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Abstract 

Background: Oral mucosal lesions constitute a significant yet often overlooked burden in 

primary care, with a prevalence of approximately 16.8% in general practice populations. The 

standard of care currently relies on the Physician-Only Coding Model [Intervention 2], where 

family physicians are solely responsible for the simultaneous visualization, diagnosis, and 

administrative coding of these complex pathologies. This conventional approach is limited by 

high cognitive load, resulting in a documented 13.8% coding error rate and widespread use of 

low-utility "unspecified" ICD-10 codes (e.g., K13.79), which degrade clinical data quality and 

revenue integrity. Team-Based Documentation and Digital Support [Intervention 1], utilizing 

Health Care Assistants (HCAs), medical scribes, and telediagnosis tools, has emerged as a 

promising alternative to mitigate these errors and improve data granularity. 

Objective: The primary aim of this systematic review is to systematically compare the 

effectiveness of Team-Based Documentation and Digital Support [Intervention 1] versus the 

conventional Physician-Only Coding Model [Intervention 2] on medical coding accuracy, 

documentation quality, and diagnostic precision for Primary Care Providers [Population] 

managing Oral Mucosal Lesions [Condition]. 

Methods: We conducted a systematic search of PubMed, MEDLINE, Embase, CINAHL, and 
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the Cochrane Library for studies published between 2015 and 2024. The review included 

randomized controlled trials, observational cohort studies, and quality improvement audits 

following the PICO framework. Primary outcomes included ICD-10 coding accuracy rates, 

frequency of omission errors, and documentation completeness. Secondary outcomes included 

revenue impact (claim denials) and clinician satisfaction. The review adhered to PRISMA 2020 

guidelines, and risk of bias was assessed using QUADAS-2 and the Newcastle-Ottawa Scale. 

Results: The search identified 30 eligible data sources, including key randomized trials and 

large-scale audits. The synthesis reveals that Intervention 1 significantly outperforms 

Intervention 2. Studies indicate that medical scribe support improves chart accuracy with an 

Odds Ratio (OR) of 4.61 compared to unassisted physicians. Targeted educational interventions 

for staff reduced coding risk errors by 37.9%. Furthermore, telediagnosis integration reduced the 

"intention to refer" by 63.8%, effectively replacing generic symptom codes with definitive 

diagnostic codes at the point of care. Conversely, the physician-only model was associated with 

a "satisficing" heuristic, where 25% of required secondary codes were omitted. 

Conclusion: The Team-Based Documentation and Digital Support model demonstrates superior 

effectiveness in improving medical coding quality and diagnostic data integrity compared to the 

standalone physician model. Integrating Health Care Assistants and digital tools into the 

diagnostic workflow not only reduces administrative burden but also ensures that the "digital 

twin" of the patient accurately reflects their clinical reality. Implications for clinical practice in 

Primary Care Settings include the recommended adoption of scribe-assisted documentation and 

structured laboratory reporting standards. Future research should focus on the cost-benefit 

analysis of AI-driven coding assistants in low-resource settings. 

Keywords: Primary Care, Oral Diagnosis, Medical Coding Quality, Health Care Assistants, 

Medical Scribes, ICD-10, Clinical Documentation Improvement. 

 

1. INTRODUCTION 

 

1.1 The Convergence of Clinical Complexity and Administrative Burden 

The modern primary care landscape is undergoing a profound transformation, driven by the dual imperatives of 

expanded clinical scope and heightened administrative accountability. Historically, the diagnosis and management of 

oral diseases were strictly segregated within the domain of dental professionals, creating a schism in the holistic care 

of the patient. However, the epidemiology of oral cancer, specifically Oral Squamous Cell Carcinoma (OSCC), and 

the systemic implications of oral mucosal lesions have necessitated a paradigm shift toward integrated care models 

where primary care physicians (PCPs) act as the pivotal first line of defense [1, 2]. With oral diseases affecting 

approximately 3.5 billion people globally—nearly half the world's population—the primary care setting has become 

a critical node for opportunistic screening, early detection, and the management of chronic oral pathology [3]. 

Yet, this expansion of clinical responsibility has not been matched by a commensurate evolution in the administrative 

and logistical support structures available to family physicians. The diagnosis of oral lesions is inherently complex, 

often requiring a seamless interface between clinical visualization, surgical biopsy, and histopathological analysis. 

When this clinical workflow intersects with the rigid and granular requirements of modern medical coding systems, 

such as the International Classification of Diseases, Tenth Revision (ICD-10), the result is often a "perfect storm" of 

diagnostic uncertainty, administrative burden, and data degradation [4]. 

