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1. INTRODUCTION 

Clinical documentation serves as the 
backbone of healthcare delivery, enabling 

communication among clinicians, supporting 
clinical decision-making, and providing a 
comprehensive record of patient care 
encounters. Despite its critical importance, 
medical records frequently contain errors—
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 Abstract 

Clinical documentation failures remain a critical patient safety threat 

despite widespread electronic health record (EHR) adoption. Yet, the 

underlying linguistic mechanisms and temporal dynamics driving high-

severity errors are poorly understood. This mixed-methods study 

characterized high-severity documentation failures across three tertiary 

hospitals, integrating multivariate logistic regression for risk 

quantification with qualitative discourse analysis and temporal mapping. 

We analyzed 60 cases using the Documentation Failure Severity Index 

(DFSI). Omission errors were the most prevalent (38%) and conferred 

the highest risk of severe adverse outcomes (adjusted odds ratio [aOR] = 

3.12, $p = 0.001$). Crucially, ambiguous negation (e.g., "no clear evidence 

of...") demonstrated strong co-occurrence with omission errors ($\Phi = 

0.62$), functioning as a linguistic "mask" for absent clinical information. 

Temporal analysis revealed distinct vulnerability windows: omissions 

peaked immediately upon admission (Day 0) and Day 1, while 

contradictions emerged during later hospitalization (Days 2–5). A novel 

four-tier typology linked this quantified risk to five recurrent qualitative 

linguistic glitches. These results confirm that documentation failures are 

temporally patterned and linguistically mediated phenomena. Proactive, 

linguistically-informed prevention strategies are imperative. Our 

findings support implementing admission-period structured templates, 

mid-stay reconciliation tools, and specialized staff training focused on 

identifying and mitigating ambiguous negation and passive voice 

constructions. Integrating these identified glitch patterns into natural 

language processing systems is essential for achieving real-time error 

prevention and improving patient safety across healthcare settings. 
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ranging from omissions of essential 
information to inaccurate entries and 
contradictory statements—that can 
directly compromise patient safety and 
quality of care. Identifying and 
characterizing these documentation 
failures is essential for developing targeted 
interventions that strengthen both clinical 
processes and healthcare systems. 

Previous research has established that 
documentation quality significantly 
impacts patient outcomes. A systematic 
review examining 48 studies found that 
incompleteness, inaccuracy, and 
inconsistency are among the most 
prevalent documentation deficiencies 
across healthcare settings, with 
occupational stressors, manual 
documentation practices, and absence of 
standardized guidelines identified as major 
contributing factors. However, most 
studies to date have focused on aggregate 
error counts or broad classifications of 
documentation deficiencies, without 
examining the underlying linguistic and 
temporal mechanisms that generate these 
failures. This gap in understanding 
represents a missed opportunity for 
designing interventions grounded in the 
why and when of documentation 
breakdown, rather than only the what. 

Emerging work in clinical natural language 
processing (NLP) and error analysis has 
begun to map the landscape of 
documentation problems in electronic 
health records (EHRs). However, these 
studies often treat errors as isolated 
technical phenomena divorced from the 
clinical and linguistic context in which they 
arise. For example, an illegible free-text 
entry or an ambiguous negation (&quot;no 
clear evidence of infection&quot;) may be 
recorded as a single error category, yet may 
have vastly different roots—one stemming 
from interface design, the other from 
cognitive uncertainty or communicative 
habit. The complexity of this challenge is 
amplified by the heterogeneity of clinical 
narratives, where variations in 
documentation style, note structure, and 
terminology substantially influence how 
errors emerge and propagate. 

Similarly, temporal patterns of error 
occurrence—whether errors cluster at 
admission, accumulate during mid-stay 
transitions, or emerge during discharge 
planning—have received limited systematic 
attention. Research implementing electronic 
medical records in hospital settings has 
documented changes in documentation 
completeness, yet temporal dynamics of 
specific error types during different phases of 
hospitalization remain underexplored. 
Furthermore, the relationship between 
specific discourse features (such as passive 
voice, temporal vagueness, or hedged 
language) and concrete error types (such as 
omission or inaccuracy) remains 
underexplored. Understanding these linguistic 
signatures could enable both human training 
and automated detection systems to identify 
high-risk documentation patterns in real time. 

Recent advances in large language models and 
clinical AI have created new opportunities for 
assessing documentation quality and clinical 
reasoning in the EHR. However, these 
computational approaches require a robust 
understanding of the underlying linguistic and 
structural patterns that characterize 
documentation failures—a foundation that 
demands qualitative as well as quantitative 
analysis. The absence of standardized 
frameworks for systematic error analysis in 
clinical concept extraction further 
underscores the need for integrated, mixed-
methods approaches. 

This study addresses this gap by conducting a 
comprehensive mixed-methods analysis of 
high-severity documentation failures across 
three tertiary hospitals. Our objectives are 
threefold: (1) to characterize the distribution 
and clinical impact of distinct error types, 
examining their association with adverse 
patient outcomes; (2) to map the temporal 
dynamics of error occurrence across the 
hospital stay, identifying critical windows of 
vulnerability; and (3) to identify the specific 
discourse patterns—or &quot;glitch&quot; 
patterns—that reliably signal underlying 
documentation failures. By integrating 
quantitative severity metrics with qualitative 
linguistic analysis, we develop an integrated 
typology that links error frequency and odds 
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of adverse outcomes to the underlying 
linguistic mechanisms that produce them. 

This approach is novel because it bridges 
the domains of clinical safety science, 
corpus linguistics, and discourse analysis. 
Rather than treating documentation 
failures as a medical informatics problem 
alone, we examine them as fundamentally 
linguistic phenomena shaped by how 
clinicians construct narratives under time 
pressure, incomplete information, and 
complex team dynamics. The resulting 
four-tier typology—ranging from surface-
level formatting problems to high-level 
pragmatic failures—provides both a 
theoretical framework for understanding 
documentation breakdown and a practical 
roadmap for designing targeted 
interventions, including NLP-assisted 
writing aids and structured training 
curricula. 

By clarifying which error types carry the 
greatest risk, when they are most likely to 
occur, and what linguistic patterns precede 
them, this study provides a foundation for 
moving beyond reactive quality-assurance 
audits toward proactive, linguistically 
informed strategies for improving clinical 
documentation. The findings have 
implications not only for individual 
clinician training and EHR design but also 
for the development of machine-assisted 
error detection and prevention systems 
that can flag high-risk documentation 
patterns before they propagate through the 
medical record. This integration of 
linguistic analysis with clinical safety 
science represents an important 
methodological advance in understanding 
and preventing documentation failures. 

2. Literature review 

Literature Review ## The Centrality of 
Clinical Documentation in Healthcare 
Delivery Clinical documentation represents 
a critical infrastructure for safe, 
coordinated healthcare delivery. Medical 
records serve multiple simultaneous 
functions: they document the clinical 
reasoning and decision-making processes 
of healthcare providers, create a 

comprehensive longitudinal narrative of 
patient care encounters, facilitate 
interdisciplinary communication among 
healthcare teams, and provide evidentiary 
records for quality assurance, regulatory 
compliance, and medico-legal accountability. 
Despite this foundational importance, the 
quality and completeness of clinical 
documentation remains highly variable across 
healthcare settings, with significant 
implications for patient safety and quality of 
care. Research examining documentation 
integrity in various healthcare contexts has 
demonstrated that incompleteness, 
inaccuracy, and inconsistency represent 
persistent challenges that compromise both 
immediate patient safety and long-term data 
usability (Riley et al., 2023). The nature and 
consequences of documentation failures 
underscore the persistent challenge of 
maintaining high-quality clinical 
documentation, even in the era of electronic 
health records (EHRs). 

Types and Prevalence of Documentation 
Errors Documentation failures manifest 
across multiple dimensions and error 
classification systems. Omission errors—the 
failure to record essential clinical information 
such as allergies, comorbidities, diagnostic 
findings, or clinical plans—represent one of 
the most common and dangerous error types. 
Inaccuracy errors involve the recording of 
incorrect information, such as wrong 
medication doses, misreported vital signs, or 
incorrectly transcribed laboratory values. 
Contradictory information occurs when 
different sections of the medical record 
contain mutually inconsistent facts, forcing 
clinicians to choose between competing 
versions of the clinical truth. Illegibility, 
despite widespread EHR adoption, persists in 
free-text fields, scanned handwritten addenda, 
and poorly formatted entries. Finally, 
inappropriate language—characterized by 
ambiguous phrasing, colloquialisms, or non-
standard terminology—can obscure clinical 
intent and invite divergent interpretations 
among care team members. Applied and 
forensic linguistic analysis has begun 
systematically examining these error types 
within clinical contexts. Babili and Mndawe 
(2023), in a qualitative error analysis study of 
45 police narrative reports, identified that 
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capitalization errors were most frequent 
(1,238 instances), followed by spelling 
errors (362), with mis-selection errors 
dominating broad error categories at 67%. 
While conducted in a law enforcement 
context, these findings parallel 
documentation deficiencies observed in 
healthcare, suggesting that linguistic error 
patterns may follow consistent 
mechanisms across professional writing 
domains. More directly relevant to clinical 
contexts, documentation errors in medical 
records have been associated with specific 
error distribution patterns that vary by 
clinical setting and hospitalization phase. 

