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Abstract

We applied a hybrid Natural Language Processing (NLP) and machine learning (ML) approach (NLP-ML) to
assessment of health related quality of life (HRQOL). The approach uses text patterns extracted from HRQOL
inventories and electronic medical records (EMR) as predictive features for training ML classifiers. On a cohort of
200 patients, our approach agreed with patient self-report (EQ5D) and manual audit of the EMR 65-74% of the
time. In an independent cohort of 285 patients, we found no association of HRQOL (by EQ5D or NLP-ML) with
quality measures of metabolic control (HbAlIc, Blood Pressure, Lipids). In addition; while there was no association
between patient self-report of HRQOL and cost of care, abnormalities in Usual Activities and Anxiety/Depression
assessed by NLP-ML were 40-70% more likely to be associated with greater health care costs. Our method
represents an efficient and scalable surrogate measure of HRQOL to predict healthcare spending in ambulatory
diabetes patients.

Introduction

Numerous studies have demonstrated that the unstructured text of electronic medical records (EMRs) contains
valuable information pertaining to patient health states as well as the process of healthcare delivery. ' The
objective of this study was to demonstrate the “meaningful use” of the EMR in determining patient functional
health status. Our specific aim was to assess and compare the predictive validity and the utility of natural language
processing and machine learning approaches to extracting physician observations as predictors of patient outcomes
and healthcare resources utilization.

Background

Patient’s functional status (FS) and health related quality of life (HRQOL) have been reported to be important
predictors of intermediate '* ' and long term patient outcomes. ' However, these studies have been limited to
using short term surveys or assessment of hospitalized patients '*'® '** and select outpatient populations ***° with
more frequent problems with self care and usual activities. '® ' *'* These populations are not representative of the
average individual seen long term in primary care. If measures of HRQOL are to permit planning clinical and health
policy to close gaps in patient centric health achievement in chronic disease management *’; there is a need for
reliable and efficient methods of gathering this information and a demonstration of it’s value in predicting outcomes
for patients seen in usual care settings.

Materials and Methods
Participants

Patients seen in primary care in the Mayo Clinic Health System outpatient clinics (n=454) completed postal mailings
of the EuroQol5D (EQ5D) as part of the UNITED Planned Care Trial (UPC Cohort); a population based randomized
controlled study assessing the value of shared care in the management of diabetes patients in primary care,
clinicaltrials.gov: NCT00421850. ** The EQ5D is a standardized questionnaire previously used in patients with
diabetes to assess functional status in five domains; mobility, pain, self care, usual activities and anxiety/depression.
930 The responses on the questionnaire ranged between 1 and 3 with 1 being the lowest value (no problems with
functioning), 2 — (some problems with functioning) and 3 — (major problems with functioning).
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An additional 200 patients not part of the UPC Cohort were included for validation studies (Validation Cohort) for
the NLP-ML System. Both patient groups are representative of the six primary care family and internal medicine
practices affiliated with Mayo Clinic, a large academic medical center in Rochester, Olmsted County, Minnesota,
USA. The Mayo Foundation Institutional Review Board approved the study procedures and all patients
participating gave written informed consent and research authorization.

Natural Language Processing and Machine Learning Approach

We relied on a simple pattern-matching approach previously reported®' for the extraction of predictive features used
to training and automatic classifier (NLP-ML System) for the computerized determination of HRQOL from the text
of electronic medical records. Machine learning algorithms applied to unstructured text typically require the
following two steps: feature selection and feature extraction. We defined five sets of word patterns that were
indicative of abnormal functional status in five domains of functioning: mobility, self-care, usual activities, pain, and
depression using both top-down and bottom-up methods described in the following sections. The process by which
these text patterns were defined (feature selection) is described in detail in the next two sections. Once the patterns
have been defined, we encoded them as regular expressions using Perl programming language and applied these
regular expressions to determine the presence and frequency of the features in EMR documents (feature extraction).

Top-down (expert-knowledge) feature selection

Because it was our intent to create an NLP-ML System that reflected documentation of functional status within the
text of the medical record, we first completed a systematic review of published & unpublished inventories for
assessing general and disease specific; i.e. diabetes and health status. Key words, phrases, and concepts that would
identify textural references to FS were chosen and cataloged into one of five domains (mobility, usual activities,
self-care, pain/discomfort, and anxiety/depression) based on their consistency with the International Classification of
Functioning (ICF) construct *> ** as well as questions from previously validated instruments for the measure of
functional status; Health Utilities Index Mark 2 (HUI2) ** ¥, Health Utilities Index Mark 3 (HUI3) **°, Quality of
Well-Being Scale *”**, Self-Administered V1.04 (QWB-SA) *, EuroQol5D ** *°, SE-36v2 *!, the Patient

Health Questionnaire (PHQ-9) 4243 and a functional status assessment (HALex) questionnaire derived form the
Behavioral Risk Factor Surveillance Survey: Center for Disease Control Telephone Administered Version) **.
Using a modified Delphi approach we distributed these key words and concepts to domain experts in the assessment
of functional status (rheumatology, epidemiology, endocrinology, health economics) until there were no further
additions or clarification. Based on this review, a Measurement Manual was created (available upon request) that
operationally defined for text auditors textural references to FS and would be sufficient documentation for the
assessment of the five functional status domains.

