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ARIVE · Software Automation in Healthcare
Self-Study Guide · Module 5AI-based Automation
Choosing, integrating, evaluating, and responsibly deploying machine-learning models.
This guide accompanies Module 5, which introduces artificial intelligence into automation carefully and
critically. It distinguishes a learned model from a fixed rule, shows how a model is integrated as one step in
a pipeline, explains how to evaluate a model honestly, and sets out the principles of responsible and
explainable AI. The module leans heavily on the clinical-prediction-model and healthcare-AI literature,
because evaluation and fairness arewhere responsible use is decided, and this guide addsworked reasoning
and short code.
The central caution is that a model is a tool for which the builder remains accountable, not an authority to
be deferred to. Reviews of algorithmic fairness in medicine show that insufficiently fair AI systems can
undermine equitable care, with biases entering through data acquisition, labelling, and population
representation [4]. This module therefore treats evaluation and oversight as inseparable from model
building, and it is deliberately sceptical about accuracy figures reported without context.
Learning outcomes
After working through this guide you will be able to:

● Distinguish a fixed rule from a learned model and choose the appropriate one for a task.
● Integrate a model as a guarded step in a pipeline, matching input preparation to training.
● Evaluate a model on held-out data using measures beyond accuracy, and weigh error types.
● Recognise sources of bias and check performance across groups.
● Document a model and keep human oversight where the stakes are high.
● Relate these practices to current methodological guidance for clinical prediction models.

1. Where AI fits, and where a rule wins
1.1 Rule versus learned model
A fixed rule is logic that the developer writes explicitly; it does exactly what it is told, is easy to inspect and
explain, but cannot handle situations that were not foreseen. A machine-learning model instead learns
patterns from example data and applies them to new cases; it handles messy, varied input such as free text
or images, but is harder to inspect and can fail in surprising ways. Neither is better in the abstract: the rule
is transparent and predictable, the model flexible and powerful.
1.2 What a model is
A machine-learning model is a system that learns patterns from example data, then applies those patterns
to make a prediction on new, unseen data. The two phases, learning from examples and predicting on new
cases, are what distinguish it from a rule, and they are also the source of its risks: the model's reasoning is
not something the developer wrote and can read.
1.3 Where AI genuinely helps
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A model is warranted when the pattern is too complex or fuzzy to write as a rule and sufficient labelled
examples exist: reading meaning from free text, recognising patterns in images, handling input too varied
to enumerate, or estimating a likelihood from many weak signals. The honest test is whether you can write
the rule; if you cannot, because the pattern resists explicit logic, a model may be the right tool.
1.4 Where a rule wins
A rule is preferable when the logic can be written down, when every decision must be explained, when
examples are scarce, or when a wrong answer is costly and hard to catch. The default posture in a safety-
critical domain is to prefer the simplest approach that works, because reaching for a model when a rule
would do adds cost, opacity, and risk for no real gain.
1.5 A decision path
A short decision path keeps the choice deliberate: can you write the rule? If yes, use a rule. Do you have
enough examples? A model needs many. Can you verify the model's outputs, at least on a sample? Only if
the first three point toward a model should you build one. This ordering makes a model the last resort
rather than the first instinct.
Key idea. Reach for a model only when a rule genuinely cannot do the job and enough examples exist tolearn from. A clear rule is transparent and predictable; a model trades transparency for flexibility.
2. Integrating a model into a workflow
2.1 The model as one step
A trained model is best treated as one step in the familiar pipeline: read the input, prepare it into the
features the model expects, obtain a prediction, and act on it. This framing turns something that can feel
exotic into an ordinary component, and it means all your pipeline skills still apply.
2.2 Calling a model
Using a trained model in code is typically only a few lines; the difficult work of training has already
happened:
import joblib
model = joblib.load("model.pkl")

def classify(record):
features = prepare(record)
return model.predict(features)[0]

Calling a trained model: load it once, prepare one record into features, and return a single prediction. The pipelinecalls this per record.
2.3 Before the model: preparing the input
The care lies in the steps around the call. Before the model, input must be prepared exactly as the training
data was, because a mismatch produces confident but meaningless output, one of the most common and
hardest-to-detect failures in applied machine learning. You must give the model the features it expects,
handle missing or odd values first, and reject input the model should not see.



