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Abstract

Periodontal disease (PD) is one of the most prevalent dental diseases. Fortunately, it can be prevented if identified
early, especially for high-risk patients. Dental electronic health records (EHRS) could help develop a data-driven
personalized prediction model using advanced machine learning development of clinical decision support system
(CDSS) as in our Phase I, Il AMIA-AI showcase. In phase 1, we created a CDSS, the Perio-Risk Scoring system
(PRSS), to help clinicians generate perio-scores and diagnoses and identify the influential factors. In Phase 111 (this
study), we implemented and compared the patient's risk factors information in five periodontal risk assessment tools
[periodontal risk assessment (PRA), PreViser, Sonicare, Cigna, and Periodontal Risk Scoring System (PRSS)]. We
examined 1) agreement between the risk scores provided by each of the five risk assessment tools of 20 patients'
information and 2) compare the risk scores provided by each tool to the original outcomes (five years outcomes).
Fleiss Kappa, Cohen's Kappa, and percentage agreements were performed to determine the agreements between risk
scores and original outcomes. We found a -1.24 Kappa value which indicates disagreement between the risk scores
provided by five risk assessment tools. Compared to the original outcomes (five-year disease outcomes), PRSS
provided the most accurate prediction (70%), followed by Previser (55%), PRA (35%), Phillips (35%), and Cigna
(25%). We conclude that using advanced state-of-the-art informatics methods could help us utilize EHR data optimally
to represent the current patient populations and their risk factors to provide the most accurate disease risk score. This
may promote preventive strategies at the chairside, hoping to reduce PD prevalence, improve quality of life, and
reduce healthcare costs.

Introduction

Advances in periodontal disease (PD) research and treatments showed that PD could be prevented if diagnosed and
treated early. However, 80% of US adults still suffer from gingivitis (a mild form of PD with gum inflammation) and
42% from periodontitis (a more severe form of PD)*. PD leads to tooth loss, functional disabilities, and poor quality
of life and is responsible for increased healthcare costs>®. Unfortunately, the predominant dental care is still the
reparative model, in which clinicians typically take care of the immediate pathology seen in the oral cavity and provide
less focus on the preventive model. In the preventive model, clinicians take a step back and assess the risk of disease
initiation and progression based on the etiological and risk factors®. The risk assessment approach can help dental
clinicians identify high-risk periodontitis patients and take preventative measures to prevent or delay the disease
progression, especially in its early stages®®. As a result, a few PD risk assessment tools have been developed over the
last two decades, including Periodontal Risk Assessment, Sonicare, Signa, PreViser, and PEMBRA. These tools utilize
IF-ELSE conditional statements to generate PD risk scores into very low to high risks using the preassigned weigh of
PD risk factors.

However, the effectiveness of these tools do not explain the risk scores with their underlying risk calculation
algorithms™ 3, Studies have demonstrated that the periodontal risk scores generated by two different risk assessment
tools are significantly different when the same patient information is entered. As a result, it is difficult for clinicians
to select the best tool that can provide patient-specific periodontal risk scores to take preventive measures 81214-16,
Nevertheless, to our best knowledge, no studies have compared the risk scores provided by readily available tools and
determined the similarities and differences between the provided risk scores. Moreover, limited research exists
comparing the risk assessment tool-provided risk scores versus the original outcomes of patients' PD status.