Bottom-up (data-driven) feature selection

From the 454 UPC Cohort, we randomly selected 169 (37%) for review and annotation of their clinical notes for the
2 year trial period (July 2001- December 2003). Clinical notes sections documenting individual visits in the 2 year
period from all 169 patients were first electronically retrieved and then randomly presented to the auditors (SS, PH)
for independent manual annotation at the sentence level, using the General Architecture for Text Engineering
(GATE 3.0). * The auditors electronically highlighted phrases in clinical notes indicative of functional status and
assigned whether each highlighted portion of text was indicative of normal or abnormal status for the corresponding
domain. In this way, review and annotation of the random selection was completed without regard to the integrity of
all clinical notes for one patient. Following independent annotation and computation of inter-rater agreement; each
document annotation was reviewed by the auditors together and, following discussion and consensus on
disagreements, the final determination of functional status expressions was completed. These expressions were used
as a source of additional keyword patterns for the construction of the NLP-ML System.
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Creation and Validation of the NLP System

We first used text queries of the designate clinical notes to extract a vocabulary of indicator phrases that signal
evidence for FS assessment in order to identify linguistic patterns and bring lexical and morphological variants of
medical terms to a standard form. We identified syntactic phrases representative of FS including noun phrases (e.g.
“patient”), prepositional phrases (e.g. “with pain”), and adjective/adverb phrases (e.g. “very tired”’) using two
reference standards; 1) key words for functional status prediction, and 2) text annotated key words. After extracting
all available phrases and their frequencies of occurrence in the records of patients with and without perfect health in
each of the five FS domains (as well as if the condition was not assessed), information gain was measured for each
of the phrases as an indication of its relevance to describing different health states and evidence for documentation.
The measure of information gain indicates the discriminative power of a predictive feature with respect to a specific
classification problem. Using features with high information gain values may improve classification accuracy,
whereas using features with low information gain may add noise and result in poorer classification performance **.
Each word or phrase in the vocabulary was treated as a potential predictor variable for a binary outcome classifier:
positive or negative in reference to functional status. In addition, each clinical note was considered as an unordered
list of predictor variables after stop words; e.g. “he”, “she”, “has”, “of”’, were removed (“bag-of-words”
representation *%). We also applied limited semantic normalization (conceptual indexing) by using Metamap™ that
mapped free text of clinical reports to concept unique identifiers (CUIs) of the Unified Medical Language System
Metathesaurus'.

Information gain value for each predictor was then computed and the words/concepts were ranked in the descending
order of their information gain values. >’ Words/concepts with positive information gain were considered as
potential candidates for inclusion in further search queries. These words combined with additional keywords and
phrases as codified in the Measurement Manual were then used to construct natural language queries of the 5 FS
domains and “Not Assessed”. Morphologic variants of the same word (e.g. move — moves — moving) were
normalized by using Lexical Variant Generator http://medlineplus.nlm.nih.gov/research/umls/meta4.html. If a
clinical note contained evidence for the assessment of a FS domain, then the text of the note was converted to a
vector of predictive covariates. Support Vector Machine (SVM) learning algorithm (WEKA SMO implementation
>!) was then used to train a set of binary classifiers to determine if the FS component represented normal or
abnormal status. *>”° To train and validate the SVM algorithm, we represented each of the clinical note sections in
terms of a set of predictive covariates. >’

Ten-fold cross-validation strategy, using the WEKA data mining software package, was used to evaluate machine
learning classifiers. **°' In addition, The NLP-ML System was tested on medical records for the 200 individuals in
the Validation Cohort independent of the data used in training and cross-validation. These records were manually
audited for the five functional status domains by SS and PH and each patient was classified as either “normal” or
“abnormal” for each domain. In addition, each patient in this set filled out the EQ5D and patient responses were
dichotomized to “normal” and “abnormal” categories using two as the cutoff value (> 2 — “abnormal”). All clinical
notes for each patient in this cohort were also processed using the NLP system that made automated determination
of “normal” vs. “abnormal” status for each domain. The resulting sets of responses from the auditors, patients and
the NLP system were compared for agreement with each other.

