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Abstract:

Background: Incidence of Catheter-associated urinary tract infection (CAUTI) is a quality
benchmark. To streamline conventional detection methods, an electronic surveillance
system augmented with Natural Language Processing (NLP), which gathers data
recorded in clinical notes without manual review, was implemented for real-time
surveillance. The objective of this study was to assess the utility of this algorithm for

identifying indwelling urinary catheter days (IUCD) and CAUTI.

Setting: Large, urban tertiary care Veteran’s Affairs Hospital.

Methods: All patients admitted to the acute care units (ACU) and the intensive care unit
(ICU) from 3/1/2013-11/30/2013 were included. Standard surveillance, which includes

electronic and manual data extraction, was compared to the NLP-augmented algorithm.

Results: The NLP-augmented algorithm identified +26.9% IUCDs in ACU, and -28.4%
ICUDs in the ICU. The algorithm flagged 24 CAUTI versus 20 by standard surveillance
methods; the CAUTI identified were overlapping but not the same. The overall positive
predictive value was 54.2%, and overall sensitivity was 65%, 90.9% in ACU but 33% ICU.
Dissimilarities in the operating characteristics of the algorithm between ACU and ICU

were due to differences in documentation practice. Development and implementation
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of the algorithm required substantial upfront effort of clinicians and programmers to

determine current language patterns.

Conclusions: The NLP algorithm was most useful for identifying simple clinical variables,
such as IUCDs. Algorithm operating characteristics were specific to local documentation
practices. Developing the algorithm was resource-intensive, and did not perform as well
as standard surveillance methods. The utility of NLP for real-time surveillance remains

uncertain.
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Introduction:

Catheter-associated urinary tract infections (CAUTIs) are the most common healthcare
associated infections (HAIs), and the third-leading cause of HAl-related death.! Thus,
CAUTI prevention is a top priority for hospitals, administrators, and infection prevention

programs.

In most facilities, measurement of CAUTI rates is accomplished by manual chart review.
Downsides of manual review include that the strategy is time-intensive, often requires
interdisciplinary coordination, and reproducibility and inter-rater reliability are low.2*
Automated surveillance of HAls is a theoretically attractive alternative but limited data
are available regarding the resources required for development, implementation, and
maintenance of fully automated systems.>® Most automated algorithms focus on
administrative and microbiological variables, ’° but the sensitivity and specificity of
these methods is questionable. The use of ICD-9 coding alone is objective, but has poor

sensitivity.>0

Natural Language Processing (NLP),!! offers an alternative means of automated
surveillance not reliant upon traditional data extraction methods. NLP-augmented
systems are able to mine data from free-text in unstructured documents, such as clinical
progress notes. Data extracted by NLP algorithms can be combined with traditional
structured data to create a fully automated surveillance program without the need for

manual review.?
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We previously reported the derivation of an NLP-based algorithm for identifying
indwelling urinary catheter days (IUCDs) in a static snapshot of eight hospital days.!3%>
However, little data is available regarding tangible implementation of NLP-augmented
algorithms. Thus, we sought to evaluate if manual chart review could be supplemented
or replaced with a NLP-augmented algorithm in a real-world clinical setting, and to
characterize the resources required to develop, implement, and sustain an NLP-

augmented system.

Methods:

Setting:

The Boston VA Healthcare System is a 545 bed facility, with approximately 110,000

admissions annually. The system includes acute care units (ACU) and a 30 bed intensive

care unit (ICU).

Participants:

All patients admitted to the ACU and ICU from 3/1/2013-11/30/2013 were included.

Resource Utilization Required for Algorithm Development and Refinement:
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Time and resources required for developing, implementing, and sustaining the NLP-
augmented algorithm in real-time were recorded and reviewed. A qualitative review of

necessary steps was compiled.

Documentation:

Documentation of indwelling urinary catheter (IUC) varies by unit. On the inpatient
floors, IUCs are documented in progress notes. In the ICU, IUCs are documented in an
electronic database not directly linked to the electronic medical record (EMR). For full

details of documentation practice, see Appendix 1.