It is critical to study the similarities and differences between the risk scores generated by different risk assessment
tools for the following reasons. First, the risk scores highly depend on the inclusion of the risk factors involved in
calculating risk scores. It is well understood that periodontitis is a multifactorial disease. Multiple risk factors are
responsible for the disease initiation and progression®. Therefore, including comprehensive risk factors may help
predict the risk of periodontitis with high accuracy. Second, the method used to create the tool that generates risk
scores is also essential. For example, risk assessment tools developed using data-driven models have higher sensitivity
but lower generalizability'’. This is because the data is collected from the particular regional institute/clinics that could
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best represent their sample population, and the prevalence of risk factors varies from region to region. On the other
hand, the expert-driven risk assessment tools developed have less specificity but better generalizability. This is because
these tools mainly include risk factors that are highly studied in the literature. For example, regardless of region,
smoking, diabetes, and poor oral hygiene are strong predictors of periodontitis which have been very well known in
the literature *', Both of these methods have advantages and limitations. The expert-driven model would help identify
the risk factors that are highly prevalent in all populations but not patient-specific risk factors (community-level risk
factors). The data-driven model utilizes machine learning and advanced statistical models to predict the risk scores
that are specific to the patients and more personalized.

The expert-driven models are developed using well-known risk factors by utilizing simple rule-based algorithms such
as IF and ELSE statements. There are five periodontal risk assessment tools (excluding our tool) available, which are
either commercially or freely available to use to assess periodontal disease risks. These tools include 1) periodontal
risk assessment (PRA): from hereon referred to as tool A, 2) Sonicare (Phillips): Tool B, 3) Cigna: Tool C, and 4)

PreViser: Tool D. Only tool D is commercially available, and the remaining tools (tools A-C) are open-source tools
6,12,14-16

In the American Medical Informatics Association (AMIA) Al Stage | showcase, we developed a data-driven PD
predictive model based on 74 candidate predictors from the dental EHR to provide patient-specific PD disease risk.
We used dental records for 274,892 observations of 27,138 unique patients from the Temple University Kornberg
School of Dentistry (TUKSoD) clinics. This model was developed using a robust tree-based machine learning model,
XGBoost, to predict the risk of PD. Our model achieved good performance in predicting PDs (including severe PDs
and mild PDs) from the healthy control patients.

For the AMIA Al showcase phase 11, we developed a user-friendly clinical decision support system (CDSS), i.e., the
Perio-Risk Scoring System (PRSS), based on our predictive model. We also conducted the CDSS usability study by
interviewing periodontal residents and dentists. In addition, we performed a contextual inquiry to determine the
clinical workflow for the deployment of the CDSS in postdoctoral periodontal clinics.

In this study (AMIA Al showcase Phase I11), we compared the risk scores utilized by each of the five periodontal risk
assessment tools (including PRA, Sonicare, Cigna, PreViser, PRSS). We compare and contrast the similarities and
differences in risk assessment variables and outcomes. We also compared the risk scores provided by five PD risk
assessment tools versus the five years disease progression outcomes. As per our best knowledge, this was the first
study with the following three features: (i) utilizing a comprehensive list of variables (currently 74 features but can be
extended to other factors) to develop the prediction model; (ii) applying advanced machine learning methods to
determine the risk factors instead of the domain knowledge of experts as in previous studies; and (iii) developing a
clinical decision support system with automated data entry from the structured and unstructured dental electronic
health record (EHR) data using natural language processing algorithms.

Methods
Overall System Architecture

This study was reviewed and approved by our institutional review board (Temple University IRB# 28321). The
overall workflow from the development and testing of the PRSS to the comparison of the five risk assessment tools
is illustrated in Figure 1. It includes the information flow from the EHR to end-users, technical details from machine
learning-based predictive modeling to web server development, user feedback for system improvement, contextual
inquiry, and risk score comparisons. The overall project comprises 3 phases, (Phase 1 comprised of development,
testing, and validation of the PD prediction model, Phase 2 consisted of the development of the CDSS, usability
testing, and contextual inquiry, and Phase 3 consisted of implementation and risk scoring comparisons). The
following describes the major steps in the workflow.
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Phase 1A: Data Cleaning, Phase 1B: Machine Learning ~ Phase 2: Clinical Decision ~ Phase 3: Implementation
NLP, Cohort Generation & Predictive Modeling Support System & Usability & Risk comparisons
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Figure 1: Overall workflow of dental EHR data extraction, processing, cohort generation, prediction model,
clinical decision support systems, usability, and implantation

