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Abstract

Patients in critical care often exhibit complex disease patterns. A fundamental challenge in clinical 

research is to identify clinical features that may be characteristic of adverse patient outcomes. In 

this work, we propose a data-driven approach for phenotype discovery of patients in critical care. 

We used Hierarchical Dirichlet Process (HDP) as a non-parametric topic modeling technique to 

automatically discover the latent “topic” structure of diseases, symptoms, and findings 

documented in hospital discharge summaries. We show that the latent topic structure can be used 

to reveal phenotypic patterns of diseases and symptoms shared across subgroups of a patient 

cohort, and may contain prognostic value in stratifying patients’ post hospital discharge mortality 

risks. Using discharge summaries of a large patient cohort from the MIMIC II database, we 

evaluate the clinical utility of the discovered topic structure in identifying patients who are at high 

risk of mortality within one year post hospital discharge. We demonstrate that the learned topic 

structure has statistically significant associations with mortality post hospital discharge, and may 

provide valuable insights in defining new feature sets for predicting patient outcomes.

I. INTRODUCTION

Large-scale clinical databases and electronic health records provide an opportunity to better 

understand the associations between complex disease processes and patient outcomes. In 

this work, we propose a data-driven approach to automatically discover prognostic 

phenotypic patterns of clinical concepts from discharge summaries of a large, heterogeneous 

patient cohort. We used Hierarchical Dirichlet Process (HDP) [1] as a topic modeling 

technique to model the latent structure of diseases, symptoms, and findings documented in 

hospital discharge summaries.

Probabilistic topic models are Bayesian modeling techniques for finding patterns and 

uncovering the hidden thematic structure in a collection of documents [2], [3]. We represent 

the diseases, symptoms and findings extracted from patients’ discharge summaries as an un-

*Corresponding Author: ; Email: lilehman@mit.edu 

HHS Public Access
Author manuscript
Conf Proc IEEE Eng Med Biol Soc. Author manuscript; available in PMC 2016 June 06.

Published in final edited form as:
Conf Proc IEEE Eng Med Biol Soc. 2014 ; 2014: 1773–1776. doi:10.1109/EMBC.2014.6943952.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

CORE Metadata, citation and similar papers at core.ac.uk

Provided by DSpace@MIT

https://core.ac.uk/display/143478394?utm_source=pdf&utm_medium=banner&utm_campaign=pdf-decoration-v1


ordered set of Unified Medical Language System (UMLS) codes, and used HDP to infer 

“topics” as a collection of co-occurring UMLS clinical concepts.

Using discharge summaries from the MIMIC II database [4], we demonstrate that our 

approach automatically extracts disease phenotypes as subgroups of clinically related 

pathologies and symptoms that tend to co-occur. We evaluate the utility of the discovered 

topic structure in identifying patients who are at high risk of mortality within one year post 

hospital discharge.

In our previous work [5], we combined the learned “topic” structure of UMLS clinical 

concepts extracted from the first 24-hour ICU nursing notes with physiologic data (from 

SAPS I) for risk stratification of in-hospital mortality. Our current work focuses on 

discovering clinical topics in discharge summaries that are predictive of post hospital 

discharge mortality.

II. METHODOLOGY

In topic models, documents are represented by un-ordered sets of words. A topic is thus a set 

of words that tend to co-occur, and represents word co-occurrence patterns that are shared 

across multiple documents in the corpus[2], [3]. To apply topic modeling in unstructured 

clinical text, we represent patients using un-ordered sets of UMLS codes extracted from 

their hospital discharge summaries. Hospital discharge summary of each patient is modeled 

as a separate “document”. A “word” in our case is thus a UMLS code, representing either a 

disease, symptom, or finding from the patient’s discharge summary. Topics are sets of 

UMLS codes that tend to co-occur in a collection of discharge summaries.

A. Data Preparation

UMLS clinical concepts were extracted from discharge summaries using a previously 

described [6] natural language processing (NLP) technique. We used three types of UMLS 

codes in our model: Diseases, Symptoms, and Findings. UMLS codes that occur less than 5 

times in the entire corpus were eliminated; some UMLS code words (findings) that were 

considered stop words (e.g., concept such as “Past Medical History”) were also removed. 