This systematic review posits that the challenge of oral diagnosis in primary care is not merely clinical but is 

fundamentally an informatics and workflow challenge. The translation of a visual clinical finding—a "white patch" 

or an "ulcer"—into a precise alphanumeric code required for reimbursement, epidemiological tracking, and risk 

adjustment is a process fraught with error. These errors have cascading effects: they obscure the true burden of disease, 

lead to revenue leakage through claim denials, and, most critically, can compromise patient safety by failing to trigger 

appropriate surveillance pathways for potentially malignant disorders [5]. 

1.2 The Imperative of Laboratory Support and Interoperability 

Central to the diagnostic process is the laboratory. The path from a primary care office to a pathology report is often 

viewed as a linear logistical step: the tissue is removed, placed in formalin, and shipped. However, this view ignores 

the complex information exchange required to ensure diagnostic accuracy [6, 7]. The laboratory requisition form is 

the first "coding" step, where the physician must convey clinical suspicion to the pathologist. If the physician, 

uncertain of the diagnosis, codes the specimen generically as "lesion of mouth, unspecified" (K13.79), the pathologist 

loses vital context. Conversely, when the pathology report returns—often as an unstructured PDF document—the 

integration of that definitive diagnosis back into the patient's electronic health record (EHR) and problem list is 

frequently manual, delayed, or omitted entirely [8]. 

The disconnect between the laboratory information system (LIS) and the primary care EHR represents a significant 

structural barrier. While large hospital systems may enjoy integrated platforms, the fragmented nature of outpatient 

family practice means that critical diagnostic data often remains trapped in siloed formats, unable to update the initial, 
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often tentative, billing codes submitted at the time of the encounter. This "coding lag" creates a permanent discrepancy 

in health administrative data, where patients treated for confirmed carcinomas may remain coded in the system as 

having benign or unspecified lesions [9]. 

 
Figure 1: The "Diagnostic-to-Data" Pipeline: Siloed vs. Integrated Workflows 

1.3 The Evolving Workforce: Physicians, Scribes, and Health Care Assistants 

In response to the escalating cognitive load and administrative burnout facing physicians, healthcare systems are 

increasingly turning to team-based care models. The delegation of documentation and coding tasks—a process known 

as task shifting—has brought allied health professionals, including Health Care Assistants (HCAs) and medical 

scribes, into the core of the diagnostic workflow. Once relegated to purely clerical or basic clinical support roles, these 

team members are now increasingly responsible for the integrity of the medical record [10]. 

The introduction of medical scribes, in particular, has been championed as a solution to the "data entry" burden that 

distracts physicians from patient care. By capturing the clinical encounter in real-time, scribes have the potential to 

improve the granularity and accuracy of documentation, ensuring that the nuance of an oral exam is captured and 

coded correctly. However, this introduces new risks: can a non-clinician accurately interpret the description of a 

complex oral lesion? Does the "telephone game" of dictation lead to transcription errors that propagate into the billing 

cycle? [11]. 

1.4 Objectives and Scope of the Review 

This comprehensive systematic review aims to dissect the multifaceted challenges at the intersection of oral diagnosis, 

laboratory support, and medical coding in primary care. Specifically, it seeks to: 

1. Quantify the prevalence and types of oral lesions encountered in primary care and the associated diagnostic 

uncertainty. 

2. Evaluate the accuracy of ICD-10 coding by family physicians for oral pathologies and identify the root causes of 

coding errors. 

3. Analyze the impact of laboratory workflow inefficiencies on diagnostic timeliness and data integrity. 

4. Assess the contributions of Health Care Assistants and medical scribes to the quality of medical coding and 

documentation. 

5. Propose evidence-based strategies, including telediagnosis and digital decision support, to mitigate these 

challenges. 

By synthesizing evidence from over 30 data sources, including randomized controlled trials, observational audits, and 

qualitative studies, this report provides a detailed roadmap for optimizing the "diagnostic-to-data" pipeline in primary 

care. 
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2. METHODOLOGY 

 

2.1 Search Strategy and Data Sources 

To ensure a robust and exhaustive analysis, a multi-modal search strategy was employed, targeting peer-reviewed 

literature, grey literature, and policy documents. The search encompassed major biomedical databases including 

PubMed, MEDLINE, Embase, CINAHL, and the Cochrane Library. Keywords were selected to capture the 

intersection of three distinct domains: primary care oral diagnosis, medical coding/administration, and allied health 

workforce contributions. 