1) Phase 1A, B: Data Preprocessing, Cohort Generation, and Machine Learning Modeling
Data Source, Data Retrieval, and Natural Language Processing (NLP)

Dental EHR (axiUm®, Exan software, Las Vegas, Nevada, USA) data of patients who received at least one
comprehensive oral evaluation (COE) at TUKSoD between January 1, 2017, and August 31, 2021, was used (n =
27,138 patients). More than half of risk factor information was recorded in free-text format; therefore, we created
multiple NLP pipelines to convert unstructured data into a structured format. After iterations, our final NLP pipelines
provided an average of 94.5% F-1 score, which is considered excellent. Detailed information on the steps involved
in the development and testing of NLP pipelines (manual annotations, training & testing NLP applications, and
validation) is described elsewhere!®%, We also used imputation methods to handle missingness in the dataset. First,
we dropped the features that had a very high missing rate. For example, ethnicity was missing for more than 70% of
patients, so we dropped the ethnicity feature. Features with limited missing values were imputed according to value
types. Categorical features, such as medical histories, were imputed using the most frequent values. We also
developed phenotyping algorithms to automatically generate patients' PD diagnoses from their periodontal charting
information. These algorithms are heavily validated through a manual review process, and we received an average
accuracy of 97%. We ran a machine learning model XGBoost on this clean dataset to develop a prediction model for
PD. We grouped patients' outcomes into three classes, i.e., healthy control (HC), mild PD, and severe PD. To address
the multi-label prediction task, we built the model using a "one-vs-rest" strategy. After identifying optimal
hyperparameters based on which the model can achieve the best prediction performance, we retrained the predictive
model using the whole training set. Model evaluation and statistical analysis were performed on the testing set,
measured by the area under the receiver operating characteristics curve (AUC), and the confusion matrix to compute
prediction accuracy, precision (PPV), recall (sensitivity), and F-1 measure (harmonic mean of precision and recall).
We achieved the performance of 72% area under the curve that utilizes 74 unique features towards the prediction.

2) Phase 2: Build a Clinical Decision Support System
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Developing a User Interface by Django Model Controller

In the AMIA Al showcase stage Il submission, PD-related features were transformed into the Python-Django
deployment framework. First, the Django model controller will use the Form and View to have the record updated
automatically. The Django Model queried patient data from the Perio-risk database and formatted it into Django
classes. The Controller will apply the predictive model to patient data, generate statistics of model output, and
calculate the patient risk score of PD. It also generates visualizations for the web server's graphical user interface.
For example, the PRSS user interface will show the predictor importance, which illustrates the model evidence for
predictions. In this work, we engaged the Shapley Additive Explanation (SHAP) values to assess the contributions
of the predictors in distinguishing each class from the others. A SHAP values plot is generated to explain the
predicted perio risk probabilities of each individual patient. Users (dentists) were recruited to test the CDSS and
provide feedback for system enhancement. The feedback on data and features will be sent back to different modules
of the overall workflow. For example, the user interface has been updated based on user input on the visualization
types, text explanations, and additional features. In Stage I, we collected feedback from the users' experience in
using the PRSS tool. We improved the user interface based on the feedback received. We also then tested the new
interface on a small subset of the sample (two dentists) and collected their feedback.

