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Outline

● Definitions
● Results

● Challenges
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Artificial intelligence and machine learning

● Artificial intelligence (AI) is ability of computers to perform tasks normally associated with human 
intelligence

● Modern AI has been greatly advanced by machine learning (ML), which is ability of computer 
programs to learn without being explicitly programmed

● ML has been advanced by new algorithms, enhanced computer processing abilities, and availability 
of large and diverse quantities of data
○ Most important has been deep learning (DL), involving use of multi-layered neural networks

● Don’t need to understand math or theory to understand use or evaluate clinical benefit

4
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Most success has come from image classification

Early studies
• Diabetic retinopathy (DR) (Gulshan, 2016; Ting, 2017)
• Histology of cancer (Benjordi, 2017) and metastases 

(Veta, 2019)
• Tuberculosis (Lakhani, 2017) and pneumonia 

(Rajpurkar, 2018)
• Skin cancer (Esteva, 2017; Haenssle, 2018; Tschandi, 

2019)
State of the art (Esteva, 2021)
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Other successes in clinical prediction

● Length of stay, mortality, readmission, and diagnosis at two 
large medical centers (Rajkomar, 2018)

● Age and sex determination from retinal images (Poplin, 2018) 
or ECG (Attia, 2019)

● Early risk of chronic kidney disease in patients with diabetes 

(Ravizza, 2019)
● Dementia from EHR data up to two years before clinical 

diagnosis (Wang, 2019)
● Prediction models for mechanical ventilation, renal 

replacement therapy, and readmission in COVID-19 
(Rodriguez, 2021)

6
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What is the evidence for the benefit of AI?

● Best evidence for interventions (treatment or prevention) comes from randomized controlled 
trials (RCTs)
○ Ideally RCTs that are well-conducted, generalizable, and well-reported

● There are other clinical questions that can be answered by AI
○ Diagnosis – can AI methods improve ability to diagnose disease?
○ Harm – can AI identify harms from environment, medical care, etc.?
○ Prognosis – can AI inform the prognosis of health and disease?

● Ultimately, however, AI interventions must be demonstrated experimentally to benefit patients, 
clinicians, and populations
○ Some instances when RCTs are infeasible so observational studies may be justified

7

Systematic review of clinical interventions

● Zhou, Q., Chen, Z.-H., Cao, Y.-H., Peng, S., 2021. Clinical impact and quality of randomized 
controlled trials involving interventions evaluating artificial intelligence prediction tools: a 

systematic review. NPJ Digit Med 4, 154. https://doi.org/10.1038/s41746-021-00524-2
● Review of all randomized controlled trials (RCTs) using

○ Traditional statistical (TS) – mostly regression
○ Machine learning (ML) – all but deep learning
○ Deep learning (DL) – neural networks

● Found use for
○ Assistive treatment decisions
○ Assistive diagnosis
○ Risk stratification

8
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Identified 65 RCTs with following characteristics
• 61.5% positive results
• Variety of disease categories – cancer, other chronic disease, acute 

disease, and primary care
• Types of algorithms – TS > ML > DL
• Predictive tool function – assistive treatment decisions > assistive 

diagnosis > risk stratification

Some concerns of bias in studies
• One-third no sample size estimation
• Three-fourths no masking (open-label)
• Majority did not reference CONSORT, use intent-to-treat analysis, or  

provide study protocol

• Caveat: number of positive studies does not necessarily indicate 
general superiority of methods

9

Characteristics by tool type varied
• Model input – clinical 

quantitative data for TS/ML, 
images for DL, little use of 
natural language

• Disease category – varied for 
TS, chronic disease for ML, 
cancer for DL

• Tool function – risk 
stratification and treatment for 
TS, treatment for ML, diagnosis 
for DL

• Results – mixed for TS, more 
positive for ML/DL

10
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By publication year
• Increasing per year
• Increasing DL per year

By tool type, more positive for DL > ML > TS

11

Only 17 of 65 trials with low risk of bias

Risk of bias high or unclear for most studies – higher for 
TS > ML > DL

Suboptimal use of CONSORT, sample size pre-
estimation, randomization, and intent-to-treat analysis

12
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Characteristics of DL trials
• Of 11 RCTs, 9 evaluate assisting endoscopy – all positive results
• 2 other RCTs have negative results
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Conclusions

● AI predictive tools show great promise in improving clinical decisions for diagnosis, treatment, and 
risk stratification but comprehensive evidence lacking
○ Number of clinical trials assessing clinical benefit is small
○ Majority of the clinical trials have indeterminate or high risk of bias

○ Most trials of deep learning focused on endoscopic procedures

● Concerns about review
○ Missing column in Table 2 of DL interventions

■ Does not include Yao et al. 2021 – published after review done?
○ Difficult to use data in Supp Table 4 of ML interventions

■ Includes Wijnberge et al. 2020 (62) but not in ML table – considered TS?
○ No data/table for TS interventions

14



11/12/21

8

Other concerns about AI algorithms

● CDS studies rarely (0.3%) replicated 
(Coiera, 2021)

● AI for radiographic COVID-19 detection 
selects non-signal features that may be 
idiosyncratic (DeGrave, 2021)

● In case of using AI for screening 
mammography, quality of studies is poor, 

mostly retrospective, and mostly inferior to 
radiologists (Freeman, 2021)

● Almost all published prediction models for 
COVID-19 prognosis poorly reported and 
at high risk of bias (Wynant, 2020)

● Studies of CXR used for diagnosis of 
COVID-19 had inadequate reporting of 

methodology (Roberts, 2021)
● Machine learning for health compared 

poorly to other areas regarding 
reproducibility metrics, such as dataset and 
code accessibility (McDermott, 2021)

● Of 130 medical AI devices approved by 
FDA, only 4 underwent prospective 
evaluation and number of evaluation sites 
and samples often not reported (Wu, 2021)
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Summary

● Much promise, but clinically proven benefit still mostly lacking
● Need “translation” from “basic science” of AI to “clinical value”

○ Clinically-driven applications and trials
○ Attention to patient safety and benefit and to clinician workflow

○ Robust AI and RCT methods that are replicable and generalizable

● Most conduct implementation and trials from a health equity standpoint

16
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Gracias!
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