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Abstract Objective Our objective was to phenotype periodontal disease (PD) diagnoses from
three different sections (diagnosis codes, clinical notes, and periodontal charting) of the
electronic dental records (EDR) by developing two automated computer algorithms.
Methods We conducted a retrospective study using EDR data of patients (n¼27,138)
who received care at Temple University Maurice H. Kornberg School of Dentistry from
January 1, 2017 to August 31, 2021. We determined the completeness of patient
demographics, periodontal charting, and PD diagnoses information in the EDR. Next,
we developed two automated computer algorithms to automatically diagnose
patients’ PD statuses from clinical notes and periodontal charting data. Last, we
phenotyped PD diagnoses using automated computer algorithms and reported the
improved completeness of diagnosis.
Results The completeness of PD diagnosis from the EDR was as follows: periodontal
diagnosis codes 36% (n¼ 9,834), diagnoses in clinical notes 18% (n¼4,867), and charting
information 80% (n¼21,710). After phenotyping, the completeness of PD diagnoses
improved to 100%. Eleven percent of patients had healthy periodontium, 43% were with
gingivitis, 3% with stage I, 36% with stage II, and 7% with stage III/IV periodontitis.
Conclusions We successfully developed, tested, and deployed two automated
algorithms on big EDR datasets to improve the completeness of PD diagnoses. After
phenotyping, EDR provided 100% completeness of PD diagnoses of 27,138 unique
patients for research purposes. This approach is recommended for use in other large
databases for the evaluation of their EDR data quality and for phenotyping PD
diagnoses and other relevant variables.
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Background and Significance

There is a significant increase in the utilization of electronic
dental record (EDR) systems for patient care and reimburse-
ment purposes.1,2 It has been demonstrated that the patient
care informationdocumented in the EDRhas invaluable utility
in clinical research and for quality improvement purposes.3–6

As a result, there has been a steep curve in using EDR data for
research in the last decade. Researchers have developed ad-
vanced machine learning algorithms and statistical models to
utilize EDR data to extract information, predict disease risk,
and provide personalized treatment recommendations.2,7–9

Despite this massive shift toward “big EDR data research,” the
transition of the research results generated through EDR data
to practice is limited and controversial.10,11 There are chal-
lenges associated with questionable quality and reliability,
missing information, and fragmented information in different
sectionsof theEDR.Hence, it is critical todeterminethequality
of the EDR data before its intended use because poor data
quality may lead to flawed outcomes.6,11

EDRdata alsoprovide longitudinal patient care information
forperiodontaldisease (PD) research.12,13PD isoneof themost
prevalentdental diseaseswhichmaycause tooth loss andpoor
qualityof life if left untreated.14,15The prevalence of PD is high
worldwide. For example, approximately 80% of adults in the
United States have periodontal inflammation and 47% have
destructive periodontitis.14,16,17Gingivitis is an inflammation
of the gingiva (gums) surrounding teeth,while periodontitis is
the inflammation and loss of the periodontal attachment and
alveolar bone.14,18 Further research is needed to advance our
knowledge of these diseases, including information about
their prevalence, incidence and progression in various pop-
ulations, etiologic factors among vulnerable groups, and long-
termefficacyof various treatment regimens and in developing
prediction models to identify high-risk patients, with the
ability to provide up-to-date real-world information.13

EDR data are intended to support patient care and are not
designed specifically for research. Hence, using EDR data for
research presents challenges related to missing data, poor
data completeness, and fragmented information.6,10,11,19 For
instance, patients’ complete dental diagnosis information
may not be available for all patients because dentists get
reimbursed based on procedures performed, rather than
diagnosis.20 In addition, it is instrumental to assess the
data quality of clinical variables. Data quality completeness
implies the utilization of all sections of the EDR for relevant
data, although the information could have been reported in
multiple sections of the EDR. On the contrary, utilizing EDR
data for research has several advantages such as providing
patients’ longer follow-up information that may be difficult
to collect prospectively and providing “real-world” data at a
significantly lower cost.3,21

