact Logistic
N=150 N=150
OR OR
(95% CI) (95% ClI)
4.35 4.51
1.66 to 11.44) (1.57 to 14.43)
0.37 0.37
(0.17 to 0.80) (0.16 to 0.84)

2.77 2.87
(1.07 t0 7.17) (1.01 t0 9.02)
11.23 15.98
1.98 to 63.72 2.27 to 705.10

Random Effects Logistic
N=150
OR P
(95% ClI)

7.18

(1.47 to 34.97)
0.24

(0.07 to 0.81)

3.20
(0.93 to 11.02)
23.1
2.10 to 254.73




Why were CDSS trials with
EMR integration less likely to
demonstrate benefit?

Literature suggests alert fatigue: alerts become easy to
generate and developers less selective

>80% of alerts overridden in some studies

Irrelevant advice

I Triggers sensitive but not specific
A Sensitive: If X and Z then Y
A Specific: If X and Z and Q and R and S then Y

I Incomplete or low quality data used to trigger advice

Corroborated by the finding that demanding a reason for
override improved chances of success

I But must be cautious with this approach because can cause errors! ((Q
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Bottom Line

A National policy should not yet broadly promote simple
EHR-based electronic alerts and reminders.

A This intervention is less likely to improve health services
than some alternative approaches.

AFuture iterations of polici
and Canadian O0ClIinical Valwu
granular and consider not just use of reminders but also
iIndependent evidence of their benefit and the methods of
their delivery.

es
e 0

A There is much opportunity here to compare different
methods of decision support to learn what works in a
complex system.
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