3) Phase Il Risk score Comparisons Between Five Periodontal Risk Assessments tools

First, we manually reviewed each PD risk assessment tool (Tools A-E) and documented mandatory variables to
calculate risk scores in each tool (See Table 1 & Table 2). Two dentists and informaticists manually reviewed and
documented 50 dental patients' COE that include 1) patient demographics, 2) medical histories, 3) dental histories,
4) periodontal charting, 5) clinical notes, 6) social determinates of health, 7) periapical radiographs, and 8) bone loss
information. This information was then entered into each PD risk assessment tool. The output regarding PD risk of
20 patients was documented for each tool for comparison. Each tool provided different risk score outputs. For

example, PRA provides risk outputs as either "low", "medium®, or "high risk", while PreViser provides risk scores

as "very low", "low", "moderate”, "high", or "very high" risk. Therefore, we normalized risk scores for comparison
into "low", "moderate,” or "high" by merging these categories. The very low and low risk were categorized into low
risk, and high and very high risk categories were merged into high risk. Our tool PRSS doesn't provide any risk
categories; however, it provides risk scores between 0 and 100. Therefore, to be consistent with other risk assessment
tools' risk scores, we categorized 0 to 30 scores risk into "low risk," 31 to 60 scores into "moderate risk," and more

than 60 scores into "high risk."
4) Risk Score Comparisons between the Predicted Outcomes and Original Outcomes

We used the longitudinal dental EHR data to compare the predicted risk scores by the five risk assessment tools
versus the original outcomes. We obtained a dataset of those patients who had at least five years of consecutive visits
to the dental school, and their complete COE data was used for the comparison. We entered the patient information
obtained during their first visit in 2017 in all five risk assessment tools. We then compared the patient's actual
diagnosis in 2021 to examine how accurately the risk assessment tools were able to predict the outcomes

5) Data Analysis

Descriptive statistics with a 95% confidential interval were performed on patient demographics, medical history, and
procedures for the patients who received at least one COE (Phase I). The prediction model's performance was
determined by measuring sensitivity, specificity, and area under the curve (Phase I1). In Phase 111 (this study), Fleiss'
Kappa statistical test was performed to determine the interrater agreement between the risk scores provided by each
risk assessment tool. Cohen's Kappa and percent agreement were performed to determine the agreement between the
risk assessment tool's outcomes versus the original outcomes 2.,

Results
1) Patient Demographics

Our sample consisted of 20 unique dental patients who received at least one COE between January 1, 2017, and August
31, 2021. Our patients' most common age group was 58-67 years (n=12). African American was the most frequent
race (n=13), followed by Whites. The majority of our patients were females (n=11).
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Table 1: Included variables in two or more periodontal disease risk assessment tools

Risk Factors PRA (A)

Phillips (B)

Cigna (C)

PreViser (D)

Age

2|2

% of bone loss

Systemic condition

Smoking status

# of BOP sites

# PPD>5 mm

# of dental visits

Past perio treatment

# of teeth present

# of missing teeth

Family history

Receding gums

Mobile teeth

Teeth extracted (perio)

# of brushing/day

# of flossing

Pregnancy

X|X[|[X[X|X|X|X|[X|[2]|]2|X|[X|[2]|2|<2[2]

Bleeding gums

X | X |[2]|2|2 2|22 |X|X|[2|2|2(2]|=2 |2 (2|2 ]

XXX [X[X[|[X|X[X[2|2]|2|2 (22|22 (2 (<2

Time elapsed since
extraction

X

X

X

Bad breath

X

2| 2 (&l v 2|22 (2|2 |2]|2 22 |22 |2 |

X

# of times antibacterial
mouthwash

X

< | X

2 (2] < |l (22|l XX [2|2|X|X |22 (2 (<2

Furcation involvement

Periopathogenic bacteria

Test (susceptibility to PD)

X |X[X|X

Oral-strain probiotics

21X | XX

X |22 | X

X |[X|[X|<]| X
X |[X|[X|<2]| X

Table 2: Variables used in our perio-risk

scoring system only

Anxiety Race/ethnicity ASA classification Bruxism/parafunctional
Alcohol Tooth crowding Self-image, uneasy Injury/trauma to teeth
Chewing Root proximity Recreational drugs Subgingival restoration
Calculus Tooth mobility Pathologic migration Dental health condition
Bone loss Floss frequency Local drug delivery Jaw muscle or joint pain
Insurance Clench or grind Vertical bone lesion Orthodontic tooth movement
Gingivitis Partial denture Subgingival calculus Usage of recreational drugs
Pain level Speaking trouble High caries activity Decayed missing filled teeth