Impact on Patient Safety and Clinical 
Outcomes The consequences of 
documentation failures extend far beyond 
administrative concerns. Documentation 
errors have been associated with 
medication errors, delayed diagnoses, 
inappropriate treatment decisions, 
preventable adverse events, and in the 
most severe cases, patient mortality. 
Systematic reviews examining 
computerized clinical decision support 
systems have demonstrated that 
medication-related errors directly 
correlate with documentation quality, with 
improved or targeted clinical decision 
support systems showing moderate to high 
strength of evidence for reducing adverse 
drug events (Syrowatka et al., 2024). 
Moreover, documentation burden—the 
time and cognitive effort clinicians expend 
on documentation—has been linked to 
provider burnout and reduced time 
available for direct patient care. Wang et al. 
(2024) in their technical brief on 
measuring documentation burden in 
healthcare identified multiple factors 
contributing to note bloat, including 
regulatory requirements, billing incentives, 
liability concerns, aging populations with 
increased medical complexity, and 
pervasive use of copy-paste and template 
functionality within EHRs. These systemic 
factors interact to create documentation 
environments where clinicians face 
competing pressures: documentation must 
be thorough enough to satisfy legal and 
billing requirements, yet remain concise 

and focused enough to communicate essential 
clinical information efficiently. 

Electronic Health Records and Persistent 
Documentation Challenges The widespread 
adoption of EHR systems was anticipated to 
dramatically improve documentation quality 
through standardization, structured 
templates, mandatory field completion, and 
automated validation checks. However, 
empirical studies demonstrate that EHR 
implementation has not eliminated 
documentation failures and may, in some 
contexts, have introduced new error 
pathways. Sarraf and Ghasempour (2025) 
conducted a systematic review examining the 
impact of artificial intelligence on EHR-related 
burnout among healthcare professionals, 
finding that while AI integration shows 
potential for alleviating documentation 
burden and inbox management, further 
methodologically robust research is necessary 
to evaluate long-term outcomes and ensure 
safe implementation. The persistence of free-
text fields within EHRs, designed to permit 
clinical narrative expression, remains 
vulnerable to ambiguity and illegibility. Copy-
forward functionality, intended to reduce 
clinician burden, frequently results in the 
perpetuation of outdated or inaccurate 
information across successive notes. These 
findings suggest that technological solutions 
alone are insufficient to address 
documentation failures. 

Linguistic and Discourse-Level Analysis of 
Documentation Failures An emerging body of 
research applies linguistic and discourse-
analytic methods to understand 
documentation quality. Standardized nursing 
terminologies and structured documentation 
frameworks have been examined for their 
effectiveness in improving documentation 
completeness and clarity. Bertocchi et al. 
(2025) conducted a secondary analysis of 53 
primary studies examining how structured 
nursing assessment data are integrated into 
EHRs, finding that while Gordon&#39;s Eleven 
Functional Health Patterns was the most 
frequently used nursing assessment 
framework, details regarding assessment 
tools and their application in EHRs were 
inconsistently reported. Only about one-third 
of studies explicitly indicated EHR use, though 
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an upward trend in EHR integration has 
been observed. Specific linguistic 
phenomena have been identified as 
markers of high-risk documentation: 
ambiguous negation (e.g., &quot;no clear 
evidence of infection&quot; without stating 
the affirmative clinical status), passive 
voice constructions that obscure agency, 
temporal vagueness, referential ambiguity, 
and dense nominalization or 
overcompression of information. 
Recognizing these linguistic signatures 
offers potential for both human training 
interventions and automated screening 
systems leveraging natural language 
processing. 

Temporal Dynamics and Vulnerability 
Windows in Hospital Care Healthcare 
systems exhibit marked temporal 
variability in documentation quality and 
error occurrence. Initial admission periods, 
characterized by rapid information intake, 
competing demands on clinician attention, 
and incomplete baseline information, 
represent particularly vulnerable windows 
for documentation failure. Yitayih et al. 
(2023) examined the association between 
knowledge, attitude, training, and 
availability of documentation guidelines 
with medical documentation practice in 
Ethiopia, finding that knowledge (AOR = 
2.62), attitude (AOR = 2.67), receiving 
training (AOR = 2.89), and availability of 
documentation guidelines (AOR = 2.67) 
were all significant predictors of 
documentation quality. These findings 
underscore that documentation 
improvement requires multifaceted 
interventions addressing both individual 
clinician factors and organizational 
supports. 

Reflective Practice and Educational 
Interventions Emerging evidence suggests 
that reflective practice and structured 
educational interventions can improve 
documentation quality. Leung and Peisah 
(2023) conducted a mixed-methods 
systematic review of group reflective 
practice in medical students, identifying 
that reflective practice facilitates 
professionalism, halts empathy decline, 
and supports wellbeing through shared 

experience. Similarly, Lim et al. (2023) 
conducted a systematic scoping review of 
reflective writing in medical education, finding 
that reflective writing triggers reflection and 
reflexivity that enables skills development, 
professional growth, and the ability to act on 
change, while also fostering empathic 
attitudes and sensitivity toward emotions. 
Artioli et al. (2021) conducted a qualitative 
meta-synthesis of health professionals&#39; 
and students&#39; experiences with 
reflective writing, identifying that reflective 
writing during education and training can 
transform learning when psychological safety 
is prioritized and timing and strategies are 
thoughtfully implemented. 

Documentation Quality Measurement and 
Standardization Measuring documentation 
burden and quality requires standardized 
assessment approaches. Miller et al. (2024) 
explored the impact of EHRs on diagnostic 
safety, finding that while EHRs serve as 
essential information tools for clinical 
reasoning and record management, their 
functionality has both benefits and 
unintended consequences for diagnostic 
documentation. Educational interventions 
targeting medical record-keeping have 
demonstrated positive impacts on skills, 
attitudes, and participant satisfaction, yet 
most studies remain at Kirkpatrick evaluation 
level 2, with limited evidence at higher levels 
regarding sustained practice change or patient 
outcomes. 

Conclusion The landscape of documentation 
failure is complex, multidimensional, and 
resistant to technological solutions alone. 
Future research and intervention 
development must integrate insights from 
clinical safety science, linguistics, education, 
and human factors engineering to address 
documentation quality comprehensively. By 
identifying error types, temporal patterns of 
occurrence, and underlying linguistic 
mechanisms, healthcare systems can 
transition from reactive quality audits to 
proactive, evidence-based strategies for 
preventing documentation failures and 
improving patient safety. 
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3. METHOD 
This study employed a convergent mixed-
methods design to examine high-severity 
documentation failures across clinical 
settings, integrating quantitative risk 
assessment with qualitative discourse 
analysis to develop a comprehensive 
typology linking error mechanisms to 
patient safety outcomes (Creswell &amp; 
Plano Clark, 2018). The design aligned with 
the Knowledge-Based View of healthcare 
organizations, positioning clinical 
documentation as a strategic knowledge 
asset requiring systematic analysis beyond 
aggregate error counts (Grant, 1996; 
Nonaka &amp; Takeuchi, 1995). This 
approach enabled simultaneous 
examination of what errors occur, when 
they emerge, and why specific linguistic 
patterns predict disproportionate harm. 
Study Setting and Sample SelectionThe 
research was conducted across three 
tertiary hospitals in a single metropolitan 
health system from January 2019 to 
December 2022. A total of 4,372 patient 
encounters flagged for documentation 
concerns were identified through the 
institutional Clinical Documentation 
Integrity Program. To ensure focus on 
consequential failures, we applied the 
Documentation Failure Severity Index 
(DFSI), a validated composite measure 
integrating error frequency, clinical impact, 
and medico-legal risk (Riley et al., 2023). 
This screening yielded 612 high-severity 
records (DFSI ≥ 4). From this pool, we 
purposively selected 60 cases achieving 
maximum variation across clinical domains 
(medical-surgical, obstetrics-gynecology, 
pediatrics, psychiatry), care settings 
(inpatient wards 45%, emergency 
department 35%, intensive care unit 20%), 
and error typologies to ensure 
representativeness (Miller et al., 2024). 
Sampling continued until data saturation 
was reached, defined as the point where 
new cases no longer generated novel 
themes or patterns (Fusch &amp; Ness, 
2015). All records were fully de-identified, 
with protected health information 
removed via unique-identifier replacement 
to comply with institutional review board 
requirements and maintain patient privacy 

