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Overview

SafeCare study results

• How these fit with broader context

Artificial intelligence and safety 
improvement

Overarching conclusions



Results of the Harvard Medical Practice: published 1991, 1984 
data 

Take homes:
NY State rate of AE 3.2-4.2%

28% negligence
25% serious

Of the 2.6M patients in NY state 
1984, 98,000 AE and
27,000 due to negligence

Call to action: develop methods 
to reduce errors



How safe is care today? 
Results from Safe Care published January 12, 2023



Review and Adjudication Process

Bates DW et al. N Engl J Med2023;388:142-153



Differences in Adverse Events by Clinical Categories 

Category Adverse Events

Permanent 

Disability or 

Life 

Threatening

Death

Rate

Preventable/

Probably 

Preventable

Medication-related 39% (380) 2% (9) 1% (2) 27% (103)

Surgical/Procedural 30% (291) 12% (36) 1% (2) 13% (39)

Patient Care* 15% (148) 3% (5) 0% (0) 38% (56)

Healthcare Acquired Infections 

(HAI)
12% (114) 9% (10) 3% (3) 18% (20)

Perinatal/Maternal 3% (25) 8% (2) 0% (0) 8% (2)

Blood Transfusion Reaction 1% (10) 0% (0) 0% (0) 10% (1)

Total/Overall average 968 6% (62) 1% (7) 23% (221)

* Patient care includes events such as infiltrated IV’s, falls, and pressure ulcers



Inpatient Variation Exists Across Hospitals in AE Rates 

# Admissions 
in cohort

# of AEs 
identified

AE rate per 100 
admissions

% Admissions 
w/ ≥ 1 AE (n)

% Preventable or 
probably preventable 

(n)

Total: 2809 968 34 23% (655) 23% (221)

468 220 47 30% (142) 23% (50)

110 38 35 23% (25) 32% (12)

148 23 16 14% (20) 22% (5)

118 27 23 19% (22) 26% (7)

589 237 40 26% (151) 22% (53)

109 22 20 17% (18) 41% (9)

104 31 30 20% (21) 16% (5)

106 16 15 13% (14) 6% (1)

643 255 40 25% (163) 19% (49)

212 45 21 18% (39) 42% (19)

202 54 27 20% (40) 20% (11)

range 15 - 47 range 13% - 30% range 6% - 42%

Differences 
between sites 
for admissions 

with ≥ 1 AE  
statistically 
significant 
p<.0001

Differences 
between sites 

for preventable 
AEs NOT 

statistically 
significant



There is some variation in AE rate by age group

Characteristics
Distribution of 

admissions

Distribution 
of admissions

w/ ≥ 1 AE*

Distribution of 
AEs leading to 

permanent 
disability or 

death*

Median length of 
admission (days)

No AE w/ AE*

Total/Overall n=2809 n=655 n=24 3 6

Age Group

18-44 24% (669) 16% (104) 8% (2) 3 5

45-64 30% (835) 29% (189) 29% (7) 3 6

65-84 38% (1055) 44% (291) 50% (12) 3 6

85+ 9% (250) 11% (71) 13% (3) 4 6

* At least 1 AE during admission

Difference in distributions 

statistically significant p <.0001 



Males More Likely to Experience Severe AEs

Characteristics
Distribution 

of admissions

Distribution 
of 

admissions
w/ ≥ 1 AE*

Distribution of 
AEs leading to 

permanent 
disability or 

death*

Total/Overall n=2809 n=655 n=24

Sex

Female 55% (1553) 49% (321) 29% (7)

Male 44% (1230) 50% (332) 71% (17)

Unknown/Other 1% (26) <1% (2) 0% (0)

* At least 1 AE during admission

Difference in distributions statistically 

significant p=0.0006

Difference in 

distributions statistically 

significant p=0.009



No statistical differences by ethnicity
There is variation by race

Characteristics
Distribution 

of admissions

Distribution 
of 

admissions
w/ ≥ 1 AE*

Distribution of 
AEs leading to 

permanent 
disability or 

death*

Total/Overall n=2809 n=655 n=24

Ethnicity

Hispanic 6% (158) 4% (28) 13% (3)