Radiographs Oral surgery

High level of stress

Professionally dental hygiene

Gum trouble Gingival pain Scaling & root planing Inadequate patient compliance
Medications Healthy diet Caries risk assessment History of periodontal abscess
Oral hygiene Open contacts Defective restorations Decayed missing filled surface
Plaque index Diabetes mellitus Abnormal tooth anatomy
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2) Prediction Model Performance

Table 3: Percent and Inter-rater agreement between five Ve achieved an AUC of 0.72 (weighted average
periodontal risk assessment tools versus five years disease  Of three base models) in distinguishing HC,

progression outcome mild PD, and severe PD from each other (see
Tool Percent Agreement | Cohen's Kappa Agreement | Figure 2 and supplemental Table 3). When
PRSS 70 06 looking into the “one-vs-rest” base models, the

_ : models work well in distinguishing HCs from
PreViser | 55 04 PDs (AUC = 0.69, F1-score = 0.66) as well as
PRA 35 0.3 in distinguishing the severe PDs from HCs and
Phillips | 35 03 mild PDs (AUC = 0.71, F1-score = 0.30).
Cigna 25 0.2

3) CDSS User Interface Improvement

As demonstrated in the AMIA Stage Il submission, the majority of feedback from the dentists includes 1) providing
full names of the risk factors information, 2) Changing the color of the bar graphs (red color for risk factors and green
color for the protective factors), 3) Adding username and passwords for data protections, 3) showing SHAP values
in percentages, and 4) adding genomics and proteomics data towards the prediction model. We addressed these
suggestions except the #4, as we do not collect patients' genomics and proteomics data in the EHR. We presented the
updated user interface (https://perio-risk-scoring.herokuapp.com/) to two dentists, and they found the updates helpful
and easier to navigate the risk factor information compared to the previous user interface (strongly agree = 2). One
dentist suggested further improvement in the risk assessment model, including 1) a breakdown of each medical
condition affecting the PD risk and 2) a list of medications that might be responsible for increased periodontal risks.
We already have obtained this information while running the machine learning algorithms. We will update the user
interface based on these further suggestions.

4) Comparison of Variables Necessary for PD Risk Calculation in Five Tools

Table 1 demonstrates the variables included in each PD risk assessment tool included in this study. We found 74
unique variables when compiled from all five PD risk assessment tools. Out of 74 variables, only four variables (age,
medical conditions, smoking habits, and periodontal bone loss) are common in all Tools (A-E). Next, variables such
as the number of bleeding on probing sites (BOP), the number of sites with more than 5 mm of periodontal pocket
depths, and past periodontal treatments were the second most common variables found in at least four out of five tools.
PRSS had the maximum number of variables (N=74) that were included in the study. PRSS included 50 new variables
that were highly associated with PD risk, which are missing from other tools (see Table 1). PRSS did not include four
risk factors such as "use of mouth wash per day," "Periopathogenic bacteria," "susceptibility to PD," and "Oral-strain
probiotics" because we do not collect this information in the EHR. Moreover, due to the retrospective nature of this
study, it is not possible to contact these patients and obtain information about these variables. Our tool identified
several medical conditions that have not obtained attention in dentistry. For example, we found that renal conditions,
mental illnesses, neurodegenerative diseases, and hematological cancers were highly associated with the PD risk.
More research studies are warned to test the associations between these conditions and PD.

