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Abstract

Periodontal diseases have a considerable impact on oral health-related quality of life
(OHRQoL), but existing clinical practice is based mainly on static cross-sectional
assessments, which do not allow us to understand the recovery process and make appropriate
treatment changes. This paper aims to provide a framework for the dynamic assessment of
OHRQoL with the aid of artificial intelligence (Al) and suggest how this can be implemented
in large-scale digital dental hospitals. The framework comprises three interconnected modules,
a dynamic system for data acquisition based on the Oral Health Impact Profile-14 (OHIP-14)
instrument, a machine learning-based trajectory prediction system to predict the recovery path
for individuals in relation to a reference profile for the respective diseases, and a clinical
decision support system to generate personalized pathway recommendations based on
diverging observed and predicted recovery paths. The evidence of differential improvement in
OHRQoL for gingivitis and periodontitis patients following Phase I therapy provides the
rationale for the three-tier pathway stratification system. This system includes high response,
standard, and low response pathways. A phased implementation strategy, as well as a clinical
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scenario, helps elucidate the rationale for the framework in a real-world setting. By shifting
the paradigm of OHRQoL monitoring from an episodic administrative tool to an ongoing
driver of individualized clinical decision-making, this framework represents a scalable and
evidence-based approach to the achievement of precision periodontal care through a digital
dental hospital.

Keywords: OHRQoL, OHIP-14,Personalized periodontal care, Al decision support, Digital
dentistry

1. INTRODUCTION

Periodontal diseases are among the most prevalent chronic inflammatory diseases worldwide and have
been shown to affect approximately 20% of the adult population, thus creating a significant burden to
health and health systems [1]. A unified classification system was proposed by the World Workshop in
2017 to stage and grade periodontal diseases, thus creating a cohesive approach to diagnosis and
treatment planning [2]. While the framework demonstrates considerable clinical elaboration,
conventional periodontal therapy is still centered on parameters like periodontal pocket depth,
attachment level, and bleeding on probing. These parameters are critically important for diagnosis but
offer little information about the patient” s own experience of their periodontal condition or their

response to therapy.

This domain has witnessed a growing trend in oral health-related quality of life. The OHIP-14 has been
established as the gold standard in quantifying patient-centric treatment outcomes in periodontal
research, which has been recognized for its robustness and responsiveness to clinically significant
change [3]. Increasing evidence supports the finding that there is a quantifiable impact on patients’

functioning as a result of periodontal disease, and this impact is closely related to disease severity [4].
More recent studies have clarified that the course of recovery varies for different categories of disease.
Patients with gingivitis tend to show more pronounced and accelerated improvements with Phase |
therapy, whereas those with periodontitis tend to show more limited improvements over extended

periods, with considerable individual variability [S]. Such differences are clinically relevant to the
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clinician in terms of providing information to the patient, as well as establishing the degree and timing

of care [6].

Longitudinal data on OHRQoL in periodontal research does exist. Studies have used longitudinal
approaches to assess patients for long periods and have found that there are continuous changes in
quality of life beyond the initial phase of treatment, although individual changes vary as overall results
may mask these changes [7]. The problem is not a lack of longitudinal data but how these data are used.
The studies are mainly used to describe results instead of guide treatments. The capability to
continuously and contemporaneously assess OHRQoL and to take action on abnormal recovery curves
remains to be developed. While the application of artificial intelligence in the field of periodontology
has been gaining momentum, the majority of the research has focused on radiographic diagnoses and

classifications, with less emphasis on the potential to utilize the technology in the monitoring process

[8].

This clearly identifies a significant gap in terms of clinical need and technological capability. The
potential for the application of dynamic OHRQoL monitoring in conjunction with predictive modeling
will allow treatment plans to evolve in response to changing individual outcomes, rather than awaiting
the next review appointment. The significant rise in large-scale digital dental hospitals, with integrated
health records, chairside terminals, and robust data infrastructure, presents a realistic platform for the

application of this system [9, 10].

This study proposes a framework for Al-aided dynamic assessment of OHRQoL and its incorporation
within individualized periodontal therapy, with special reference to its practical realization within a
digital dental hospital. While several applications of Al in periodontal therapy have traditionally been
centered on radiographic diagnosis and classification of periodontal diseases [8, 10], to our knowledge,
there has been no framework for dynamic patient outcome monitoring as an aid to individualized

therapy. This framework is based on three interrelated modules concerning data acquisition, trajectory
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prediction, and adaptive clinical guidance. Its objective is not to replace clinical judgment but to
provide a means for the systematic integration of patient-reported outcomes in the continuous
management of periodontal care, in a way that is clinically practical and sensitive to the individual

variability that is often ignored by contemporary approaches.

2. AI-ASSISTED DYNAMIC OHRQOL ASSESSMENT AND PERSONALIZED
TREATMENT PATHWAYS

The framework developed within this study comprises a set of three sequentially related modules, each
addressing a particular aspect of insufficiency in contemporary periodontal care service delivery. As
depicted in Figure 1, patient-provided information on OHRQoOL is received within a dynamic
acquisition layer, then analyzed within an artificial intelligence-based trajectory prediction engine, and
finally leveraged within an adaptive clinical decision support layer. The three modules are envisioned
as an integrated system in which the data obtained in Module 1 is used as input for the predictive
modeling in Module 2, with the trajectory assessments obtained in Module 2 being used in the pathway
decisions in Module 3. The end-to-end architecture places the importance of continuous outcome
monitoring at the core of individualized decisions, rather than as an adjunct. Each module is explained

in more detail in the following sections.



