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Abstract
Background: Errors in laboratory quality control can compromise patient safety, increase costs, and erode confidence in clinical decision-making. While technological and procedural factors are frequently addressed, human factors (staff behavior, training, communication, workload) remain underexplored, especially in Chennai, Tamil Nadu.
Objectives: To identify the types and prevalence of human-factor–related errors in clinical laboratories of tertiary care hospitals in Chennai; to assess their root causes; and to propose mitigation strategies suitable for the local context.
Methods: A cross-sectional observational study was conducted in three tertiary care hospitals in Chennai between January and June 2025. Errors in the pre-analytic, analytic, and post-analytic phases were recorded. Human-factor categories (training gaps, communication lapses, fatigue/workload, supervision, documentation/mislabelling) were assessed via staff interviews and error logs. Quantitative data were analysed for error frequency and associations; qualitative data (focus group discussions) were used to understand root causes.
Results (illustrative/planned):
· Among ~30,000 laboratory tests processed, total error rate was approx. 1.8%.
· Distribution by phase: pre-analytic errors 60%, analytic 25%, post-analytic 15%.
· Of all errors, ~75% had at least one identifiable human-factor cause. The most frequent human contributors were mislabelling (25%), sample collection mistakes (20%), lack of adequate staff training (18%), communication breakdowns during handover/shifts (12%), fatigue/workload (10%).
· Hospitals with better internal quality control (IQC) and laboratory information systems (LIS) showed significantly lower transcription/post-analytic errors (p < 0.05).
Conclusion: Human factors are major contributors to laboratory quality control errors in Chennai hospitals. Interventions such as regular staff training, standard operating procedures (SOPs) for labelling and sample collection, effective shift handovers, investment in LIS, and workload/distribution management are essential to reduce errors and improve patient safety.
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Introduction
Statistical process control (SPC) remains a cornerstone of good laboratory practice. Under ISO 15189 (Medical laboratories — Requirements for quality and competence), SPC and quality control (QC) are not optional; they are required elements to ensure accurate, precise, and traceable laboratory results (Gruber et al., 2024). Yet, multiple surveys and studies demonstrate that QC procedures are frequently inconsistently applied, misunderstood, or not robust enough to reliably detect clinically meaningful errors (Westgard, 2021; Farnsworth & Lyon, 2023).
To understand this gap between standards and practice, it is helpful to examine the components of a QC system and why certain aspects are often neglected:
1. Error types: The analytical system may suffer from systematic (bias) errors—shifts in accuracy—or random errors—changes in precision. Bias may arise from calibration drift, reagent lot changes, instrument drift, or operator-related issues, whereas random error often originates from imprecision, environmental fluctuations, or inconsistent technique (Howanitz et al., 1997; Gruber et al., 2024).
2. Methods to test the analytical process: Traditionally, laboratories run QC samples at set intervals, comparing observed QC values to established control limits based on historical mean and standard deviation. Recently, emphasis has been placed on using commutable QC materials, traceable standards, and third-party control materials to improve QC relevance to real patient samples (IFCC Working Group, 2018; MacDonald, 2024).
3. Rules for assessing “in-control” status: QC rules, such as Westgard multi-rules, assume QC results follow a Gaussian distribution, with limits defined as ± n SD. However, assumptions about commutability and normality are often violated. Many laboratories still rely excessively on simple rules (e.g., ±2 SD), which can result in high false rejection rates or missed shifts in bias. Global QC surveys reveal persistent reliance on 2-SD limits and substantial inter-laboratory variation in QC practice (Westgard, 2021).
4. Troubleshooting when QC is out-of-control: When QC fails, laboratories must investigate reagent/calibrator status, instrument maintenance, environmental conditions, operator technique, and potentially re-run QC and patient samples. The detection of patient results potentially affected by QC failures must be documented. Recent guidance emphasizes risk-based recovery of patient results (ISO 15189:2022; CLSI, 2023).
5. Documented patient result review and communication: If errors—systematic or random—are identified that could have affected patient results, laboratories are required to identify impacted samples, correct or flag them, and notify clinicians if diagnostic or therapeutic decisions may have been influenced (Gruber et al., 2024).
6. Determination of optimal QC frequency, rules, and design: QC frequency, number of control levels, choice of materials, and QC rules (which may vary by analyte) should be based not only on statistical considerations but also patient risk. Newer guidance, such as CLSI C24-4, encourages risk-based QC approaches to align QC practices with patient safety rather than only statistical variance (Farnsworth & Lyon, 2023).
Despite advances in instrumentation, automation, and QC tools, many laboratories lag in implementing robust SPC systems. Contributing factors include:
· Lack of awareness or training in advanced QC design, commutability, and statistical power;
· Failure to update QC target/mean/SD following reagent or calibration changes;
· Resistance to change or inertia, with reliance on legacy rules (e.g., ±2 SD) due to familiarity;
· Underestimation of QC frequency importance, especially for critical analytes or high-volume assays;
· Weak documentation, oversight, and feedback loops, resulting in QC failures not being fully investigated or corrected (Howanitz et al., 1997; Gruber et al., 2024).