5) Comparison of Risk Scores Generated by Five PD Risk Assessment Tools

We obtained each of the variables described in Table 1 from a total of 20 patients' longitudinal dental EHR data. These
twenty patients' information was entered into each risk assessment tool, and the risk scores were generated. Upon
running the Kappa agreement, we found a Kappa value of -1.24 that indicates disagreement; this means that the risk
scores provided by these five tools are significantly different. As shown in Figure 2, Tool A categorized 14 patients
into high and six into moderate risk. Tool B categorized 15 patients into high and five patients into moderate risks.
Tools D and E classified 13 and 15 patients into low, 4 and 3 patients into moderate, and 3 and 2 patients into high-
risk groups, respectively.
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https://perio-risk-scoring.herokuapp.com/

6) Comparison of Risk Scores
with Five Year Disease
Progress Outcomes 25

As shown in Table 3, we found 70%

agreement between PRSS and the 20
original outcome, followed by
Previser (55%), PRA (35%), 13
Phillips (35%), and Cigna (25%).
The Cohen's Kappa value between |,
PRSS and the original outcome was
[0.6 (moderate to high agreement)],
followed by Previser [0.4 (low to .
moderate agreement)], PRA [0.3 6 5
(low agreement)], Phillips [0.3 (low 0
A B C D E

agreement)], and Cigna [0.2 (no to

low agreement)]. We also found the B Mild O Moderate ®Hich
following risk and protective factors &

that are responsible for driving the Figure 2: Risk assessment scores provided by five tools

risk of PD in these 20 patients (based on their influence on disease progression). The risk factors include high values
of ASA classification (American Society of Anesthesiologists), higher caries risk assessment, number of teeth,
smoking, bone loss, alcohol consumption, bleeding gums, multiple medical conditions, distance to the dental clinics,
and such as. The protective factors include less DMFT/DMFS index, no to minimal attachment loss, higher brushing
and flossing frequency, and presence of higher number of teeth (see Figure 3).

th

Discussions

In the AMIA Al showcase series, we generated a cohort of patients with and without PD, cleaned and processed big
dental EHR data, developed and tested various NLP pipelines, created a clean dataset, developed a machine learning-
based prediction model, created CDSS, tested its usability, and implemented and compared the risk scores generated
by different PD risk assessment tools. This was the first study that utilized big dental EHR data to develop a user-
friendly CDSS to predict the risk of PD for clinical practice. In this study, we improved the user interface of our CDSS
and implemented it to assess the risk of fifty selected patients. We also compared the risk scores generated by five PD
risk assessment tools. The most significant findings of this study are 1) existing PD risk assessment tools lack
involvement of comprehensive risk factors and variables to predict the risk of PD that have a positive association with
PD, 2) disagreement between the risk scores provided by five tools, and 3) machine learning based prediction model
(PRSS) provided the closet prediction compared to the original outcomes.

Importance of adding multiple variables/risk factors in the prediction model for accurate risk scoring: Variables
and risk factors involved in the risk assessment tools are critical components affecting the accuracy of the model's
performance. Assessing disease risk can be compared with the black box because it is challenging to study the number
of all possible risk factors and their causations. For example, chemicals in the water we drink and the environment in
which we live in could possibly affect periodontal health. However, it is not feasible to study all these variables.
Hence, the inclusion of as many variables as possible may get us closer to the disease risk but may not provide 100%
accuracy of the predictions due to many unknown factors/variables. The existing tools (tools A-D) are developed
based on the risk factors studied more than two decades ago. However, the prevalence of risk factors has changed
significantly; for example, smoking has been reduced, while obesity has increased significantly. Therefore,
information from the current evidence needs to be utilized in developing and testing the prediction models. In our tool
(PRSS), we utilized 74 unique variables, out of which 54 new variables were never utilized to predict PD risk (see
Table 1). The associated risk factors can be modifiable or non-modifiable. The non-modifiable risk factors such as
age, sex at birth, and genetics may play a role in the disease initiation and progression; however, we cannot control
them.