LEX LOCALIS-JOURNAL OF LOCAL SELF-GOVERNMENT ] X 3

ISSN:1581-5374 E-ISSN:1855-363X LOCALIS

VOL. 22, NO. 4 (2024)

Dynamic OHRQoL Al-Powered Adaptive Clinical
Data Acquisition Trajectory Prediction Decision Support

electronic M
QHIP-14 deviation

uestionnaire i
q detected high-response

o
=

&
g
S 5. B8R w» =3 —) =
= interface B
Patient b standard Clinical
piecind outcome

[X]
=

= 1 recovery
chairside
terminal Baseline  3months 6 months

low-response

Figure 1. The proposed three-module Al-assisted periodontal care framework

2.1 MODULE 1: AI-ASSISTED DYNAMIC OHRQOL ASSESSMENT SYSTEM

2.1.1 FROM STATIC MEASUREMENT TO DYNAMIC MONITORING

Traditionally, in the current periodontal practice model, the quality of life tools in the domain of
OHRQoL tend to be administered at specific and pre-planned intervals. This practice provides valuable
outcome data for group reporting but does not capture the significant variability in the healing process
between and within disease categories. The evidence clearly demonstrates that the extent of
improvement in OHIP-14 scores for gingivitis patients is considerably higher than for periodontitis
patients following Phase I therapy. This difference is not only in terms of the extent of improvement in
scores but also in terms of the rate of recovery [11, 12]. For periodontitis patients, there is a difference
in terms of the stage of the disease and the individual in general, so that overall trends in terms of

improving scores are of little help in managing an individual patient [13].

In longitudinal studies, where OHRQoL is monitored over longer periods of time, it has been validated
that recovery continues to occur even beyond the initial period of treatment, with individual patterns of

recovery differing in ways undetectable through static assessment methods [7]. The consequence of
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relying on static assessment is that any significant variations from anticipated recovery, such as
suboptimal responses to treatment, patient non-compliance, or disease progression, are only recognized
at the subsequent review. By that point, the window for appropriate intervention may be significantly
reduced. Dynamic monitoring re-conceptualizes the OHRQoL data collection process as a continuous
clinical process rather than an episodic administrative task, which would allow the system to recognize
deviations in the trajectory of individuals in real-time and translate this into clinical guidance before

further compromise in outcomes [6, 14].
2.1.2 SYSTEM ARCHITECTURE

The assessment system is arranged in three functional layers, each with a different purpose in the

process from the raw patient data to the clinical output.

The data acquisition layer is responsible for collecting structured OHIP-14 responses from electronic
questionnaires completed at chairside terminals or patient-facing mobile devices at each scheduled
contact point, following standardized administration and scoring protocols for comparing the collected
data across different time points [15]. Clinical parameters like periodontal probing depth, clinical
attachment level, and bleeding on probing are automatically extracted from existing electronic health
records systems through interoperability interfaces [10]. Data collection was carried out at three
standardized time points in accordance with the Phase I therapy protocol: baseline, three months, and
six months. These periods were in accordance with the literature on the outcome measurement periods

for periodontal OHRQoL [7].

The intelligent analysis layer uses the information provided at the time of enrollment to develop a
patient-specific baseline model based on disease classification, staging and grading, baseline OHIP-14
total and domain scores, clinical parameters, and relevant demographic parameters. This model
provides a predicted recovery trajectory based on the anticipated pattern of OHIP-14 scores improving

in accordance with the patient ~ s unique disease profile, based on disease-specific patterns of
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improvement in OHHRQoL reported in the literature [8]. For longitudinal OHRQoL data with a sparse
number of measurement occasions and considerable individual variation, linear mixed models would
be the most directly applicable candidate, based on the ability to handle unequal time intervals and
missing data while allowing for individual variation. For real-time updating in a sequence, Bayesian
sequential updating models would be a suitable alternative. The selection of the algorithm to be
deployed will depend on the volume of data within an institution and the degree of development of the
longitudinal OHRQoL dataset. The use of linear mixed models is advised for the initial phases when
data is yet to be accumulated. Real-time comparison of data from every successive point of contact
with the predicted pattern is conducted, with the system constantly evaluating if individual progress is

within the predicted reference.

The clinical output layer takes analytical results and converts them into forms suitable for two different
types of users. For the treating clinician, there are a longitudinal trajectory visualization updated at each
data point, deviation alerts where individual progress deviates from the predicted band, and suggestions
for changes to the pathway pending clinical review. The thresholds are based on established minimum
clinically important difference values for the OHIP-14, thus providing the assurance that the detected
deviations are clinically significant [16]. For the patient, the results will be in the form of easily
digestible progress reports that describe the state of the treatment process in a manner easily understood

by the non-technical audience.

2.1.3 DEVIATION DETECTION AND THRESHOLD LOGIC

The predictive reference trajectory for individual patients is set at baseline levels based on
disease-specific OHRQoL parameters for improvement, as described in the literature. The known
gradient differences in OHIP-14 parameters for improvement between gingivitis and periodontitis

patient groups support disease classification as the main stratification factor for reference trajectory
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development, with individual reference bands created for specific disease categories [5, 11]. Individual
variability within categories is addressed through inclusion of OHIP-14 total, domain, and clinical

staging parameters in the baseline model [13].

A deviation is detected when the measured value of the OHIP-14 at a particular time point exceeds the
upper limit of the predicted value range, implying that the rate of recovery is slower than expected. The
limits of the predicted value range are based on the distributions of improvement in diseases described
in the literature, and the established MCID value of 5 [16] is used as a reference anchor to avoid noise
in the measurements. Reference bands are created as predicted mean trajectory =+ 1 standard

deviation, based on improvement distributions from eligible studies.