For patients with multiple hospital admissions, the discharge summary from the first hospital 

visit for each patient was included.

Hospital discharge summaries for 21,053 patients from the MIMIC II database were 

included to fit the model. The number of unique UMLS terms in this corpus was 9,152. The 

total number of UMLS terms across the corpus was 1,332,141 (average 63 UMLS terms per 

discharge summary). Of the 21,053 patients, 17,948 were adults; neonates were excluded 

from the mortality analysis in this study. The hospital mortality rate of the adult patients was 

11%. One-year post hospital discharge mortality was 16%. Among the 17,948 adult patients, 

15,962 patients survived beyond hospital discharge and 15,310 survived beyond 28 days 

post discharge. Performance for one year mortality prediction was based on 14,203 adult 

patients who survived beyond hospital discharge and who also had SAPS I and comorbidity 

variables. Performance for one year mortality excluding patients who died within 28 days 

Lehman et al. Page 2

Conf Proc IEEE Eng Med Biol Soc. Author manuscript; available in PMC 2016 June 06.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



from discharge, was based on 13,612 patients who survived beyond 28 days after hospital 

discharge and who also had SAPS I and comorbidity variables.

B. Topic Modeling with HDP

HDP uses a non-parametric prior to enable mixture models to share components [1], [2]. 

The number of topics is assumed to be unknown a priori, and is inferred from the data. A 

topic is a multinomial distribution over words from a finite, known vocabulary. The HDP 

models documents with multiple Dirichlet Processes (DP), one for each document, to enable 

document-specific mixing proportions. For HDP parameter settings, we used the same 

notations as in [1]. A two-level hierarchical Dirichlet process implementation [7] was used 

to build our topic models. We used a symmetric Dirichlet distribution with parameters of 0.2 

for the prior H over topic distributions. We used fixed concentration parameters 0.1 and 1 for 

γ and α respectively. Results presented are output of the model after 1000 iterations of Gibbs 

sampling.

C. Evaluation and Statistical Methods

Clinical relevance of the discovered topics was assessed both qualitatively based on clinician 

annotations and ICD-9 codes and quantitatively using one-year post hospital discharge 

mortality as outcome measures.

We evaluated the clinical interpretability of the topics that had at least 5,000 words in their 

word frequency counts. These topics were reviewed by a clinician, and each topic was 

assigned a clinical category that best described the “topic” based on a review of the top 10 

words in each topic. For each topic, we report the top five most common ICD9 codes for 

patients with at least 10% of the topic of interest.

To evaluate the utility of the discovered topic structure in identifying patients who are at 

high risk of post discharge mortality, we used the inferred topic proportion of each discharge 

summary (defined as the proportion of words assigned to each inferred topic) as input to 

logistic regression for post hospital discharge mortality prediction. Forward search was used 

for feature selection. We report the median AUC (with interquartile range) from 10-fold 

cross-validations. SAPS I [8] was used as a baseline for comparison.

Uni-variate logistic regression was performed to find the association between each topic 

(proportion) variable and one-year mortality. For each topic variable, we computed its p-

value and odds ratio (OR, with 95% confidence interval). Odds ratios for post hospital 

discharge mortality are defined per 10% increase in topic proportions. Multivariate logistic 

regression was performed to find the association between each topic variable and one-year 

mortality, after adjusting for SAPS I and the 30 comorbidity variables.

III. RESULTS

A. Clinical Interpretation of the Topics

The model used to present our main results in this paper contained a total of 44 topics; the 

topics from this model were typical across multiple runs of the algorithm. We evaluated the 

clinical interpretability of the 28 topics that had at least 5,000 words in their word frequency 
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counts.1 These 28 topics were reviewed by a clinician, and each topic was assigned a clinical 

category that best described the “topic” based on a review of the top 10 words in each topic.

