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Artificial intelligence, machine 
learning, deep learning –
the same thing? 

Why now? 
• Big data
• Increases in: 

• Computational power
• Storage
• Memory

• Signal-to-noise ratio

Machine Learning: A brief introduction
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Machine Learning: A brief introduction

How does machine learning (ML) differ from statistical modelling?  

? Not based on statistical theory
? Need to satisfy assumptions of the model 
? Interpretability/availability of parameter estimates
? Complexity of task, as indicated by number of variables
? Emphasis on statistical significance
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Machine Learning: A brief introduction

How does machine learning (ML) differ from statistical modelling?  

? Not based on statistical theory
? Need to satisfy assumptions of the model 
? Interpretability/availability of parameter estimates
? Complexity of task, as indicated by number of variables
? Emphasis on statistical significance

 Prediction versus inference

“A [machine learning] model learns from examples rather than being 
programmed with rules”- (Rajkomar, 2019)

Rajkomar A, Dean J, Kohane I. Machine learning in medicine. New England 
Journal of Medicine. 2019 Apr 4;380(14):1347-58.
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Supervised Learning
• Training a model f(x) through iterative optimisation of some 

performance metric using labelled data (x,y) with the goal being to 
generate predictions y* in response to x* in new data

• Regularised logistic regression (LASSO, Ridge, Elastic net)
• Tree-based methods
• Neural networks
• Support vector machines

• Predicting outcomes: classification and regression
• Exist on a continuum of interpretability

Machine Learning Sub-types
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Unsupervised Learning
Analysis of unlabelled data to find undefined patterns of clusters; 
dimension reduction techniques
• Cluster analysis 
• Principal components
• Latent variable and factor analysis

Reinforcement Learning
Learning a strategy for acting in an unknown dynamical environment 
in order to maximise expected reward over time 
• Markov decision processes
• Dynamic programming
• Temporal-difference learning

Machine Learning Sub-types
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Validating predictive models

Accuracy
• Discrimination

• Do individuals with the outcome have higher risk predictions than 
those who do not?

• Calibration
• Do close to x of 100 patients with a risk prediction of x% have the 

outcome?

Generalisability - “It’s generalisation that counts”1 - (Domingos, 2012)
• Internal
• External
• Other (historical, geographic, spectrum)
• Hierarchy of validation levels2

1 Domingos PM. A few useful things to know about machine learning. Commun. 
acm. 2012 Oct 1;55(10):78-87.
2Justice AC et al. Assessing the generalizability of prognostic information. Annals 
of internal medicine. 1999 Mar 16;130(6):515-24.
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• Difference in logit(AUC) = 0.00 (95% CI: -0.18, 0.18)
• Over two-thirds of studies had potential bias in validation
• 79% did not report conducting calibration tests 

Reporting on the development and validation of prediction models: 
TRIPOD 22-item checklist

Hype versus reality? 

Christodoulou E et al. A systematic review shows no performance benefit of machine learning over logistic 
regression for clinical prediction models. Journal of clinical epidemiology. 2019 Feb 11.
Collins GS et al. Transparent reporting of a multivariable prediction model for individual prognosis or 
diagnosis (TRIPOD): the TRIPOD statement. BMC medicine. 2015 Dec;13(1):1.
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personalised medicine, precision medicine, stratified medicine, “p4”

• “the use of combined knowledge … about a person to predict 
disease susceptibility, disease prognosis or treatment response”1 -
(Redekop et al., 2013) 

• Shared decision-making and need to be able to communicate risk 
and benefits to lay individuals

• Risk algorithms may facilitate this by “providing estimates of 
individual probabilities of specific outcomes”2 - (Steyerberg 2009)

• Demonstrate its need or potential benefit
• Comparing ML to clinician predictions3

Machine learning in medicine

1 Redekop WK, Mladsi D. The Faces of Personalized Medicine: A Framework for 
Understanding Its Meaning and Scope. Value in Health. 2013;16(6, Supplement):S4-S9.
2 Steyerberg EW. Clinical prediction models. New York: Springer; 2009.
3 Symons M et al. Machine learning vs addiction therapists: A pilot study predicting 
alcohol dependence treatment outcome from patient data in behavior therapy with 
adjunctive medication. Journal of Substance Abuse Treatment. 2019;99:156-62.
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Machine Learning in Substance Use Disorder Research
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• DSM-IV: abuse and dependence 
• Maladaptive patterns of use leading to clinically significant 

impairment or distress identifiable by manifested polythetic sets of 
symptoms

Preventive Interventions
• Universal: general public or whole population
• Selective: imminent or lifetime elevated risk
• Indicated: subthreshold symptoms or behaviours

Treatment
• Psychotherapies e.g. CBT, motivational enhancement treatment
• Pharmacotherapies e.g. methadone, naltrexone

Substance Use Disorders
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• High burden on health
• Low treatment coverage
• Delayed treatment contact
• High chronicity
• Goal 3.5 - UN’s 2030 Agenda for Sustainable Development1

Question: Can prediction models be used to improve outcomes 
among individuals with alcohol and drug problems? 

