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AbstrACt 
Objectives To develop and test a method for automatic 
assessment of a quality metric, provider-documented 
pretreatment digital rectal examination (DRE), using the 
outputs of a natural language processing (NLP) framework.
setting An electronic health records (EHR)-based 
prostate cancer data warehouse was used to identify 
patients and associated clinical notes from 1 January 
2005 to 31 December 2017. Using a previously 
developed natural language processing pipeline, we 
classified DRE assessment as documented (currently or 
historically performed), deferred (or suggested as a future 
examination) and refused.
Primary and secondary outcome measures We 
investigated the quality metric performance, 
documentation 6 months before treatment and identified 
patient and clinical factors associated with metric 
performance.
results The cohort included 7215 patients with prostate 
cancer and 426 227 unique clinical notes associated with 
pretreatment encounters. DREs of 5958 (82.6%) patients 
were documented and 1257 (17.4%) of patients did 
not have a DRE documented in the EHR. A total of 3742 
(51.9%) patient DREs were documented within 6 months 
prior to treatment, meeting the quality metric. Patients with 
private insurance had a higher rate of DRE 6 months prior 
to starting treatment as compared with Medicaid-based 
or Medicare-based payors (77.3%vs69.5%, p=0.001). 
Patients undergoing chemotherapy, radiation therapy or 
surgery as the first line of treatment were more likely to 
have a documented DRE 6 months prior to treatment.
Conclusion EHRs contain valuable unstructured 
information and with NLP, it is feasible to accurately 
and efficiently identify quality metrics with current 
documentation clinician workflow.

IntrOduCtIOn
Prostate cancer is the most common malig-
nant tumour among men and over 85% 
of prostate cancers are localised at diag-
nosis.1 Digital rectal examination (DRE) is 
part of a physical exam routinely used for 

prostate cancer screening and pretreatment 
assessment. Studies have shown that DRE is 
an important tool for early diagnosis of pros-
tate cancer, especially when serum levels of 
prostate-specific antigen are low.2–4 DRE is 
used to assess the need for a needle biopsy 
and for clinical tumour staging and for treat-
ment decisions once the diagnosis of prostate 
cancer is made.5–7 DRE findings are useful in 
surgical planning, such as the need to remove 
a neurovascular bundle, and can suggest 
additional diagnostic imaging in patients with 
locally advanced disease who are at greater 
risk for metastatic disease and can help guide 
imaging for radiation treatment planning.

Performance of a digital rectal exam has 
been identified as an important quality metric 
in prostate cancer care,8 9 and most clinical 
guidelines include DRE as part of a compre-
hensive pretreatment assessment.6 7 However, 
DRE results are often not systematically 
recorded nor included in the billing or claims 
datasets used in outcomes research. Several 
studies have conducted manual chart reviews 
of patients with prostate cancer to assess DRE 
documentation.2 10 11 These reviews found 

strengths and limitations of this study

 ► To our knowledge, this is the largest study on digital 
rectal examination (DRE) documentation using re-
al-world unstructured text data.

 ► We developed a computational approach to identi-
fy and extract the reporting of DRE in virtually all 
patients seen and treated for prostate cancer at a 
tertiary care academic healthcare system.

 ► Our algorithm was developed at a single academic 
site, where unique vocabularies might be used in 
recording DREs.
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that while DRE was well documented, clinical details from 
the exam were often missing.

As we move into the era of digital healthcare, adoption 
and implementation of electronic health records (EHRs) 
have become widespread in clinical practice.12 Some 
studies have used EHRs to evaluate DRE as a screening 
tool and showed that, while DRE is important for early 
detection of prostate cancer,3 it has modest rates of docu-
mentation.13 Furthermore, the use of EHRs to assess DRE 
from the quality metric perspective, including documen-
tation, quality of the information documented and appro-
priate timing for a pretreatment assessment is limited, as 
the DRE-related information is available only in free-text 
clinical narratives which thwarts computerised applica-
tions. New studies demonstrate the ability to leverage the 
information available in EHRs in order to improve the 
clinicians’ processes of recording care in a digital format, 
and the way they conduct clinical research, moving from 
labour intensive manual chart reviews to automated and 
efficient text processing.14 Therefore, advanced compu-
tational techniques, such as natural language processing 
(NLP), are needed to extract DRE information from 
EHRs for use in intelligent applications.

NLP has emerged as a potential solution for bridging 
the gap between free-text and structured representations 
of clinical information. Since biomedical domains exhibit 
high degree of terminological variation, NLP’s precision 
becomes even more valuable based on its ability to auto-
matically recognise all variants of domain language.15 
There are a few studies16–20 using NLP techniques to 
extract concepts related to prostate cancer from EHRs for 
decision support, but the accuracy of DRE extraction was 
reported only in two studies.16 21 The features related to 
DRE reporting was also missing in those studies.