Clinical Outcomes

The clinical outcomes of interest in this study were the association of FS domains with quality performance
measures and total cost of care for a 1 year period of observation (at some point during the study period spanning
July 2001-December 2003). We used administrative data to estimate hospital and physician costs incurred by
enrolled patients for one year prior to and after enrollment into the trial. A standardized, 2007 constant-dollar cost
estimate was assigned to each service using the Medicare Part A and Part B classification system. ***° Specifically,
Part A billed charges were adjusted by using hospital department cost-to-charge ratios and wage indexes, and Part B
physician service costs were approximated by 2007 Medicare reimbursement rates.

The five domains of functional status for 285 UPC Cohort patients (Evaluation Cohort), not included in the process
of pattern induction, were classified by the NLP System as present or absent and were used in regression models

! For this study we used an older Java implementation of Metamap (a.k.a. MMTX) as the newer Metamap system was not yet
widely available at the time of the study.
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including patient sex, age at diagnosis (years), duration of diabetes (years), and BMI as additional independent
variables. The dependent performance variables for the logistic models were HA1c<7%, LDL-cholesterol < 2.6
mmol/l (100 mgm/dl), Blood Pressure <130/80, and compliance with all three variables. Estimates for the United
Kingdom Prospective Diabetes Study (UKPDS) 10-year risk for coronary heart disease (CHD) ® and total costs
were assessed using generalized linear models, specifying a gamma distribution and log link °"®%, each model using
the same covariates as above. Odds ratio (95% confidence intervals) and parameter estimates are reported.

Results

Patient Demographics
Table 1 summarizes the demographic variables for the Validation and Evaluation Cohorts.

Table 1 Patient Demographics for the Validation and Evaluation Cohorts

Patient Demographics Validation Cohort Evaluation Cohort
n=200 n=285
Number | Mean (standard | Number Mean (standard
(%) deviation) (%) deviation)
% Male 97(49) 139 (49)
Age at diagnosis, years 48.6 (15.6) 55.1(13.2)
Duration of diabetes, years 16.3 (11.9) 6.7 (7.4)
BMI kg/m2 33.2(7.1) 33.1(6.2)
Systolic BP mmHg 125 (15) 131 (16)
Diastolic BP mm Hg 69 (10) 72.6 (10.5)
HbAlc % 7.3 (1.1) 7.6 (1.6)
LDL Cholesterol mmol/l 2.2 (0.7) 2.7 (0.9)
UKPDS lo-zear risk of CHD 25 (11) 21 (15)
Performance Metrics Number Number
(%) (%)
% HbAlc<7 % 86 (43) 115 (40)
% BP<130/80 mmHg 113 (57) 115 (40)
%1.DL< 2.6 mmol/l 157 (79) 127 (45)

The Evaluation Cohort was older at the time of diagnosis, had had diabetes for substantially less time, and except for
LDL cholesterol levels less than 2.6 mmol/liter (100 mgm/dl), had similar metabolic control and 10 year estimate
risk for coronary artery events as the Validation Cohort.

Table 2 summarizes the results of the comparison between the “normal” and “abnormal” classifications of
functioning in five domains (mobility, self-care, usual activities, pain and depression) performed by the automated
NLP-ML System, patient self-report on the EQ5D questionnaire and manual audit of the EMR for the Validation
Cohort. The results indicate that the NLP-ML System output agreed on average 74% of the time with the manual
audit results and approximately 65% with the patient self-report. The patient self-report and manual audit agreed
approximately 71% of the time, while the auditors agreed with each other approximately 82% of the time. Thus, as
expected, we observed better agreement between the NLP-ML system and the auditors than the patients. The
distribution of “normal” and “abnormal” responses on EQ5D is typically skewed towards more prevalent “normal”
responses, with the exception of pain domain. In our data, for example, in the Validation Cohort the percent of
“normal” responses was 57.3% for mobility, 94.2% for self-care, 64.1% for usual activity, 66.7% for
anxiety/depression, and 28.2% for pain.

The next question we addressed was whether patient’s responses or NLP-extracted functional status were better
predictors of the outcomes.

1083



Table 2 Agreement between patient self-report, manual medical record audit and automatic NLP System for
the Validation Cohort (n=200)