The entire process, from input of patient data to clinical output, is shown in Figure 2. As more
longitudinal data are collected for individual patients, the system's estimates of patient trajectory are

updated, thereby improving the accuracy of deviation detection over time.
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Figure 2. Workflow of the Al-assisted dynamic OHRQoL assessment system

2.2 MODULE 2: OHRQOL-DRIVEN PERSONALIZED TREATMENT PATHWAY

2.2.1 EVIDENCE-BASED PATHWAY STRATIFICATION

The stratification model for the three treatment approaches is based on evidence of differential
enhancement in OHRQoL following phase I periodontal treatment. Systematic reviews have shown
significant improvement in OHIP-14 scores for various patient groups following non-surgical
periodontal treatment; however, there are significant differences in the rate and extent of recovery in
different disease categories [17]. Patients with gingivitis show greater reductions in OHIP-14 scores
within a shorter period, while those with periodontitis show slower and smaller degrees of recovery,

with inter-individual variation depending on the stage and severity of periodontal disease [5, 11, 18].

Such gradients provide a quantitative basis for the determination of the entry criteria. The system uses
the predicted profile of the patient's trajectory based on the improvement parameters specific to the
disease to determine the initial pathway placement. The decision-making process does not solely rely
on the judgment of the clinician. Those patients who experience improvements in their actual scores
below the lower bound of the predicted reference band, indicating improvements beyond expectations,
are referred to the high response pathway. Those whose observed scores fall within the range of the
expected reference range follow the standard trajectory. Those whose observed scores exceed the upper
end of the predicted range are immediately allocated to the low response trajectory and monitored

accordingly [19].

The grounding of entry criteria in parameters from the literature ensures that the stratification decision
is reproducible across clinicians and settings, and provides a transparent basis for auditing pathway

assignments over time. The full decision logic is shown in Figure 3.
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Figure 3. OHRQoL-driven personalized treatment pathway decision flowchart

2.2.2 DYNAMIC ADJUSTMENT TRIGGER MECHANISM

The pathway assignment in such a system is not established in the initial stratification but remains
modifiable as more information on OHRQoL emerges throughout the treatment process. Following
each scheduled time for data collection, the system updates the individualized trajectory comparison
and determines if the patient’ s current recovery trajectory remains within the predicted reference.
When the observed OHIP-14 score for a particular time point is found to be above the upper limit of
the predicted range of improvement, signifying a lag in improvement, a recommendation for
adjustment in the patient pathway is formulated and displayed to the treating clinician for consideration
[16]. The recommendation includes information on the nature of deviation and the suggested change in

the patient pathway.

The clinician reviews this information in conjunction with his/her own clinical assessment prior to any

alteration of the patient pathway. The division of responsibilities is deliberate. The most effective
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clinical decision support systems based on Al reach maximum effectiveness when they complement,
rather than replace, clinical judgment, offering monitoring capabilities beyond normal clinical
processes, yet allowing for ultimate decision-making by the clinician [20, 21]. In the context of
periodontal care, where the inherently subjective nature of patient-reported outcomes meets the

inevitable implications of trajectory data, the distinction remains significant.

The adjustment of the pathway is a two-way process. Patients placed in the standard or low-response
pathway at the outset who show signs of faster response can be moved to a higher pathway, thus
allowing earlier initiation of the maintenance phase and minimizing the burden of recall. This is
responsive to favorable deviation in a manner commensurate with the recognition of underperformance,
and it is in keeping with the overall goal of the framework of matching treatment intensity with

individual outcomes throughout the continuum of care rather than at discrete review points.
2.2.3 PATIENT COMMUNICATION INTERFACE

For the system to function effectively, patients must be provided with information not only about their
assignment to a pathway but also about the implications and reasons for changes and the expectations
related to each stage of treatment. Without this information, patients may demonstrate compliance

based on the pathway logic but not necessarily adhere to the pathway.

This framework has a patient-side communication component that makes the model outputs easily
understandable in the form of visual summaries. Rather than displaying the actual OHIP-14 scores or
the deviation in the trajectory, the system shows the patient the status of their recovery in easily
understandable terms. The patient can be informed about the status of their recovery in terms of
whether it is on the right path, the nature of the progress they are making, and the response of the
current treatment plan to this progress. This strategy is in line with the general evidence suggesting that

when patients are well-informed about their condition and play an active role in making treatment

11
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decisions, they show better adherence to treatment protocols, even in the management of chronic

diseases, where continuous involvement is crucial [22].

Within the domain of periodontal care, patient knowledge of the status of the disease and the reasons
for the treatment has been determined as an important predictor of patient adherence to supportive
therapy [23]. If this model is applied to the dynamic monitoring scenario, the patient-readable summary
of the trajectory data facilitates the patient's understanding of the progress toward health in a more
continuous manner than the sole endpoint-based model. Additionally, this model facilitates the
informed consent process in such a manner that the reasons for the pathway assignments and changes

are not limited to the initial consultation.

The design of the interface is part of the framework. The patient engagement in outcome feedback
functions as the behavioral mechanism through which the clinical logic of pathway adjustment
translates into ongoing treatment participation and is therefore structurally as important as the

predictive modeling or clinician-facing alert system that precedes it.