To enhance availability of quantifiable measures of 
quality care delivery, we have developed a system to use 
routinely collected electronic clinical text data to measure 
and improve prostate cancer care. The primary aim of 
this study was automatic assessment of pretreatment DRE 
documentation using the outputs of an NLP framework. 
Our previous work demonstrates that an NLP pipeline can 
effectively capture the documentation, timing and exam 
results from unstructured text.22 In this paper, we used 
this NLP pipeline to investigate DRE documentation and 
an academic institution’s performance on this endorsed 
quality metric. Our approach opens new opportunities for 
scalable and automated information extraction of quality 
measures from unstructured clinical data and highlights 
areas for focused quality improvement efforts.

MethOds
data source
Data were collected from a prostate cancer data ware-
house, which is described in detail elsewhere.23 In brief, 
data were collected from a tertiary care academic health-
care system Epic EHR system (Epic Systems, Verona, 
Wisconsin, USA) and linked to the California Cancer 

Registry.24 The registry contains structured data on diag-
nosis, histology, cancer stage, treatment and outcomes, 
including information from healthcare organisations 
across California. Data were included from 1 January 
2005 to 31 December 2017. Our study design is illustrated 
in online supplementary figure 1.

study cohort
Patients with prostate cancer >34 years of age were iden-
tified using International Classification of Diseases (ICD) 
diagnostic codes, ICD-9-CM:185 and ICD-10-CM:C61. 
Patients were excluded if they did not receive initial treat-
ment for prostate cancer (prostatectomy, radiotherapy, 
hormone therapy or chemotherapy) in our health system, 
as we would not have their detailed initial pretreatment 
medical records. We further excluded patients who 
received cystoprostatectomy (ICD-9 procedure code: 
57.71), as these patients had a primary diagnosis of 
bladder cancer with prostate cancer detected incidentally 
on surgical pathology (figure 1).

Patient and public involvement
No patients were involved in setting the research ques-
tion, study design or outcome measures. Patients will be 
informed by press reports and the institute’s homepage 
following this publication.

the nLP pipeline
We decomposed the NLP problem into a set of subtasks 
(ie, preprocessing, dictionary mapping, etc), and created 
a processing pipeline comprising a set of sequentially 
executed processing modules to automatically recog-
nise the pertinent named entities in clinical narratives. 
The preprocessing steps included sentence boundary 
detection, tokenisation and removing all the stop words, 
punctuation characters and two-letter words. The integer 
and floating-point numbers were converted to the 

Figure 1 Flow chart of the selection process used to 
identify patients with prostate cancer for DRE information 
extraction from notes. DRE, digital rectal examination; EHR, 
electronic health records, ICD, International Classification of 
Diseases; NLP, natural language processing.
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corresponding string representation. In order to show 
how DREs are documented in clinical notes and the 
appearance of outputs from our NLP pipeline, unselected 
examples of extracted text are displayed in figure 2.

In order to define name entities, a domain-specific 
dictionary was created based on domain knowledge 
experts (KMK, MF, JDB), matches with existing ontolo-
gies and using distributional information on words and 
phrases from all notes in the database. We used a distri-
butional semantics method which can be easily trained 
from a large corpus and derive representations for words 
in such a way that words occurring in similar contexts will 
have similar representations.25–27 To carry out the distribu-
tional semantics method, we used the word2vec package 
created by Mikolov et al to build vector representations of 
all terms in our corpus.28 The skip-gram model with vector 
length of 100 and a context window width of 5 was used to 
recognise biomedical synonyms from among the options. 
Because word2vec constructs a separate vector for each 
token in the text, there is no intuitive way to compose the 
vectors for ‘rectal’ and ‘exam’ into a combined vector for 
the term ‘rectal exam’. We thus needed to create single 
entities for multiword phrases before running word2vec 
using bigrams and trigrams of words.25 29 In order to quan-
tify closeness of the word vectors, we used the cosine simi-
larity between two terms. Based on the calculated word 
similarity metric, additional synonyms and other lexical 
variants were identified in the clinical notes and terms list 
was expanded after the expert confirmation of candidate 
terms. We also implemented the ConText algorithm (with 
small modifications)22 within our NLP system in order to 

identify three contextual values: negation, hypothetical 
and historical.30

We evaluated the pipeline on a set of patient reports that 
had been manually annotated by two domain experts (MF 
and JDB). As described elsewhere, our pipeline had 95% 
precision and 90% recall.22 Using the NLP pipeline, we 
classified patient-specific DREs as documented (current 
or performed historically), deferred (or suggested as a 
future examination) or refused. In addition, we investi-
gated the timing of DRE documentation in accordance 
with the quality metric: 6 months before treatment.