ARIVE · Software Automation in Healthcare · 3

2.4 After the model: guarding the prediction
After the model, the prediction must be guarded: treated as a suggestion rather than a verdict, checked
against sensible limits, routed to a person when confidence is low, and logged together with its input. A
prediction is an input to a decision, not the decision itself, especially where a person is affected.
2.5 A model is software too
The discipline of Module 4 applies to a model in full: the preparation and output-handling code should be
tested, the model should be versioned alongside the code so that each result can be traced to the model
that produced it, its predictions should be monitored once live, and it should be possible to roll back to a
previous model. Treating a model as ordinary, carefully engineered software, rather than as an oracle, is
what keeps its integration safe.
Key idea. Prepare input to match training, guard the output, and apply the same testing, versioning, andmonitoring as any other component. The model advises; a human, or a carefully bounded rule, decides.
3. Honest evaluation
3.1 Held-out data
Amodel must be evaluated on held-out data it never saw during training; testing on training data measures
memorisation, not performance. The convention is to train on one set of examples and evaluate on another
the model has never seen, such as a later period of records.
3.2 The accuracy trap
Accuracy alone is a treacherous measure, particularly when the important cases are rare. If a disease
appears in one of every hundred cases, a model that always predicts no disease is ninety-nine percent
accurate yet detects not a single real case. The impressive number hides total failure. This is why accuracy
must never be judged in isolation.
3.3 Better measures
The clinical-prediction literature recommends assessing discrimination and calibration rather than
simplistic classification measures, and increasingly favours decision-analytic measures of clinical usefulness
over accuracy or reclassification indices that ignore consequences [1]. Useful measures include sensitivity,
the proportion of real cases caught; specificity, the proportion of non-cases correctly cleared; precision,
the proportion of positive predictions that are correct; and an explicit account of the two error types.
Systematic reviews of machine-learning prediction models have found recurring weaknesses, including
poor handling of missing values, inadequate internal validation, and calibration reported in only a small
minority of studies [2].
3.4 Which error is worse
The two kinds of error carry different costs. A missed case, a false negative, may delay needed care; a false
alarm, a false positive, may cause worry or lead to extra tests. The right balance depends on the situation
and is a clinical judgement, not a purely technical one, and the model should be tuned to serve that
deliberate choice.
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3.5 Fairness across groups
A model that performs well on average can still fail a particular group, so performance must be examined
across subpopulations rather than in aggregate. Authoritative methodological guidance now frames
external validation, heterogeneity, fairness, and generalisability as integral to a meaningful evaluation [3].
Only per-group evaluation reveals a model that quietly performs worse for some patients.
3.6 Validation, calibration, and external testing
Two further ideas complete an honest evaluation. Calibration asks whether a model's predicted
probabilities match observed frequencies: a model that says thirty percent should be right about thirty
percent of the time, and a model can discriminate well yet be poorly calibrated, which matters when a
probability informs a decision. External validation asks whether a model developed in one setting still
performs in another, on data from a different institution or period; systematic reviews have found that
many machine-learning models are never externally validated and that calibration is reported in only a
small minority of studies [2]. For a course on responsible automation, the lesson is that a single internal
accuracy figure is the beginning of evaluation, not the end, and that a model intended for real use should
be tested on data as close as possible to the conditions in which it will operate.
Practical rule. Evaluate on unseen data; look past accuracy to sensitivity, specificity, and calibration;decide deliberately which error is more tolerable; and check performance for every group, not just theaverage.
4. Responsible and explainable AI
4.1 Bias
Bias in a model is a systematic tendency to perform differently, and often worse, for certain groups, usually
because of imbalances in the training data. It is rarely malicious and therefore easy to miss, which is why it
must be looked for deliberately. Reviews of bias in healthcare AI recommend identifying and mitigating
bias throughout the model lifecycle, from conception through deployment and longitudinal surveillance,
and assign responsibilities across the stakeholders involved [5]; perspectives on algorithmic fairness
catalogue the sources of bias in clinical workflows and review mitigation techniques [4].
4.2 Transparency
Transparency supports trust and accountability. People affected by a decision deserve an explanation,
clinicians must be able to judge whether to rely on a result, and opaque decisions cannot be challenged or
improved. A meta-analysis of explainable AI in clinical decision support documents the methods used to
make models interpretable while noting persisting gaps in evaluating explanation fidelity, clinician trust,
and real-world usability [6]. Where stakes are high and an explanation is needed, prefer simpler, more
explainable approaches.
4.3 Documentation: the model card
A practical instrument for responsible use is the model card, a short document recording a model's purpose
and intended use, its training data and known gaps, its performance including across groups, and its
limitations and safe-use conditions. A model card is how a model travels safely from its maker to its users,
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carrying the context needed to use it well; producing one is a small effort that prevents large
misunderstandings.
4.4 The human boundary
Every responsible AI system has a boundary where automated decisions must stop and a person takes over.
Keep a person in any decision that affects care, use the model to inform rather than replace judgement,
make it easy to question or override an output, and match the level of automation to the stakes. The
enduring rule, which echoes the first lesson of the course, is that the higher the stakes for a person, the
more a human must remain in the decision: automation assists judgement, it does not absolve the builder
of responsibility.
Key idea. Check for bias across groups, prefer decisions you can explain, document the model in a modelcard, and keep a person in high-stakes decisions. Responsibility grows with the stakes.
5. Case studies and worked discussion
The evaluation and fairness principles of this module are grounded in a substantial methodological
literature, and several sources reward closer reading because they show how often good intentions fail in
practice.
5.1 What systematic reviews reveal about evaluation
Andaur Navarro and colleagues systematically reviewed studies of machine-learning prediction models and
found recurring methodological weaknesses: poor handling of missing data, inadequate internal validation,
and calibration reported in only a small minority of studies [2]. This is a sobering finding, because it means
that many published models were never shown to be well calibrated or externally valid, yet may be cited
as evidence. For a practitioner, the review is a checklist of mistakes to avoid, and it underlines why this
module insists on held-out data, calibration, and per-group analysis rather than a single accuracy figure.
Collins and colleagues provide the complementary positive guidance, framing external validation,
heterogeneity, fairness, and generalisability as integral to a meaningful evaluation [3].
5.2 Fairness as a lifecycle concern
Chen and colleagues survey algorithmic fairness in medicine, cataloguing how bias enters through data
acquisition, labelling, and population representation, and reviewing mitigation techniques including model
explainability and federated learning [4]. Hasanzadeh and colleagues extend this into a lifecycle view,
recommending that bias be identified andmitigated from conception through deployment and longitudinal
surveillance, with responsibilities assigned across the stakeholders involved [5]. The shared message is that
fairness is not a one-off test but a continuing obligation, because a model that is fair at launch can drift as
the population or the data-collection process changes.
5.3 The state of explainability
Abbas and colleagues, in a meta-analysis of explainable AI in clinical decision support, document the
methods used to make models interpretable but note persisting gaps in evaluating whether explanations
are faithful, whether clinicians actually trust them, and whether they are usable in real workflows [6]. The
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honest conclusion for a practitioner is that explainability is necessary but not yet solved, and that where an
explanation genuinely matters for a decision, a simpler and more transparent model may be preferable to
a complex one wrapped in an after-the-fact explanation.
Key idea. The literature shows that models often fail exactly where this module focuses: calibration,external validation, fairness across groups, and trustworthy explanation. Honest evaluation is whatseparates a useful model from a hazardous one.
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6. Further reading and practice
This module is best consolidated by evaluating a model critically rather than merely building one. The
exercises below are designed to take an afternoon and to produce material you can reuse in the module
assignment, which asks you to integrate a simple model into a workflow, evaluate it on held-out data, and
report one real limitation you found. Use only synthetic or openly published data.
For deeper reading, the methodological guidance on clinical prediction models [1], [3] sets the standard for
honest evaluation, the systematic review of machine-learning models [2] catalogues common weaknesses
to avoid, the fairness references [4], [5] examine bias and its mitigation, and the explainability meta-analysis
[6] surveys methods for making models interpretable. Reading even the abstracts will sharpen your
scepticism toward headline accuracy figures.