On the other hand, modifiable risk factors are the risk factors that can be changed by the patient or by the clinicians.
For instance, all new 54 associations and risk factors we determined as a result of this study are modifiable risk factors.
So that dental clinicians can take a step back and provide counseling, recommendations, and procedures to address
these risk factors. E.g., High decay missing filled teeth (DMFT) and decayed missing filled surface [DMFS (high
caries/cavities)] should be treated, and patient education on diet, sealants, and brushing methods should be delivered
to the patient to prevent the risk of PD. We also added many modifiable behavioral and social determinants of health
factors, and these findings should be further confirmed by a larger sample, and policymakers should be informed to
address some of the social barriers that patients face to receiving PD care.
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Moving from traditional regression and rule-based approaches to machine learning approaches: The existing tools
(tools A-D) are developed using rule-based algorithms. Based on the available evidence in the literature, each of the
risk factors possesses a weight towards providing a risk score, and this information is obtained using simple statistical
methods such as logistic regression models. However, there has been a significant advancement in statistical methods

Alcohol
ASA
Bone loss
Bleeding gums
Caries risk assesment
DMFS
DMFT
Plaque control
Tooth mobility
High caries activity
Tobacco
Anxiety
Brush frequency
Plaque index

Figure 3: Heatmap of risk factors and protective factors SHAP values in 20 patients included in this study

such as machine learning and deep learning that can provide better prediction and generalizability ?2. Moreover, the
machine learning method handles confounding effects more accurately than the traditional statistical method. Unlike
other tools, we utilized the XGBoost machine learning model to predict the risk of PD, which has been widely utilized
and provided promising results. This method is highly flexible regarding big data analysis, power of parallel
processing, gradient boosting, regulations, handling missing data, and cross-validation after each iteration 23. This
method also takes care about what risk factors are most relevant at the time and provides SHAP values based on their
impact on the disease that other simple statistical methods do not provide.

Advantages of our PRSS CDSS over other risk assessment tools: As described earlier, existing literature demonstrates
the development of expert-driven periodontal risk assessment tools such as periodontal risk assessment, Previser, and
Miller-McEntire Periodontal Prognosis Scoring system. The PRA tool has a polygon surface that provides patients
with periodontal risks into three categories that include low, moderate, or high-risk categories. The users are asked to
enter patient information and the rule-based algorithm determines the risk of periodontitis using these manually
entered risk factor information. Similarly, the PreViser risk assessment tool collects patients' similar demographics,
periodontal findings, smoking, bone loss, and medical history information and provides risk into very low risk, low risk,
moderate risk, high risk, or very high risk. PreViser is also a stand-alone tool as the periodontal risk assessment tool.
Next, the Miller-McEntire Periodontal Prognosis Scoring system also provides periodontal risk using patients'
objective and subjective criteria. This system is a paper-based system that provides the percentage of success of
keeping the tooth. Our tool is significantly different than the existing systems/tools in the following ways. First, we
developed automated processes to retrieve patient clinical variables from the dental EHR. Users do not need to
manually input the parameters, thus greatly reducing the clinical labor in data manipulations. It also avoids any
potential mistakes during the data entry process. Second, PRSS provides patients' risk scores between 0 and 100 which
is more precise and personalized than categorizing patients into low, moderate, or high-risk categories. Next, PRSS
also provides driving risk factors based on the weighting information, which is not offered by other tools. Lastly,
PRSS provides both the risk and protective factors, while existing tools do not provide the protective features.

Comparison of risk assessment tools studies: Some studies have compared the performances of different tools by
examining the same patients' PD risk by using different tools. These studies found that these tools had significantly
different risk scores for the same patient. Hence, it was difficult for them to select one tool over the other to assess the
patient's risk for PD®1214-16 They concluded that both (periodontal risk calculator versus periodontal risk assessment)
tools help predict PD; however, it was necessary for them to use different tools to predict PD because of a lack of
integration of all risk factors at a single place and time. They concluded that there is a need for a tool that has all
possible risk factors in a single assessment system. Saleh et al. found that both periodontal risk assessment tools
(PerioRisk and PRA) have the capability to predict the risk of PD; however, PerioRisk demonstrated the best
discrimination and model fit, followed by PRA %°. Moreover, we found that only our study compared the predictions
of five risk assessment tools, while other studies compared two to three risk assessment tools' performances in
predicting PD risk.