Search terms included combinations of: "primary care," "family physician," "oral diagnosis," "oral mucosal lesions," 

"biopsy workflow," "laboratory support," "ICD-10 coding accuracy," "medical coding errors," "medical scribes," 

"healthcare assistants," "task shifting," and "electronic health records." The search was not limited by date but 

prioritized literature published after the implementation of ICD-10 (October 2015 in the US) to ensure relevance to 

the current coding landscape [12]. 

In addition to traditional academic databases, the review incorporated data from professional organizations such as 

the American Academy of Professional Coders (AAPC), the American Medical Association (AMA), and the Centers 

for Medicare & Medicaid Services (CMS) to capture error rate data and regulatory context [13]. 

2.2 Inclusion and Exclusion Criteria 

Studies were included if they met the following criteria: 

● Population: Primary care providers (GPs, Family Physicians), Health Care Assistants, Medical Scribes, or Medical 

Coders working in outpatient settings. 

● Intervention/Exposure: Diagnosis or management of oral lesions, use of laboratory services for oral pathology, or 

the act of medical coding/documentation for these conditions. 

● Outcomes: Coding accuracy, diagnostic accuracy, referral quality, revenue cycle metrics (denials, RVUs), or 

documentation quality. 

● Study Design: Systematic reviews, meta-analyses, randomized controlled trials (RCTs), observational cohort 

studies, and qualitative interviews. 

Exclusion criteria included studies focused solely on dental settings without primary care overlap, studies pre-dating 

modern EHR usage (unless providing historical context), and studies lacking quantitative or qualitative data on the 

coding/documentation process. 

2.3 Quality Assessment Tools 

To rigorously evaluate the evidence, specific quality assessment tools were applied based on study design, as 

recommended by the Cochrane Collaboration and other methodological bodies [14]. 

● Diagnostic Accuracy Studies: The QUADAS-2 (Quality Assessment of Diagnostic Accuracy Studies) tool was 

employed. This tool assesses risk of bias across four key domains: patient selection, index test, reference standard, 

and flow and timing. It is particularly relevant for evaluating studies that compare a physician's clinical code (index 

test) against the "gold standard" of a histopathology report or expert consensus [15]. 

● Observational Studies: The Newcastle-Ottawa Scale (NOS) was utilized for cohort and case-control studies. This 

scale evaluates studies based on selection of study groups, comparability of the groups, and ascertainment of the 

exposure/outcome. It was crucial for assessing studies comparing coding error rates between physicians and scribes, 

ensuring that confounding variables like practice size or physician experience were considered [16]. 

● Intervention Studies: For studies evaluating educational interventions or the implementation of new workflows 

(e.g., PDSA cycles), the Cochrane Risk of Bias Tool (RoB 2) was used to assess randomization, deviation from 

intended interventions, and measurement of outcomes [17]. 

2.4 Data Synthesis and Analysis 

Given the heterogeneity of the included studies—ranging from financial audits of billing data to qualitative interviews 

with coders—a narrative synthesis approach was adopted. Data was clustered into thematic domains: 

Clinical/Diagnostic, Administrative/Coding, and Workforce/Workflow. Quantitative data (e.g., sensitivity/specificity 

of codes, error rates) were extracted and presented in tabular format to facilitate direct comparison. Qualitative themes 

(e.g., "communication divide," "cognitive burden") were synthesized to provide context to the quantitative findings. 

 

3. The Clinical Landscape: Oral Pathology in the Family Practice 

3.1 Epidemiology of Oral Lesions: The "Hidden" Burden 

The assumption that oral pathology is rare in general medical practice is contradicted by epidemiological data. Primary 

care physicians encounter a diverse array of oral mucosal lesions (OMLs) that range from benign variants to life-

threatening malignancies. Understanding the prevalence and spectrum of these lesions is the first step in understanding 

the coding challenge: physicians cannot code what they do not recognize. 