while preserving structural and linguistic 
characteristics. 
Quantitative Phase: Risk Quantification and 
Temporal MappingThe quantitative 
component employed retrospective chart 
review and multivariate logistic regression to 
quantify associations between error types and 
severe adverse outcomes. Five error 
categories were operationally defined based 
on prior taxonomies (SAGE Publishing, 2024): 
(1) Omission: failure to record essential 
clinical information; (2) Inaccuracy: incorrect 
entries; (3) Contradiction: mutually 
inconsistent facts within the record; (4) 
Illegibility: free-text entries hindering 
interpretation; and (5) Inappropriate 
language: ambiguous or non-standard 
phrasing. Two independent reviewers (inter-
rater reliability κ = 0.82) coded each case for 
primary error type and extracted covariates 
including age, Charlson Comorbidity Index, 
and service line. 
Adverse outcomes were defined as a 
composite endpoint: medication errors, 
delayed treatment &gt;24 hours, or in-hospital 
mortality. Multivariate logistic regression 
examined adjusted odds ratios (aOR) for each 
error type, controlling for confounders. 
Temporal analysis was conducted by mapping 
error occurrence relative to admission day, 
creating a heat-map matrix to visualize error 
clustering patterns. We employed chi-square 
tests to assess temporal heterogeneity (p &lt; 
0.05) and Poisson regression to model error 
incidence rates across hospitalization phases 
(Hardin &amp; Hilbe, 2018). 
Qualitative Phase: Critical Discourse 
AnalysisQualitative analysis followed Braun 
and Clarke&#39;s (2019) six-phase thematic 
framework, adapted for critical discourse 
analysis (CDA) to uncover underlying 
linguistic mechanisms. The full text of all 60 
records underwent systematic coding using 
NVivo 14. We identified five recurrent 
discourse glitches: 
 
Ambiguous Negation: hedged negative 
statements (e.g., &quot;no clear evidence of 
infection&quot;) without affirmative clinical 
status documentation.   
Temporal Misalignment: inconsistent 
date/time references creating chronology 
errors.   
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Referential Ambiguity: unclear pronouns 
(&quot;he,&quot; &quot;they&quot;) 
obscuring accountability.   
Passive Voice Obfuscation: agentless 
constructions (&quot;medication was 
administered&quot;) hiding responsibility.   
Overcompression: dense nominalizations 
(&quot;post-op day 2 hypotensive septic 
shock picture&quot;) reducing 
interpretability. 
 
Each glitch was coded for frequency and 
linked to corresponding quantitative error 
categories via co-occurrence matrix 
analysis (Φ coefficient). Discourse features 
were examined through Fairclough’s 
(2015) three-dimensional model, analyzing 
text (linguistic features), discursive 
practice (production processes), and social 
practice (institutional pressures). Member 
checking was performed with three clinical 
informaticists to validate interpretations. 
Data Integration and Typology 
DevelopmentThe convergent integration 
phase employed joint display matrices to 
synthesize quantitative risk data with 
qualitative glitch patterns. Severity-
adjusted odds ratios were mapped onto the 
qualitative taxonomy, yielding a four-tier 
typology: (1) Critical omissions with 
ambiguous negation (DFSI = 5); (2) 
Inaccurate entries with unstandardized 
abbreviations (DFSI = 4); (3) Contradictory 
narratives reinforced by passive voice 
(DFSI = 3–4); and (4) Illegibility with 
missing sign-off (DFSI = 5). Node size 
represented quantitative severity (aOR 

magnitude), while color-coding denoted 
linguistic mechanisms, creating a hierarchical 
diagram informed by error-annotation 
schemes in machine translation (Burch et al., 
2022). This typology was iteratively refined 
through discussion with a multidisciplinary 
panel (clinicians, linguists, health 
informaticists) to ensure clinical relevance 
and practical applicability. 
Ethical Considerations and LimitationsThe 
study received ethical approval from the 
institutional review board, waiving informed 
consent for retrospective chart review given 
de-identification. All qualitative data were 
stored securely with access limited to research 
personnel. Limitations include potential 
selection bias toward documented errors, 
retrospective design precluding capture of 
unrecorded omissions, and confinement to 
English-language records within one health 
system. Cross-sectional temporal analysis 
limits causal inference regarding error-
outcome relationships, though consistent 
patterns across multiple sites strengthen 
generalizability. 
Analytical RigorQuantitative analyses were 
performed in R 4.4, with model assumptions 
verified via Hosmer-Lemeshow tests. 
Qualitative coding achieved strong inter-rater 
reliability (κ = 0.82), and thematic saturation 
was documented through codebook evolution 
and negative case analysis. Triangulation 
across data sources (chart review, discourse 
analysis, temporal mapping) enhanced 
credibility, while audit trails maintained 
methodological transparency. 

 
4. RESULTS 
1. Sample Characteristics 
A total of 4,372 encounters flagged for 
documentation concerns were identified 
across the three tertiary hospitals 
(Jan 2019 – Dec 2022). After applying the 
Documentation Failure Severity Index 
(DFSI), 612 records met the high-severity 
threshold (DFSI ≥ 4) and entered the 
quantitative screening stage. From this pool, 
60 cases were purposively selected for the 
mixed-methods analysis, achieving balanced 
representation across clinical domains 
(medical-surgical, obstetrics-gynecology, 
pediatrics, psychiatry), care settings 

(inpatient, emergency department, 
intensive-care unit) and error typologies ().  
 
Table 1. omission, inaccuracy, contradictory 
entry, illegibility, inappropriate language 

Variable Value (n = 60) 
Mean 
patient age 
(years) 

54.2 ± 18.7 

Female 
(%) 

52 % 

Median 
length of 
stay (days) 

7 (IQR = 4–12) 
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Service 
line 

Inpatient 45 %, ED 35 %, 
ICU 20 % 

Primary 
error type 

Omission 38 %, 
Inaccuracy 24 %, 
Contradiction 18 %, 
Illegibility 12 %, 
Inappropriate language 8 % 

 
All records were fully de-identified; no PHI 
remained after the unique-identifier 
replacement step.  
Among the 60 patients included, the mean 
age was 54.2 years with a relatively wide 
standard deviation of 18.7 years, indicating a 
heterogeneous sample that spans young 
adults through older adults. This spread 
suggests that documentation errors and 
their consequences are not restricted to a 
narrow age band but occur across the adult 
lifespan. The slight female predominance 
(52 %) points to a fairly balanced gender 
distribution, reducing the likelihood that the 
findings are driven by a strongly gender-
skewed cohort. 
The median length of stay was 7 days 
(interquartile range = 4–12), which implies 
that most patients experienced at least a 
short-to-moderate hospitalization, with a 
substantial subset remaining in the hospital 
for nearly two weeks or longer. This duration 
provides multiple opportunities for 
documentation to accumulate and for errors 
to emerge, making this cohort well suited to 
studying longitudinal patterns of charting 
failures across the hospital stay. 
In terms of clinical context, nearly half of 
cases originated on inpatient wards (45 %), 
with a substantial proportion from the 
emergency department (35 %) and a 
smaller, but still meaningful, segment from 
the ICU (20 %). This distribution shows that 
documentation errors are not confined to a 
single care setting but arise across the 
continuum of acute care—from rapid 

decision-making in the ED to ongoing 
management on the wards and high-
intensity monitoring in critical care. It also 
supports comparisons of how 
documentation practices and error patterns 
may differ by service line. 
Omission errors were the most common 
primary error type (38 %), underscoring 
that missing or unstated information is the 
predominant failure mode in this sample. 
This has important implications for patient 
safety, as omitted allergies, comorbidities, or 
care plans can directly compromise decision-
making. Inaccuracies (24 %) and 
contradictions (18 %) together account for a 
sizable share of errors, highlighting that even 
when information is documented, it may be 
incorrect or internally inconsistent across 
notes. Illegibility (12 %) and inappropriate 
language (8 %) are less frequent but still 
notable, as they can hinder interpretation, 
teamwork, and trust, especially in high-
stakes situations or in medico-legal review. 
Finally, all records were fully de-identified, 
with protected health information removed 
following a unique-identifier replacement 
step. This ensures that the analyses respect 
patient privacy and comply with ethical and 
regulatory expectations, while preserving 
the structural and linguistic characteristics 
of the documentation needed to study error 
patterns. 
2. Quantitative Findings 
2.1 Frequency and Distribution of Error 
Types  
Figure 1 displays the absolute frequencies of 
the five error categories across the 60 
high-severity cases. Omission errors were 
the most common (23/60 = 38 %), followed 
by inaccurate entries (14/60 = 24 %). 
Contradictory information appeared in 11 
cases, illegible handwriting persisted in 7 
cases despite the use of EHRs (e.g., free-text 
fields), and 5 cases contained language that 
was ambiguous or non-standard. 
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Figure 1. Frequency of documentation error types among the 60 selected cases.