statistical analysis
Statistical analysis of clinical characteristics between two 
groups consisted of unpaired t-tests and Mann-Whitney 
U test, whereas the Χ2/Fisher’s exact tests were used for 
categorical variables. All statistical tests were two-sided 
with a threshold of p≤0.05 for statistical significance 
and carried out using R project statistical environment 
(http://www. r- project. org).

resuLts
The final cohort consisted of 7215 patients and 426 227 
unique clinical notes. A total of 5958 (82.6%) patients 
had at least one DRE documented in their medical record 
at any time during their course of care. In addition, 737 
(10.2%) patients’ reports state directly that the patient 
deferred or refused DRE before treatment. Among 
deferred/refused cases (737), 357 (48.4%) had a DRE 
documented after treatment. A total of 3742 (51.9%) 
patients had a DRE documented 6 months prior to initial 
treatment (table 1).

Characteristics of the patients based on the DRE docu-
mentation (performed or not performed/mentioned) 
are provided in table 2. While age, first line of treat-
ment and stage were significantly different (p<0.001 for 
each characteristics), the insurance payor type, ethnicity 
and race were not different across the groups. Patients 
initially managed with active surveillance, surgery and 
chemotherapy had a higher rate of DRE prior to starting 

Figure 2 Examples of DRE documentation in clinical 
notes and output of the NLP pipeline. DRE, digital rectal 
examination; NLP, natural language processing.

Table 1 DRE documentation statistics before initial treatment

Stage*

Documented (performed)
Documented (not 
performed) Not documented

Total6+ months before Tx ≤6 months before Tx Deferred/Refused No mention

1, n (%) 199 (28.5) 332 (47.5) 79 (11.3) 89 (12.7) 699

2, n (%) 720 (18.3) 2102 (53.4) 374 (9.5) 743 (18.9) 3939

3, n (%) 110 (11.8) 607 (65) 65 (7) 152 (16.3) 934

4, n (%) 137 (21.4) 286 (44.8) 96 (15) 120 (18.8) 639

N/A†, n (%) 313 (31.2) 415 (41.3) 123 (12.3) 153 (15.2) 1004

Total 1479 (20.5) 3742 (51.9) 737 (10.2) 1257 (17.4) 7215

*Stage=overall stage.
†Stage information is missing in the database.
DRE, digital rectal examination; Tx, treatment.

http://www.r-project.org
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treatment as compared with hormone and radiation 
therapy (78.2%, 75.9%, 75.1% vs 67.9% and 65.9%, 
p<0.001). Likewise, stage 1 and 3 patients had a higher 
rate of DRE prior to starting treatment as compared with 
stage 2 and 4 patients (76%, 76.8% vs 71.6%, 66.2%, 
p<0.001). 

Characteristics for patients receiving a DRE, stratified 
by quality metric adherence (ie, 6 months prior to treat-
ment) are summarised in table 3. Patients with private 
insurance had a higher rate of DRE prior to starting treat-
ment compared with patients with Medicaid or Medicare 
(77.3 vs 69.5, p<0.001). Patients undergoing chemo-
therapy, radiation therapy or surgery as the first line of 
treatment were more likely to have a documented DRE 
6 months prior to treatment. Likewise, stage 2 and 3 
patients had a higher rate of DRE prior to starting therapy 
as compared with stage 1 and 4 patients.

Documentation of DREs improved slightly over time 
from an initial rate of 67% in 2005 to 75% in 2009, and 
87% in 2016/2017 (online supplementary figure 2).

dIsCussIOn
Systematic monitoring and reporting of DRE documen-
tation has been limited in the past due to its non-stan-
dardised capture and storage as unstructured, free text 

in EHRs. We developed a computational approach to 
identify and extract the reporting of DRE in virtually all 
patients seen and treated for prostate cancer at a tertiary 
care academic healthcare system within a prespecified 
time period. We found that the majority of patients had 
a documented DRE in their clinical records, and that 
the DRE was performed prior to treatment, satisfying 
the endorsed quality metric. To our knowledge, this 
is the largest study on DRE documentation using real-
world unstructured text data and the proposed frame-
work opens opportunities for improved quality metric 
monitoring and reporting within the current clinician 
documentation workflow and without increased docu-
mentation burden.