The clinical interpretation corresponding to the 28 topics were: sepsis, cardiovascular 

diseases, acute coronary syndromes, pulmonary disorders, GI bleeding, stroke and head 

trauma, hemorrhage and bleeding, chronic heart and diabetes problems, congenital heart 

disease, and trauma, ob/gyn disease findings, GI/liver disorders, cancer, heart/abdomen/

pulmonary physical exams, cardiovascular/pulmonary disorders, mental health disorders, 

skin lesions and infections, lung and mediastinal disorders, upper airway and oropharyngeal 

disorders, stroke, cardiovascular diseases, hematological malignancies, physical exam 

findings, disorders of spines, thromboembolic disease, causes or associated findings with 

dementia/delirium, seizures, and infection.

B. Evaluating the Predictive Value of Topics

In this section, we evaluate the utility of the discovered topic structure in identifying patients 

who are at high risk of mortality within one year post hospital discharge. Topic proportions 

alone achieved a median AUC of 0.76 (0.75, 0.77) in predicting one year post hospital 

discharge mortality. After removing patients who died within 28-days after hospital 

discharge, topic proportions achieved a median AUC of 0.75 (0.73, 0.75). SAPS I alone 

achieved a median AUC of 0.60 (0.59, 0.63).

C. Discovering Predictive Topics for One-Year Mortality Post Hospital Discharge

Univariate and multivariate logistic regressions were performed to find the association 

between each of the topic variables and one-year post hospital discharge mortality 

(excluding patients who died within 28 days from hospital discharge). Our results based on 

univariate logistic regression indicate significant associations (p values ≤ 0.05) between 17 

learned topics and one-year post hospital discharge mortality.

In particular, ten “high-risk” topics, corresponding to “sepsis”, “cancer”, “pulmonary 

disorders”, “cardiovascular disease”, “dementia/delirium”, “Chronic heart and diabetes 

problems”, “GI bleed”, and “GI problems”, were significantly associated with increased post 

discharge mortality (with odds ratios greater than one), indicating that increasing proportions 

of these topics were associated with an increased chance of one-year mortality. Table I 

shows a selected subset of these high-risk topics.

Seven “low-risk’ topics, corresponding to “Heart physical exams”, “Trauma”, “Acute 

coronary syndromes”, “Mental health disorders”, “Stroke and Head Trauma”, and “ob/gyn 

disease findings”, were significantly associated with decreased one-year mortality (with 

odds ratios less than one), indicating that increasing proportions of these topics were 

associated with a decreased chance of one-year mortality. Although the “Stroke and Head 

Trauma” topic was associated with a high in-hospital mortality rate, it was associated with a 

low one-year mortality rate, among those patients who survived beyond 28 days post 

hospital discharge. Table II shows a selected subset of these low-risk topics.

1Sixteen topics with word frequency less than 5,000 words were not considered, as they represent topics exhibited in only a small 
subset of patients.
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For each of the “high-risk” topics in Table I and the “low-risk” topics in Table II, we report 

the top six UMLS terms associated with each topic, as well as the clinician assigned labels. 

For each topic, we report its odds ratio (OR, with 95% confidence interval) for post hospital 

discharge one-year mortality. To define a patient subgroup for each topic, we included 

patients with topic proportions ≥ 10% for that topic to form a subgroup. Age shown is 

median with interquartile range. All topics in Tables I and II remained statistically 

significantly associated with one year mortality after adjusting for SAPS I and comorbidity 

variables.

IV. DISCUSSIONS AND CONCLUSIONS

In this paper, we used Hierarchical Dirichlet Process mixture models to automatically 

discover clinically coherent groups, or “topics”, of co-occurring diseases and symptoms, 

represented as UMLS concepts in a large corpus of hospital discharge summaries. The 

inference was performed in a completely un-supervised manner; no prior medical 

knowledge in disease associations was used. We demonstrated that the learned topic 

structure of diseases and symptoms contain prognostic values in stratifying patients for one-

year post hospital discharge mortality risks. As part of our future work, we plan to conduct a 

more comprehensive analysis to evaluate the clinical utility of our approach in identifying 

disease subtypes and variants associated with poor prognosis. We aim to combine latent 

topic structure from unstructured text as well as time series data [9] for improved patient 

prognosis, and to investigate whether the uncovered disease phenotypes can be used to 

predict the long-term health and quality-of-life of patients post hospital discharge.
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