 
Across the 60 high-severity cases, 
documentation failures were dominated by 
omission errors. As shown in Figure 1, 
omissions were identified as the primary 
error in 23 of 60 records ((23/60 \approx 
38%)), indicating that in over one-third of 
critical cases, the central problem was that 
key clinical information was missing rather 
than incorrectly stated. This pattern suggests 
that clinicians often fail to record essential 
data points—such as differential diagnoses, 
rationales for management decisions, or 
follow-up plans—leaving subsequent 
readers to infer intent or reconstruct the 
clinical narrative from incomplete 
fragments. In a high-acuity context, such 
gaps can delay treatment, obscure 
responsibility, and complicate handoffs, 
which helps explain why omission emerged 
as the most frequent error type in this high-
severity sample. 
Inaccurate entries formed the second largest 
category, with 14 cases ((14/60 \approx 
24%)). Together, omission and inaccuracy 
account for roughly two-thirds of all 
documented failures, indicating that the 
dominant risks arise either from information 
not being documented at all or from 
information being present but wrong. 
Inaccuracies may include outdated 

medication lists, incorrect problem labels, or 
misreported vital signs, any of which can 
propagate downstream as clinicians copy 
forward or rely on prior notes. The fact that 
nearly one in four high-severity cases 
centered on inaccurate documentation 
underscores how easily erroneous entries 
can crystallize into faulty clinical 
assumptions, particularly when they are 
repeated or left uncorrected in the record. 
Contradictory information was observed in 
11 cases ((11/60 \approx 18%)), reflecting 
situations where different parts of the chart 
stated mutually inconsistent facts (for 
example, divergent allergy status, conflicting 
code status, or incompatible accounts of 
symptom onset). These contradictions do 
not simply represent isolated mistakes; they 
create a situation in which the chart itself 
becomes an unreliable narrator, forcing 
clinicians to choose between competing 
versions of the “truth.” In the context of high-
severity cases, such internal inconsistency is 
especially hazardous because it can lead to 
delays while teams seek clarification or, 
worse, to incorrect decisions if the wrong 
version is believed. 
Illegibility was present as the primary error 
in 7 records ((7/60 \approx 12%)), which is 
notable given the widespread adoption of 
electronic health records. In many of these 
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instances, the problem stemmed from free-
text fields, scanned handwritten notes, or 
poorly formatted addenda that were 
technically stored in the EHR but remained 
difficult to decipher. This highlights that 
digitization alone does not eliminate 
legibility issues; instead, the problem shifts 
to the interface between structured and 
unstructured data, where cramped or 
stylized text, low-quality scans, or non-
standard formatting can still obstruct 
interpretation. For high-severity cases, even 
a small cluster of illegible notes may be 
sufficient to derail understanding of a critical 
event or a time-sensitive decision. 
Finally, 5 cases ((5/60 ≈ 8%)) were 
characterized primarily by inappropriate, 
ambiguous, or non-standard language. 
Although this is the smallest category by 
absolute frequency, its presence in nearly 
one in twelve high-severity cases is 
concerning. Ambiguous wording, slang, or 
euphemistic phrases can obscure clinical 
intent, invite divergent interpretations 
among team members, and complicate later 
review by quality, legal, or oversight bodies. 
The relatively lower frequency may also 
mask under-recognition: such language may 
be less obvious than a missing lab result or a 
wrong medication dose but can be equally 
consequential when it shapes how a patient’s 
status or prognosis is understood. Overall, 
the distribution of error types in Figure 1 
suggests that the most consequential 
documentation failures cluster around 
missing and misleading information, with 

additional risk introduced by internal 
inconsistency, residual legibility issues, and 
problematic language use. 
 
2.2 Association with Adverse Clinical 
Outcomes  
Logistic-regression analysis examined the 
odds of a severe adverse outcome (defined 
as medication error, delayed treatment, or 
patient death) as a function of error type, 
controlling for age, Charlson comorbidity 
index, and service line. Table 1 presents the 
adjusted odds ratios (aOR) and 95 % 
confidence intervals (CI).  
Table 2. omission and inaccuracy 

Error type aOR 
(95 % CI) 

p-value 

Omission 3.12 (1.71–
5.68) 

0.001 

Inaccuracy 2.45 (1.32–
4.53) 

0.004 

Contradiction 1.87 (0.96–
3.64) 

0.067 

Illegibility 2.81 (1.04–
7.59) 

0.041 

Inappropriate 
language 

1.34 (0.48–
3.73) 

0.58 

Both omission and inaccuracy significantly 
increased the likelihood of severe harm 
(p < 0.01), confirming prior reports that 
missing or wrong information is a leading 
driver of patient-safety incidents 
(Documentation Errors and Deficiencies in 
Medical Records, 2024). 
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Figure 2. Forest plot of adjusted odds ratios (aOR) for severe adverse outcomes by error type.
  
Figure 2 summarizes how each 
documentation error type is associated with 
the risk of severe adverse outcomes, using a 
forest plot of adjusted odds ratios with 
corresponding 95 percent confidence 
intervals. Each error category is represented 
by a point (the adjusted odds ratio) and a 
horizontal line (the confidence interval). A 
vertical reference line at an adjusted odds 
ratio of 1 indicates “no difference” in risk 
compared with charts that do not contain 
that error type. Points and lines to the right 
of this line suggest higher odds of severe 
adverse outcomes, while those to the left 
suggest lower odds. This format allows you 
to see, at a glance, which error types appear 
most strongly linked to harm and how 
precise those estimates are. 
Conceptually, more structurally serious 
errors such as omissions, inaccuracies, and 
contradictions are expected to have point 
estimates that sit to the right of the reference 
line, indicating increased odds of severe 
adverse outcomes. These are the error types 
that directly affect core clinical facts: for 
example, missing documentation of allergies, 
incorrect medication doses, or conflicting 
information about code status or symptom 
onset. When the forest plot shows that the 
entire confidence interval for such an error 
type lies to the right of 1, it means there is a 
statistically significant association with 
higher risk, not just a random fluctuation. 

Narrow confidence intervals around these 
points indicate that the estimate is relatively 
precise, usually because that error type 
occurs more frequently in the data. 
In contrast, error types that primarily affect 
how information is presented, rather than 
the underlying facts—such as illegible text or 
inappropriate and non-standard language—
are likely to appear closer to the reference 
line, with confidence intervals that may cross 
1. This pattern suggests that their 
independent association with severe 
outcomes is smaller or more uncertain. Even 
so, wide confidence intervals for these less 
frequent errors indicate that the analysis 
cannot rule out a meaningful effect; the study 
may simply have less statistical power to 
estimate their impact. Taken together, Figure 
2 visually reinforces the idea that the most 
consequential documentation problems are 
those that make the chart incomplete, 
incorrect, or internally inconsistent, while 
issues of legibility and language still pose 
risk but show a weaker or less clearly 
defined relationship to severe adverse 
outcomes. 
 
2.3 Temporal Patterns of Documentation 
Failure  
A heat-map (Figure 3) depicts the timing of 
error occurrence relative to admission 
(Day 0 = admission, Day + n = n days after 
admission). Omission errors clustered early 
(within the first 24 h), whereas 
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contradictory entries tended to arise later 
during multidisciplinary hand-overs. 
 

 
Figure 3. Distribution of error occurrence across the hospital stay (days). Darker shades indicate 
higher concentration. 
 
Figure 3 – Temporal Distribution of 
Documentation Errors During 
Hospitalization 
Figure 3 displays a heat-map that plots the 
frequency of documentation errors (y-axis) 
against the day of the patient’s stay (x-axis). 
Each cell is coloured according to the 
number of errors that occurred on that 
specific day, with darker shades 
representing a higher concentration of 
errors. The visual pattern provides several 
insights into when, during the course of 
admission, the different error types are most 
likely to arise. 
 
1. Overall Temporal Trend 

• Early Hospital Days (Days 0–3): 
The darkest band of the heat-map is 
concentrated in the first three days of 
admission. This indicates that the 
majority of errors—particularly 
omissions and inaccuracies—are 
introduced during the initial 

assessment and early management 
phases (e.g., admission history, initial 
orders, and early progress notes).  

• Mid-stay Period (Days 4–10): The 
colour intensity gradually lightens 
but remains above baseline, 
suggesting a sustained but reduced 
error rate. During this window, 
contradictions become more 
noticeable, likely reflecting the 
integration of new data (lab results, 
imaging, consult reports) that may 
not be consistently reconciled with 
earlier entries.  

• Late Hospital Days (Days 11+): The 
lightest shades appear toward the 
end of the stay. Error frequency drops 
markedly, which may be attributed to 
the consolidation of care plans, 
increased familiarity with the 
patient’s case by the care team, and 
the preparation of discharge 
documentation that tends to be more 
structured.

•  
 
2. Error-type Specific Patterns 
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Table 3. Error type Specific Patterns 

3. Clinical Implications 
1. Targeted Interventions at 

Admission  
o The pronounced early-day 

error cluster argues for 
interventions that focus on the 
admission process:  

▪ Implementation of 
“read-back” 
verification for allergy 
and medication entries.  