The Problem

1 United Nations. Transforming our world: the 2030 agenda for sustainable 
development. Resolution of the United Nations General Assembly. New York: 
United Nations; 2015.
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Patient-treatment matching for alcohol dependence
• Interactions between type of treatment and patient characteristics on 

treatment outcome
• Project MATCH1: large, multi-site RCT assessing the impact of various 

patient characteristics (e.g. clinical severity, sex, social support, 
sociopathy) as matching variables for three psychosocial therapies

• Concluded there was little evidence for matching on single variables
• Similar findings from UKATT2

• Potential in combining predictors in multivariate models
• ML thought to provide a means of exploring more complex 

specifications

Early research into personalised SUD treatment

1 Wirtz, PW, Longabaugh, R, & NIAAA. (2001). Project MATCH hypotheses: 
results and causal chain analyses. U.S DHHS, PHS, NIH, NIAAA
2 UKATT Research Team. UK Alcohol Treatment Trial: client–treatment matching 
effects. Addiction. 2008;103(2):228-38



18

Adjunct tools in the treatment-planning process (prognostic)

• Identify where the provision of adjunct services may be most needed
• Particular importance in resource-constrained settings and when universal 

provision is not cost-effective

Methods for evaluating treatment response have varied with regards to the: 
• Treatment outcomes used

• Complete or drug-specific abstinence, no heavy drinking of alcohol, counting the 
number of days with heavy use, retention

• Point at which the measures are evaluated 
• During the course of treatment, immediately post-treatment, long-term follow-ups of 

up to a year or more post-treatment
• Methods of data collection and verification 

• Self-report, biochemical testing or a combination of both

Rationales for using prediction in SUD care & treatment
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Case Identification (diagnostic)

• SUD screeners and risk assessment tools not routinely administered, require 
clinical time and require information patients may not be willing to volunteer

• Provide opportunity for more detailed assessment and potential interventions 
to be made available

Particular emphasis in recent years on developing models in smaller targeted 
subsets of the population: 
• Screening of young people1

• Patients prescribed opioid treatment2

Rationales for using prediction in SUD care & treatment

1 Afzali MH et al. Machine-learning prediction of adolescent alcohol use: a cross-
study, cross-cultural validation. Addiction. 2019;114(4):662-71.
2 Ellis RJ et al. Predicting opioid dependence from electronic health records with 
machine learning. BioData Mining. 2019;12(1):3.
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Adverse events

• Goal of treatment should extend to improve the health, well-being and social 
functioning of the individual, and prevent future harms through reducing risk 
of complications and relapse

• Likely to be identified in a timelier manner compared to SUDs; reduces the 
issue of misclassifications

• Most of the work in SUD adverse event prediction has been in relation to 
opioid overdoses1

• Often limited to a single event or first event due to outcomes often being 
terminal

• Potential benefit of predicting recurrent events (e.g. crime, hospitalisation) 
when no discontinuation of treatment has occurred 

Rationales for using prediction in SUD care & treatment

1 Lo-Ciganic WH et al. Evaluation of Machine-Learning Algorithms for Predicting 
Opioid Overdose Risk Among Medicare Beneficiaries With Opioid Prescriptions. 
JAMA network open. 2019;2(3):e190968.
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Predictors used in developing SUD prediction models
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Genes found to modulate SUD risk 
through their influence on: 

• Drug metabolism
• e.g. alcohol dehydrogenase

• Functioning of the drug receptor 
• e.g. dopamine, cannabinoid, and opioid receptors

• Modulation of disorder mechanisms 
• e.g. novelty seeking and impulsivity

Examples: 
• LASSO model used to predict acamprosate response among people 

with AUD from serum metabolite levels1

• Random Forest used to identify individuals with alcohol dependence 
based on salivary Micro-RNA2

Genetics

1 Hinton DJ et al. Metabolomics biomarkers to predict acamprosate treatment 
response in alcohol-dependent subjects. Scientific Reports. 2017;7(1):2496.
2 Rosato AJ et al. Salivary microRNAs identified by small RNA sequencing and 
machine learning as potential biomarkers of alcohol dependence. 2019;11(7):739-49



23

• Non-invasive method for directly or indirectly 
imaging the brain 

• Provide information on the neural functioning 
or structural composition of the brain 

• E.g. MRI, fMRI, PET

Examples: 
• Support vector machines used to identify individuals with nicotine use disorder 

based on resting-state functional connectivity1

• Support vector machines used to identify individuals with cocaine dependence 
cases from SPECT2

• Random Forest used to predict relapse one-year post treatment among 
individuals in treatment for methamphetamine dependence from fMRI3