Gold-Standard Infection Prevention Surveillance:

NHSN definitions are used for standard surveillance. To identify cases, a combination of
electronic data extraction (IUCDs in the ICU, microbiologic data in all units) and manual
chart review and data extraction (IUCDs in acute care, vital signs and symptoms in all
units) is used. Coordination of multiple services (nursing, healthcare quality, infection
control) is required for data extraction and management. For full details of standard

practice, see Appendix 2.

NLP for Real-Time Surveillance in Hospital Wards:
IUCDs were classified using a NLP-augmented algorithm developed within the VA, used
prospectively (Figure 1).13 For CAUTI detection, the NLP programming was expanded to

search for clinical documentation of fever using temperatures >100.4 and/or keywords
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(For full details of programming, see Appendix 3). The phrases included in the NLP were
chosen based on the input from key stakeholders, followed by a detailed chart review to
determine local clinical documentation patterns. Of note, for patients in ACUs, nurses
are required to document a minimum of one temperature per shift; however, there are
no specific guidelines outlining that this be the highest or lowest temperature. Thus,

relying solely on vital signs data may miss clinical “fevers.”

Data collected from free-text were combined with structured data (vital signs,
microbiology, urinalysis). Fever, urine cultures, and urinalysis had to be documented
either on the same day or on consecutive days to qualify as a potential CAUTI. Searches

were performed independently for the two units.

Of note, manual review recorded a “snap shot” view of IUCDs at the same time every
day (i.e., 6 AM), in accordance with NHSN recommendations. Conversely, the NLP-
augmented algorithm used a “video” approach to recording IUCDs, and therefore

counted any IUC placed at any time during a given day (Figure 2).

Validation and Accuracy of NLP Report:
IUCDs and CAUTIs identified by the NLP-augmented algorithm were compared to the
number generated from routine practice. Test characteristics of the NLP-augmented

algorithm were calculated, and stratified by inpatient unit. In cases where the NLP-
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algorithm failed to correctly classify a patient, extensive chart review was undertaken to

determine the root cause of the misclassification.

Implementation Barriers:

Barriers to full automation of the NLP-augmented algorithm were reviewed
qualitatively. Estimates of resources required for algorithm development were
determined based on experiences of programmers and team managers. Time required
for standard CAUTI surveillance was based on estimates from experienced infection

prevention practitioners.

Ethical Considerations:
The VA Boston Healthcare System Institutional Review Board approved the study (Study

# 2730).

Results:

Setting and Participants:

Veterans admitted during the period from 3/1/2013-10/1/2013 to a large, urban VA
medical center were included. N= 43,609 patient-days from the ACU and ICU were

identified.

Resource Utilization Required for Algorithm Development and Refinement:
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This NLP algorithm was based on a simple regression approach, which uses key words
and phrases to identify clinical data. Development of this algorithm for identification of
IUCDs was resource intense: First, a team of clinicians developed a list of phrases that
might be used to identify presence of an IUC. Then, 500 hospital days were manually
reviewed to identify any other words and phrases used to identify IUCs. Finally, an
electronic algorithm was developed by programmers based upon all identified words
and phrases. Once collected, extracted data were reviewed by infection prevention to

determine validity.

NLP algorithm development required excellent “Gold Standard” data for comparison, to
ensure that the electronic program correctly identified and extracted data. Identifying a
clear standard for comparison to fine-tune the NLP programming presented problems
independent of the NLP itself: For example, electronic systems identified “two north”
and “two north telemetry” as different patient care areas. In the manually generated
list, many errors were identified (incorrect patient medical record numbers, incorrect
ward assignment). Thus, the NLP algorithm required significant data cleaning before

the algorithm could be implemented in real-time.

