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Agenda

The need for risk assessment
= Expert vs algorithmic risk assessment

= Modern use in social and health services

Principles of good risk assessment
»= The purpose of risk assessment

= Metrics for evaluating risk assessment methods

Optimal ways of combining expert and algorithmic risk assessment

= Options and case studies

Note that this presentation will include discussions of suicide.
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The need for risk assessment



Risk assessment in social and health services

= Frontline workers in health and social services routinely make risk assessments that guide their interventions

= Historically, this has relied primarily on expert judgement. More recently, algorithmic risk assessment tools have

K

been used increasingly across many fields

—

Child Domestic and Suicide Recidivism
protection family violence

Algorithm or expert? A review of risk assessment in health and social services TAYLOR FRY 4



Expert vs algorithmic risk assessment

Expert: a professional such as a
healthcare clinician, police officer, or
social worker who makes a risk
assessment during an encounter

Algorithmic: tools developed using
statistical methods on a large data set. Tools
can range from simple question checklists
developed using feature selection, to
machine learning producing risk scores

Expert

Algorithmic

Predictors used
Process
Scalability

Data

Few
Expert judgement of risk factors
Distinct assessments in each case

Expert observations and records
available at time of assessment

Many
Statistical optimisation
Batch calculation for large populations

Large datasets of health or social records
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Modern use

In mental health care,
risk assessment is largely
expert based. Many
algorithms are being built
to provide accurate
diagnosis, few have been
implemented

In assessing risk of

family/domestic violence -

checklists are increasingly being

used to aid expert judgement

= Victorian police use a 39
question checklist

= NZ police conduct a Static
assessment of Family
Violence Recidivism
(SAFVR) combining this
with their own investigation

K

In predicting recidivism,
algorithms are common

= New Zealand: RoC*Rol
(Risk of future
reconviction and
imprisonment)

= TUSA: Correctional
Offender Management
Profiling for Alternative
Sanctions (COMPAS)

fizii

The use of
algorithmic tools
raises ethical concerns
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Principles of
good risk assessment



What is good risk assessment?

" Choosing an effective method of risk

assessment is not as simple as picking the one

that can predict the occurrence of an adverse ‘ ‘ o

event most often. Recent research indicates that
patients are reluctant to use
health care provided by
medical artificial intelligence
even when it outperforms
human doctors. Why? Because
patients believe that their
medical needs are unique and

cannot be adequately
The purpose of risk assessment is to addressed by algorithms. )Y

— In many situations both expert and
algorithm are poor at predicting an event

— Practicality is important.

empower us to make the best decisions,
not just to predict outcomes.
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Principle 1: Transparency

Affected parties should be able to understand

why decisions are made.

Transparency demands human oversight
and accountability:

= Allowing decisions to be challenged

= Assigning responsibility for decisions
made.

The level of transparency required

differs depending on the nature of the risk.

Experts can explain their arguments at the
point of assessment

Algorithmic tools can vary in level of
transparency

= Lots of research on explainable algorithms is
taking place

= Documenting and publicizing information
aids transparency.
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Principle 2: Predictive validity

An assessment tool needs to be good at predicting the outcome of concern.

To evaluate predictive validity, we need to decide what outcomes we are most concerned about:

Actual outcome

Event occurred

Event did not occur

Positive prediction

True positive

False positive

Risk prediction : —
Negative prediction

False negative

True negative

T

For positive interventions, the
concern is people who miss out

Often, both errors have significant consequences:

= Treatment for high-risk suicide cases can be vital, but also restrictive and stigmatic.

For negative interventions,
the concern is people who
were wrongly targeted
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Principle 2: Predictive validity (cont.)

Balancing false negatives and positives requires a
trade-off between

Sensitivity - the proportion of event occurrences
correctly identified

And specificity - the proportion of event
non-occurrences correctly identified.

During development, algorithmic

@ tools can explicitly allow for
prioritizing accuracy in different
portions of the risk spectrum via
choice of loss functions.

The paradox of prevention
For a rare event, most of the event occurrences will
inevitably come from the low-risk group.

= Here, the goal moves more towards informing how to
treat someone

This requires more detailed
outputs than what an algorithm
might be able to produce.
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Principle 3: Reliability

Risk assessment needs to be consistent and appropriate for the population it is applied to.

Bias Outliers Consistency

Can we apply something across different Do we get sensible results for cases Do we get the same predictions on the
groups of the population? that are different from the norm? same cases when tested multiple times ?
= Coping with the unfamiliar = Experts might be better at = Correct use of algorithms

= Embedded biases within data identifying outliers = Consistency between experts

=  Willingness of experts to
incorporate algorithms into their
decisions
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Principle 4: Monitoring and oversight

We need to be able to monitor the performance of risk assessment methods.

The consequences of a poor decision inform what level of oversight is required.

The USA’s Federal Drug Authority (FDA) has released guidance on risk categorization for the use
of Software as a Medical Device (SaMD):

State of Healthcare Sigmiticance of information provided by SaMD to the healthcare decision |

Monitoring accuracy can be difficult:

Expert and algorithmic assessment can be used to validate each other.

Situation or Condition Treat or Diagnose ﬁwc Clinical Inform Clinical
Management Management
Crtical I 111 11
Serious 111 11 |
Mon-5crious 11 | |

Time lags

Treatment effects

Figure 10 - SaMD N12P Framework

Intangible or poorly reported outcomes.
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Principle 5: Validation

Once we decide what level of accuracy is appropriate in risk assessment, we need to be able to validate the ability of
tools to achieve this.