A few studies in dentistry have evaluated the quality of
the EDR data. For example, Patel et al found that the
cardiovascular disease information documented in the EDR
may not be reliable because they are patient reported.22 And
at the same time, smoking information reported in the EDR
may be a more reliable resource to obtain patients’ detailed

smoking information (smoking intensity and duration).5

Thyvalikakath et al examined data quality of private dental
practices through the National Dental PBRN Practices and
found that patients’ age and gender information were
recorded for 100% of patients.6 However, 8% of observations
had incorrect data such as incorrect tooth number, tooth
surface, primary teeth, supernumerary teeth, and tooth
ranges, indicatingmultitooth procedures instead of posterior
composite restorations or root canal treatment. Mullins et al
have assessed the completeness of PD documentation in the
EHR and found the feasibility of developing automated data
extraction script using only structured data.23 Despite this
effort, as per our best knowledge, no study has attempted to
improve the completeness of PD diagnoses by utilizing
different sections of the EHR such as periodontal charting,
clinical notes, and diagnoses reported by the clinicians.

The objectives of the studyare two-fold: (1) to appraise data
completeness and accuracyon thediagnosis of PDdocumented
in a large EDR system at Temple University Kornberg School of
Dentistry (TUKSoD) and (2) to develop and test automated
computer algorithms by phenotyping PD diagnosis informa-
tion frommultiple sections of the EDR. The results of this study
will allow us to determine the quality of PD-related clinical
variables stored in the EDR, generating a dental-specific data
quality framework and three automated Python programming
algorithms to automatically diagnose PD based on the current
disease classification.24 In this study, we only considered
chronic periodontitis classification system from the American
Academy of Periodontology (AAP) and excluded classification
of other types of periodontitis such as necrotizing, aggressive,
and periodontitis as a manifestation of systemic diseases.24

Methods

A retrospective study using EDR data from TUKSoD clinics
was conducted. Patients’ demographics, periodontal findings,
clinical case notes, andPDdiagnosis in the EDRwere retrieved.
The completeness of variables required to diagnose PD was
determined and an automated computer algorithm to diag-
nose patients’ PD statuses from periodontal charting findings
was created. Anatural languageprocessing (NLP) programwas
also created to retrieve diagnoses recorded by clinicians in the
clinical notes as free text. The two automated computer
algorithms were developed to improve the completeness of
PD diagnoses documented in the EDR. The performance of
these programs was evaluated through manual review pro-
cesses. Finally, data completeness before and after using the
automated computer algorithms was assessed (►Fig. 1).

Data Retrieval and Patient Cohort
EDR (axiUm, Exan software, Las Vegas, Nevada, United
States) data of patients who received at least one compre-
hensive oral examination (COE) at TUKSoD between Janu-
ary 1, 2017, and August 31, 2021 were used. There were
27,138 unique patients who received at least one COE
during the study time. PD diagnosis documented during
the patient’s most recent visit was considered. For exam-
ple, if the patient has received dental treatments in 2017,
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2019, and 2021, then the charting updated during his/her
2021 visit was considered. The new patients during the
study time period were excluded because the charting
information may not be completed. To avoid including
incomplete charting information, we only included those
patients whose COE code indicated “complete” in the
database. This demonstrates that the dental students
have successfully completed documenting patients’ chart-
ing information which was then reviewed and approved by
the clinic faculty members. The dataset included patient
demographics, diabetes history, PD diagnoses, periodontal
charting, and smoking information (variables necessary to
diagnose PD).

Periodontal Disease Information in Different Sections
of the Electronic Dental Records
Patient’s PD information was recorded in three different
sections within the EDR.

1. Diagnosis section (Method [M] 1): A separate diagnosis
section was provided in the EDR where clinicians were
trained and instructed to document patients’ detailed
dental diagnoses, using the systemized nomenclature
dental diagnostic system, including PD. This EDR section
stores diagnosis information in a structured format as
selected using a dropdown list.

2. Clinical notes section (M 2): Clinicians were provided a
separate text box to write patients’ clinical and prognosis
information in periodontal evaluation forms. This section
typically documents patients’ gingival health, bone loss
information, and PD diagnosis and stores this information
in free text format.

3. Periodontal charting section (M 3): Clinicians docu-
mented periodontal findings such as clinical attachment
loss (CAL), periodontal probing depth (PPD), bleeding on
probing (BOP), and bone loss information. This informa-
tion was stored in a structured format. For example, CAL

Fig. 1 Overall workflow to phenotype periodontal disease information from three sections of the EDR. EDR, electronic dental records.
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and PPD information was documented in millimeters and
BOP information was documented as Boolean (yes/no).