Domain Comparison Kappa % agreement
mobility SS vs PH* 0.4872 77.0
Patient vs SS 0.2144 63.1
Patient vs PH 0.2285 62.1
Patient vs NLP-ML 0.0935 59.2
SS vs NLP-ML 0.3655 79.0
PH vs NLP-ML 0.2282 67.0
self-care SS vs PH 0.5159 96.5
Patient vs SS 0.0000 94.2
Patient vs PH 0.1908 93.2
Patient vs NLP-ML 0.1351 78.6
SS vs NLP-ML 0.0927 81.5
PH vs NLP-ML 0.1563 82.0
usual activity SS vs PH 0.3337 75.5
Patient vs SS 0.2127 65.0
Patient vs PH 0.1825 65.0
Patient vs NLP-ML 0.2485 66.0
SS vs NLP-ML 0.3498 74.5
PH vs NLP-ML 0.3179 74.0
pain/discomfort SS vs PH 0.5714 80.5
Patient vs SS 0.1328 66.0
Patient vs PH 0.1027 64.1
Patient vs NLP-ML 0.1746 63.1
SS vs NLP-ML 0.3050 67.0
PH vs NLP-ML 0.3886 70.5
anxiety/depression SS vs PH 0.5552 81.0
Patient vs SS 0.2969 70.6
Patient vs PH 0.1654 63.7
Patient vs NLP-ML 0.1081 56.9
SS vs NLP-ML 0.3184 68.0
PH vs NLP-ML 0.3748 70.0

*SS, PH= auditors completing manual medical record audit for functional status
Patient= patient self report of functional status determined by EQ5D
NLP= automatic NLP System for functional status

We excluded from further analysis, abnormalities in the self care domain because this category had very low
frequency by all assessments: patient self report, findings in manual review of the EMR, and the NLP-ML System.
We found no association between functional status domains assessed by patient self report or NLP System and the
performance measures; HbAlc, LDL cholesterol, BP, the three measures combined, or the 10 year risk for CHD
(data not shown). While we did not find an association of patient self report of functional status and health care
costs; abnormalities in each of the four FS domains determined by the NLP-ML System were associated with
increased health care expenditure. Figure 1 includes the results of multivariate modeling and suggests that there is a
significant impact of depression and usual activity, as encoded in free text of the EMR and extracted with NLP, on
health care costs.
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Figure 1. Parameter estimates and 95% confidence intervals around the estimates for EQ5D domains in
a multivariate model predictive of health care costs as the outcome relative to individuals without
functional status problems.

Discussion

In this study we have demonstrated the use of NLP and the EMR in determining an efficient and scalable surrogate
measure of HRQOL that predicts health care utilization and cost of care for ambulatory patients with diabetes. Our
results show that two of the five EQ5D domains of functioning (i.e., “usual activity” and “anxiety/depression”) are
significantly associated health care utilization. Our preliminary efforts suggest that automated processing of the
unstructured text of clinical reports has the potential to automate the collection of a rich set of information
concerning measures of HRQOL that could inform quality improvement interventions. These findings suggest that
our approach may be a scalable and efficient population strategy that uses NLP for applying possible interventions
targeting usual activity and depression. Such targeted and evidence-supported interventions (as opposed to, for
example, blindly targeting improvements in Alc) could result in more efficient health care utilization through
reduced costs.

Our study has strengths and weaknesses regarding the measure and use of HRQOL. Similar to other reports using
manual chart abstraction, we have found that there are variable levels of agreement using NLP derived measure of
HRQOL compared to patient interview and self report. While it is intuitive that the more concerning a disability is
to the patient, the more likely it would be a subject of communication and documentation in the medical record, past
studies have been inconsistent and have found that health care providers accurately 2 ’24’26, over26'63, and under
estimate '>'%21*32093¢ hatient HRQOL. We may speculate that when a patient goes to see a physician he/she is
more likely to have some concerns on his/her mind vs. to have a general examination. The patient response may
then obviously be biased in one situation or the other. In addition, providers themselves may not accurately assess
functional status and thus one would not expect NLP to be any better than medical record documentation.
Furthermore, providers might over-document exaggerated patient report in the encounter vs. survey when they are
anticipating adequate documentation for justification in care delivery or the visit. Based on more affected
populations, medical record documentation has had reported sensitivity (35-88%) and specificity (64-82%) for
predicting problems with usual and self care '*-*"***?® with similar but less frequently reported predictive value for
domains of anxiety/depression and pain. ***® The purpose of our study was not to resolve the issue of
disagreements between clinical documentation and patient self-report, but to compare medical record
documentation, as well as patient self report for HRQOL to health care expenditure. Despite differences in self
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report and use of the medical record to assess functional status, our findings support prior observations that medical

record data appears to be able to serve as a predictor for increased health care utilization.

19

The features used to train the machine learning classifiers came partly from a manual process that was necessary to
provide the fidelity of the algorithm; however, it may introduce bias. Therefore, the results of the current study
would need to be replicated in another documentation system and another population.

Conclusion

We believe this is the first report of the use of the medical record to determine the value of a measure of HRQOL
and it’s association with the cost of care for an ambulatory population. In addition, we have described a process that
can easily be translated to other care settings using the EMR, permitting an assessment of HRQOL that is not
dependent on integration into an already time constrained clinical encounter in primary care.
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