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Professional Certificate in AI for Rehabilitation Specialists

Foundations Of Machine Learning

Machine learning forms the backbone of modern artificial intelligence systems, and for rehabilitation
specialists it offers powerful tools to predict outcomes, personalize interventions, and analyse complex
sensor data. Understanding the terminology is essential for translating these techniques into clinical
practice. The following exposition defines the most important concepts, illustrates their use with concrete
examples from rehabilitation, and highlights practical challenges that professionals may encounter when
deploying machine‑learning models in real‑world settings.

The most fundamental distinction in machine learning is between supervised learning and unsupervised
learning. In supervised learning the algorithm is provided with input‑output pairs, often called “features”
and “labels,” and the goal is to learn a mapping that can predict the label for new, unseen inputs. A classic
example in rehabilitation is predicting the likelihood of a patient’s discharge to home versus a long‑term
care facility based on demographic data, injury severity, and early functional scores. The model is trained on
historical cases where the actual discharge destination is known, allowing it to infer patterns that can guide
future decision‑making. By contrast, unsupervised learning works with data that lack explicit labels. It seeks
to discover hidden structure, such as clusters of patients who respond similarly to a particular therapy. For
instance, clustering gait analysis data from wearable inertial sensors can reveal sub‑groups of individuals
with distinct movement patterns, which may inform the selection of tailored orthotic devices.

A related concept is reinforcement learning, in which an agent learns to make sequential decisions by
interacting with an environment and receiving feedback in the form of rewards. In the rehabilitation domain,
reinforcement learning can be used to train robotic exoskeletons that adapt their assistance levels in real
time, maximizing the patient’s effort while minimizing fatigue. The robot receives a reward when the
patient’s muscle activation patterns indicate successful task completion, and over many repetitions it learns
a policy that balances support with challenge. This approach differs from supervised learning because the
correct action is not supplied directly; instead, the system must discover the optimal strategy through trial
and error, which raises safety and ethical considerations that must be addressed before clinical deployment.

Before any learning algorithm can be applied, the raw data must be transformed into a suitable
representation. This process is known as feature engineering. Features are measurable attributes extracted
from the original data that capture relevant information for the learning task. In gait analysis, raw
accelerometer signals are often converted into time‑domain features such as step frequency, stride length,
and symmetry indices, as well as frequency‑domain features obtained through Fourier transforms. Selecting
informative features reduces the dimensionality of the problem, improves model interpretability, and can
significantly boost predictive performance. However, feature engineering requires domain expertise; for
example, clinicians must decide whether to include measures of spasticity or joint range of motion, which
may be highly predictive of rehabilitation outcomes but also introduce measurement variability.

When the feature space becomes very large, techniques such as dimensionality reduction are employed to
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compress the data while preserving its essential structure. Principal Component Analysis (PCA) is a widely
used linear method that identifies orthogonal directions (principal components) capturing the greatest
variance in the data. In a study of stroke patients, PCA applied to a set of kinematic variables reduced the
original 30‑dimensional dataset to just five components that explained over 90 % of the variance,
simplifying subsequent classification tasks. Non‑linear methods such as t‑Distributed Stochastic Neighbor
Embedding (t‑SNE) and Uniform Manifold Approximation and Projection (UMAP) are valuable for visualising
high‑dimensional data, helping clinicians to intuitively explore patient clusters and identify outliers. While
dimensionality reduction can improve computational efficiency, it may also discard subtle but clinically
important information, so the trade‑off must be evaluated carefully.

The learning algorithm itself is defined by its model architecture. Simple models include linear regression
for continuous outcomes and logistic regression for binary classification. More complex architectures
encompass decision trees, random forests, support vector machines, and deep neural networks. Each model
family has distinct strengths and limitations. Linear models are easy to interpret, allowing clinicians to see
directly how each feature contributes to the predicted outcome, but they may struggle to capture
non‑linear relationships present in physiological data. Tree‑based ensembles such as random forests can
model intricate interactions and are robust to outliers, yet they can become opaque when many trees are
combined. Deep learning, particularly convolutional neural networks (CNNs), excels at extracting patterns
from raw image or video data, enabling applications like automatic detection of gait abnormalities from
video recordings. However, deep networks require large labeled datasets and substantial computational
resources, which may be scarce in many rehabilitation settings.