Completeness of Periodontal Disease Diagnosis
Information
Completeness is the most assessed dimension of EDR data
quality and refers to data availability ormissing data. A similar
model to that described byWeiskopf et alwasused to calculate
thecompletenessof theneededvariables.10,19Theproportions
of present values by the total number of patients that received
COE to examine completeness were determined. [Complete-
ness¼ total reported observation per section (M1/M2/M3)/
27,138)].10,19 However, as the diagnosis is typically not used
for reimbursement purposes, this information may be
recorded using a dropdown list but is oftenmissing. Therefore,
we assessed completeness of diagnosis documentation in
different sections of the EDR. We then developed computer
algorithms to provide automatingdiagnosis of patients’whose
periodontal diagnosis is not recorded inanysectionof the EDR.
The rationale is to improve the completeness of the diagnosis
using all the possible sections of the EDR.

Development of an Automated Computer Algorithm
(PerioDxDiagnoser) to Diagnose Patients’ Periodontal
Disease Status
The PerioDx Diagnoser in Python (open-source computer
programming language) automatically classifies patients’ PD
status into healthy, gingivitis, or periodontitis using the
criteria of the 2017 Classification of Periodontal Diseases
(►Fig. 2).24Workingwith the clinical data extracted from the
EDR, the PerioDx Diagnoser first identifies if patients’ CAL,

PPD, BOP, and bone loss information has been recorded,
which are necessary variables to diagnose PD. For instance,
if the patient has 40 BOP sites and have a total of 28 teeth
present, then the BOP score would be [40/(28�6)168] 24%.
Based on the BOP score, this patient would be classified as
localized gingivitis. Similarly, it also automatically provides
different grading and staging of periodontitis. For instance, if
the patient has (1) bone loss of >33% (middle third), (2) CAL
of 3 to 5mm and PPD of >5mm for more than 30% of
dentition, and (3) >5 mobile teeth, then this patient is
categorized as generalized stage IV periodontitis. To auto-
matically diagnose patients’ periodontitis status, utilization
of periodontal bone loss information is critical. We obtained
this information from the periodontal evaluation forms. At
TUKSoD, the periodontal evaluation form has a dropdown
list for clinicians to document patients’ bone loss informa-
tion. This includes (1) bone loss <15%, (2) bone loss between
15% and 33%, and (3) bone loss>33%. In addition, we took
one step further and determined the grade of periodontitis as
well.We utilize patients’ smoking and HbA1c levels to obtain
periodontitis grading. For example, if the patient smokes
>10 cigarettes a day and is diabetic with HbA1c�7, then this
patient will be classified as grade C periodontitis case.

Development of a Natural Language Processing
Algorithm (PerioDx Extractor) to Extract Patients’
Periodontal Disease Diagnoses from Clinical Notes
As described in section 4.2, patients’ PD diagnoses may also
be available in the clinical notes section of the EDRwithin the
free-text format. Unlike dropdown lists, free-text boxes
allow clinicians to write their clinical findings without any

Fig. 2 Process to diagnose patients’ PD status automatically from periodontal findings based on the 2017 Classification of Periodontal and Peri-
implant Diseases and Conditions. �BOP, bleeding on probing; �CAL, clinical attachment loss; �PD, pocket depth.

Methods of Information in Medicine Vol. 61 No. S2/2022 © 2022. The Author(s).

Computer Algorithms to Phenotype Periodontal Disease Diagnoses Patel et al.e128



limitations. However, free-text data are stored in an unstruc-
tured format and are difficult tomine for analysis. Extracting
information out of free-text data needs experts’ manual
reviewof selected patient’s clinical noteswith further coding
of structured/categorical variables to perform statistical
analysis.25–27 Therefore, an NLP algorithm (PerioDx Extrac-
tor) was developed to extract PD diagnoses automatically
from the clinical notes. In this program, computer algorithms
were trained to read and interpret lengthy clinical text
documented by the clinicians, which were converted into
structured/categorical format for further analysis. Below we
describe detailed steps in developing and testing our NLP
program.

We used a bottom-up approach to develop our NLP
program.20 First, we created manual annotation guidelines.
Two domain experts manually reviewed 100 clinical notes
that contained PD diagnosis, stage of periodontitis, grade of
periodontitis, smoking histories, and their HbA1C level for
diabetes diagnosis. We used “The extensible Human Oracle
Suite of Tools” tool to annotate clinical notes.28,29 For the PD
diagnoses, we collected bag of words related to extent,
stage, grade, and severity of PD as presented in the 2017
AAP classification.24 For the diabetes status, we annotated
HbA1C level <5 as normal, 5.7% � HbA1C<6.4% as predia-
betes, and smoking status into nonsmoker (patient who
never smoked), <10 cigarettes/day, and �10 cigarettes/day.
We performed the manual annotation process with four
iterations. After every iteration, we calculated the interrater
agreement using Cohen’s Kappa test. Disagreed concepts
between the annotators were discussed and resolved
through consensus.

