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A comorbidity index summarizes the diagnosis 
burden recorded for a hospital admission into a 
single scalar score.

For a hospital admission:

Diagnosis codes → scalar severity score

Higher score usually means the admission has more 
severe or complex comorbid illness.

Comorbidity scores are widely used in healthcare:

1. Patient stratification

2. Risk adjustment

3. Comparing outcomes across patient groups

4. Identifying high-risk admissions

Background and Motivation



Traditional Comorbidity Scores

Widely used traditional comorbidity indices include:

1. Charlson Comorbidity Index (CCI1)

2. van Walraven Elixhauser Index (ECI2,3)

How they work:

1. Identify predefined comorbidity conditions from ICD codes

2. Assign each condition a fixed weight

3. Sum the weights to get one scalar score
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Limitations of Comorbidity Indices

Fixed weights calibrated to predict mortality

Limitation 1: Mortality-centric fixed weights

Traditional indices were designed mainly for 

mortality but are often used for other outcomes.

Limitation 2: Linear, rule-based structure

They are linear and rule-based, so they may miss 

nonlinear diagnosis–outcome relationships.



Framing Comorbidity Scoring as a Machine Learning Problem

These two limitations suggest a learning problem:

“Can we learn a scalar comorbidity score from data that 

aligns with multiple outcomes and captures nonlinear risk–outcome interactions?”

We therefore formulate comorbidity scoring as a machine learning problem: learn a score that is

1. Scalar: preserves the practical simplicity of traditional indices

2. Multi-outcome aligned: captures shared comorbidity burden across outcomes

3. Nonlinear: captures complex diagnosis–outcome relationships

4. Stratifiable: ranks admissions and identifies a high-severity group

5. Data-driven: learned from diagnosis codes and outcomes

To address this, we introduce MLCI:



MLCI Overview

MLCI learns one data-driven scalar admission-level score by maximizing normalized dependence with 

multiple clinical outcomes.



MLCI: Intuition

Are their scores similar?

→ Sicker admissions should have similar high scores; 

less sick admissions should have similar low scores.

Are their outcomes similar?

→ Admissions with matching outcome labels should be similar.

Intuition: For every pair of admissions, we pose two questions

Severity-ordering intuition: Admissions with greater latent comorbidity burden should receive higher learned scores after 

orientation. Therefore, after orientation, higher MLCI score = higher learned severity.



MLCI: Intuition

Pairwise view: For every pair of admissions, MLCI compares two similarities:

1. Score similarity: Are their MLCI scores close?

2. Outcome similarity: Are their clinical outcome labels similar?

MLCI then maximizes the alignment between these two similarity matrices using nHSIC.

Goal: admissions that are close in MLCI score should also have similar outcome labels.



MLCI Architecture 

Figure guide: A DeepSets encoder maps diagnosis codes to a scalar MLCI score. During training, MLCI learns this score by aligning score similarity 

with outcome-label similarity using nHSIC. At inference, only diagnosis codes are needed to compute the MLCI score and rank admissions. Post hoc 

outcome-specific curves map the learned MLCI score to outcome-specific risk patterns.



Theoretical Analysis: Oracle Setup

Theoretical goal: Our analysis characterizes when one oracle 

comorbidity score can support an approximate shared admission-level 

ordering across multiple clinical outcomes.

Setup: We analyze this in a finite-sample oracle setting.

1. Assume each admission has an unobserved latent severity

𝑧𝑖 = latent disease burden for admission 𝑖

2. Each outcome depends on severity through its own function

Pr 𝑦𝑖
𝑡

= 1 𝑧𝑖 = 𝑓𝑡 𝑧𝑖

Thus, different outcomes may respond differently to severity.

Goal: recover the admission ordering

𝑧𝑖 < 𝑧𝑗 ⇒ 𝑟𝑖 ≤ 𝑟𝑗

where r𝑖  is the oracle severity score used in the theory. 



Theoretical Analysis: Cross-Task Label Matrix



Theoretical Analysis: Rank-One Projection



Linking Theory to MLCI

In the theory, we define an oracle severity score:

𝑟𝑖 = oracle severity score for admission 𝑖

It preserves the latent severity ordering:

𝑧𝑖 < 𝑧𝑗 ⇒ 𝑟𝑖 ≤ 𝑟𝑗

In practice, 𝑧𝑖  and 𝑟𝑖  are unobserved. 

MLCI learns 

𝑠𝑖 = 𝑠𝜃 𝑋𝑖  

from diagnosis codes as a data-driven approximation to 𝑟𝑖:

𝑠𝑖 ≈ 𝑟𝑖



Theoretical Analysis: High Severity Threshold



Experimental Results: Distance Correlation (DCorr)

Takeaway: MLCI shows the strongest dependence for mortality outcomes and length of stay, while also 

achieving the best ICU-transfer dependence on MIMIC-IV.



Experimental Results: Mutual Information (MI)

Takeaway: Mutual information shows the same overall trend.



Finding #1:  The stacked outcome labels show moderate 
rank-one structure, indicating a meaningful shared 
severity signal across outcomes.

Theory Diagnostics

We test the theory on MIMIC-IV and MIMIC-III using two diagnostics.

Rank-one alignment: Measures how much of the multi-

outcome label structure is explained by one shared direction.

Threshold agreement: We compare 𝒋𝒗, the cutoff selected 

by the shared direction v, with  𝒋𝑱, the best cutoff for the 

full multi-outcome objective.

Finding #2: The shared direction exactly recovers the optimal 

cutoff on MIMIC-IV. On MIMIC-III, differences between 

𝒋𝒗 and 𝒋𝑱 reveal residual task-specific heterogeneity beyond the 

leading rank-one component. 

Q2: Can the shared direction v recover the optimal high-

severity cutoff?

Q1: Does a shared severity signal appear in real clinical 

outcomes?



Limitations of MLCI

MLCI has two main limitations:

1. Shared severity assumption

MLCI assumes outcomes share a 

common severity signal. This 

assumption may be weaker for clinical 

outcomes driven by task-specific factors.

2. Some outcomes reflect hospital 

processes

For example, ICU transfer can depend 

on bed availability, triage practice, and 

workflow, rather than only patient 

severity.
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   z i = latent disease burden for admission  i


    Pr ⁡   (   y i   ( t ) = 1 ∣   z i ) =  f t  (   z i )


   z i <  z j ⇒  r i ≤  r j


   r i  


   r i = oracle severity score for admission  i


   z i <  z j ⇒  r i ≤  r j


   z i  


   r i  


   s i =  s 𝜃  (   X i )  


   r i :


   s i ≈  r i


   𝒋 𝒗 ,  


   𝒋 𝑱


   𝒋 𝒗  


   𝒋 𝑱