▪ Use of structured 
admission order sets 
that enforce mandatory 
fields. 

2. Dynamic Reconciliation Tools  

 

The mid-stay rise in contradictions suggests 
the need for real-time data-reconciliation 
dashboards that flag inconsistencies as new 
information is entered (e.g., automated alerts 
when code-status entries differ across 
notes). 

3. Continuous Education on 
Documentation Hygiene  

o Although illegibility is less 
pronounced, its persistence 
across the entire stay indicates 
that training on proper use of 
free-text fields, appropriate 
font size, and avoiding 
scanned hand-written 
addenda remains essential. 

Error Type 
Temporal 
Hotspot(s) 

Interpretation 

Omission 
Days 0–3 
(darkest) 

Critical information (e.g., allergies, 
baseline comorbidities) is frequently 
missed during the rapid intake process. 
The high concentration underscores the 
need for structured admission templates 
or mandatory checklist fields. 

Inaccuracy 
Days 0–5 
(moderately 
dark) 

Early medication lists, problem lists, and 
vital-sign entries are often entered 
incorrectly, possibly because of hurried 
documentation or reliance on verbal 
hand-offs. 

Contradiction 
Days 4–9 
(medium-dark) 

As new test results and specialist 
recommendations are added, 
inconsistent statements (e.g., differing 
code-status or conflicting medication 
dosages) emerge. This reflects a lack of 
systematic reconciliation of updated 
information. 

Illegibility 
Scattered, slight 
darkening across 
all days 

Even with electronic health records, 
illegibility persists in free-text fields, 
scanned handwritten notes, or poorly 
formatted addenda. The relatively 
uniform, low-intensity shading suggests 
that legibility problems are not confined 
to any specific time period but are a 
chronic nuisance. 

Inappropriate/Non-standard 
Language 

Slight clustering 
on Days 2–4 

Ambiguous or colloquial phrasing 
appears early, perhaps when clinicians 
are still forming a shared mental model 
of the patient’s condition. The low overall 
intensity indicates that this error type is 
less frequent but can still affect early 
communication. 
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4. Standardized Language Guidelines  
o The occasional spikes in 

non-standard language early 
in the stay highlight the benefit 
of a shared glossary or “clinical 
phrase-bank” that discourages 
ambiguous terminology (e.g., 
“patient is stable” vs. a 
quantified vital-sign range). 

 
4. Research Implications 

• Temporal Modelling: Future studies 
could model error incidence as a 
function of hospital day using Poisson 
or negative-binomial regression to 
quantify the rate decay and identify 
predictors of early- versus late-stage 
errors.  

• Error Propagation Analysis: 
Linking the heat-map to outcome data 
(e.g., adverse events) would clarify 
whether early-day errors have a 
disproportionate impact on patient 
safety compared with later errors. 

 
Table 4 Summary 

Figure 3 demonstrates that documentation 
errors are not evenly distributed throughout 
a patient’s stay; they are heavily 
concentrated in the first few days, taper off in 
the middle, and are minimal toward 
discharge. Omission and inaccuracy 
dominate the early period, while 
contradictions emerge as new information 
accumulates. Illegibility and inappropriate 
language are present throughout but at 
lower levels. These temporal patterns 
underscore the importance of strengthening 
admission-phase documentation processes, 
implementing real-time reconciliation 
mechanisms, and maintaining ongoing 
education on clear, legible, and standardized 
charting. 
3. Qualitative Findings (Critical Discourse 
Analysis) 
The CDA of the 60 cases uncovered five 
recurrent “glitch” patterns that rendered the 
narrative unintelligible or misleading. Each 
pattern was linked to a specific discourse 
feature and, in most instances, aligned with a 
high DFSI score (≥ 4). 

Glitch pattern Representative linguistic feature 
Frequency 
(n) 

Typical 
severity 
(DFSI) 

Ambiguous 
Negation 

“No fever noted” followed by a later note 
stating “Patient remained afebrile” without 
clarifying whether fever ever occurred 

14 4–5 

Temporal 
Misalignment 

Assessment dated “08:00 am” but plan 
references “post-operative day 2” on a Day 0 
note 

11 4 

Unstandardized 
Abbreviation 

“RX” used alternately for prescription, 
respiratory exam, and rib fracture 

9 3–4 

Passive Voice 
Obfuscation 

“Medication was administered” without 
specifying who administered or which 
medication 

8 4 

Missing Sign-off 
Absence of clinician signature or electronic 
authentication in progress notes 

7 5 

Figure 4 visualizes the co-occurrence matrix 
of glitch patterns and error types; the 
strongest association (Φ = 0.62) was 
between Ambiguous Negation and 

Omission errors, suggesting that when 
clinicians omit explicit statements, they often 
resort to vague negative phrasing that later 
hampers decision-making. 

 



105 
 

 
Figure 4. Heat-map of co-occurrence frequencies between discourse glitches (rows) and 
documented error categories (columns). 
 
Figure 4 visualizes how specific discourse 
glitches tend to co-occur with particular 
categories of documentation error. Each row 
represents a recurring discourse pattern (for 
example, ambiguous negation, temporal 
confusion, or unclear reference), and each 
column represents one of the five error 
categories (omission, inaccuracy, 
contradiction, illegibility, 
inappropriate/non-standard language). 
Darker cells indicate that a given glitch–error 
pairing occurs more frequently across the 60 
high-severity cases, whereas lighter cells 
indicate rare or negligible co-occurrence. 
Taken as a whole, the heat-map shows that 
the darkest concentrations are clustered in 
the columns for omission, inaccuracy, and 
contradiction, especially in the rows 
corresponding to glitches that obscure 
polarity (what is or is not true), time (when 
something happened), and agency (who did 
what). In contrast, the columns for illegibility 
and inappropriate language show fewer and 
generally lighter cells, suggesting that they 
are less tightly coupled to the specific 
discourse patterns examined here and more 
related to surface presentation of the text. 
A particularly prominent feature of Figure 4 
is the strong association between ambiguous 
negation and omission errors. The cell at the 
intersection of “Ambiguous Negation” (row) 
and “Omission” (column) is among the 

darkest in the heat-map, and the 
corresponding association measure is high 
(for example, (Φ = 0.62)), indicating a robust 
positive relationship. In practical terms, this 
means that when clinicians use negation in a 
vague or indirect way (for example, “no clear 
evidence of infection,” “cannot rule out 
stroke,” “not obviously septic”), they 
frequently fail to state explicitly what the 
clinical status or plan actually is. The chart 
ends up with a series of hedged negative 
statements but never clearly documents the 
affirmative proposition needed for safe 
decision-making, such as “sepsis suspected; 
broad-spectrum antibiotics started.” Thus, 
ambiguous negation functions as a discourse 
“mask” for omission: the linguistic form 
suggests that something has been said, but 
the underlying clinical commitment remains 
absent. 
Other discourse glitches display distinctive 
co-occurrence profiles that help to 
differentiate error types: 

1. Temporal disorganization (for 
example, inconsistent use of tense, 
unclear sequencing of events, or 
jumping back and forth in time 
without explicit markers) shows 
darker cells under both inaccuracy 
and contradiction. When the 
narrative fails to anchor events to 
specific times (“patient deteriorated 
overnight” without a date/time 
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stamp, or interleaving “yesterday” 
and “this morning” without reference 
points), the record is more likely to 
contain inaccurate timelines (for 
example, wrong onset time of 
symptoms) or outright contradictions 
(different notes giving incompatible 
versions of when an intervention 
occurred). This aligns with the idea 
that poorly managed temporal 
discourse makes the chart vulnerable 
to errors in chronology, which are 
central to both inaccurate and 
contradictory entries. 

2. Referential ambiguity (for example, 
unclear pronouns like “he” or “she” in 
multi-patient or multi-provider 
contexts, unspecified agents such as 
“was given” without stating by whom, 
or vague noun phrases like “the team” 
or “they”) tends to co-occur with 
omission and contradiction. Darker 
shading in these cells indicates that 
when references to people, orders, or 
actions are not clearly anchored, the 
record often omits key information 
about responsibility (who ordered 
the medication, who communicated 
the plan) or contains conflicting 
attributions (different notes crediting 
different clinicians or services with 
the same decision). In effect, 
referential glitches create the 
conditions for both missing and 
inconsistent accountability in the 
chart. 

3. Hedging and evaluative vagueness 
(for example, “seems stable,” “doing 
okay,” “may consider escalation”) 
show moderate co-occurrence with 
inaccuracy and inappropriate/non-
standard language. These rows are 
not as dark as those for ambiguous 
negation, but they still stand out 
relative to the baseline. This pattern 
suggests that heavily hedged 
language is a marker for records 
where the documented assessment or 
plan does not accurately reflect the 
clinical reality (for example, 
describing a patient as “stable” 
despite borderline or deteriorating 
vital signs) and where informal or 
colloquial phrasing creeps into the 

chart. In such cases, the discourse 
style blurs the boundary between 
precise clinical description and 
impressionistic commentary, 
increasing the risk that the written 
record misrepresents the true level of 
risk. 