A large-scale cross-sectional study involving 47,887 subjects in a primary care setting revealed an overall OML 

prevalence of 16.8% [18]. This suggests that nearly one in six patients presenting to a primary care clinic may have 

an identifiable oral lesion, whether or not it is the primary complaint. 
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Table 1: Prevalence of Common Oral Mucosal Lesions in Primary Care Populations 

Lesion Type 
Prevalence in Study 

Population 
Clinical Significance 

ICD-10 Coding 

Complexity 

Smoker's Palate 

(Nicotinic Stomatitis) 
10.44% 

Benign, but indicates 

high-risk behavior 

Moderate (Requires 

linkage to nicotine 

dependence codes) 

Fissured Tongue 3.30% Benign variant 
Low (K14.5), often 

incidental 

Oral Submucous 

Fibrosis 
1.97% 

Potentially Malignant 

Disorder (OPMD) 

High (Specific K13.5 

code, requires 

monitoring) 

Oral Candidiasis 1.61% Opportunistic infection 
Moderate (B37.0), implies 

immune status check 

Recurrent Aphthous 

Stomatitis 
1.53% Painful, benign, recurrent 

Moderate (K12.0), 

frequent cause of visits 

Leukoedema 1.47% Normal variant 
Low, often misdiagnosed 

as leukoplakia 

Another study analyzing 2,747 medical charts in a geriatric-heavy population found a different distribution, with 

fibrous hyperplasia (fibromas) and prosthetic stomatitis being the most frequent, particularly in denture wearers [3]. 

This variability highlights a key coding challenge: the "case mix" of a practice significantly dictates the coding 

vocabulary a physician must master. A geriatric practice requires deep knowledge of denture-related codes (K12.1), 

while a practice with high tobacco usage rates must be proficient in coding leukoplakia (K13.21) and other pre-

malignant conditions. 

3.2 The Diagnostic Dilemma: Malignancy vs. Mimicry 

The primary clinical imperative in oral diagnosis is the identification of Oral Squamous Cell Carcinoma (OSCC). 

However, early-stage OSCC often mimics benign conditions. A traumatic ulcer caused by a sharp tooth may look 

identical to an early ulcerated carcinoma. This ambiguity creates "diagnostic uncertainty," a state that significantly 

impacts medical coding behavior. 

When a physician is unsure, they face a coding choice: 

1. Code the Symptom: "Mouth pain" (R68.84) or "Lesion of oral mucosa, unspecified" (K13.79). This is the "safe" 

administrative choice but conveys zero clinical risk information to the insurer or future providers. 

2. Code the Suspicion: "Leukoplakia" (K13.21) or "Neoplasm of uncertain behavior" (D37.0). This triggers medical 

necessity for biopsy but labels the patient with a potential tumor diagnosis before confirmation. 

Research indicates that primary care physicians routinely experience this uncertainty, affecting an estimated 23 million 

patient visits per year in the US alone [5]. This uncertainty is a primary driver of the "unspecified" coding epidemic. 

Without immediate laboratory confirmation, physicians default to the lowest-specificity code to avoid "over-calling" 

a diagnosis. 

3.3 The Referral Pathway and Information Loss 

Due to a lack of training in oral biopsy techniques, many PCPs refer patients with suspicious lesions to specialists 

(Oral Surgeons or ENT). While clinically appropriate, this referral introduces a fracture in the data lifecycle. 

● The Referral Note: The PCP writes a referral letter. Studies show these letters are often vague, lacking specific 

descriptions or urgency indicators. One study found that dental referrals were "almost four times worse" than GP 

referrals in quality, yet GP referrals still lacked critical detail in over 50% of cases [19]. 

● The Code: The PCP codes the encounter as a "referral" (Z01.818) or with a symptom code. 

● The Feedback Loop: If the specialist performs the biopsy and diagnoses cancer, this information frequently does 

not automatically update the PCP's problem list coding. The patient effectively "has cancer" in the specialist's EMR 

but "has a mouth sore" in the PCP's EMR. This discrepancy affects population health metrics and automated safety 

net algorithms that scan primary care data for high-risk patients. 

 

4. The Laboratory Interface: The Backbone of Diagnosis 

4.1 The Biopsy Workflow: A Chain of Custody for Data 

The laboratory diagnostic process is a complex workflow that begins long before the tissue reaches the microscope. It 

involves specimen collection, fixation, transport, accessioning, grossing, processing, and analysis [8]. For the primary 

care team, the "pre-analytical" phase is the most critical and the most prone to error. 

The laboratory requisition form is, in essence, a coding document. It requires the submission of: 

● Patient Demographics: (Must match billing data). 

● Clinical History: (Context for the pathologist). 

● ICD-10 Code: (Justification for the test). 

If a PCP submits a biopsy for a "suspicious white patch" but codes it as "routine exam" (Z00.00) to ensure coverage, 
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the lab may face a claim denial for "lack of medical necessity." Conversely, if the clinical history is illegible or 

missing—a common occurrence in manual workflows—the pathologist lacks the context to distinguish between 

reactive and neoplastic processes. 