Non-Hispanic 80% (2254) 83% (542) 79% (19)

Unknown 14% (397) 13% (85) 8% (2)

Race

Asian 3% (94) 2% (14) 0% (0)

Black or African American 10% (284) 10% (67) 8% (2)

White 76% (2124) 79% (515) 83% (20)

Other 6% (176) 4% (26) 4% (1)

Unknown 5% (131) 5% (33) 4% (1)
* At least 1 AE 
during admission

Difference in 

distributions not 

statistically 

significant

Difference in 

distributions 

statistically 

significant p=0.05



Conclusions from Inpatient Study 

Adverse events were identified in nearly one in four inpatient admissions (23.6%), and 
approximately one fourth (22.7%) of the events were preventable.

Of the preventable events, 20% were serious, (caused harm that resulted in substantial 
intervention, or prolonged recovery), 3% were life threatening, 0.5% were fatal. 

Adverse drug events were most frequent (39%), followed by surgical/procedural (30%), patient 
care (15%) and hospital-acquired infections (12%).

Patient care events were especially likely to be preventable (38%)

These findings underscore the importance of patient safety and the need for continuing 
improvement.



US Dept Health and Human Services 
Office of Inspector General:  Adverse events in 
hospitals

• October 2018 population sample of 770 Medicare patients

• Used trigger tool and two stage chart review, looked at POA no’s. 

• A quarter of hospitalized Medicare patients experienced harm during their hospital stays 

• Physician-reviewers determined that 43% of adverse events and temporary harm events 
were preventable  

• Medication-related harm events were the most common type of harm events  

• CMS’s two policies on hospital-acquired conditions create payment incentives for harm 
prevention but do not apply to most of harm events that patients experienced  

• Nearly a quarter of patients who experienced harm events required treatment that led to 
additional Medicare costs 

• Call to action to CMS, AHRQ, other federal programs. 
 Christi A. Grimm 

Inspector General 

May 2022, OEI-06-18-00400 
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Implications for Improving Safety

Detecting adverse events

• Adverse drug events

• Surgical events

• Patient care events

• Falls

• Pressure ulcers

• Hospital-acquired infections

Specific types of adverse events



Electronic Record Should be Used to Find Adverse 
Events

Already good for 
hospital-acquired 

infections

Reasonable too for 
adverse drug 

events though 
needs refinement

Mediocre to poor 
for 

DVTs/pulmonary 
embolism

Hasn’t yet been 
added for falls, 
pressure ulcers

Not yet trained for 
decompensation

Works very poorly 
for diagnostic 

errors

But mandating 
across institutions 

soon would be 
major forward step

Not yet set up for 
outpatient setting



The Potential for 
Artificial 
Intelligence to 
Improve Safety By Harm Type—Bates et 

al, npj Digital, 2021



Hospital-
Acquired 
Infections

• Especially for specific types: CLABSI, VAP, CAUTI

• But levels of implementation vary

Overall: already fairly big improvement

• In detection

• Also for prevention in many areas

Opportunities for improvement:

• Early identification of patients with infection 
including but not limited to sepsis

• Assistance with triage decisions in infected patients

• Linkage between isolates from multiple patients

Key use cases for AI:



Detecting Adverse Drug Events

Overall: substantial recent improvement here also, mainly in reducing rates of prescribing, 
administration errors

Opportunities for improvement:

• Most currently implement clinical decision support not yet delivering value

Key use cases:

• Which patients may experience ADEs, leveraging:

• Genetic/genomic data

• Clinical information

• Which patients should have specific testing for certain SNPs

• Which patients should get specific prophylaxis



Thromboembolic 
Disease 

Overall: has been improvement here, robust 
evidence about which preventive strategies work

Opportunities for improvement:

• Implementation is still uneven, many patients don’t get what 
has been shown to work, or best prevention for them

Key use cases for AI:

• Thromboembolic risk in cancer patients

• Which patients might benefit most from specific types of 
prophylaxis

• Which patients with thromboembolism should have further 
diagnostic testing 



Pressure 
Ulcers

Overall: these still occur far too frequently, some 
strategies with documented benefit

Opportunities for improvement: better sensing, 
especially for fluid, and when a patient is not moving