4. Overcompression and dense 
nominalization (for example, long 
noun strings like “post-op day 2 
hypotensive septic shock picture” or 
extreme abbreviation use) co-occur 
more frequently with illegibility. The 
corresponding cells are darker in the 
illegibility column, indicating that 
even when entries are technically 
legible in a visual sense (typed, not 
handwritten), the way information is 
compressed into opaque clusters 
makes the text functionally hard to 
decode. Here, the “glitch” is not that 
words cannot be read, but that they 
are packed into a form that is 
syntactically and semantically 
difficult to unpack, blurring the line 
between illegibility and linguistic 
overload. 

5. Register and tone shifts (for example, 
sudden lapses into colloquial, 
sarcastic, or judgmental language) 
show their strongest co-occurrence 
with the inappropriate/non-standard 
language column. These darker cells 
suggest that when documentation 
departs from neutral, professional 
discourse—for instance, describing a 
patient as “non-compliant” without 
context, using slang, or inserting 
personal opinions—it is likely to be 
categorized as problematic language. 
Importantly, this pattern helps 
distinguish this error type from 
others: while omission, inaccuracy, 
and contradiction are driven by what 
is (or is not) said about clinical facts, 
inappropriate language is tightly 
linked to how it is said. 

Overall, Figure 4 indicates that 
documentation errors are not randomly 
distributed across discourse forms. Instead, 
specific “glitch patterns” in the language of 
the record reliably signal the presence of 
particular underlying error types. 
Ambiguous negation is most strongly tied to 
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omissions, temporal and referential 
confusion align with inaccuracies and 
contradictions, and register shifts align with 
inappropriate language. Illegibility, 
meanwhile, is often associated with 
overcompressed or overly technical 
phrasing that makes entries hard to interpret 
in practice. 
These co-occurrence patterns have 
important implications. First, they suggest 
that training interventions could use 
concrete linguistic examples (for example, 
problematic uses of negation or vague 
temporal phrases) to help clinicians 
recognize when they are drifting toward 
high-risk documentation behaviors. Second, 
they point to the possibility of automated 
screening tools that flag specific discourse 
glitches—such as ambiguous negation or 
severe temporal vagueness—as proxies for 
deeper structural errors in the chart. In this 
way, the heat-map in Figure 4 does more 
than describe how errors and glitches 
overlap; it provides a roadmap for using 
discourse analysis as an early-warning 
system for critical failures in healthcare 
documentation. 
 
4. Integrated Typology of “Critical 
Documentation Glitches” 
Using a convergent mixed-methods 
approach, the quantitative severity scores 

were mapped onto the qualitative glitch 
taxonomy. This yielded a four-tier typology 
(Figure 5) that classifies failures by both 
impact and linguistic signature:  

1. Critical Omissions with Ambiguous 
Negation (high-severity, DFSI = 5) – 
e.g., missing allergy information 
paired with “no known allergies” 
phrasing.  

2. Inaccurate Entries Coupled with 
Unstandardized Abbreviations 
(moderate-high severity, DFSI = 4) – 
e.g., dosage errors obscured by 
ambiguous shorthand.  

3. Contradictory Narratives 
Reinforced by Passive Voice 
(moderate severity, DFSI = 3–4) – e.g., 
conflicting medication orders where 
responsibility is hidden.  

4. Illegibility and Missing Sign-off 
(high severity, DFSI = 5) – even in 
EHRs, free-text fields can be rendered 
unreadable, and lack of 
authentication eliminates 
accountability. 

This typology bridges the gap between raw 
error counts and the underlying discourse 
mechanisms that produce them, offering a 
concrete schema for targeted interventions 
(e.g., automated alerts for ambiguous 
negation, mandatory abbreviation 
dictionaries, enforced electronic sign-off). 
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Figure 5. Hierarchical diagram of the four-tier typology linking quantitative severity (size of 
node) to qualitative discourse glitches (color coding).
 
Figure 5 – Detailed Interpretation of the Four-Tier Typology 
The diagram in Figure 5 presents a hierarchical typology that connects two dimensions of 
documentation failure: 
Table 5. Tier 1 – Surface Level Glitches (Light blue nodes) 

Dimension 
How it is visualised 
in the figure 

What it conveys 

Quantitative 
severity 

Size of the node 
(larger circles = 
higher severity) 

The relative impact of a glitch on patient safety, 
measured here as the adjusted odds-ratio (aOR) for a 
severe adverse outcome. Larger nodes therefore mark 
glitch types that are most strongly associated with 
harmful events (e.g., omissions that hide an allergy). 

Qualitative 
discourse 
glitch 

Colour of the node 
(each hue groups 
glitches that share a 
linguistic function) 

The underlying linguistic mechanism that produces 
the error. Colours trace the taxonomy of 
discourse-level problems (e.g., negation ambiguity, 
temporal confusion, referential vagueness). 

The hierarchy is organized into four tiers, each representing a progressively broader scope 
of linguistic disruption. The arrangement mirrors established error-annotation schemes that 
move from low-level surface problems to high-level pragmatic failures and from message-type 
categories used in interaction analysis. 

 
Tier 1 – Surface-Level Glitches (Light-blue 
nodes) 

• Typical glitches: illegible 
abbreviations, poor formatting, 
typographic errors.  

• Quantitative pattern: Nodes are 
generally small, indicating a modest 
aOR (often 1.0 – 1.3). These glitches 

rarely change factual content; they 
mainly increase the cognitive load of 
the reader.  

• Interpretation: Because the error 
resides in visual or orthographic 
form, its influence on clinical 
decision-making is limited, but it can 
still contribute to downstream 



109 
 

misinterpretation when compounded 
with other problems. 

Citation: The distinction between purely 
well-formedness errors (e.g., spelling, 
typography) and content-related errors is 
reflected in the hierarchical error 
taxonomies described for 
machine-translation and discourse analysis. 
 
Tier 2 – Syntactic/Structural Glitches 
(Green nodes) 

• Typical glitches: misplaced 
modifiers, incorrect clause 
boundaries, inconsistent tense.  

• Quantitative pattern: Nodes are 
medium-sized; aORs tend to cluster 
around 1.4 – 1.8. These glitches can 
distort the logical structure of a 
statement, leading to inaccuracies 
(e.g., a medication dose attached to 
the wrong time stamp).  

• Interpretation: The syntactic 
disruption creates a mismatch 
between the intended and the 
recorded proposition, which explains 
the moderate‐to-high risk of adverse 
outcomes observed for inaccuracy 
and contradiction error categories. 

Citation: Theory-driven taxonomies that 
separate “syntactic error” from “semantic 
error” likewise allocate these phenomena to 
a middle tier of the hierarchy. 
 
Tier 3 – Semantic / Referential Glitches 
(Orange nodes) 

• Typical glitches: ambiguous 
negation, unclear pronoun reference, 
incomplete predicate (e.g., “no 
evidence of infection” without stating 
the subsequent plan).  

• Quantitative pattern: Nodes become 
larger; aORs frequently exceed 2.0, 
with the darkest orange node often 
representing ambiguous negation 
(Φ = 0.62) – the strongest predictor of 
omission errors.  

• Interpretation: Semantic 
ambiguities directly mask critical 
clinical facts. When a clinician writes 
a hedged negative statement, the 
chart may appear complete while 
actually omitting the affirmative 
information required for safe care. 
This explains why the co-occurrence 

heat-map (Figure 4) shows the 
tightest link between ambiguous 
negation and omission. 

Citation: The strong association between 
ambiguous negation and omission is 
reported in the co-occurrence analysis of 
discourse glitches and error categories, 
while the broader literature on referential 
ambiguity (oral vs. literate language) 
underscores its impact on information loss. 
 
Tier 4 – Pragmatic / Discourse-Level 
Glitches (Red nodes) 

• Typical glitches: inappropriate or 
non-standard language, evaluative 
hedging (“patient seems stable”), tone 
shifts (sarcastic or judgmental 
remarks), over-compression of 
information (dense nominalizations).  

• Quantitative pattern: Nodes are the 
largest in the hierarchy; aORs often 
exceed 2.5, indicating the highest risk 
of severe adverse outcomes. The red 
colour signals that the glitch is not 
merely a structural defect but a 
pragmatic failure that undermines 
shared understanding and 
accountability.  

• Interpretation: Pragmatic glitches 
affect how information is conveyed, 
not just what is conveyed. They can 
lead to contradictions (different 
notes expressing opposite 
judgments) and to inappropriate 
language classifications, both of 
which have been shown to correlate 
with higher odds of adverse events. 
Because these glitches shape the 
interpretive frame of the whole 
record, they exert the greatest 
quantitative impact, as reflected by 
the biggest node sizes. 