2.3 MODULE 3: INTEGRATION INTO LARGE-SCALE DIGITAL DENTAL

HOSPITAL CONSTRUCTION
2.3.1 INFRASTRUCTURE ALIGNMENT

The framework developed within this study is intended to operate within existing digital hospital
infrastructure as opposed to requiring the development of parallel systems. This is important as the
clinical utility of dynamic OHRQoL monitoring is heavily dependent on integration into clinical
practice, and systems that operate outside of existing infrastructure are often found to have issues with

adoption, which can limit their overall utility regardless of technical merit.

This framework demands an integrated patient data platform to support the aggregation of longitudinal

patient records, as well as EHR system interfaces for automatic synchronization with clinical
12
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parameters and the OHRQoL data layer [10]. Furthermore, there is a need for chairside interfaces to
support real-time OHIP-14 data collection at point of contact. A data governance framework, which is
compliant with various regulations on health data protection, is also critical to ensure that the ongoing

data collection process is in line with data privacy and security standards [24].

These requirements are not unprecedented. Large-scale digital dental institutions have operated with
HIS, EHR, multi-device data capture, and existing data security protocols. In addition, the path of
digitalization in hospitals suggests that infrastructure alignment will probably become more feasible
rather than less so in the near future [25]. This framework’ s reliance on existing standards for data
exchange, including those for interoperability within existing EHR systems, suggests that
implementation does not require the development of new technology but rather the thoughtful

arrangement of technology that is often already in place [9, 25].

What is needed from the framework, in addition to the technical infrastructure, is commitment within
organizations to view OHRQoL information as a clinical input rather than an administrative output.
This involves integrating the information collection, processing, and output cycle upon which Module
1 and Module 2 operate into clinical processes in a manner that makes it routine rather than exceptional.
This is less a technical problem and more a design problem for implementation, which the phased

approach in Section 2.3.3 is intended to facilitate.
2.3.2 STRATEGIC VALUE OF LONGITUDINAL OHRQOL DATA

The continuous collection of information on OHRQoL provided by the framework has value beyond its
usefulness in making individual treatment decisions. In terms of quality monitoring objectives at the
departmental and institutional levels, the longitudinal information on OHRQoL has value beyond static,
episodic measurements. In terms of the research domain, the information helps refine the artificial

intelligence used in the framework.

13
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The OHIP-14 improvement rate and MCID achievement percentages for the caseload provide a
quantifiable measure for evaluating the quality of treatment at the departmental level, in addition to
existing clinical parameters. Patient-reported outcomes have increasingly been recognized as an
integral component in the quality assessment of oral healthcare, considering the fact that they
encompass the quality of treatment in ways that clinical parameters fail to measure [6, 26]. Monitoring
these indicators longitudinally, as opposed to at a single point in time, allows departments to identify
trends in response to treatments for distinct patient subgroups and disease categories, as well as

whether changes in practice are reflected in patient outcome measures.

At the institutional level, the data can be used in aggregate form across departments or clinical
locations to enable cross-unit benchmarking with standardized outcome criteria. The ability to
internally compare data supports the implementation of evidence-based resource allocation decisions
and the identification of best practices within the hospital system, providing a structured approach to
quality improvement initiatives that might otherwise rely on subjective evaluation [27]. The importance
of the institutional data layer is increased in larger patient populations with more diversity in their

OHRQoL data contribution.

At the research stage, the build-up of longitudinal OHRQoL information on a large population group
creates a resource to continuously fine-tune the accuracy of the Al models, which cannot be achieved
by individual research trials [8, 24]. As more and more patients move through the framework, the
accuracy of the trajectory models on which pathway stratification and deviation detection are based can
be continuously improved using real-world outcome information. This process of feedback and
connection between implementation and model performance represents a robust rationale for the
integration of Al-assisted outcome monitoring within the infrastructure of a hospital, as opposed to a

research-specific application [14].

2.3.3 PHASED IMPLEMENTATION ROADMAP

14
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Translating the proposed framework from conceptualization to operational practice in a large-scale
digital dental hospital setting requires a structured implementation strategy to address the technical,
clinical, and organizational complexities in a sequential manner rather than a concurrent manner [20].
Indeed, the three-phase roadmap proposed in Table 1 reflects such a rationale in outlining the
progression of infrastructure development, system integration, and quality standardization over a

36-month period.

Table 1. Phased implementation roadmap for the proposed framework

Phase Timeline Objective Key Actions Evaluation Indicators

Electronic OHIP-14 system
Deploy digital ~ deployment; EHR interoperability
Months ~ OHRQoL data interface configuration; chairside

OHIP-14 data
completeness rate;

Phase 1 number of clinical units

0-12 acquisition terminal installation; data governance .
. . . covered; system uptime
infrastructure ~ and compliance architecture 7
. and reliability
establishment
Integrate AT Inleldual base}n;e mode} activation; Pathway assignment
.. . trajectory prediction engine . ..
Months predictive modeling . consistency; clinical alert
Phase 2 - . . = deployment; clinical alert system .
12 - 24 and clinical decision . . . . trigger accuracy;
piloting; pathway assignment logic oo :
support [ clinician adoption rate
validation
. .. Multi-site data aggregation; MCID  MCID attainment rate;
Achieve cross-unit . . o .
. attainment rate integration into cross-unit data
Months standardization and . . S
Phase 3 24-36  quality evaluation departmental KPIs; cross-unit consistency; longitudinal
quatity benchmarking establishment; Al OHRQoL data volume
closure . o
model continuous recalibration accumulated

The first phase is focused on laying down the data foundation on which all subsequent activities are
based. The implementation of electronic OHIP-14 administration, interoperability interfaces for
electronic health records, installation of chairside terminals, and laying down the data governance
framework are all essential activities that need to be completed for the effective functioning of
Al-assisted analysis [24]. The progress of this phase is measured based on the effectiveness of data

collection, as opposed to clinical outcomes, which are not relevant at this point.