Real-Time Algorithm Performance:
Indwelling Urinary Catheter Days:
In the ACU, the NLP-augmented algorithm consistently identified more IUCDs than

standard evaluation (mean, +26.9 % IUCDs, Table 1). Qualitative review found the
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primary reason for the higher number of IUCDs was due to differences in timing of
assessment for catheter presence (Figure 2). Conversely, in the ICU, the NLP-augmented
algorithm consistently identified fewer IUCDs than standard surveillance (mean, -28.4 %,
Table 1). The primary reason NLP underestimated the number of IUCDs in the ICU was

lack of systematic documentation in the progress notes.

CAUTI:

Overall, NLP and manual review identified a similar total number of CAUTI (24 by NLP
and 20 by manual review). Although the gross numbers appeared similar, the patients
identified by the two review strategies were overlapping but not the same. The positive

predictive value for identifying CAUTI in inpatient settings was 54.2%.

In the ACU, the NLP-augmented algorithm flagged 19 CAUTIs (10 true-positive and 9
false-positive) compared to 11 identified by standard surveillance, and did not identify
any cases not flagged by standard surveillance methods. False positives flagged by the
electronic system were due to differences between how clinicians document symptoms
and results and NHSN definitions, and lack of specific filters for evaluating urine cultures
and urinalyses (For full details, see Appendix 4). The cause of the one false-negative

case was unclear (sensitivity 90.9 %, Table 2).

In ICU, the NLP-augmented algorithm demonstrated even lower performance,

identifying 5 CAUTI, and only 3/9 true CAUTI. All false negatives (6/6) were secondary to

10
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incorrect flagging of temperatures. The reason for misclassification by the NLP-
augmented algorithm was vital signs documentation in the ICU. In our ICU, vital signs
are entered into an unlinked electronic system (Careview). The NLP is directed toward
the EMR, and is thus was unable to mine these data elements. In both false-positive
identifications, the patient did not meet NHSN criteria for CAUTI due to temperatures
<100.4; the NLP flagged these cases based on keywords present in clinical progress

notes.

All discrepancies between the NLP-augmented algorithm flag and the standard
surveillance determination were compared to determine if adding additional clinical
variables (ie, dysuria, suprapubic pain, among others) would improve algorithm
performance. None of the seven cases missed by the NLP algorithm would have been re-

classified.

Implementation Barriers:

In this center, CAUTI surveillance requires an average of eight hours per month of
infection prevention practitioner time, not including the substantial time required for
data input and extraction by other services (nursing and healthcare quality). The time
and resources required for further development of this NLP program are unknown;
however, initial development and implementation required substantial upfront
commitment by a team of clinicians and programmers, followed by extensive time for

validation and data cleaning. Utilization requires ongoing updates and data extraction,

11



235

236

237

238

239

240

241

242

243

244

245

246

247

248

249

250

251

252

253

254

255

256

which is also time-intensive. Refinement may be a particularly large barrier for using
NLP for identification of healthcare-associated infections, as NHSN definitions are
updated frequently, and thus the algorithm would require frequent re-programming

and re-validation (Table 3).

Moving to an NLP-augmented algorithm requires not only technological development of
the algorithm, but also a targeted system for clarifying documentation. Changing
documentation practices requires coordination of multiple services and providers in
order to enact significant culture change, and may be infeasible. Other barriers to -
implementation include lack of inter-institutional standardization for IUCD
documentation and a broad range of data collection methods both within a single
institution and across institutions. Further refining the NLP algorithm to function outside
of a single hospital network would be time consuming and require additional data
management support, and it is unclear if the long-term benefits would outweigh the

significant costs.

Discussion:

Electronic surveillance has the potential to improve the accuracy of measurement by
reducing the clinical subjectivity present in manual review, 3 and by increasing the
efficiency and standardization of HAI detection.” NLP can theoretically be used to
integrate many data collection systems, and circumvent manual chart review.'61® The

purpose of this study was to evaluate how well an NLP-augmented algorithm can

12
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function in a real-world clinical setting. This information is critical as automated systems

are increasingly adopted.