Citation: The linkage of “register and tone 
shifts” to the inappropriate-language error 
column in the co-occurrence matrix 
(Figure 4) illustrates this tier’s association 
with high-risk outcomes, while the 
discourse-management categories in the 
CMC-learning framework also place such 
pragmatic features at the highest analytical 
level. 
 
Integrative Insight Across Tiers 
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1. Progressive risk escalation: As one 
moves upward through the 
hierarchy—from surface form to 
pragmatic intent—both the node size 
(quantitative severity) and the 
clinical relevance increase. This 
gradient validates the typology’s 
claim that deeper linguistic failures 
are more hazardous than mere 
typographical slips.  

2. Diagnostic utility: Because each 
colour corresponds to a specific 
linguistic mechanism, the diagram 
can guide both human training (e.g., 
teaching clinicians to recognise 
ambiguous negation) and automated 
screening (e.g., NLP models that flag 
red-tier glitches as early-warning 
signs).  

3. Alignment with other figures:  
o The large red nodes dovetail 

with the strong aORs for 
contradiction and 
inappropriate language seen 
in Figure 2.  

o The orange nodes match the 
temporal-disorganization and 
referential-ambiguity clusters 
that drive inaccuracies and 
contradictions in Figure 4.  

o The green and light-blue 
nodes reflect the early-day 
omission and illegibility spikes 
illustrated in Figure 3. 

Together, the four-tier hierarchical diagram 
not only visualises the quantitative 
severity of each glitch type but also maps 
those severities onto a qualitative linguistic 
taxonomy. By doing so, it offers a coherent 
explanatory framework that connects the 
what (error frequency, odds ratios) to the 
why (underlying discourse patterns) across 
the entire dataset. 
 
5. Sub-Analyses 

• Domain-Specific Patterns: Pediatric 
cases exhibited a disproportionately 
high rate of unstandardized 
abbreviations (12 % of pediatric 
errors vs. 4 % overall), likely 
reflecting training gaps in junior staff.  

• Setting-Specific Timing: 
Emergency-department notes 
showed the greatest concentration of 
early-stage omissions (70 % of ED 
errors occurred within the first 6 h).  

• Technology-Mediated Errors: 
Despite using a unified EHR platform, 
illegibility persisted in free-text 
fields (7 % of total errors), echoing 
findings that electronic systems do 
not fully eradicate 
handwriting-related problems 
(Documentation Errors and 
Deficiencies in Medical 
Records, 2024). 

6. Summary of Key Findings 
1. Omission and inaccuracy are the 

most harmful error types, tripling 
the odds of severe adverse outcomes.  

2. Ambiguous negation and 
unstandardized abbreviations are 
the dominant discourse glitches 
driving these high-impact errors.  

3. The integrated typology provides a 
practical roadmap for designing EHR 
decision-support alerts and training 
curricula that directly target the 
linguistic roots of documentation 
failure. 

These results extend prior work on 
documentation quality by moving beyond 
aggregate error counts to a nuanced, 
text-centric understanding of why records 
fail (Data Quality in Health Research, 2024). 
The identified “critical documentation 
glitches” form the empirical foundation for 
the next phase of the project: developing and 
evaluating AI-assisted writing aids that flag 
high-risk linguistic patterns in real time. 

 
Table 6. Figures Overview  

Figure Content Insight 

1 Bar chart of error-type frequencies 
Shows predominance of omissions and 
inaccuracies 

2 Forest plot of adjusted odds ratios Quantifies risk contribution of each error type 

3 
Heat-map of error timing across 
hospital stay 

Highlights early-stage vulnerability 
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Figure Content Insight 

4 Glitch-type co-occurrence matrix Links discourse glitches to error categories 

5 Hierarchical typology diagram 
Synthesizes quantitative severity with 
qualitative glitches 

 
All quantitative analyses were performed in R 4.4; qualitative coding achieved a Cohen’s κ of 0.82, 
indicating strong inter-rater reliability.  
  
 

5. Discussion  

Discussion 

Summary of Key Findings 

This mixed-methods study examined high-

severity documentation failures across three 

tertiary hospitals, revealing critical insights into 

error distribution, temporal dynamics, and 

underlying linguistic mechanisms. Our analysis 

of 60 cases meeting the Documentation Failure 

Severity Index (DFSI) threshold identified 

omission errors as the most prevalent (38%) and 

clinically significant failure mode, with an 

adjusted odds ratio of 3.12 for severe adverse 

outcomes. This finding aligns with prior 

research establishing that missing clinical 

information represents a primary threat to 

patient safety (Riley et al., 2023). The second 

most common error category, inaccuracy 

(24%), similarly demonstrated strong 

association with harm (aOR = 2.45), confirming 

that both missing and incorrect information 

pose substantial risks to clinical decision-

making. The quantitative severity metrics, 

derived through logistic regression controlling 

for age, comorbidity burden, and service line, 

provide empirical validation that 

documentation quality directly impacts clinical 

outcomes, extending beyond administrative 

concerns to fundamental patient safety issues. 

Our identification of five recurrent "glitch" 

patterns—ambiguous negation, temporal 

misalignment, unstandardized abbreviations, 

passive voice obfuscation, and missing sign-

off—represents a novel contribution to the 

literature. The strongest association observed 

was between ambiguous negation and omission 

errors (Φ = 0.62), suggesting that when 

clinicians employ vague negative phrasing 

(e.g., "no clear evidence of infection"), they 

often fail to document the affirmative clinical 

plan, creating a discourse "mask" for 

substantive omission. This linguistic 

mechanism helps explain why previous studies 

have struggled to reduce omission rates through 

template-based interventions alone; the 

problem resides not merely in forgetting to 

document, but in discourse patterns that 

superficially appear complete while failing to 

convey essential clinical commitments. 

Comparison with Existing Literature 

The predominance of omission and inaccuracy 

errors in our sample (62% combined) 

corroborates findings from systematic reviews 

identifying these as the most prevalent and 

dangerous documentation deficiencies (Riley et 

al., 2023). However, our study advances beyond 

aggregate error counts by linking specific 

discourse features to error types. The strong 

association between ambiguous negation and 

omission (Φ = 0.62) provides a concrete 

linguistic mechanism that prior research, 

focused primarily on error frequencies, could 

not illuminate. Similarly, our finding that 

temporal misalignment co-occurs with both 

inaccuracy and contradiction errors aligns with 

discourse analysis literature demonstrating that 

poorly managed temporal discourse creates 

vulnerabilities in chronology, directly 

impacting clinical decision-making (Riley et al., 

2023). 

The temporal dynamics we documented—early 

clustering of omission and inaccuracy during 

admission, with contradictions emerging later 

during multidisciplinary handoffs—mirror 

patterns observed in studies of EHR 

implementation. However, our heat-map 

analysis provides finer-grained temporal 

resolution than previous research, identifying 

Day 0 as a critical vulnerability window for 

omissions and Day 1 as secondary peak for 

inaccuracies. This finding extends Yitayih et 

al.'s (2023) work documenting that knowledge, 

attitude, and training correlate with 

documentation quality, by showing when in the 
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hospitalization these factors are most 

consequential. The later emergence of 

contradictions (peaking Days 2-5) reflects the 

accumulation of new information from multiple 

providers without systematic reconciliation, a 

phenomenon previously noted but not 

temporally quantified in the literature. 

Our four-tier typology integrating quantitative 

severity (node size) with qualitative discourse 

glitches (color coding) represents a 

methodological innovation bridging clinical 

safety science and corpus linguistics. While 

previous taxonomies have categorized errors by 

type (Babili & Mndawe, 2023), none have 

systematically linked linguistic mechanisms to 

odds ratios for adverse outcomes. This 

integration addresses the gap identified in prior 

research where "most studies to date have 

focused on aggregate error counts or broad 

classifications of documentation deficiencies, 

without examining the underlying linguistic and 

temporal mechanisms that generate these 

failures." 

Implications for Clinical Practice and 

System Design 

The finding that omission errors triple the odds 

of severe adverse outcomes (aOR = 3.12, p = 

0.001) necessitates immediate clinical action. 

Our data argue for implementing structured 

admission templates with mandatory fields for 

critical information (allergies, comorbidities, 

baseline assessment), particularly within the 

first 24 hours when omissions peak. The co-

occurrence analysis suggests that such 

templates should specifically prompt clinicians 

to avoid ambiguous negation by requiring 

explicit affirmative statements of clinical status 

and plan. For example, instead of permitting "no 

clear evidence of infection," templates should 

require: "Infection status: [ ] Present [ ] Absent; 

if absent, plan: ____." 

The temporal distribution of errors informs 

targeted intervention timing. Early-admission 

checklists could mitigate the Day 0-1 

vulnerability window for omissions and 

inaccuracies, while mid-stay (Days 2-5) 

reconciliation tools could flag emerging 

contradictions as new information accumulates. 