We then developed a two-step NLP algorithm. First, we
created a program to preprocess the data to remove special
characters, capitalizations, removal of stop words, and
created text chunks by tokenization. We performed this
task using several Python libraries, such as the Natural
Language Toolkit, Version 3.5, string-matching algorithm,
regular expression, and pandas.30–32 We then used a key-
word approach from the gold standard dataset to only
extract patients’ clinical notes that had a mention of at
least one PD diagnosis. This approach yielded a total of
4,867 clinical notes. The rationale for doing this task is to
reduce false-positive error rate and to save processing time
and computational power. In the second filter, we took one
step further and identified keywords related to the staging
and grading of periodontitis. In the second filter, we used
two major functions including word stemming function
and text similarity function in the Python library. We
utilized “gensim” and “scikit-learn” functions in Python to
provide the most closet word vector compared with the
gold-standard word dictionary. We then merged both of
the outputs (outputs from filtering step 1, and step 2) into
one output to obtain final PD diagnoses. We also developed
a Python program to automatically calculate average length
of characters, sentences, and words of clinical text.33–35 The
performance of each of these filtering approaches was then
tested through a manual review process as described
below.

Evaluate the Performances of PerioDx Diagnoser and
PerioDx Extractor
The performances of PerioDx Diagnoser and PerioDx Extrac-
tor were evaluated through a manual review process. Two
domain experts manually reviewed 200 patients’ randomly
selected periodontal charting data and provided their PD
diagnoses using the 2017 PD classification. The manually
reviewed diagnoses were then compared against the diag-
noses provided by PerioDx Diagnoser. Similarly, experts
reviewed 400 randomly selected patients’ clinical notes
and annotated PD diagnoses documented by the clinicians.
These diagnoses were then compared against the PD diagno-
ses extracted in a structured format by PerioDx Extractor. A
confusion matrix containing true positive (TP), false positive
(FP), true negative (TN), and false negative (FN) were created
for both algorithms. Using this confusion matrix, we calcu-
lated precision (correctly predicted positive observations to
the total predicted positive observations), recall (correctly
predicted positive observations to all observations in actual
class), and F-1 measure (weighted average of precision and
recall) to assess performances.36

Phenotype Periodontal Disease Diagnoses from three
Electronic Dental Records Sections (M1þM2þM3)
Last, PD diagnoses were from three EDR sections: (1) diag-
nosis sections (M1), (2) clinical notes (M2), and (3) periodon-
tal charting (M3). Automated diagnoses generated from M2
and M3, were merged with M1 to create the final PD patient
cohort. During phenotyping, first, all available PD diagnoses
from the diagnosis section documented by the clinicians
(M1)were utilized, followed by the diagnoses extracted from
clinical notes (M2), and then the diagnoses generated from
periodontal charting data (M3). Finally, improved complete-
ness of PD diagnoses was reported after phenotyping.

Results

Patient Demographics and Data Completeness
Our sample consisted of 27,138 unique dental patients who
received at least one COE between January 1, 2017, and
August 31, 2021. Our patients’ most common age group was
58 to 67 years (19% [n¼5,240]), followed by 48 to 57 years
(18% [n¼4,851]), and 28 to 37 years (17%[n¼4,673]). More
than half (57%) of our patients’ race information was missing.
Among the remaining 43% reporting race, African American
was themost frequent race (28%), followedbywhite (12%). The
majority of our patients were females (57%). Periodontal
diagnosis codes were available for only 36% (n¼9,834) of
patients, and diagnoses in clinical notes were available for
18% (n¼4,867). Complete periodontal charting data were
available for 80% (n¼21,710) of patients (►Fig. 1; mutually
inclusive). After phenotyping (M1þM2þM3), the complete-
ness of PD diagnoses improved for all patients (n¼27,138) .