The second phase involves introducing the analytical and decision support layer once stable data flows
have been achieved. Activation of individual baseline models, implementation of the trajectory

15
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prediction engine, and testing of the clinical alert system on a controlled subset of the patient caseload
will facilitate the evaluation of the core logic of the framework before full-scale implementation.
Consistency in pathway assignment and rate of clinician adoption represent the key metrics for

determining if the system is functioning as intended and being adopted into clinical practice [21].

The third phase focuses on institutionalization instead of implementation. This is achieved by
compiling data from clinical units, incorporating MCID achievement rates into departmental quality
indicators, and developing inter-unit standards. This shifts the focus from a clinical device to a quality
management system. Recalibration of Al models based on the aggregated longitudinal data set ensures
that predictive accuracy continues to increase as the patient population grows [8]. This phase is where
the framework is no longer in implementation but has become institutionalized as part of normal

hospital functioning.

3. ILLUSTRATIVE SCENARIO: A PATIENT JOURNEY THROUGH THE

FRAMEWORK

The scenario which ensues in this regard has been formulated in accordance with the parameters of
OHRQoL improvement which have been identified in the existing literature in order to clarify the
functional dynamics of the proposed framework. The scenario traces the progress of an individual
patient who has been diagnosed with Stage II periodontitis over three significant points in the
six-month course of treatment. The data which has been collected in this regard has been channeled

through the three modules in order to elicit the clinical response.

At the outset, the patient is a 45-year-old individual with Stage II Grade B periodontitis. The patient
completes the electronic version of the OHIP-14 at the chairside terminal. The total is calculated at 38.
This is in agreement with the established baseline levels of OHRQoL in the general population with
moderate periodontitis [13]. The parameters are automatically synchronized with the EHR. The

intelligent analysis layer employs the input parameters in conjunction with the patient’ s disease

16
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classification and demographics to create the patient’ s individualized baseline model. Based on the
meta-analytic data which indicates an improvement in OHIP-14 scores by a mean of 7 points at three
months post-Phase I therapy for periodontitis patients, the anticipated pattern of recovery suggests a
reduction in OHIP-14 scores into a reference range of 28-34 at three months and 22-30 at six months.
This pattern is consistent with disease-specific distributions of OHQoL improvement reported in the
literature [17]. Thus, the patient is placed in the Standard Pathway, and Phase I periodontal therapy is

recommended.

At the three-month mark, the patient recorded an OHIP-14 score of 36. This data is compared to the
predicted reference band range of 28 to 34 by the intelligent analysis layer. The patient's recorded data
is above the upper limit of the reference band, which means that the patient is recovering at a slower
rate than anticipated. This results in a deviation warning. The clinical output layer then creates a
recommendation for adjusting the pathway, specifying the degree of deviation and recommending a
change to the Low Response Pathway. The clinician carrying out the treatment assesses this and other
direct clinical signs, including residual pocket depths, bleeding on probing, and patient compliance
with oral hygiene, to confirm the adjustment to the treatment pathway. Intensification of the treatment
regimen is conducted by increasing the frequency of scaling appointments and reinforcing oral hygiene.
The patient is thus informed through the patient interface that the recovery process is progressing more
slowly than expected and that the treatment protocol has been adjusted, thus facilitating the patient” s

engagement with the enhanced protocol. The process is illustrated in Figure 4.

At the six months follow-up, the patient was found to have an OHIP-14 score of 25, showing a
reduction by 13 points from the baseline. This score falls within the range of the expected reference
value, which is between 22 and 30. The overall improvement by 13 points is much larger than the
established MCID for the OHIP-14 scale in patients with periodontitis, which is around 5 points [16].

This thus proves that not only is the improvement statistically significant but is also clinically
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significant. Therefore, the system changes the patient’ s pathway status, and the clinician initiates the

transition to the SM phase with a recall interval based on the patient’ s response pattern.

What this particular scenario makes clear is a situation which cannot be entirely grasped within the
architectural description of the framework. The deviation identified at three months would have gone
unnoticed within a traditional framework, as the follow-up is traditionally conducted at six months. At
that point in time, the opportunity for timely intensification would have passed, and things could have
been much worse. The framework contributes not to the sophistication of prediction but to the
timeliness of clinical response, converting a quantifiable difference between expectation and actuality

into a response to the moment of need.

v

Treatment course

Baseline
OHIP-14 = 38 OHIP-14 = 36 OHIP-14=25
Standard Pathway A\ Deviation detected @ Maintenance phase

Low-Response Pathway

45 - Predicted reference band
=@— Actual trajectory

40 - y =38 Deviation detected:
+2 pts above upper boundary

354

Upper boundary = 34

30 -
Within predicted band

OHIP-14 score

25 -
20 -
15 -

10 ! ' '
Baseline 3 Months & Months

Figure 4. Illustrative patient journey through the Al-assisted framework
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4. DISCUSSION

The study proposes a framework for the dynamic OHRQoL assessment and personalized treatment
plans in extensive digital dental hospital settings with the aid of Al technology, by integrating three
functionally distinct modules in a continuous outcome monitoring framework. While the scenario
presented in Section 3 demonstrates the framework ’ s application in a practical setting, several key

factors must be discussed before the implementation process.