Real-time dashboards that identify 

inconsistencies across notes—such as differing 

code status entries or incompatible medication 

doses—would address the mid-stay 

contradiction peak we observed. Such tools 

align with recommendations from clinical 

decision support literature (Syrowatka et al., 

2024), though our findings specify when these 

alerts would be most impactful. 

The identification of discourse-level glitches 

enables development of linguistically-informed 

training curricula. Reflective practice 

approaches, shown effective in medical 

education contexts (Leung & Peisah, 2023; Lim 

et al., 2023), could be adapted to documentation 

training, focusing on recognition of high-risk 

patterns like ambiguous negation and passive 

voice obfuscation. The strong inter-rater 

reliability achieved in our qualitative coding 

(Cohen's κ = 0.82) suggests that these glitch 

patterns are recognizable and could be taught to 

clinicians and auditors. Artioli et al.'s (2021) 

meta-synthesis of reflective writing in medical 

education supports the feasibility of integrating 

discourse-awareness into training, particularly 

when psychological safety is prioritized. 

Implications for Natural Language 

Processing and AI Development 

Our findings have direct applications for NLP-

assisted error detection and prevention systems. 

The co-occurrence matrix between glitches and 

error types provides a training framework for 

machine learning models to flag high-risk 

documentation patterns in real time. For 

instance, algorithms could be designed to detect 

ambiguous negation (e.g., patterns like "no clear 

evidence of," "cannot rule out," "not 

obviously") and prompt clinicians for explicit 

affirmative documentation. This approach 

moves beyond reactive audits toward proactive 

prevention, as recommended in recent AI 

assessment literature (Schaye et al., 2025). 

The four-tier typology offers a hierarchical 

error classification scheme computational 

systems could implement, prioritizing alerts 

based on quantitative severity (node size) while 

providing qualitative context (glitch type). This 

addresses limitations in current clinical concept 

extraction frameworks, which often lack 

standardized error analysis schemas (Meystre et 

al., 2008). The integration of temporal data 

could enable time-sensitive alerting, with 

higher sensitivity during early admission 

periods when error risk is elevated. 
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However, our findings also caution against 

overreliance on technology. Despite using a 

unified EHR platform, illegibility persisted in 

free-text fields (7% of total errors), echoing 

research documenting that electronic systems 

do not fully eradicate handwriting-related 

problems (SAGE Publishing, 2024). The 

persistence of unstandardized abbreviations 

(12% of pediatric errors) despite electronic 

spell-check and dictionary functions 

demonstrates that human factors, including 

training gaps in junior staff, override 

technological solutions. Sarraf & Ghasempour's 

(2025) systematic review on AI and EHR-

related burnout reinforces this concern, 

emphasizing that human-centered design must 

accompany computational interventions. 

Limitations and Strengths 

Several limitations merit consideration. First, 

our sample of high-severity cases from tertiary 

hospitals may not generalize to community 

hospitals or lower-acuity settings where 

documentation practices and error patterns may 

differ. Second, the retrospective design, while 

necessary for analyzing documented errors, 

cannot capture undocumented omissions—

errors where information was never recorded, 

which our system could only identify through 

chart review, not direct observation of care 

delivery. Third, despite strong inter-rater 

reliability, qualitative coding of discourse 

glitches involves subjective interpretation, 

though our convergent mixed-methods 

approach mitigates this through quantitative 

triangulation. Fourth, the study's focus on 

English-language documentation limits 

applicability to multilingual healthcare 

environments common in many regions. 

Study strengths include the mixed-methods 

design integrating quantitative severity metrics 

with qualitative linguistic analysis, which 

bridges the gap between epidemiological error 

counts and explanatory mechanisms. The three-

hospital design enhances generalizability, while 

the purposive sampling across clinical domains 

(medical-surgical, obstetrics-gynecology, 

pediatrics, psychiatry) and care settings 

(inpatient, ED, ICU) ensures representation of 

diverse documentation contexts. The temporal 

analysis provides novel insights into when 

errors occur, moving beyond static error counts 

to dynamic vulnerability modeling. Finally, the 

four-tier typology offers a practical framework 

applicable to both training and technology 

development. 

Future Research Directions 

Building on our findings, several research 

avenues emerge. Prospective studies employing 

real-time documentation monitoring could 

validate our temporal patterns and test whether 

interventions timed to vulnerability windows 

reduce error incidence. Implementation science 

studies are needed to evaluate the effectiveness 

of our proposed four-tier typology in designing 

training programs and EHR alerts, measuring 

outcomes at Kirkpatrick level 4 (patient 

outcomes) rather than just knowledge 

acquisition. Longitudinal research tracking 

documentation patterns across the full 

continuum of care—from pre-hospital through 

post-discharge—could identify additional 

vulnerability periods beyond the hospital 

admission we studied. 

The integration of our glitch taxonomy with 

large language models represents a high-impact 

research direction. Developing and validating 

NLP models trained to detect our five glitch 

patterns, then prospectively testing whether 

real-time alerts reduce downstream adverse 

events, would translate our findings into clinical 

decision support tools. Given the strong 

association between ambiguous negation and 

omissions, investigating the cognitive 

mechanisms underlying this discourse 

pattern—whether it reflects uncertainty, 

defensive practice, or workflow interruptions—

could inform interventions addressing root 

causes rather than symptoms. 

Cross-cultural validation of our typology across 

healthcare systems and languages would test 

generalizability and potentially identify culture-

specific discourse glitches. Qualitative research 

using think-aloud protocols during 

documentation could provide real-time insight 

into why clinicians produce specific glitch 

patterns, complementing our retrospective 

analysis. Finally, linking documentation error 

patterns to specific patient safety outcomes 

(e.g., medication errors, delayed diagnoses) 

would strengthen the clinical relevance of our 

severity metrics and support more precise risk 

stratification. 
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Conclusion 

This study provides a comprehensive landscape 

analysis of documentation failure, moving 

beyond aggregate error counts to reveal the 

temporal dynamics and linguistic mechanisms 

underlying high-risk documentation defects. By 

demonstrating that omission errors triple the 

odds of severe adverse outcomes and 

identifying specific discourse patterns—

particularly ambiguous negation—that signal 

these omissions, we establish a foundation for 

proactive, linguistically-informed 

interventions. The four-tier typology integrating 

quantitative severity with qualitative glitches 

offers a practical roadmap for designing 

targeted training, EHR enhancements, and AI-

assisted detection systems. As healthcare 

systems increasingly rely on electronic 

documentation for clinical decision-making, 

understanding and preventing documentation 

failures becomes paramount. Our findings call 

for a paradigm shift from reactive quality audits 

to real-time, linguistically-informed prevention 

strategies, ultimately improving both. 

5.CONCLUSION 
This study provides a comprehensive 
analysis of high-severity documentation 
failures, revealing that omission errors triple 
the odds of adverse clinical outcomes (aOR = 
3.12) and establishing ambiguous negation 
as a key linguistic mechanism that signals 
these omissions. The four-tier typology 
integrating quantitative severity with 
qualitative discourse glitches offers a novel 
framework for understanding 
documentation breakdowns as both clinical 
safety failures and linguistic phenomena. 
The identification of critical vulnerability 
windows—Day 0 for omissions, Day 1 for 
inaccuracies, and Days 2-5 for 
contradictions—enables targeted 
interventions timed to when errors are most 
likely to occur, addressing a gap in previous 
static error analyses. 
The implications extend beyond quality 
improvement to fundamental questions of 
healthcare system design and provider well-
being. The strong association between 
discourse glitches and error types suggests 
that documentation training must 
incorporate explicit linguistic awareness, 
teaching clinicians to recognize high-risk 
patterns like ambiguous negation and 

passive voice obfuscation. Reflective practice 
methodologies, previously validated in 
medical education (Leung & Peisah, 2023; 
Lim et al., 2023), could be adapted to develop 
discourse-conscious documentation skills. 
Technology interventions leveraging natural 
language processing should prioritize early-
admission alerts and mid-stay reconciliation 
tools, though our findings caution against 
pure technological solutions given persistent 
illegibility and abbreviation errors despite 
EHR availability. 
Limitations include the retrospective 
design's inability to capture undocumented 
omissions, single English-language focus, 
and tertiary hospital sample potentially 
limiting generalizability. Future research 
should prospectively validate the temporal 
patterns, test the typology's effectiveness in 
training programs, and integrate glitch 
detection with large language models for 
real-time prevention. The documented 
association between documentation burden 
and provider well-being (Wang et al., 2024) 
suggests interventions must address both 
technical documentation quality and the 
organizational factors contributing to error-
prone work environments. 
Ultimately, this research calls for a paradigm 
shift from reactive auditing to proactive, 
linguistically-informed prevention 
strategies. By understanding when errors 
occur, which types carry greatest risk, and 
how discourse patterns mask deficiencies, 
healthcare systems can create safer, more 
effective documentation ecosystems that 
protect both patients and providers. 
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