Periodontal Disease Patient Cohort after Phenotyping
We used a stepwise approach to create a final PD patient
cohort from the three EDR sections. We first reported PD
diagnoses that were available through the diagnosis codes
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section (M1; 36% of final cohort), followed by the clinical
notes (M2; 18% offinal cohort), and last, periodontal charting
(M3; 46% of final cohort). Diagnoses generated out of 4,867
patients’ clinical notes, 1,461 diagnoses were mutually
inclusive with the M1 method (diagnosis codes). Therefore,
during the final step, we utilized (M1; 36% of final cohort),
followed by the clinical notes (M2; 13% of final cohort), and
last, periodontal charting (M3; 51% of final cohort). The
rationale for using this stepwise approach is that the auto-
mated diagnosis is not neededwhen the clinicians’diagnoses
are available. Therefore, first, we reported diagnoses docu-
mented by the clinicians in M1 and M2 (mutually exclusive
diagnoses), and the remaining missing diagnoses were
obtained from the periodontal charting information. These
diagnoses are the patient levels indicating the latest diagno-
sis per patient. ►Fig. 3 demonstrates the breakdown of PD
diagnoses byeach PD category and their data source (M1,M2,
M3).We found consistent diagnosis categories across all data
sources. In total, 11% of patients were healthy, 43% had
gingivitis, 3% had stage I, 36% had stage II, and 7% had stage
III/IV periodontitis. We also obtained patients' grading infor-
mation with staging information by utilizing their medical

history (diabetes) and social history (smoking) sections. For
example, 2,629 patients had stage II grade A generalized
periodontitis, 1,088 patients had stage II grade A localized
periodontitis, and such as. Detailed information about de-
tailed periodontitis grading and staging is described
in ►Fig. 3.

Average Length of Clinical Texts
The average length of sentences, words, and characters in
clinical notes was 5.2, 72.0, and 521.26, respectively.

Performance of PerioDx Diagnoser and PerioDx
Extractor
The PerioDx Diagnoser performed with 96% precision, 98%
recall, and 97% of F-1 measure. Because periodontal charting
data were present in a structured format, it was easier to
compute and provide accurate diagnoses. However, the
PerioDx Diagnoser could not provide diagnoses of the
patients who had incomplete charting. Similarly, PerioDx
Extractor with 91% precision, 87% recall, and 95% of F-1
measure to automatically extract patients’ PD diagnoses
from clinical and prognosis notes. Our expert manual

Table 1 Performance of PerioDx extractor

Total population: 400 Predicted condition
positive: 246

Predicted condition
negative: 154

Informedness: 0.85

Actual condition positive: 112 True positive: 224 False negative: 0 True positive rate: 1

Actual condition negative: 154 False positive: 22 True negative: 154 False positive rate: 0.14

Prevalence: 0.59 Positive predictive Value: 0.91 False omission Rate: 0 Positive likelihood ratio: 7

Accuracy: 0.94 False discovery Rate: 0.089 Negative predictive value: 1 Markedness: 0.91

Balanced accuracy: 0.93 F1 Score: 0.95 Fowlkes–Mallows index: 0.95 Matthews correlation
coefficient: 0.88

Fig. 3 Phenotype periodontal diagnoses using diagnosis codes, clinical notes, and diagnosis generated from charting findings.
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reviewers found 224 TP, 154 TN, 22 FP, and 0 FN out of 400
manually reviewed clinical notes (►Table 1).

Upon error analysis of these, we identified a few reasons
for these errors and these are described below.

• There were many inconsistencies in the format of the text
that the dental clinicians used to describe the patients’ PD
diagnoses in the clinical notes. For instance, in some cases,
the text states negation concepts such as “not the pres-
ence of inflammation,” “not the presence of bone loss,”
etc., the PerioDx Extractor falsely identified without
consideration of negation concepts and falsely identified
as positive cases.

• In a few cases, the clinical notes contained acronyms or
incomplete words to describe clinical findings of PD, such
as “ging” for gingivitis, and “st. 2 perio” for stage II
periodontitis. As a result, the algorithm was unable to
identify those cases.

Discussion

This study developed advanced computational applications
to phenotype PD diagnoses from multiple sections of the
EDR. The completeness of data was poor (only 36%) when
considering the diagnosis codes section where clinicians are
supposed to diagnose PD diagnoses. However, the complete-
ness improved to 100%whenwe utilizedmultiple sections of
the EDR. We achieved this goal by developing two computa-
tional applications (PerioDx Diagnoser and PerioDx
Extractor). As per our best knowledge, no other study has
attempted to develop automated approaches to phenotype
PD diagnoses from EDR. The results show that our algorithms
that implemented the 2017 AAP classification system24were
effective with 97% F-1 score in automatically diagnosing
patients’ detailed PD classification when these diagnoses
were missing from the EDR.

