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Introduction

Abstract

Deep Learning (DL) methodologies have been shown to be effective In
iImproving natural language processing tasks across disciplines. Recent
developments in the field have advanced DL efficacy at the sentence
level, including natural language inference, and at the token level, in-
cluding named entity recognition and question answering.

These advances have failed to materialize in disciplines with complex
domain-relevant information structures, such as medicine, as current ar-
chitectures struggle to classity highly complex outputs with strict guar-
antees of no information corruption.

We present a neural architecture composed of a hierarchical series of
networks which allow us to restrict the search space for a given classifi-
cation task, allowing for easier and faster convergences during optimiza-
tion, and higher model accuracies across validation sets.

We further use conformal prediction to make provable guarantees about
the error rates of the model.
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Class-conditionality and Data

Class-conditional Conformal Prediction

Conformal prediction has an inherent flaw. Consider the following clas-
sification task: we have a case where our error rate is 5%, 99% of our
true labels are negative and 1% of our true labels are positive. Despite
having a nominal error rate of 5%, this model has an inaccuracy rate of
100% when the true label is positive.

To avoid this problem, we calibrate our prediction set using a set of purely
positive and purely negative cases, following roughly the same process
as in general conformal prediction to guarantee 1 — a < Pr(Yis) €
C(Xtest)|Yiest) = y) < 1 —a+ —= where C(zyeq) C (1, ..., K).

Choose a label j. Let S7, 53, ..., S/ be the n; scores S; such that k € Y;.
In other words, we are considering {(X;, Y;) : ¥; contains the label k}.
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Data Collection

The Massachusetts Institute of Technology Laboratory for Computa-
tional Physiology, in collaboration with the Beth Israel Deaconess Med-
ical Center, prepared a collection of deidentified free-text clinical notes
for patients included in the MIMIC-IV clinical database: MIMIC-IV-Note.

MIMIC-IV-Note contains 331,794 deidentified discharge summaries from
145,915 patients admitted to the hospital and emergency department at
the Beth Israel Deaconess Medical Center in Boston, MA, USA. All notes
have had protected health information removed in accordance with the
Health Insurance Portability and Accountability Act (HIPAA) Safe Harbor
provision.

Each note contains the full record of a patient’'s course-of-care at the
Beth Israel Deaconess Medical Center, and the total dataset includes
over 200,000 unique diseases, resulting in over 300,000 unigue disease
states. This implies that each diagnostic classification task for an admit-
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Neural Architecture and Outputs

Architecture

Our model consists of a cascade of neural networks, each level clas-
sifying EHRs with increasing granularity. We employ a hybrid design,
leveraging the strengths of both Convolutional Neural Networks (CNNSs)
and Recurrent Neural Networks (RNNs).

We first use a CNN to extract high-level features from raw EHR data.
The features are fed into subsequent networks in the hierarchy, which

use RNNs with LTSM units to refine the classification further. This neu-
ral architecture intentionally mimics the way human clinicians analyze
medical data.

By classifying into progressively finer categories, we dramatically reduce
the computational search space that the model needs to explore at each
level. This leads to faster training convergence and improved general-
ization.

Results

The model’s performance was assessed at three barriers: classification
of board, classification of subspeciality, and classification of disease.

Disease classification metrics are plotted below. In general, recall re-

mained low across all 3 barriers for our chosen threshold (0.5), precision
dropped as predictions became more granular (Means: 94, 87 80), and
convergence speeds increased (Epochs: 100, 80, 17). Furthermore,
the analysis of class conditional conformity scores showed a high den-
sity around 1 for most classes (83%).
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ted patient is unique.
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The data was further processed to correct misspellings, close unneces-
sary spaces, expand abbreviations, and fill in acronyms.