Overall, the NLP had reasonable accuracy for identifying IUCDs, but performed sub-
optimally for CAUTI detection. Although only a narrow piece of NHSN definitions were
included in the NLP algorithm development, no additional CAUTI would have been
identified if additional clinical variables had been programmed into the NLP algorithm.
Thus, it remains unclear if refining the algorithm to include additional keywords would
significantly improve its operating characteristics. Furthermore, integrating these
variables would be extremely resource intense, requiring significant time and effort

before updates could be integrated.

During the implementation, we found that CAUTI capture was dramatically better when
a systematic approach to documentation was partnered with the use of the NLP-
program; use of a templated note mandated that all documentation was completed
appropriately- and that language specifically recognized by the NLP algorithm would be
used in favor of true “free-text.” If a templated note was not implemented
simultaneously, then the NLP performed poorly. Templated notes, however, may
present other barriers for patient care. Progress notes may include a litany of imported
items and check boxes, which may improve data collection and compliance while also

worsening readability and communication between healthcare providers.

13
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A significant barrier to expansion of the NLP-augmented system is that the algorithm
itself is heavily nuanced for use in a particular institution. We used a simple regression
approach, based upon local language patterns. This approach is time consuming
upfront, but has the upside of being transparent to the end-user. Machine learning is an
alternate programming approach that may bypass the need for upfront review,
however, this strategy is less transparent, more difficult to adapt, and requires robust
review by to ensure proper functioning. Further, the machine learning approach
“learns” only local language patterns- and thus may not be reliable when expanded
beyond a single healthcare system. As practice patterns change, documentation
practices and definitions evolve, NLP algorithms require continuous updating. Thus,
NLP-augmented surveillance programs require a significant commitment from
programmers, clinicians, and technologic experts. Infection prevention review requires
approximately eight hours per month in our institution. Whether transitioning from
current practice to an NLP-augmented system is an efficient use of resources is unclear.
Other barriers to expansion include staff turnover, particularly in facilities with trainees

that rotate frequently, as achieving compliance with templated notes may be difficult.

Our prospective study represents real-world implementation data in several different
patient-care areas, however, is limited as it represents the experience of a single,
closed, healthcare system, and the operating characteristics of the algorithm may vary

considerably in other clinical settings. Indeed, we found marked variability between

14
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different units within our facility. Another limitation is our use of standard surveillance
as the “gold-standard” of comparison, as CAUTI identification via usual methods is
known to have low sensitivity. However, there is no other clear “gold standard,” and a
goal of this study was to determine whether an NLP-augmented algorithm would

perform better than traditional methods.

Conclusions:

The NLP algorithm performed well for identifying indwelling urinary catheter days, but
had poor operating characteristics for identifying CAUTI in real-time. Given the
resource-intense nature of developing NLP-based systems compared to more traditional
data extraction methods, it remains unclear whether developing NLP for this purpose is
an appropriate use of limited resources. However, further evaluation of NLP as a tool to

complement other electronic surveillance to identify CAUTI is warranted.
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Figure 1 (Title). Data Extraction and Processing by the Natural Language Processing

Algorithm, Followed by Logic of Electronic CAUTI Determination.

Figure 1 Legend.

Key data points for the electronic algorithm were extracted from several sources. Data
were then combined to determine if the patient had an indwelling urinary catheter
present. If there was no indwelling urinary catheter, or the indwelling urinary catheter
was in place for less than three days, then no further evaluation for CAUTI was
undertaken by the electronic algorithm. If an indwelling urinary catheter was present for
three or more days, then urine culture results and vital signs were evaluated to
determine if CAUTI was present. Fever and urine cultures and fevers had to be
documented either on the same day or on consecutive days to count as a CAUTI. Note
that the criteria for CAUTI identification used in the NLP-augmented algorithm differs

from standard NHSN definitions, see text for more details.
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Figure 2 (Title). Schematic of Indwelling Urinary Catheter Day Counting by Natural

Language Processing Based Algorithm versus Infection Control Manual Review.

Figure 2 Legend.

