Cohort Definition Model Framing ML Experimentation
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Clinicians provide initial definitions and help adjudicate Clinicians define the scope and timing of the prediction problem Clinicians verify interpretability of algorithms

edge cases Model framing translates the clinical question into a structured prediction problem for a machine learning model. Clinicians help This step involves selecting and fitting the algorithms that will learn the relationship between the features and the label. Because no
- . . . establish the observation window (the period of historical data used as model input) and the prediction window (the future time period single algorithm works best for all data multiple methods are typically evaluated. Each algorithm is further optimized through

Establlshlng a targ_e’.t cohort deﬂrjes.e.xactly who thg model app.l|es to., such as pa.t|ents in which the outcome is expected to occur) hyperparameter tuning, where grid searches identify the optimal settings (e.g., number of trees, learning rate) for each method.

undergoing a specific surgery or individuals newly diagnosed with a disease. The index '

date is set to the date of the surgery of interest. Methods Methods

1. Regularized Logistic Regression: Penalizes model complexity to prevent overfitting and handles large feature sets well.

o o o Methods . - : : L _—
A C l' n | C ' a n - l n t e g r‘a t e d 1. Dgflnlng?the Prediction Structure: Frame the question as: Among [target cohort], who will develop [outcome] within [prediction 2. Tree-Based Ensembles: Random Forests and Gradient Boosting Machines (e.g., XGBoost, AdaBoost) combine multiple decision
1. Rule-Based Design: Cohorts are assembled using concept sets built from window]’ trees to improve accuracy and handle non-linear relationships natively.
F k f D l ' standardized codes such as [CD-10 or CPT. 2. Selecting the Clinical Use Case: Determine whether the model predicts disease onset or progression, need for 3. Deep Learning / Neural Networks: Architectures such as Multilayer Perceptrons or augmented Gated - .ﬁ
ra l l l eWO r O r eve 0 p l n g - . . : . treatment/intervention, need for further workup, etc. Recurrent Units are particularly adept at handling sequential or time-series data with missingness. .,
2. NLP and Text Mining: Unstructured clinical text, including progress notes, surgical ’ ’ {é}' :
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i ifi i 4. Interpretable Algorithms: Methods such as SHAP are used to interpret feature importance to predictions and # >
. . e A etp. SAeClanice t(.) e s s Ce GG i 3. Setting Temporal Constraints: Define when the prediction window begins relative to the index date. Require a minimum validapted with clignicians ) 2 2
O S 0 e ra | ve 0 m | C a | 0 N mapped into a standardized ontology so they can be consumed by the model ST . Pl . : .
observation window to ensure patients have sufficient follow-up time. ’
P d " t " M d l 't h M h " 4. Setting Exit Events: Define events after which predictions are no longer valid (e.g. discharge, ICU escalation) to avoid spurious
re | C | O n 0 e S W' a C ' n e predictions during non-actionable clinical contexts.
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3. Probabilistic Design: A machine-driven approach in which supervised ML learns the
defining attributes of a cohort from a set of labeled examples.
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e 6 7 8 9 10 Clinicians inform tolerance for error, sensitivity, and specificity
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Machine learning models typically output a
Surgery POD predicted probability: a risk score from 0 to 1. :
7AM Threshold selection is the process of choosing N Constraint
the cutoff value at which a patient is classified as J/
high-risk (predicted positive) versus low-risk
(predicted negative). Clinician tolerance for
errors may introduce performance constraints on
AbStra Ct e 6 / 8 9 10 feasible thresholds.
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. . . “T9ETY y First bed ICU; exclude f dicti >
Machine learning (ML) models have the potential to * First bed [CU; exclude from predictions 1. Youden’s J Index: A statistical method that >
identifies the threshold yielding the highest "§
- i : sum of sensitivity and specificity, e
enable earlier prediction of postoperative representing the optimal balance point on @
: : : : : : the ROC curve. %
complications in gastrointestinal surgeries, such as 2. Clinical Utility Trade-offs: The threshold is
_ _ _ e e, A selected based on the real-world costs of a
anastomotic leak (AL), bleeding, and sepsis. | abel Definition Feature Selection false positive versus a false negative.
_ _ _ _ 3. Exploring Multiple Cutoffs: Performance
Developing ML models using retrospective electronic characteristics are calculated across a wide
| Clinicians define relevant events indicative of Clinicians suggest features relating to the pathophysiology of the complication ;ﬁggggfatggerjgfe'g;ggge 0o
health record (EHR) data can be disconnected from complications sensitive the model is to threshold selection. N
iNi ' ' ' 1- Specificit
clinical workfiows and risks prOdUCI ng algorlthms that Label definition determines the outcome status for each patient within the prediction This step identifies and selects the patient-level P y
_ _ _ window. Patients who experience the outcome event (e.g. diagnosis, intervention) are variables that will serve as inputs to the model. The .
are not actionable in practice. We present a assigned a positive label while those who do not are assigned a negative label. Multiple features available for selection are determined by the Preo pe rative
methods can be used in combination to cross-validate labels and strengthen confidence observation window and the clinical context defined in Data
- : TP F in their accuracy. previous steps. Depending on the prediction tasks
structured, CI|n|C|an—gwded methodology for bU|Id|ng features may be strictly preoperative, intraoperative, Va li d ati on
_ o _ _ o Methods postoperative, or a combination.
binary classification risk prediction models that
1. Code-Based Phenotyping: Administrative and billing codes (e.g., ICD, CPT) extracted Methods