The framework uses OHIP-14 as its major outcome measure, which is supported by the psychometric
soundness and extensive validation of the OHIP-14 tool in different clinical settings [3, 15].
Nevertheless, the OHIP-14 tool was originally intended for cross-sectional purposes rather than for
regular longitudinal monitoring, and its 14-item format has a ceiling effect in dynamic tracking
situations [28]. Patients entering the study at relatively low scores, as is normally the case for gingivitis,
have limited potential for improvement, thereby reducing the sensitivity of deviation detection. This
suggests that thresholds need to be individually set according to the range of baseline scores, rather

than using the standard MCID for all patients.

Another limitation associated with this relates to the stability of the individual baseline models in the
early implementation phases. The prediction of the trajectory requires the presence of longitudinal data
in sufficient numbers to determine the reliable reference band. The early phase, before the
accumulation of the patient cohort in large numbers, has more prediction uncertainty than the later
phase. This cold-start problem is typical of Al systems in clinical environments [29], which explains
the proposed phase-by-phase rollout strategy outlined in Section 2.3.3. The prioritization of data
collection infrastructure over the activation of the analytical layer in Phase 2 provides an opportunity to

test the model stability before the rollout.

Cross-cultural transferability of the entry criteria for the pathway requires special consideration. The

parameters for improving the quality of care that inform the stratification criteria of the framework are
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primarily informed by research carried out in specific geographical and demographic locations [5, 11,
30]. The responses to periodontal therapy in terms of OHRQoL in different cultural groups vary in pain
threshold, health literacy, and the importance of oral health in the hierarchy of well-being. Whilst the
cross-cultural validity of the OHIP-14 has been demonstrated across many language versions [31], the
MCID thresholds and trajectory bands may require calibration in the context of the local population
prior to the effective application of the framework in populations that significantly diverge from the

original source.

The human-in-the-loop approach, whereby the Al system recommends options while the clinician
holds the power of decision-making, is not only ethically defensible but also pragmatically necessary in
light of the inherently subjective nature of patient-reported outcomes and the far-reaching
consequences of treatment decisions beyond what trajectory data can show [20,21]. However, there is
evidence that recommendation systems can contribute to the development of automation bias over time
with the support of Al in clinical decision support systems [21]. Ensuring genuine clinical judgment is
preserved in an Al-supported workflow requires specific consideration of clinician training, interface
design, and governance mechanisms. These factors can be considered implementation issues rather
than design flaws; however, they need to be thought about before implementation rather than being

addressed after the fact as problems emerge.

Collectively, these limitations point towards a clearly defined direction for the course of future research.
The gap between theoretical proposals and factual clinical evidence is recognized as one of the
problems in Al-assisted dentistry, with the majority of the published research being retrospective in
nature in controlled research environments [29, 32]. In order to translate this framework into evidence,
a prospective pilot study is necessary to assess: the feasibility of dynamic OHIP-14 data collection, the
stability of individual trajectory predictions, the clinical acceptability of recommendations for changes
to the pathways, and the concordance between Al-generated alerts and clinician-confirmed changes in

treatments. Previous longitudinal studies on OHRQoL between gingivitis and periodontitis patients at
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standardized Phase I therapy time points are a natural framework for development of such a pilot study
[30], and progression beyond the framework presented here represents the most important direction for

future research.
5. CONCLUSION

Periodontal care has been based on clinical parameters, while these are vitally important to diagnosis,
they only describe a limited part of the patient experience over a treatment trajectory. This paper will
argue that the ability to monitor OHRQoL over time, with the aid of Al to predict patient trajectory and
the framework provided by large-scale digital dental hospitals, represents a fundamentally different
approach to bridging this gap. This approach does not replace clinical judgment but provides outcome
information and decision-making assistance that cannot be provided by regular work flow at the

individual patient level.

The three-module architecture proposed in this study, including data acquisition, intelligent analysis,
and adaptive clinical guidance, is specifically formulated as being operationally feasible within existing
digital hospital infrastructures. The proposed implementation roadmap and the clinical scenario
provided collectively illustrate the logical consistency of the framework * s architecture and its

foundation in existing evidence regarding disease-specific enhancements in OHRQoL.

What remains is the transition to evidence. Prospective validation in real-world clinical settings, with
considerations for model stability, clinician usability, and patient involvement, will inform whether the
system behaves as intended in the complex environment of real-world care. The intersection of the
expansion in digital infrastructure in dental hospitals, the growth in longitudinal OHRQoL information,
and the maturity in the development of Al-based clinical decision support tools makes the timing
opportune to begin such a process. This framework has been developed to serve as a basis for such a

process.

21



LEX LOCALIS-JOURNAL OF LOCAL SELF-GOVERNMENT ] X :

ISSN:1581-5374 E-ISSN:1855-363X LOCALIS

VOL. 22, NO. 4 (2024)

REFERENCES

[1] S. Shoaee et al., "Global, regional, and national burden and quality of care index of oral disorders:
A systematic analysis of the global burden of disease study 1990 - 2017," BMC Oral Health, vol. 24,
no. 1, p. 116, 2024. DOI: https://doi.org/10.1186/s12903-023-03808-z.

[2] J. G. Caton et al., "A new classification scheme for periodontal and peri-implant diseases and
conditions," Journal of Periodontology, vol. 89, no. Sl, pp. SI - S8, 2018. DOLI:
https://doi.org/10.1002/JPER.18-0157.

[3] M. T. John, "Foundations of oral health-related quality of life," Journal of Oral Rehabilitation, vol.
48, no. 3, pp. 355-359, 2021. DOI: https://doi.org/10.1111/joor.13040.

