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Abstract
We evaluated “VITALCARE-SEPS’, a deep learning model for sepsis prediction, using the activity monitoring

operator characteristics curve with two different scoring algorithms. This evaluation is crucial as the AMOC curve
addresses the time-dependent nature of predictions, providing a more nuanced performance assessment than
traditional ROC metrics. Our findings demonstrate that the AMOC curve significantly enhances the evaluation of
time-series predictions, enabling more accurate and continuous performance monitoring of machine learning
models in clinical settings. This approach can improve model deployment and ultimately lead to better patient
outcomes in healthcare.
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Introduction

The area under the receiver operating characteristic (ROC) curve (AUC-ROC) is a well-established metric for
evaluating machine learning models in binary classification tasks. It provides a single scalar value summarizing the
trade-off between true positive and false positive rates across various thresholds. However, AUC-ROC may not
be ideal for time-series contexts or dynamic environments, such as clinical settings, as it treats each inference point
equally without considering temporal aspects or the sequence of predictions.

To address this limitation, time-dependent ROC curves were introduced [1,2] to evaluate model performance
at different time points, showing how prediction accuracy evolves over time. Yet, this approach still falls short in
capturing the timing of predictions relative to clinical outcomes, failing to reward early predictions or penalize late
ones, which is crucial in time-sensitive scenarios like sepsis detection.

Tom Fawcett proposed the Activity Monitoring Operator Characteristics [3] (AMOC) curve to offer a more
nuanced evaluation of time-series predictions. The AMOC curve extends traditional and time-dependent ROC
analyses by incorporating the timing of predictions, rewarding early correct predictions and penalizing late or
incorrect ones. This approach provides a more comprehensive assessment, especially where timely interventions
are critical.
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Despite its advantages, the AMOC curve remains underutilized for evaluating time-series predictions. This
study introduces the AMOC curve to assess the deep learning model ‘AITRICS-VC SEPS,’ used for early sepsis
detection in clinical settings. By comparing the AMOC curve with traditional and time-dependent ROC curves,
we show that the AMOC curve captures both accuracy and timing of predictions, highlighting its effectiveness and
advocating for its broader use in scenarios where timely predictions are crucial.

Materials and Methods

Study Design

We evaluated the deep learning model “‘VITALCARE-SEPS’, deployed in clinical settings. The model uses five
vital signs, twelve lab results, and demographic information to generate a pseudo-probability of sepsis (0 to 1) upon
new events (e.g., new lab results). Model inference outputs were retrospectively collected from EMR data of
patients with sepsis infected from Hallym University Chuncheon Sacred Heart Hospital (2018-2022). Each model
output was binarily labeled based on whether sepsis occurred within four hours. AMOC curves were drawn from
these labeled inference results.

Alctivity Monitor Operator Characteristics

To illustrate a typical curve, we plot the false alarm rate against the average score. We evaluate each model
inference output against threshold values from 0 to 1, at 0.01 intervals. This systematic quantization allows
assessment across all thresholds. Scoring each inference across all patients and aggregating the results yields counts
of true and false alarms and the average score.

Scoring Functions Used to Draw AMOC Curve

To evaluate model performance and construct the AMOC curve, we employed two scoring functions that
account for both prediction accuracy and the timing of predictions:

1) Simple Score Calculation:

This function assigns a binary score where a true positive (score = 1) is recorded if the predicted probability
(PredictionScore) exceeds a defined threshold and the event occurs (ObservedOutcome = 1). All other cases
receive a score of 0.

2) Time-Sensitive Scoring:

This advanced function rewards early and moderate correct predictions differently while penalizing missed
events and false positives. Specifically:

e Early Correct Predictions: Receive a higher reward if the event is predicted before a pre-defined time
threshold.
e Moderate Correct Predictions: Receive a lower reward if predicted after this threshold.

e Penalties: Applied for missed events and false positives, scaled based on the time to event occurrence.

Results

From 2018 to 2022 in Hallym University Chuncheon Sacred Heart Hospital, we retrospectively collected EMR
data from 3,460 sepsis positive patients. From those patients, we generated 93,922 model inference outputs. We
illustrated two AMOC curves applying different scoring algorithms on Figure 1.
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Figure 2 (Left) AOMC curve drawn using simple scoring function (Right) AOMC curve drawn using time-
sensitive scoring function

Discussion

In this study, we used the Activity Monitoring Operator Characteristics (AMOC) curve to evaluate the
VITALCARE-SEPS’ deep learning model for sepsis prediction, applying two different scoring functions. This
analysis highlights each approach's strengths and limitations in capturing the timing of predictions, crucial in clinical
settings.

The AMOC curve using the simple scoring function (Figure 2, left) treats all correct predictions equally,
regardless of timing. This method results in a curve where increases in the false alarm rate often correspond to
proportional increases in the score. While straightforward, it does not account for the timing of predictions,
potentially overestimating model performance in time-sensitive contexts.

Conversely, the AMOC curve with the time-sensitive scoring function (Figure 2, right) addresses this by
incorporating prediction timing into the evaluation. It rewards eatly correct predictions and penalizes missed events
and false positives based on their timing. This results in a more nuanced curve that better reflects the practical
needs of clinical decision-making, distinguishing between models that perform well in a timely manner and those
that do not.

The time-sensitive scoring function enhances the AMOC curve’s intuitiveness for real-time monitoring and
evaluation. By accounting for the timing of predictions, it provides a more accurate assessment of model
effectiveness in critical settings like sepsis detection. This refined approach could improve the deployment and
performance of machine learning models in healthcare, potentially leading to better patient outcomes.

Further research is needed to explore optimal reward and penalty parameters for the time-sensitive scoring
function and their impact on model evaluation.

Conclusions

The AMOC curve enhances the evaluation of time-series predictions, leading to more accurate and continuous
monitoring of clinical machine learning models.
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