Involvement of risk factors that are easy to collect in real life: It is important to include those variables and risk
factors information that is easy to collect during routine dental care. For example, medical history, dental history,
dental anomalies, demographics, periodontal charting, social determinants of health, social vulnerable index, and oral
hygiene are factors that are easily collected during routine patient care. However, some of the factors included in the

853



existing risk assessment tools like genetic test results, oral microbiome tests, periopathogenic bacteria, and oral-strain
probiotics can be expensive for dental practitioners to perform. As a result, collecting this information to assess the
risk of PD during routine dental care may not be feasible. PRSS only utilizes risk factors/variables collected in routine
dental care, and the automated information extraction approach from dental EHR provides the feasibility of utilization
of 74 risk factors in the risk assessment.

Need for Al initiatives like AMIA Al showcase to develop, test, and implement Al tools: We appreciate AMIA Al
initiatives for organizing and managing AMIA Al showcase. This initiative calls for submissions for three AMIA
conferences with different submission themes, including 1) Informatics Summit (Al technology development), 2)
Clinical Informatics (system usability), and 3) Annual Symposium (Implementation). These themes provide a unique
opportunity for researchers to develop Al systems, test their usability, and then implement the developed system in
real-world clinical settings to determine its effectiveness. More opportunities like this should be provided to the
informatics researchers and clinicians that allow them to complete and pilot test their systems. The critical feedback
received from the committee, and peer reviewers have been extremely helpful in improving the system performance.

Limitations: Our study has several limitations. First, the sample used for comparison is small, and drawing solid
conclusions from this small sample may not be appropriate. However, due to the time constraints (between each AMIA
Al showcase submissions), we were only able to obtain 20 patients' information, including their radiographic findings
and clinical charting (from all their visits), because the manual review was very time-consuming and required experts
to review hundreds of pages of records. Second, the results of this study are not generalizable because we only have
used one institute's dataset. Moreover, risk factors that are found to be significantly associated with PD are obtained
from our patients. The weight assigned to each risk factor may vary depending on the geographical location. Despite
this limitation, we were able to provide a complete framework on how to develop, test, and implement a CDSS system.
By updating the dataset, we may be able to generate more generalizable results and identify additional risk factors
based on different geographical locations. Next, there could be potential bias in the predicted outcome because we
used the TUKSoD dataset to train and test our model. Then we used the same institute's data to validate the
performance and compare risk scores provided by other tools. However, to reduce this bias, we compared only those
patients' risk scores whose information was not included in the training or testing dataset.

Future work: We will use datasets from other institutions to train and test our prediction model to improve the
generalizability of our model. Next, we will add more patient information to determine the differences in the prediction
outcomes by five risk assessment tools. Due to the permission issues, we could not add Periodontal Management By
Risk Assessment (PEMBRA) tool to this study and compare the risk score provided by PEMBRA. Therefore, we will
obtain special permission and add risk assessment scores provided by this tool. Finally, we will implement PRSS at
the chairside in the TUKSoD to determine the usefulness of our tool in real-world clinical settings.

Conclusion

Five risk assessment tools (Tools A-E) provided significantly different risk scores for 20 unique patients. By
examining the longitudinal outcome of the disease, PRSS provided the closest and more accurate risk assessment
compared to the actual disease outcomes. We conclude that using advanced state-of-the-art informatics methods such
as NLP and machine learning could help us utilize big EHR data optimally to represent the current patient populations
and their risk factors, providing the most accurate disease risk score. This may lead to promoting preventive strategies
at the chairside, hoping to reduce PD prevalence, improve quality of life, and reduce healthcare costs.
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