Training a model involves optimizing its parameters to minimise a loss function, which quantifies the
discrepancy between the model’s predictions and the true labels. Common loss functions include mean
squared error for regression tasks and cross‑entropy loss for classification. The optimisation process
typically uses gradient‑based methods such as stochastic gradient descent (SGD) or its variants (Adam,
RMSprop). During training, the dataset is often split into a training set and a validation set. The training set
is used to update model parameters, while the validation set provides an unbiased estimate of performance
on unseen data, guiding hyper‑parameter selection (e.G., Learning rate, regularisation strength). A further
split, the test set, is reserved for final evaluation after all tuning decisions have been made, ensuring that
reported performance metrics reflect true generalisation ability.

A central challenge in model development is the bias‑variance tradeoff. High bias arises when a model is
overly simple, failing to capture the underlying patterns in the data (underfitting). High variance occurs
when a model is excessively complex, fitting noise rather than signal (overfitting). In rehabilitation research,
underfitting might manifest as a model that predicts the same outcome for all patients, ignoring clinically
relevant differences. Overfitting could produce a model that appears to predict outcomes perfectly on the
training data but performs poorly on new patients because it has memorised idiosyncratic measurement
errors. Techniques such as regularisation (L1, L2 penalties), early stopping, and cross‑validation are
employed to balance bias and variance, improving the model’s ability to generalise to future cases.

Cross‑validation is a robust method for estimating model performance, especially when data are limited.
The most common scheme is k‑fold cross‑validation, where the dataset is partitioned into k equal parts. The
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model is trained k times, each time leaving out a different fold for validation and using the remaining folds
for training. The average validation score across the k runs provides a reliable estimate of expected
performance. In a rehabilitation study with only 120 participants, a 5‑fold cross‑validation scheme allowed
the researchers to assess the stability of a random‑forest classifier predicting functional independence,
revealing that the model’s accuracy varied by less than 3 % across folds, indicating low variance.

When dealing with time‑dependent data, such as longitudinal assessments of motor recovery, it is crucial to
preserve temporal ordering during splitting. Using random splits can lead to “data leakage,” where
information from future time points inadvertently influences the training set, inflating performance metrics.
A proper approach is to employ a train‑validation‑test split based on chronological order, ensuring that the
model is always evaluated on data that chronologically follows the training data, mimicking real‑world
deployment where predictions must be made on future observations.

Data quality is another pivotal factor. Real‑world rehabilitation data often contain missing values, sensor
noise, and artefacts caused by patient movement or device malfunction. Imputation methods, ranging from
simple mean substitution to sophisticated model‑based techniques such as multiple imputation by chained
equations (MICE), are used to fill in missing entries. However, imputation can introduce bias if the
missingness mechanism is not correctly identified (Missing Completely at Random vs. Missing at Random
vs. Missing Not at Random). In practice, clinicians should examine the pattern of missing data, document
the reasons for gaps, and consider sensitivity analyses to assess how different imputation strategies affect
model outcomes.

Beyond missing data, class imbalance is a frequent issue, particularly when predicting rare events such as
adverse falls or severe complications. Standard algorithms may become biased toward the majority class,
achieving high overall accuracy while failing to detect the minority class of interest. Strategies to address
imbalance include resampling techniques (oversampling the minority class, undersampling the majority
class), generating synthetic examples with methods like SMOTE (Synthetic Minority Over‑sampling
Technique), and employing cost‑sensitive learning where misclassification penalties are higher for the
minority class. For example, a study predicting post‑stroke falls used SMOTE to augment the minority class
of fallers, resulting in a 15 % increase in recall without sacrificing precision.