• Leveraging the data that come out of hospital beds

Key use cases for AI:

• Identifying which patients are at imminent risk using both 
clinical data and sensing

• Determining which patients may benefit most from expensive 
interventions



Falls

Overall: strategies such has FALLTIPS have proven benefit, though still not 
implemented in most organizations 

• 25% decrease in main study—Dykes, JAMA 2010 

Opportunities for improvement: reduction of rates, implementation of prevention 
strategies for high-risk groups

Key use cases:

• Improvement of risk stratification

• Linkage with real-time monitoring especially from sensors

• Use in new settings such as long-term care, post-discharge patients who are high-risk



Potential Role for AI in Detecting and Improving 
Management of Decompensation

Overall: Has been some attention e.g. with rapid response teams, but 
overall hasn’t been very effective especially outside of ICUs

Opportunities for improvement: detection of decompensation overall and 
for specific reasons such as sepsis or bleeding

Key use cases:
Early identification of decompensation overall

Early identification of sepsis

Early identification of post-operative bleeding

Decompensation in a variety of settings—post discharge high-risk, long-term care



Special Article 
Automated Identification of Adults at Risk for In-

Hospital Clinical Deterioration

Gabriel J. Escobar, M.D., Vincent X. Liu, M.D., Alejandro Schuler, Ph.D., Brian 
Lawson, Ph.D., John D. Greene, M.A., and Patricia Kipnis, Ph.D.

N Engl J Med
Volume 383(20):1951-1960

November 12, 2020



GJ Escobar et al. N Engl J Med 2020;383:1951-1960.

Adjusted Outcomes in the Eligible Population, with 

Comparison between the Intervention Cohort and Comparison 

Cohort.*



Sepsis 
Examples

• Hospital Corporation of 
America (HCA) has developed 
a real-time tool called SPOT 
(Prediction and Optimization 
of Therapy) with 2.5 million 
patients

• Estimate 8000 lives saved 
as a result over 5 years

• Duke also has rolled out a 
system called “Sepsis 
Watch”—trained on 50,000 
patient records, 32 million 
datapoints

• Many other organizations 
working on this area

• Spectrum.ieee.org



• “In this cohort study of 27 697 patients undergoing 38 455 hospitalizations, 
sepsis occurred in 7% of the hospitalizations. The Epic Sepsis Model predicted 
the onset of sepsis with an area under the curve of 0.63, which is substantially 
worse than the performance reported by its developer.”

• AOC reported by Epic was 76-83%
• Resulted in alerts in 1/5 patients, of whom only 12% had sepsis 
• Model is widely implemented



Missed and 
Delayed 
Diagnoses

Key use cases:

Identifying clinical situations in which a 
diagnosis may have been missed

•Putting together constellations of findings 

Identifying scenarios in which there has been a 
delay longer than an acceptable alternative

Opportunities for improvement—many, especially specific 
diagnoses like pulmonary embolism; also huge opportunity for 

reducing delays in diagnosis especially for common malignancies 
(lung, colon, breast, prostate)

Overall: appears to represent a very large problem, especially in 
outpatient setting—inpatient is less clear (see NAM Report)



Limitations/
Reflections 

Many other causes of 
harm

•But these are the biggest—uses 
pareto principle

More focus on inpatient 
setting than others

•Outpatient setting deserves 
more attention

Many areas not traditional 
considered safety issues 
like  decompensation are 
on border but represent 

big opportunities

Will help a lot to have 
better measurement of 

inpatient/outpatient 
safety routinely

Patient engagement will 
play a big role—have just 
done a study of showing 

patients their own risk for 
safety events



Conclusions

Care should be much safer than it currently is in all countries

• Is an ethical imperative

Equity was not a big issue in this inpatient study, much more of a 
concern in outpatient setting, and emergency rooms

Technology exists now to allow organizations to measure all types of 
safety issues in real time

•Policies should be implemented to require organizations to implement one of 
these technologies

•Public reporting of key types of harm should be required

•Federal government should sponsor the definition of standard metrics for the key 
types harm

Every organization should have a concrete plan for improving safety
 

•Tracking is especially important—should have a dashboard

•Some areas simply involve better process

•Others involve new technology—like leveraging AI
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