[4] L. B. Wong, A. U. Yap, and P. F. Allen, "Periodontal disease and quality of life: Umbrella review
of systematic reviews," Journal of Periodontal Research, vol. 56, no. 1, pp. 1 - 17, 2021. DOI:
https://doi.org/10.1111/jre.12805.

[5] N. H. Efeoglu and U. Baser, "Evaluation of the impact of different stages of periodontitis on quality
of life with Oral Health Impact Profile-14 (OHIP-14): A systematic review," Journal of Clinical
Practice and Research, vol. 47, no. 3, pp. 227, 2025. https://doi.org/10.14744/cpr.2025.99232

[6] A. A. Agrawal, "Patient-centric periodontal research: A pioneering application of patient-reported
outcome measures," World Journal of Clinical Cases, vol. 12, no. 18, p. 3281, 2024. DOLI:
https://doi.org/10.12998/wjcc.v12.i118.3281.

[7] L. Vogt, B. Pretzl, P. Eickholz, T. Ramich, K. Nickles, and H. Petsos, "Oral health-related quality
of life and patient-reported outcome measures after 10 years of supportive periodontal care," Clinical
Oral Investigations, vol. 27, no. 6, pp- 2851 - 2864, 2023. DOI:
https://doi.org/10.1007/s00784-023-04876-9.

[8] V. Pitchika, M. Biittner, and F. Schwendicke, "Artificial intelligence and personalized diagnostics
in periodontology: A narrative review," Periodontology 2000, vol. 95, pp. 220 - 231, 2024. DOI:
https://doi.org/10.1111/prd.12586.

[9] H. Ding, J. Wu, W. Zhao, J. P. Matinlinna, M. F. Burrow, and J. K. H. Tsoi, "Artificial intelligence
in dentistry: A review," Frontiers in Dental Medicine, vol. 4, p. 1085251, 2023. DOL:
https://doi.org/10.3389/fdmed.2023.1085251.

22


https://doi.org/10.1186/s12903-024-03873-2
https://doi.org/10.1002/JPER.18-0157
https://doi.org/10.1111/joor.13126
https://doi.org/10.1111/jre.12805
https://doi.org/10.12998/wjcc.v12.i18.3281
https://doi.org/10.1007/s00784-023-04940-8
https://doi.org/10.1111/prd.12586
https://doi.org/10.3389/fdmed.2023.1085251

LEX LOCALIS-JOURNAL OF LOCAL SELF-GOVERNMENT ] X :

ISSN:1581-5374 E-ISSN:1855-363X LOCALIS

VOL. 22, NO. 4 (2024)

[10]J. S. Patel et al., "Enhancing an Al-empowered periodontal CDSS and comparing with traditional
perio-risk assessment tools," AMIA Annual Symposium Proceedings, vol. 2022, pp. 846 - 855, 2023.

[11] C. C. D. Agnese, C. Schoffer, K. Z. Kantorski, F. B. Zanatta, C. Susin, and R. P. Antoniazzi,
"Periodontitis and oral health-related quality of life: A systematic review and meta-analysis," Journal of
Clinical Periodontology, vol. 52, no. 3, pp. 408 - 420, 2025. DOI: https://doi.org/10.1111/jcpe.14074.

[12]J. Fuller, N. Donos, J. Suvan, G. Tsakos, and L. Nibali, "Association of oral health-related quality
of life measures with aggressive and chronic periodontitis,”" Journal of Periodontal Research, vol. 55,
no. 4, pp. 574 - 580, 2020. DOI: https://doi.org/10.1111/jre.12745.

[13] J. Slowik, A. Panasiuk, M. Kaczor, and M. Wnuk, "Oral health-related quality of life in patients
with periodontitis: A systematic review and meta-analysis," Frontiers in Oral Health, vol. 6, p. 1503829,
2025. DOI: https://doi.org/10.3389/froh.2025.1503829.

[14] N. Douglas-de-Oliveira and K. J. Chen, "Patient-reported measures outcomes: Modern evaluation
of oral health BMC Oral Health, vol. 23, no. 1, p. 498, 2023. DOL
https://doi.org/10.1186/s12903-023-03219-0.

[15] M. T. John et al., "Recommendations for use and scoring of oral health impact profile versions,"
Journal of Evidence-Based Dental Practice, vol. 22, no. 1, p. 101619, 2022. DOI:
https://doi.org/10.1016/j.jebdp.2021.101619.

[16] S. L. He, H. J. Hou, and J. H. Wang, "Determining the minimal important difference of the Oral
Health Impact Profile for chronic periodontitis," Journal of Clinical Periodontology, vol. 47, no. 10, pp.
1201 - 1208, 2020. DOI: https://doi.org/10.1111/jcpe.13355.

[17]J. Botelho et al., "The impact of nonsurgical periodontal treatment on oral health-related quality of
life: A systematic review and meta-analysis," Clinical Oral Investigations, vol. 24, no. 2, pp. 585 - 596,
2020. DOI: https://doi.org/10.1007/s00784-019-03188-1.

[18] S. Khan, T. Khalid, S. Bettiol, and L. A. Crocombe, "Non-surgical periodontal therapy effectively
improves patient-reported outcomes: A systematic review," International Journal of Dental Hygiene,
vol. 19, no. 1, pp. 18 - 28, 2021. DOI: https://doi.org/10.1111/idh.12450.

[19] L. B. Wong, A. U. Yap, Y. F. Sim, and P. F. Allen, "The oral and systemic health impact profile
for periodontal disease (OSHIP-Perio): Responsiveness and minimal important difference,"
International Journal of Dental Hygiene, vol. 22, no. 2, pp. 360 - 367, 2024.
DOI: https://doi.org/10.1111/idh.12784.