Model evaluation extends beyond accuracy. In clinical contexts, metrics such as sensitivity (true positive
rate), specificity (true negative rate), precision (positive predictive value), and the area under the Receiver
Operating Characteristic (ROC) curve are often more informative. Sensitivity is crucial when the cost of
missing a true positive is high, such as failing to identify a patient at risk of deterioration. Specificity
becomes important when false alarms could lead to unnecessary interventions or patient anxiety. The F1
score, the harmonic mean of precision and recall, provides a single measure that balances both concerns,
useful when the class distribution is skewed. Calibration plots assess how well predicted probabilities align
with observed frequencies, an essential property for decision‑support tools that output risk scores.

Interpretability is a major concern for rehabilitation specialists who must explain model predictions to
patients, families, and interdisciplinary teams. While simple linear models are inherently transparent, more
complex models often require post‑hoc explanation techniques. Feature importance scores derived from
tree‑based models indicate which variables contributed most to a decision, but they do not reveal how
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individual predictions are made. Model‑agnostic methods such as SHAP (SHapley Additive exPlanations)
and LIME (Local Interpretable Model‑agnostic Explanations) approximate the contribution of each feature
for a specific instance, allowing clinicians to trace why a particular patient was classified as high‑risk. For
example, a SHAP analysis of a neural‑network model predicting rehabilitation length of stay highlighted
that high initial NIH Stroke Scale scores and low early mobility scores were the dominant factors driving
longer stays, providing actionable insight for care planning.

Ethical considerations permeate every stage of the machine‑learning pipeline. Data privacy is paramount;
patient data must be de‑identified according to regulations such as HIPAA or GDPR before being used for
model training. Federated learning offers a solution by allowing multiple institutions to collaboratively train
a shared model without exchanging raw data, transmitting only model updates. This approach can
accelerate the development of robust models while preserving patient confidentiality, but it introduces
challenges related to communication overhead, heterogeneity of local data distributions, and ensuring
consistent model convergence.

Bias in the training data can lead to unfair outcomes. If a dataset over‑represents certain demographic
groups, the resulting model may perform poorly on under‑represented populations, perpetuating health
disparities. Auditing model performance across sub‑groups (e.G., Age, sex, ethnicity) is essential. In a
rehabilitation dataset, a classifier for predicting community ambulation was found to have lower accuracy
for older adults, prompting the inclusion of age‑specific features and the collection of additional data from
senior participants to rectify the imbalance. Transparent reporting of dataset composition, preprocessing
steps, and evaluation results is required to enable reproducibility and external scrutiny.

Deployment in clinical environments introduces further practical challenges. Integrating a machine‑learning
model into electronic health record (EHR) systems demands compliance with interoperability standards
(e.G., HL7 FHIR) and real‑time inference capabilities. Latency must be low enough to support bedside
decision‑making, which may necessitate model optimisation techniques such as quantisation, pruning, or
conversion to edge‑compatible formats. Moreover, models must be monitored post‑deployment for “model
drift,” where changes in patient populations, clinical protocols, or sensor technologies cause the model’s
performance to degrade over time. Continuous monitoring dashboards, periodic retraining with fresh data,
and alerts when performance metrics fall below predefined thresholds help maintain reliability.

Explainable AI (XAI) methods are increasingly employed to satisfy regulatory requirements and build trust
among clinicians. For instance, a rule‑based surrogate model can be extracted from a black‑box predictor,
providing a set of if‑then statements that approximate the original model’s behaviour within a specific
region of the feature space. While surrogate models sacrifice some fidelity, they make the decision logic
accessible to non‑technical stakeholders, facilitating acceptance and facilitating shared decision‑making
with patients.