4.2 Streamlining and Automation 

To address these inefficiencies, progressive laboratories are implementing automation and digitalization. The "Oral 

Pathology Laboratory" model, often housed within academic centers, serves as a specialized resource that accepts 

biopsies from diverse practitioners [20]. These labs are increasingly adopting digital pathology, where slides are 

scanned and can be viewed remotely. 

However, the "last mile" of this workflow—the return of results—remains an analog bottleneck in a digital world. 

Many labs still transmit results via fax or PDF uploads to the EHR media tab. These documents are "unstructured 

data." An EHR cannot query a PDF to see if a patient has carcinoma. Unless a human (physician, scribe, or HCA) 

manually enters the diagnosis code (C02.9) into the problem list based on that PDF, the structured data remains static 

and incorrect. 

4.3 Telediagnosis: Bridging the Gap 

Telediagnosis programs offer a compelling solution to the uncertainty and coding lag. The EstomatoNet program in 

Brazil provides a validated case study of this model. Primary care providers take clinical photos of oral lesions and 

upload them to a cloud platform for review by oral medicine specialists [20]. 

 

Table 2: Impact of Telediagnosis on Primary Care Decision Making (EstomatoNet Study) 

Metric Pre-Intervention Post-Intervention % Change 
Implications for 

Coding 

Intention to Refer 96.9% 35.1% -63.8% 

Reduces "referral" 

(Z-code) usage; 

increases definitive 

management 

coding. 

Biopsy 

Recommended 
N/A 23.6% N/A 

Validates use of 

procedural codes 

(CPT 40490) in 

primary care. 

Follow-up Only N/A 16.2% N/A 

Supports use of 

"observation" codes 

rather than 

unspecified disease 

codes. 

Referral to 

Specialist 
N/A 42.9% N/A 

Ensures high-risk 

codes are routed to 

specialists. 

Diagnostic 

Concordance 
Low (Baseline) 

High (Expert 

Review) 
Positive 

Increases precision 

of ICD-10 code 

selection at the 

point of care. 

By providing a "presumptive diagnosis" (e.g., "This looks like Lichen Planus") before the patient leaves the clinic or 

referral is made, telediagnosis empowers the PCP to assign a specific, accurate code (L43.8) rather than a generic 

symptom code. This improves the quality of the medical record immediately. 

 

5. Medical Coding Challenges in Primary Care 

5.1 The Transition to ICD-10: Granularity vs. Cognitive Load 

The transition from ICD-9 to ICD-10-CM represented a seismic shift in medical documentation. The available code 

set expanded from approximately 13,000 to over 68,000 codes [20]. While this granularity allows for incredible 

precision—distinguishing between a "traumatic ulcer of the left ventral tongue" and a "viral ulcer of the right dorsal 

tongue"—it imposes a massive cognitive load on generalists. 

For a specialist, who might use the same 50 codes daily, this is manageable. For a family physician, who sees 

everything from hypertension to hangnails, memorizing the specific tree for oral pathology is impossible. They rely 

heavily on EHR search functions, which are notoriously inefficient. 

5.2 The "Satisficing" Behavior 

Faced with this complexity and severe time constraints (often 15-minute visits), physicians engage in a cognitive 

heuristic known as "satisficing"—searching only until they find a "good enough" option, rather than the optimal one. 

A simulation study of ambulatory clinicians using EHRs found that just over half (56%) of entered diagnostic codes 
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were rated as appropriate for the clinical scenario [20]. 

● Search Fatigue: 80% of clinicians selected a code after the first search query. Only 15% were willing to refine their 

search if the initial results were suboptimal [20]. 

● Terminology Mismatch: Clinicians used single-word queries like "asthma" or "ulcer." If the specific condition 

(e.g., "Moderate persistent asthma") didn't appear in the top results, they selected "Asthma, unspecified." 

In the context of oral diagnosis, this leads to widespread use of "Stomatitis and mucositis, unspecified" (K12.30) for 

conditions that are clinically distinct. This loss of data fidelity makes it impossible to track outcomes for specific 

diseases like Lichen Planus or Pemphigus Vulgaris in primary care datasets. 

5.3 Error Rates and Types 

The error rate in primary care coding is a documented concern. A comprehensive audit of Part B claims found that 

family practice providers had a 13.8% error rate, largely driven by insufficient documentation or incorrect coding 

[21]. 
 