Manual review recorded a “snap shot” view at the same time every day (i.e., 6 AM). If
an indwelling urinary catheter was placed after the standard evaluation time, or
removed prior to the standard evaluation time, the day did not count as an indwelling
urinary catheter day, as per National Healthcare Safety Network guidelines. The NLP
program used a “video” approach to recording indwelling urinary catheter days, and so
counted indwelling urinary catheters placed at any time during the day as an indwelling
urinary catheter day. In scenario 1, in which the indwelling urinary catheter was placed
at 9PM, and removed at 2AM, there was a 50% higher number of indwelling urinary
catheter days counted by the NLP program when compared to manual review. In
scenario 2, in which the indwelling urinary catheter was placed at 2AM and removed at
9AM, the two methods counted the same number of days. Two is the maximum

difference between the two approaches.
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428 Table 1. Performance of NLP Algorithm Versus Standard, Manual Review Surveillance
429  for Indwelling Urinary-Catheter Days (IUCDs) in Three Different Care Settings
430

Month 1 2 3 4 5 6 7 8 9 Total
Acute Care IUCDs*
NLP 718 663 751 723 711 713 647 630 316 5872
Manual 443 492 582 571 579 551 477 452 482 4629
Difference (%) +62 +35 +29 +27 +23 +29 +36 +39 -34 +27
ICU IUCDs
NLP 386 348 444 440 419 383 297 322 207 3246
Manual 537 468 570 565 536 526 381 443 507 4533
Difference (%) 28 -26 -22 -22 -22 -27 -22 -27 -59 -28
431

432  *Indwelling Urinary Catheter Days
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Table 2. Test Characteristics of Automated Natural Language Processing Algorithm for

Catheter-Associated Urinary Tract Surveillance*

A. All inpatient units combined

CAUTI-Positive CAUTI-Negative Total
(Manual Review) (Manual Review)
CAUTI-Positive (NLP) 13 11 24
CAUTI-Negative (NLP) 7 2790 2797
20 2801 2821
Sensitivity = 65% Specificity = 99.6%
Positive Predictive Value = Negative Predictive Value =
54.2% 99.7%
B. Acute care floors
CAUTI-Positive CAUTI-Negative Total
(Manual Review) (Manual Review)
CAUTI-Positive (NLP) 10 9 19
CAUTI-Negative (NLP) 1 1402 1402
11 1411 1422
Sensitivity = 90.9% Specificity = 99.3%
Positive Predictive Value = Negative Predictive Value =
52.6% 99.3%
C. Intensive Care Unit
CAUTI-Positive CAUTI-Negative Total
(Manual Review) (Manual Review)
CAUTI-Positive (NLP) 3 2 5
CAUTI-Negative (NLP) 6 1388 1394
9 1390 1399

Sensitivity = 33%
Positive Predictive Value =

60%

Specificity = 99.9%
Negative Predictive Value =

99.7%

* Results based on incidence of CAUTI per number of indwelling urinary catheter days
(ICUDs). IUCDs were calculated based on manual review for the intensive care unit and

the long-term care facility, and via the NLP algorithm for the acute care floors.

L CAUTI = Catheter-associated urinary tract infection
2 NLP = Natural Language Processing
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3 |CU = Intensive Care Unit
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Table 3. Barriers to Implementation of NLP and Suggested Solutions

Implementation Barrier

Solution

Documentation lacking key data
points

Simultaneous implementation of a templated
note with necessary elements included to direct
NLP program

Variation in clinical and reporting
definitions

Couple use of clinical language with objective
data (such as vital signs) to filter out only
relevant data

Need for clear gold standard for
comparison and validation of
electronic algorithm

Cleaning and validation of standard data, and
targeted use of NLP toward well-defined data-
points

Evolution of documentation
practices

Intermittent audit of clinical notes with updates
in NLP programming (for simple regression
approaches) or implementation of machine-
learning algorithm (which allows for adaptation
over time)

Ongoing data access for end-user

Increased technologic support for infection
prevention programs
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