● Take a simple classification task and decide, using the decision path, whether a rule or a model isappropriate.
● If a model is appropriate, integrate a trained one as a single pipeline step and guard its output.
● Evaluate the model on held-out data and report sensitivity, specificity, and the two error counts,not accuracy alone.
● Split your evaluation by at least one group and note any difference in performance.
● Draft a short model card recording purpose, data, performance, and limitations.

Completing these exercises will leave you with an integrated, honestly evaluated model and a model card,
which together form the substance of the module assignment.
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Key terms
Fixed rule vs. learned model — A rule is explicit logic the developer writes; a model learns patterns fromexamples and predicts on new data.
Held-out data — Examples excluded from training and used to test performance on genuinely new cases.
Sensitivity — The proportion of true cases that a model correctly identifies.
Specificity — The proportion of non-cases that a model correctly clears.
Calibration — The agreement between predicted probabilities and observed outcomes.
Algorithmic bias — A systematic tendency for a model to perform differently, often worse, for certaingroups.
Explainability — The degree to which a model's decisions can be understood and articulated to a person.
Model card — A concise document recording a model's purpose, data, performance across groups, andlimitations.
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Self-check questions
1. Give one task best solved by a fixed rule and one best solved by a learned model, and justify eachchoice.
2. Follow the decision path for a task of your own and state whether a rule or a model is appropriate.
3. Explain the input-preparation trap in model integration and why it produces 'confident nonsense'.
4. Using the rare-disease example, explain why a 99% accurate model can be useless, and name threemeasures you would report instead.
5. Why is the choice between tolerating false negatives and false positives a clinical rather than a purelytechnical decision?
6. Explain why a model that is accurate on average may still be unfair, and how you would detect this.
7. What does a model card record, and why is it useful when a model passes from its maker to its users?
8. State the enduring rule about human oversight and relate it to the stakes of a decision.
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