How do we validate algorithmic tools? ) .
GAM CHANGER’ is a software that can

The FDA’s guidance highlights three principles for validation: incorporate expert knowledge into machine

. . . . , learning models:
= (Clinical association between the algorithm and the targeted

condition. = Doctors were able to ‘edit’ a model
. L. . predicting sepsis treatment in a
* Analytical validation - correct processing of data to generate paediatric hospital, removing features
useful outputs. that they thought were odd and may

have been caused by treatment decisions

* (linical validation —achieving the intended purpose in the target e
rather than actual changes in risk.

population.
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Principle 6: Practicality

Risk assessment needs to be practical and achievable in the given context.

= Scalability is useful for
— low-impact interventions
— screening.
= Timeliness
= Availability of information
— Algorithmic tools require specific input data during use

— Ethical and legal concerns about the use of sensitive data, including upholding Maori data
sovereignty.

= Social licence

TAYLOR FRY



Optimal combinations



How do we decide what to use and when?

= Both experts and algorithmic tools have pros and cons

= The answer might not be to choose between the two but to determine how to optimally
combine them, considering the principles explored in the previous section:

01

Predictive Monitoring

and oversight Validation

Reliability

validity

Ultimately, risk assessment needs to be effective at informing decisions.
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Option 1 — Algorithmic triage

Apply algorithmic prediction. If the assessment is high risk, follow up with clinical prediction.
If clinical assessment also indicates high risk, allocate treatment.

Automated phone-based tool for triaging COVID Potential child abuse investigation

patients

= Borne out of necessity given volume of patients = Local councils in the UK invested in predictive models,

= In some cases, combined with self-tracked medical triggered in response to warning signs such as a child
measurements e.g. blood-oxygen levels. being expelled from school. The prediction was then

passed to a social worker for potential action.
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Option 1 — Algorithmic triage

Apply algorithmic prediction. If the assessment is high risk, follow up with clinical prediction.
If clinical assessment also indicates high risk, allocate treatment.

Principles of good assessment:

= Practicality: Useful when expert resources are limited, and can be applied to a
large population

= Reliability: There is no human oversight unless the algorithmic tool produces a
‘high risk’ result - so the outliers could be missed

= Transparency: People may be uncomfortable with the use of an algorithmic tool
as the start of the process

= Predictive validity: If the predicted outcome is a significant event, then relying
on statistical prediction to allocate people as ‘high risk’ could be risky.
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Option 2 — Parallel assessment

Separately apply statistical and expert prediction. If both are high risk, allocate treatment.

What do we do when the expert and algorithm disagree?

1. Apply further investigation (case by case review), or do nothing, depending on the
seriousness of the potential intervention

2. Prioritize one or the

Algorithm and expert Selected outcome
other (usually the expert):

Agree Take agreed approach

Disagree Expert decision

However, disagreement between the two isn’t always obvious.

TAYLOR FRY



Option 2 — Parallel assessment

Separately apply statistical and expert prediction. If both are high risk, allocate treatment.

Predicting paediatric admissions to hospital amongst

- Principles of good assessment:
people presenting to emergency departments

= Predictive validity: Algorithm and expert

= Researchers built an algorithm to predict this and can work synergistically.
tested the outcome against a sample of cases where
experts were also asked to make a prediction. " Monitoring and oversight: Built-in

= The model and clinicians agreed on 48% of cases. monitoring system.

= They tended to utilise different information — This = Practicality: Resources to perform two
observation has also been seen in suicide risk screening assessments.

in emergency departments.
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Option 3: Algorithm in the expert’s toolkit

Apply statistical prediction to produce information to inform decisions.

The expert incorporates this into their judgement.

Assessing referrals for possible child abuse Using a suicidal risk flag to inform clinical treatment

Researchers in Denmark compared social workers’ risk =
assessments of children who may be at risk of abuse before
and after seeing the results of a statistical model .

Only marginal impact on their decisions after seeing a
statistical risk score.

Clinicians reported on the impact a suicide risk flag in a
patient’s medical records would have on their treatment

Their likelihood of acting in response to a suicide risk flag
was tied to which features were highlighted, rather than
the presence of the risk flag alone.
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Option 3: Algorithm in the expert’s toolkit

Apply statistical prediction to produce information to inform decisions.
The expert incorporates this into their judgement.

Principles of good assessment:
= Transparency: People have comfort knowing that the expert is in control

= Monitoring and oversight: How do we know what effect the algorithm has on the
expert’s decision?

= Practicality: How much does the expert’s opinion change after seeing the output
of the algorithmic tool?

* Predictive validity: algorithmic tools can complement gaps in the expert’s knowledge.
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Conclusion



Conclusion

L Qignif: = Transparenc
Significance b y = Algorithmic triage

. iti = Predictive validit .
Define the bomaoial i Define ufhat ohili g Combining = Parallel assessment
beneficial potential good risk = Reliability lgorithmi
nature of the interventions algorithmic o
risk R assessment = Monitoring and and expert = Algorithmin 'Fhe
" ng’sﬁ jgg@;ﬁﬁblhty looks like oversight assessment expert’s toolkit
intervention * Validation = Others?

= Practicality

We always need to ask:
Are there valid markers indicating an increased risk of the outcome of interest?
Can interventions arising from identifying those markers reduce the incidence of the outcome of interest?
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Questions
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