Another critical concept is transfer learning, which leverages knowledge acquired from one task to
accelerate learning on a related task. In rehabilitation, a deep network pretrained on large‑scale human
activity recognition datasets can be fine‑tuned on a smaller, domain‑specific dataset of patients performing
a specific therapeutic exercise. This approach reduces the need for extensive labeled data, a common
bottleneck in clinical research, while still achieving high accuracy. However, careful consideration of domain
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mismatch is required; if the source data differ substantially (e.G., Healthy adults versus patients with severe
mobility impairments), the transferred features may be less useful, and negative transfer can degrade
performance.

Ensemble methods combine the predictions of multiple models to improve robustness and accuracy.
Techniques such as bagging (bootstrap aggregating) create diverse models by training each on a different
random subset of the data, while boosting sequentially focuses on examples that previous models
misclassified. Gradient boosting machines (GBM) and XGBoost have become popular for tabular clinical
data due to their ability to capture complex interactions and handle missing values natively. In a study
predicting functional outcome after spinal cord injury, an XGBoost ensemble achieved a 7 % improvement in
area under the ROC curve compared with a single decision tree, illustrating the benefit of model diversity.

Probabilistic modeling provides a framework for quantifying uncertainty, a valuable feature when decisions
carry high risk. Bayesian approaches treat model parameters as random variables with prior distributions,
updating beliefs in light of observed data to produce posterior distributions. Gaussian processes, for
example, can be used to model the relationship between therapy dosage and motor recovery, delivering
not only a mean prediction but also a confidence interval that reflects uncertainty. This information can
guide clinicians in adjusting treatment intensity, balancing the desire for rapid progress against the risk of
over‑exertion.

Reinforcement learning agents can also be equipped with safety constraints through the concept of
constrained Markov decision processes. By defining permissible ranges for joint torque or muscle activation,
the learning algorithm ensures that exploration stays within clinically acceptable limits. In practice, this may
involve embedding biomechanical models that enforce realistic movement patterns, preventing the robot
from generating harmful motions during the learning phase. Such safety‑aware designs are indispensable
for translation from simulation to bedside use.

Time series analysis occupies a special niche in rehabilitation because many outcome measures are
collected repeatedly over weeks or months. Traditional models such as autoregressive integrated moving
average (ARIMA) can capture temporal dependencies, while more sophisticated recurrent neural networks
(RNNs), long short‑term memory (LSTM) units, and temporal convolutional networks (TCNs) excel at
learning long‑range patterns. Predicting future functional scores based on early recovery trajectories can
help clinicians set realistic goals and allocate resources efficiently. However, time‑series models often
require careful handling of irregular sampling intervals and missing timestamps, common when patients
miss appointments or devices malfunction.

The concept of online learning is relevant when data arrive continuously, as in wearable sensor streams.
Unlike batch learning, where the model is trained once on a static dataset, online learning updates model
parameters incrementally as new observations become available. This enables the system to adapt to
changes in patient behaviour or sensor drift, maintaining up‑to‑date predictions without retraining from
scratch. Algorithms such as stochastic gradient descent naturally support online updates, while more
advanced approaches like adaptive boosting for streaming data (AdaBoost) can maintain high accuracy in
evolving environments.
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Finally, the notion of model governance encapsulates the policies and procedures required to manage the
lifecycle of machine‑learning models in a healthcare setting. Governance includes documentation of data
provenance, version control of code and model artefacts, validation protocols, risk assessments, and
procedures for de‑commissioning models that become obsolete. Establishing a model registry, assigning
clear ownership, and conducting regular audits are best practices that ensure compliance with regulatory
bodies and protect patient safety. For rehabilitation specialists, model governance translates into
confidence that the AI tools they rely on are trustworthy, auditable, and aligned with clinical standards.

In summary, the vocabulary of machine learning—ranging from basic concepts such as supervised versus
unsupervised learning to advanced topics like constrained reinforcement learning and model governance—
provides the language needed to design, evaluate, and implement AI solutions tailored to rehabilitation.
Mastery of these terms enables specialists to collaborate effectively with data scientists, interpret model
outputs responsibly, and ultimately harness the power of artificial intelligence to improve patient outcomes.
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