Neuroimaging

1 Wetherill RR et al. Classifying and characterizing nicotine use disorder with high accuracy 
using machine learning and resting‐state fMRI. Addiction biology. 2019 Jul;24(4):811-21.
2 Mete M et al. Successful classification of cocaine dependence using brain imaging: a 
generalizable machine learning approach. BMC Bioinformatics. 2016;17(Suppl 13):357.
3 Gowin JL et al. Attenuated insular processing during risk predicts relapse in early abstinent 
methamphetamine-dependent individuals. Neuropsychopharmacology : official publication of 
the American College of Neuropsychopharmacology. 2014;39(6):1379.
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• Increasing number of studies using 
data from electronic health records, 
insurance programs and pharmaceutical 
claims data

• Provide a detailed overview of 
individuals’ engagement with a service 
over the course of an illness or treatment

Examples: 
• Natural language processing techniques used to identify cases of ‘problem 

opioid use’ for input into a logistic regression model from clinical electronic 
medical records data1

• Super Learner used to predict a successful treatment discharge from 
program data2

Administrative data

1 Hylan TR et al. Automated Prediction of Risk for Problem Opioid Use in a Primary Care 
Setting. The Journal of Pain. 2015;16(4):380-7.
2 Acion L et al. Use of a machine learning framework to predict substance use disorder 
treatment success. PLoS One. 2017;12(4):e0175383.
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• Meta-learning algorithm that allows the combination of several 
different methods to improve predictive performance

𝑃𝑃 𝑌𝑌 = 1| �𝑌𝑌1, �𝑌𝑌𝑛𝑛, … , �𝑌𝑌𝑛𝑛 = 𝑎𝑎1 �𝑌𝑌1 + 𝑎𝑎2 �𝑌𝑌2 + ⋯+ 𝑎𝑎𝑛𝑛 �𝑌𝑌𝑛𝑛,
Where 𝑎𝑎𝑛𝑛≥0; and ∑𝑚𝑚=1

𝑛𝑛 𝑎𝑎𝑚𝑚 = 1
• Guaranteed to perform asymptotically as well as the best 

performing algorithm included in the candidate set of algorithms
• Optimality defined by a user-specified objective function

R Package: “SuperLearner”1,2 on CRAN and github

Methods: Super Learner

1 van der Laan MJ, Polley EC, Hubbard AE. Super learner. Statistical applications in 
genetics and molecular biology. 2007; 6(1).
2 Polley E, van der Laan MJ. SuperLearner: super learner prediction, 2013. URL 
http://CRAN. R-project. org/package= SuperLearner. R package version.:2-0.
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• Potential benefit but not a panacea
• You get out what you put in

• “The most useful learners are those that facilitate incorporating 
knowledge” - (Domingos, 2012)

• Overflow of models in the literature, few implemented in practice
• Improve the reporting of model development for published 

studies
• Investigate which algorithms have optimal performance for 

different problems
• Inexpensive information might be useful for determining first line 

care/treatment measures

Concluding Remarks

Domingos PM. A few useful things to know about machine learning. Commun. 
acm. 2012 Oct 1;55(10):78-87.



37

van der Laan, Mark J.; Polley, Eric C.; and Hubbard, Alan E., "Super Learner" 
(July 2007). U.C. Berkeley Division of Biostatistics Working Paper Series. 
Working Paper 222. http://biostats.bepress.com/ucbbiostat/paper222

Steyerberg, E. W. (2008). Clinical prediction models: a practical approach to 
development, validation, and updating. Springer Science & Business Media.

Collins, G. S., Reitsma, J. B., Altman, D. G., & Moons, K. G. (2015). Transparent 
reporting of a multivariable prediction model for individual prognosis or diagnosis 
(TRIPOD): the TRIPOD statement. BMC medicine, 13(1), 1.

Christodoulou, E., Jie, M. A., Collins, G. S., Steyerberg, E. W., Verbakel, J. Y., & 
van Calster, B. (2019). A systematic review shows no performance benefit of 
machine learning over logistic regression for clinical prediction models. Journal 
of clinical epidemiology.

Recommended references

http://biostats.bepress.com/ucbbiostat/paper222

	Binder1.pdf
	Bharat_APBG Seminar 2019.pdf
	Slide Number 1
	Bharat_APBG Seminar 2019.pdf
	Contents
	A brief introduction to machine learning
	Slide Number 5
	Machine Learning: A brief introduction
	Machine Learning: A brief introduction
	Machine Learning: A brief introduction
	Machine Learning Sub-types
	Machine Learning Sub-types
	Validating predictive models
	Hype versus reality? 
	Machine learning in medicine
	Machine Learning in Substance Use Disorder Research
	Substance Use Disorders
	The Problem
	Early research into personalised SUD treatment
	Rationales for using prediction in SUD care & treatment
	Rationales for using prediction in SUD care & treatment
	Rationales for using prediction in SUD care & treatment
	Predictors used in developing SUD prediction models
	Genetics
	Neuroimaging
	Administrative data

	Bharat_APBG Seminar 2019.pdf
	Methods: Super Learner

	Bharat_APBG Seminar 2019.pdf
	Concluding Remarks


	A9R9yn9bz_jg5mxi_8p0.tmp
	Bharat_APBG Seminar 2019.pdf
	Bharat_APBG Seminar 2019.pdf
	Recommended references