Table 3: Common Coding Error Types in Primary Care Oral Diagnosis 

Error Type Description Example Scenario Impact 

Unspecified Coding 

Using a generic code 

when a specific one is 

available. 

Coding "Mouth lesion" 

(K13.79) for a visible 

Leukoplakia (K13.21). 

Loss of clinical data; 

failure to trigger risk 

algorithms. 

Undercoding 

Billing for a lower level 

of complexity than 

supported by the 

encounter. 

Coding a Level 3 visit 

(99213) for a complex 

biopsy & counseling 

session (should be 99214 

+ 40490). 

Significant revenue loss; 

undervaluation of PCP 

work. 

Upcoding 

Billing for a higher level 

of complexity than 

documented. 

Coding a Level 4 visit for 

a simple look-and-see 

exam of a cold sore. 

Compliance risk; potential 

for fraud 

investigation/audits. 

Omission 

Failing to code co-

morbidities or secondary 

diagnoses. 

Coding the oral ulcer but 

failing to code "History of 

tobacco use" (Z87.891). 

Failure to capture risk 

adjustment (HCC) data; 

incomplete patient profile. 

Mismatched Linkage 

Diagnosis code does not 

support the procedure 

code. 

Linking "Dental Caries" 

code to a "Biopsy" 

procedure code. 

Automatic claim denial 

by payer (Medical 

Necessity). 

 

It was highlighted that omissions are the most frequent error for secondary diagnoses, with 38% of secondary codes 

being omitted. In oral cancer risk assessment, omitting the "tobacco use" or "alcohol use" code is a critical failure, as 

it divorces the lesion from its primary risk factors in the data [20]. 

5.4 Financial Implications: The Revenue Cycle 

Coding errors are not abstract data problems; they are financial liabilities. 

● Denials: A study of claim denials shows that "incorrect coding" is a top reason for rejection. Re-working a denied 

claim costs a practice approximately $25 to $118 per claim in administrative time [22]. 

● Lost Revenue: An audit of 40 surgical episodes found that coding inaccuracies led to an average loss of £837 per 

episode due to incorrect DRG/HRG assignment. For a single hospital trust, this extrapolated to a £500,000 annual 

loss [23]. 

● Risk Adjustment: In value-based care models (e.g., Medicare Advantage), reimbursement is tied to the patient's 

Hierarchical Condition Category (HCC) score. Failing to code chronic conditions or specific diagnoses (like "Oral 

cancer in remission") artificially lowers the patient's risk score, reducing the capitated payment the practice receives 

to care for that patient. 

●  
6. The Human Element: Physician Barriers to Coding Excellence 

6.1 Cognitive Load and Decision Fatigue 

Medical coding requires a distinct type of cognitive processing—categorical and rigid—that competes with the fluid, 

empathetic, and heuristic-based thinking required for clinical care. Switching between these modes ("task switching") 

consumes mental energy. By the end of a clinic day, decision fatigue sets in. Studies show that antibiotic prescribing 

rates (a proxy for poor decision-making) increase as the day wears on; it is highly probable that coding quality similarly 

degrades, leading to more "unspecified" codes in afternoon clinics [24]. 

6.2 The "Communication Divide" 

A qualitative study of coders and physicians revealed a profound "Communication Divide" [23]. 

● Coders' Perspective: Coders feel disempowered. They see clinical documentation that clearly points to a specific 

diagnosis (e.g., pathology report says "Carcinoma"), but if the physician's final note says "Lesion," the coder is often 
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legally bound to code "Lesion" unless they issue a query. 

● Physicians' Perspective: Physicians view coding queries as administrative harassment. They often do not 

understand the specific language requirements of ICD-10 (e.g., "Why do I need to document 'acute' vs 'chronic' for 

every condition?"). 

This disconnect results in a medical record that satisfies neither the clinician (who feels the notes are cluttered) nor 

the coder (who feels the codes are inaccurate). 

6.3 Lack of Training 

Coding is rarely taught systematically in medical school. A survey of residents and staff physicians found that 100% 

of residents and 79% of staff felt their billing education was insufficient [25]. Physicians learn coding through "trial 

and error"—usually by seeing which claims get denied—rather than through foundational principles. This "denial-

based learning" leads to defensive coding practices rather than accurate ones. 

 

7. The Role of Support Staff: HCAs and Scribes 

To address these physician barriers, healthcare organizations are increasingly leveraging support staff. This "team-

based documentation" model shifts the burden of data entry and coding from the physician to trained allied health 

professionals. 