23


https://doi.org/10.1111/jcpe.14075
https://doi.org/10.1111/jre.12742
https://doi.org/10.3389/froh.2025.1503829
https://doi.org/10.1186/s12903-023-03205-6
https://doi.org/10.1016/j.jebdp.2021.101619
https://doi.org/10.1111/jcpe.13355
https://doi.org/10.1007/s00784-019-03066-0
https://doi.org/10.1111/idh.12454
https://doi.org/10.1111/idh.12784

LEX LOCALIS-JOURNAL OF LOCAL SELF-GOVERNMENT ] X :

ISSN:1581-5374 E-ISSN:1855-363X LOCALIS

VOL. 22, NO. 4 (2024)

[20] M. Elhaddad and S. Hamam, "Al-driven clinical decision support systems: An ongoing pursuit of
potential," Cureus, vol. 16, no. 4, p. e57728, 2024. DOI: https://doi.org/10.7759/cureus.57728.

[21] K. Ouanes et al., "Effectiveness of artificial intelligence in clinical decision support systems and
care delivery," Journal of Medical Systems, vol. 48, no. 1, p. 74, 2024. DOL
https://doi.org/10.1007/s10916-024-02098-4.

[22] H. Aboumatar, S. Pitts, R. Sharma et al., "Patient engagement strategies for adults with chronic
conditions: an evidence map," Systematic Reviews, vol. 11, no. 1, p. 39, 2022. DOLI:
https://doi.org/10.1186/s13643-021-01873-5.

[23] M. Navarro-Pardo, C. F. Marquez-Arrico, A. Pallarés-Serrano, and F. J. Silvestre, "Adherence to
supportive periodontal treatment in relation to patient awareness," Journal of Clinical and Experimental
Dentistry, vol. 14, no. 1, pp. el - e8, 2022. DOI: https://doi.org/10.4317/jced.59035.

[24] T. Maimaitiaili et al., "Artificial intelligence platform architecture for hospital systems: Systematic
review," Journal of Medical Internet Research, 2025. DOI: https://doi.org/10.2196/79788.

[25] S. Wrzesinski et al., "The role of artificial intelligence for the application of integrating electronic
health records and patient-generated data in clinical decision support," JAMIA Open, vol. 7, no. 2, p.
00ae042, 2024. DOI: https://doi.org/10.1093/jamiaopen/ooae049.

[26] J. M. Jackson, R. Holliday, J. S. Hyde, and H. J. Rogers, "A systematic review of the patient
reported outcome measures used to assess the impact of periodontitis and peri-implantitis on oral health
related quality of life," BDJ Open, vol. 11, no. 1, p. 29, 2025. DOL
https://doi.org/10.1038/s41405-024-00273-w.

[27] F. Hua, "Dental patient-reported outcomes update 2022," Journal of Evidence-Based Dental
Practice, vol. 23, no. 1, p. 101802, 2023. DOI: https://doi.org/10.1016/j.jebdp.2022.101802.

[28] L. A. Campos, T. Peltoméki, J. Maroco, and J. A. D. B. Campos, "Use of oral health impact
profile-14 (OHIP-14) in different contexts: What is being measured?" International Journal of
Environmental Research and Public Health, vol. 18, no. 24, p. 13412, 2021. DOLI:
https://doi.org/10.3390/ijerph182413412.

[29] L. Arsiwala-Scheppach, A. Chaurasia, A. Miiller, J. Krois, and F. Schwendicke, "Machine
learning in dentistry: A scoping review," Journal of Clinical Medicine, vol. 12, no. 3, p. 937, 2023.
DOI: https://doi.org/10.3390/jcm12030937.

24


https://doi.org/10.7759/cureus.57728
https://doi.org/10.1007/s10916-024-02098-4
https://doi.org/10.1186/s13643-021-01873-5
https://doi.org/10.4317/jced.59035
https://doi.org/10.2196/79788
https://doi.org/10.1093/jamiaopen/ooae042
https://doi.org/10.1038/s41405-024-00273-w
https://doi.org/10.1016/j.jebdp.2022.101802
https://doi.org/10.3390/ijerph182413412
https://doi.org/10.3390/dj11040937

LEX LOCALIS-JOURNAL OF LOCAL SELF-GOVERNMENT LEX {
ISSN:1581-5374 E-ISSN:1855-363X LOCALIS

VOL. 22, NO. 4 (2024)

[30] A. J. Al-Sharqi, A. A. Abdulkareem, S. Gul, and A. Rawlinson, "Impact of nonsurgical
periodontal treatment of periodontitis stages 2 and 3 on oral health-related quality of life," Healthcare,
vol. 12, no. 14, p. 1430, 2024. DOI: https://doi.org/10.3390/healthcare12141430.

[31] M. T. John et al., "Cross-cultural adaptations of the oral health impact profile: An assessment of
global availability of 4-dimensional oral health impact characterization," Journal of Dentistry, vol. 23,
no. 1, p. 104471, 2023. DOI: https://doi.org/10.1016/j.jdent.2023.104471.

[32] S. Araidy et al., "Artificial intelligence applications in dentistry: A systematic review," Oral, vol. 5,
no. 4, p. 90, 2025. DOI: https://doi.org/10.3390/0ral5040090.

25


https://doi.org/10.3390/healthcare12141430
https://doi.org/10.1016/j.jdent.2023.104853
https://doi.org/10.3390/oral5040090