Our evaluation of over 7215 patients undergoing treat-
ment for prostate cancer revealed that over 82.6% of 
patients had a documented DRE in the EHR and 72.4% 
of these were prior to initiating treatment. DRE compli-
ance among patients in the screening setting has been 
investigated using population-based surveys, which are 
compromised by recall bias, respondent bias or reporting 
errors.31 32 Studies on provider compliance with perfor-
mance of DRE for screening purposes consist of much 
smaller groups of patients and primarily use manual chart 
reviews.13 33 One of the larger studies reviewed compliance 

Table 2 Characteristics for patients based on digital rectal examination documentation as performed or not performed

Patient characteristics
Not performed or mentioned
n=1994 (27.6%)

Performed
n=5221 (72.4%) P value

Age at diagnosis (years), ̄x ± SD  67.46±9.52 66.30± 9.03 <0.001

Insurance payor type, n (%)

  Private 539 (25.5) 1576 (74.5) 0.236

  Medicare/Medical 1199 (26.9) 3264 (73.1)

Ethnicity, n (%)

  Non-Hispanic 1815 (27.5) 4784 (72.5) 0.432

  Hispanic 159 (29.1) 388 (70.9)

Race, n (%)

  Asian 224 (28.1) 574 (71.9) 0.317

  White 1480 (27.3) 3933 (72.7)

  Other 136 (30.6) 308 (69.4)

First line of treatment, n (%)

  Active surveillance 154 (21.8) 554 (78.2) <0.001

  Chemotherapy 70 (24.9) 211 (75.1)

  Hormone therapy 577 (32.1) 1223 (67.9)

  Radiation therapy 431 (34.1) 832 (65.9)

  Surgery 762 (24.1) 2401 (75.9)

Stage, n (%)

  1 168 (24.0) 531 (76.0) <0.001

  2 1117 (28.4) 2822 (71.6)

  3 217 (23.2) 717 (76.8)

  4 216 (33.8) 423 (66.2)

https://dx.doi.org/10.1136/bmjopen-2018-027182


5Bozkurt S, et al. BMJ Open 2019;9:e027182. doi:10.1136/bmjopen-2018-027182

Open access

in the American College of Surgeons National Cancer 
Database using an extraction tool found an 80% rate of 
compliance for this measure.11

Patients with private insurance had a higher rate of 
DRE documentation 6 months prior to starting treatment 
as compared with those with Medicaid or Medicare. We 
did not find differences among our patient population in 
terms of ethnicity and race. Patients undergoing surgery 
and radiation as the first line of treatment were the 
most likely to have a documented DRE 6 months prior 
to treatment. DRE assessment of the prostate likely was 
highest in these settings since the information gained 
has direct implications for treatment planning, such as 
guiding nerve-sparing techniques in surgery and deter-
mining prostate volume in radiation. It is not clear why 
stage 3 patients had the highest rates of DRE recorded. 
By definition, most patients with stage 3 cancer will have 
palpable abnormalities on DRE, and the higher rates 
might reflect a bias in physicians recording positive find-
ings on physical examination or a higher likelihood of 
performing an exam in a patient referred to their prac-
tice with a previously documented abnormality. Patients 
undergoing chemotherapy or hormone therapy nearly 
always have metastatic disease where local stage is far less 

likely to influence clinical decision-making. Interestingly, 
patients on active surveillance had the highest overall 
rate of documented DRE but failed to meet the quality 
metric of having their DRE within 6 months of diagnosis. 
This failure is likely because we defined the start date of 
active surveillance based on their date of diagnosis. Most 
patients placed on active surveillance had a DRE prior 
to or at the time of their diagnostic biopsy and would 
therefore meet the quality metric. The high rates of DRE 
after diagnosis in these patients is because DRE is part of 
routine follow-up in nearly all active surveillance proto-
cols. As active surveillance becomes more widely adapted 
in practice, our algorithms will need to be modified to 
capture prediagnostic examinations.

We found an overall improvement in compliance at our 
institution over time, with documented DREs increasing 
from an initial rate of 67% in 2005 to 87% in 2017. We 
suspect this improvement is due to widespread education 
on published quality metrics and institutional encour-
agement of the providers treating patients with pros-
tate cancer to improve their compliance with published 
guidelines. In the future, information captured by mining 
EHRs could be used to provide individual providers feed-
back on their adherence to guidelines. Eventually, these 

Table 3 Characteristics for patients receiving a digital rectal examination, stratified by quality metric timing

Patient characteristics
≤6 months before Tx
n=3742

6+ months before Tx
n=1479 P value

Age at diagnosis (years),  
−
x   ±SD 65.81±8.83 67.54±9.41

Insurance payor type, n (%)