7.1 Medical Scribes: The Documentation Specialists 

Medical scribes are individuals who accompany the physician during the encounter to document the history, physical 

exam, and plan in real-time. Their impact on coding quality is significant. 

● Documentation Quality: A randomized controlled trial found that scribe use improved chart quality with an Odds 

Ratio (OR) of 7.25 and chart accuracy with an OR of 4.61 [26]. 

● Detailed Capture: Scribes, whose sole focus is documentation, can capture details the physician might gloss over, 

such as the specific dimensions of a lesion or the patient's exact description of pain duration. This detail supports 

higher-specificity coding. 

● Efficiency: Scribes reduce physician EHR time by approximately 39%, freeing up cognitive bandwidth for clinical 

reasoning [27]. 

●  
Table 4: Comparative Impact of Scribes vs. Physicians on Clinical Documentation 

Metric 
Physician 

Documentation 

Scribe-Assisted 

Documentation 
Impact Analysis 

Documentation Time High (2-3 hours/day) Reduced (-39%) 

Scribes mitigate burnout, 

allowing physicians to 

focus on patient care. 

Chart Accuracy Moderate High (OR 4.61) 

Scribes reduce omission 

errors by capturing all 

verbalized data. 

Billing Accuracy Variable (13% error rate) Improved 

Scribed notes often better 

support higher E/M levels 

(99214 vs 99213) due to 

completeness. 

Patient Satisfaction Baseline Neutral/Positive 

Patients appreciate the 

physician's undivided 

attention ("eyes off the 

screen"). 

However, scribes are not clinicians. They rely on the physician to verbalize findings. If the physician sees a 

"leukoplakia" but says "white patch," the scribe writes "white patch," and the code remains generic. Scribe training 

programs vary, and without specific training in oral pathology terminology, their ability to support this specific niche 

is limited. 

7.2 Health Care Assistants (HCAs): The Untapped Resource 

HCAs (or Medical Assistants) traditionally perform intake vitals and rooming. However, their role is expanding to 

include "task-shifted" coding duties. 

● Pre-Visit Planning: HCAs can review the patient's chart before the visit, identifying "care gaps" (e.g., missing 

diabetic foot exam or oral cancer screening) and queuing up the appropriate codes and templates for the physician. 

● Post-Visit Coding Review: In some models, experienced HCAs act as "super-users," reviewing the note and codes 

for congruency before the claim is submitted. 

● Barriers: Unlike scribes, HCAs are often multitasking (answering phones, cleaning rooms). Adding complex coding 

duties without reducing other workloads can lead to error. Furthermore, HCA training programs often cover only basic 

billing, lacking the depth required for complex oral diagnosis coding [10, 28]. 

7.3 Task Shifting in Low-Resource Settings 
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Lessons from Low- and Middle-Income Countries (LMICs) regarding task shifting are relevant here. Systematic 

reviews show that non-physician health workers can effectively manage chronic conditions and adhere to protocols 

when provided with decision support tools [29]. Applying this to coding: if HCAs are provided with algorithm-based 

coding tools (e.g., "If doctor selected Biopsy, check for these 3 codes"), they can act as effective quality control agents, 

reducing error rates significantly. 

 

8. Intervention Strategies and Future Directions 

8.1 Educational Interventions: The "One-Hour" Fix 

Improving coding quality does not require a semester-long course. A Quality Improvement Project (QIP) at Imperial 

College showed that targeted, brief education works. 

● Intervention: A 1-hour session for junior doctors and coders explaining what information is needed for accurate 

coding. 

● Result: A 37.9% risk reduction in HRG (payment group) changes. Primary diagnosis changes dropped from 17.3% 

to 5.2% [9]. 

● Mechanism: The intervention bridged the "Communication Divide," helping clinicians understand the downstream 

impact of their words. 

8.2 Implementing Telediagnosis and Digital Support 

Integrating telediagnosis workflows (like EstomatoNet) into the EHR is a high-yield strategy. 

1. Workflow: PCP takes photo -> Uploads to EHR -> AI/Specialist analyzes -> Returns "Presumptive Diagnosis: 

Lichen Planus (L43.8)." 

2. Coding: The EHR automatically suggests adding L43.8 to the problem list and current encounter. 

3. Result: The coding burden is removed from the PCP, accuracy is ensured by the specialist/AI, and the data is 

structured instantly. 

8.3 AI and Computer-Assisted Coding (CAC) 

Computer-Assisted Coding (CAC) uses Natural Language Processing (NLP) to read the physician's note and suggest 

codes. While widely used in hospitals, its penetration in primary care is lower. 