from the EHR are used to flag the presence of an outcome.

integrates clinical input at each stage. By Clinicians conduct usability testing

1. Filter and Wrapper Methods: Filter methods use

o _ N _ - 2. NLP-based Labelling: NLP algorithms extract outcome-relevant concepts from statistical tests (e.g., hypothesis testing, This step measures how accurately the finalized model predicts outcomes on new, unseen data to ensure it generalizes well and is not
emphasm Nng actionabil Ity, patlent safety, and clinician unstructured clinical notes. correlation) to pre-select features based on a overfit to the training data. In addition to model validation, user workflow validation is conducted to ensure model outputs are clinically
significance cutoff. Wrapper methods evaluate actionable.
T : - - 3. Chart Review: Clinical experts manually review patient charts to establish a different feature subsets iteratively through
usablllty alongS|de technical performance, It gold-standard label. " ! i forward selection or backward elim»i/nation.g l ntrao e rative sthods
_ _ _ o p 1. Internal Validation (Data Splitting): The dataset is divided into a training set and a holdout test set (e.g., 75/25). This is often done
addresses I<ey pbarriers to adoptlon of ML in clinical 2. Implicit Feature Selection: Certain algorithms Data with a temporal split, where the model trains on older data and is tested on newer data. Cross-validation is also used to repeatedly
— perform feature selection during training. leave out subsets during training.
: : : Regularized regression (e.g., LASSO) shrinks . | T : . : : :
practlce. Future work will apply this framework to — unhelpful coefficients to zero, while tree-based 2. 5)6(’::(;2:![?;&][!(::?:|é)enr.];r;ﬁzﬂanbeiallilffsorgcgggl :J;teessted on an entirely different database, healthcare system, or geographic location to
— m methods select features based on their importance '
multi-institutional EHR datasets for Gl su rgery. in splitting the data. 3. Performance Metrics: Discrimination is evaluated using the Area Under the ROC Curve (AUROC), Area Under the Precision-Recall
—_— Curve (AUPRC), Sensitivity, Specificity, Positive Predictive Value (PPV), and Negative Predictive Value (NPV).
T Missi :  Missi tself
( 3 Mlls.smgness Indlcator 'ssingness ltself can be a 4. Calibration Evaluation: Patients are grouped by their predicted risk (e.g., into deciles) and plotted against the actual observed
clinically meaningful feature, the absence of a ncid Fth ¢ R th del . all te risk
measurement may reflect a provider’s clinical incidence of the outcome to ensure the model assigns numerically accurate risk scores.
judgement. Absence of a feature can be encoded as .
a predictor. When missingness is not informative, Posto peratlve Hospital A @ Hospital B @
imputation methods such as mean/median 050 S5 h
‘ replacement, k-nearest neighbors, or multiple Data EE ooo EE EE qoo Eg
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