  Private 1219 (77.3) 357 (22.7) <0.001

  Medicare/Medical 2269 (69.5) 995 (30.5)

Ethnicity, n (%)

  Non-Hispanic 3431 (71.7) 1353 (28.3) 0.767

  Hispanic 281 (72.4) 107 (27.6)

Race, n (%)

  Asian 423 (73.7) 151 (26.3) 0.523

  White 2809 (71.4) 1124 (28.6)

  Other* 222 (72.1) 86 (27.9)

First line of treatment, n (%)

  Active surveillance 248 (44.8) 306 (55.2) <0.001

  Chemotherapy 137 (64.9) 74 (35.1)

  Hormone therapy 768 (62.8) 455 (37.2)

  Radiation therapy 612 (73.6) 220 (26.4)

  Surgery 1977 (82.3) 424 (17.7)

Stage, n (%)

  1 332 (62.5) 199 (37.5) <0.001

  2 2102 (74.5) 720 (25.5)

  3 607 (84.7) 110 (15.3)

  4 286 (67.6) 137 (32.4)

Tx, treatment.
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tools could be incorporated into the EHR to promote 
guideline adherence and documentation in real time.

Several guidelines recommend performance of a DRE 
prior to initiation of therapy, but are mute on whether 
and how this quality metric needs to be documented. 
The rapid rise of the EHR offers new opportunities 
for measuring compliance with diverse quality metrics 
that was previously impossible with paper records. We 
have focused on using the EHR to address the need to 
measure compliance with several quality metrics in pros-
tate cancer care, including DRE, and have made these 
algorithms freely available so that other healthcare 
systems can modify and use them.17 34 In the near future, 
measurement of compliance with quality metrics, with 
the goal of improving patient outcomes, will be used to 
monitor and quantify healthcare quality. Compliance 
with quality metrics could be directly tethered to reim-
bursements, in which case, building structured fields 
for documentation of quality metrics will increase since 
these will improve compliance with, and documentation 
of quality metrics like performance of a DRE prior to 
initiating therapy.

On the other hand, many of the >100 quality metrics 
proposed in prostate cancer are based on expert 
opinion and other low-level evidence.8 Given the 
widespread concerns about ‘click fatigue’ and physi-
cian burn-out related to documentation in the EHR 
(PMID: 29801050), required structured fields need to 
be deployed wisely and judiciously. As we move to a 
learning-based healthcare system with the EHR at its 
hub, capture of compliance and non-compliance with 
quality metrics with the automated methods such as 
ours will provide opportunities to assess the true effects 
of compliance with disease-related outcomes (such as 
higher rates of positive surgical margins and recurrence 
in patients undergoing surgery who did not receive a 
DRE) as well patient-centred outcomes. Ideally, quality 
metrics that significantly effect clinical end points and 
patient-centred outcomes can be tested and incorpo-
rated as structured fields, while those that do not can 
be discarded to decrease documentation burdens on 
physicians. In addition, understanding which quality 
metrics lead to improved outcomes and patient expe-
rience would allow insurers to tailor reimbursements to 
incentivise improvements in quality.

Our study has some limitations. Our algorithm was 
developed at a single academic site, where unique vocab-
ularies might be used in recording DREs. Since our data 
are from a single institution, the rates of DRE perfor-
mance might not generalise to other populations. Vali-
dation in an external cohort could address these issues to 
a great extent, although external validation poses several 
practical challenges. Sites often are reluctant to provide 
access to their EHR because of patient privacy concerns, 
and to avoid comparisons of adherence to quality metrics 
with other institutions. Sites also lack the information 
technology infrastructure and linkage to a data ware-
house that makes this work possible.

COnCLusIOns
In this study of documentation of DRE within 6 months 
prior to prostate cancer treatment using NLP, we found 
EHRs contain valuable free unstructured text informa-
tion on this clinical assessment for the majority of patients 
with prostate cancer. With NLP techniques, it is feasible to 
accurately and efficiently identify adherence to this quality 
metric without increasing documentation burden to clini-
cians. By leveraging big data for quality assessment, this 
methodology allows us to systematically paint a picture of 
our institution’s clinical practice by mining free-text clin-
ical narrative text embedded in the EHR. Other settings 
can benefit from such algorithms to improve quality 
assessment while not further burdening clinicians. As 
healthcare moves forward with public reporting of quality 
metrics and federal incentives are attaching value to these 
metrics, it is important to produce precise, valid measures 
that reflect best medical practices that are considered 
important by clinicians. By doing so, timely and efficient 
feedback can be provided to continually improve patient 
care.
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