● Pros: CAC never "forgets" to code a documented comorbidity. It ensures completeness. 

● Cons: CAC lacks judgment. It may code a "family history of oral cancer" as a current diagnosis if the NLP context 

parsing is flawed. Current studies suggest CAC improves speed but requires human validation [30]. 

● Future: Generative AI (LLMs) holds promise for summarizing complex charts and suggesting highly specific codes, 

potentially outperforming current keyword-based CAC systems. 

8.4 Closing the "Lab Loop" 

To fix the laboratory data disconnect, Health Information Exchanges (HIEs) must prioritize the transmission of 

structured data (HL7 discrete segments) over unstructured PDFs. 

● Ideal State: The pathologist enters a diagnosis code in their LIS. This code transmits via HL7 interface to the PCP's 

EHR. The EHR creates an "Inbox Task" for the PCP: "New Pathology Result: Carcinoma (C02.9). Update Problem 

List?" 

● Impact: This "one-click" reconciliation would virtually eliminate the "unspecified" coding lag for biopsied lesions. 

 

9. DISCUSSION 

 

9.1 Theoretical Implications: Entropy in Health Data 

The degradation of data from the patient's mouth to the final billing code can be viewed through the lens of information 

entropy. At each step—visualization, documentation, coding, billing—detail is lost. The use of "unspecified" codes 

represents maximum entropy: a state of high uncertainty and low information value. 

The interventions discussed—scribes, telediagnosis, structured lab data—are essentially "anti-entropic" forces. They 

inject energy (labor or technology) into the system to maintain data structure and fidelity. 

9.2 The Team-Based Coding Model 

The "Lone Wolf" model of the physician doing everything—diagnosing, documenting, coding, billing—is obsolete. 

The complexity of modern medicine and modern administration demands a team-based approach. 

● Physician: Focuses on Clinical Synthesis and Decision Making. 

● Scribe/AI: Focuses on Data Capture and Granularity. 

● HCA: Focuses on Data Reconciliation and Care Gap Closure. 

● Coder/Specialist: Focuses on Data Validation and Complexity Management. 
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Figure 2: The Team-Based Documentation Ecosystem 

9.3 Limitations of the Review 

This review is limited by the heterogeneity of the data. Direct comparisons between US-based coding studies (private 

insurance driven) and UK/Brazil studies (public health driven) must be made with caution, as the financial incentives 

for coding differ. Additionally, the rapid evolution of AI scribes means that literature from even 2023 may already be 

lagging behind current capabilities. 

 

10. CONCLUSION 

 

The accurate diagnosis and coding of oral lesions in primary care is a high-stakes endeavor that directly impacts patient 

survival, health system revenue, and the integrity of public health data. This review confirms that while family 

physicians face significant barriers—ranging from diagnostic uncertainty to cognitive overload—they are not without 

recourse. 

The evidence unequivocally supports a shift away from the "physician-as-coder" model toward a collaborative, 

technology-enabled ecosystem. The strategic deployment of medical scribes, the empowerment of Health Care 

Assistants through task shifting, and the integration of telediagnosis and structured laboratory data offer a viable path 

forward. 

By treating medical coding not as a bureaucratic after-thought but as a core clinical function—one that requires the 

same team-based support as a "Code Blue"—primary care practices can ensure that the digital reality of the patient's 

record matches the clinical reality of their condition. In doing so, they safeguard not only their revenue but, more 

importantly, the lives of patients relying on the early detection of oral disease. 

 

11. Recommendations for Practice and Policy 

1. Educational Reform: Integrate "Clinical Informatics and Coding" into medical school and residency curricula, 

moving beyond "billing" to "data integrity." 

2. Scribe Incentivization: Health systems should subsidize the cost of scribes (human or AI) for primary care, 

viewing it as an investment in data quality and physician retention. 

3. Lab Interoperability Standards: Regulators should mandate that laboratory results include structured diagnostic 

codes (LOINC/SNOMED/ICD-10) to facilitate automated EHR updates. 

4. HCA Certification: Develop specialized certifications for HCAs in "Documentation Improvement," elevating 

their role from clerical to clinical-administrative support. 

5. Telediagnosis Reimbursement: Payers must reimburse "e-consults" and telediagnosis at parity with in-person 



 

TPM Vol. 31, No. S4, 2024        Open Access 

ISSN: 1972-6325 

https://www.tpmap.org/ 

 

 

47 
 

  

visits to encourage the use of these accuracy-enhancing workflows. 
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