Only few dental studies have evaluated the quality of EDR
data.5,6,8,12,20–23 For example, Patel et al. compared the self-
reported cardiovascular disease (CVD) information with
dental patients’ medical records. They found low to no
agreement and concluded that self-reported CVD informa-
tion in the EDR may not be reliable research sources
compared with electronic medical records. Similarly, the
authors extracted dental patients’ detailed smoking status
for research. They used three machine learning models
(support vector machines, random forest, and Naïve Bayes)
to classify patients into light, intermediate, intermittent,
past, or current smokers. Unlike the CVD study, they
found that EDR provided more accurate information than
electronic medical records. Thyvalikakath et al6 examined
data quality of private dental practices through the National
Dental PBRN Practices and found that patients’ age and
gender information were recorded for 100% of patients.
However, 8% of observations had incorrect data such as
incorrect tooth number, tooth surface, primary teeth, super-
numerary teeth, and tooth ranges, indicating multitooth
procedures instead of posterior composite restorations or
root canal treatment. Even though these studies provided
meaningful insights on the quality of tooth-related variables,

patient demographics, andmedical and social histories, none
assessed the data quality of PD diagnosis information. As per
our best knowledge, there are no published studies that have
evaluated the periodontal phenotype information from dif-
ferent sections of the EDR to improve the data quality and
completeness.

The automated approaches generated in this study can be
utilized to automatically document patients’ PD diagnoses
because of the fragmented reporting of diagnosis. Next, this
phenotype approach could be utilized to first improve the
completeness of the EDR data which then can be utilized to
study PD. For example, this approach can be utilized to
examine the long-term periodontal treatment outcomes
and to develop prediction models.

One important takeaway from this study is that EDRs have
a high potential to provide good quality patient information
for research and quality improvement purposes. For exam-
ple, this information can be used to develop prediction
models for PD to assess future disease risk, which can be
used to implement disease preventive approaches. However,
it is critical to utilize all sections of the EDR to obtain the best
quality data and to avoid biased outcomes, as demonstrated
in this study. This study demonstrated the power of infor-
maticsmethods to curate andmine the EDR data for research
and quality improvement purposes. In this study, an inter-
disciplinary team of dentists, informaticists, and computer
scientists developed computer applications that provided f-1
scores of 97 and 95% for obtaining automated PD diagnoses
from periodontal charting and clinical notes, respectively.
The domain experts manually reviewed and collected a bag
of words for the PerioDx extractor program, and informatics
researchers deployed them as an NLP algorithm in Python
programming language.

This study has some limitations. The present results may
not be generalizable because the writing patterns of clinical
notes of PD diagnoses may vary by the school’s culture,
training, and experience of faculty members. However, our
algorithmprovides a foundation to develop personalizedNLP
pipelines as researchers would only have to update the bag of
words in the NLP algorithm. Another limitation is that the
study did not include data before 2017 because the current
PD classification was introduced in 2017. Next, we did not
consider negation concepts in our NLP program which
resulted in a few FP cases. Finally, we had to rely on a
substantial amount of manual review process which will
be addressed in the future work by adding active learning
component in our NLP algorithm.

Conclusions and Future Work

The EDR has a high potential to provide good quality PD
diagnoses and charting information if phenotyping
approaches are used, as demonstrated in this study. This study
provided proof of the concept of evaluating the EDR data
quality. This is important since data quality evaluation could
minimize biased outcomes when the data are utilized for
reporting or research. We successfully developed, tested, and
implemented two automated algorithms (PerioDx
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Diagnoser and PerioDx Extractor) on large EDR datasets to
improve the completeness of PD diagnoses in the EDR. Other
investigators can use this approach to evaluate their EHR data
quality and phenotype PD diagnoses and other relevant var-
iables. Future work will determine the concordance between
the PD diagnoses generated from PerioDx Diagnoser and
clinician-documented diagnoses. We will also improve the
performance of our NLP algorithm by adding more bag of
words to ourNLP dictionary.Wewill then use this information
to develop data-driven prediction models to enhance disease
prevention and examine long-term treatment outcomes.
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