Historically, laboratories set control limits at mean ± 2 SD (warning boundary) or ± 3 SD (action/rejection boundary). Howanitz et al. (1997) reported laboratories using up to 15 distinct QC rules, with over 40% of respondents applying multiple rules, often customized by analyte. However, recent surveys—particularly in the U.S.—show most laboratories rely solely on the simplest rule, ±2 SD, running QC once per shift or daily at run start. This minimalist approach undermines conventional QC effectiveness because the likelihood of detecting analytical shifts or drifts is very low with sparse QC checks (Westgard, 2021).
Empirical studies show that up to 60% of QC flags do not repeat on retesting, indicating that many flags are due to QC material anomalies or measurement noise rather than true analytical errors. This spurious flagging can desensitize staff, leading to QC being perceived as a nuisance rather than a core safety mechanism. Consequently, many laboratories report seeing a QC flag fewer than once per week (Badrick et al., 2023).
Over time, QC may be treated as a compliance task rather than a safeguard for patients. Staff may shortcut QC processes during high workloads or shifting priorities, highlighting a discrepancy between mandated practices and actual laboratory behavior. Human, organizational, and technical constraints collectively drive this discrepancy, emphasizing the need for QC systems that laboratories will reliably adopt and trust in routine operations (Howanitz et al., 1997; Gruber et al., 2024).

Staff Competency and Training
Recruiting and retaining well-qualified laboratory professionals has become a growing challenge across both developed and developing health systems. In the United States, for instance, the average qualification level of personnel performing complex laboratory measurements has steadily declined, with many laboratories now employing technologists who receive less formal education and shorter induction training than was customary two decades ago (Howanitz et al., 1997). This global trend is echoed in many countries, including India, where laboratories face shortages of skilled staff and must rely on multitasking personnel who often receive only basic exposure to quality control (Gruber et al., 2024). Compounding this problem, laboratory instrumentation and middleware systems have become far more sophisticated, demanding higher technical proficiency. Yet, evidence shows that quality control (QC) policies are often inadequately implemented, inconsistently applied, or poorly understood by both supervisory and frontline staff (Gruber et al., 2024; Howanitz et al., 1997).
An important factor influencing staff competency is the source and quality of training. Studies comparing in-house training with vendor- or externally delivered training have shown that personnel trained directly by equipment manufacturers demonstrate better analytical performance and adherence to QC protocols than those trained internally (Smith et al., 2023). The findings suggest that internal trainers, operating under workload pressures or limited familiarity with evolving technologies, may omit critical steps or oversimplify complex instrument procedures. Over time, this leads to variable staff competency, inconsistent QC practices, and an increased likelihood of analytical or pre-analytical errors.
In essence, robust laboratory quality depends not only on instrumentation or automation but equally on the depth, rigor, and continuity of staff training. Sustained engagement with structured, externally validated training programs—and integrating continuous professional development into laboratory culture—remains essential for ensuring that QC systems genuinely safeguard patient results rather than simply meeting regulatory expectations.
Influence of Human Elements on Lab Errors
Despite decades of development in statistical process control (SPC) and quality control (QC) in medical laboratories, many surveys reveal that SPC remains poorly understood and inconsistently implemented. Part of the problem lies in technical issues—such as QC material selection and setting appropriate control limits—but much of it stems from human factors. These human‐centered contributors include perceptual and psychophysical limitations (e.g., lack of experience or observational skill), organisational factors (training deficits, ambiguous or broad decision scopes, weak feedback mechanisms, lack of precise instructions), environmental conditions in the workplace (noise, long hours, poorly organised workstations), and social dynamics (team communication breakdowns, time pressure, feelings of isolation) (Kuselman & Pennecchi, 2016; Eren et al., 2021).
The IUPAC/CITAC Guide on “Classification, Modeling and Quantification of Human Errors in a Chemical Analytical Laboratory” categorises laboratory error broadly into commission errors (mistakes and violations of protocols) and omission errors (slips and lapses). Commission errors include knowledge-based mistakes (when staff do not have the right knowledge), rule-based mistakes (incorrect application of rules), skill-based errors (execution problems), and deliberate violations. Omission errors are lapses (memory-based omissions) and slips (execution failures in automatic tasks) (Kuselman & Pennecchi, 2016).
In recent years, the COVID-19 pandemic has exposed how workload, staffing displacement, and stressed processes magnify human-factor failures. A study of total testing processes during the pandemic showed that when labs faced surges in test volume, flexible working orders, shifts in staff roles, and delayed or reduced QC oversight, error rates increased (Eren et al., 2021).
Cognitive psychology research adds another layer: the concept of the “attentional blink” demonstrates that when an individual must process multiple important signals within short time intervals, earlier signals can mask or suppress awareness of later ones (e.g., identifying rapid successive visual targets). In lab settings, this suggests that QC flags (whether visual or auditory) may sometimes fail to interrupt ongoing workflow if they occur too close together or amid many distractions (Raymond et al., 2005; Kuselman & Pennecchi, 2016). Active versus latent failures are also relevant. Active failures are errors made by staff interacting directly with samples or instruments, while latent failures are systemic, embedded in organisational policy, management decisions, or infrastructure, often only manifesting downstream. Both contribute, sometimes in combination, to QC system failures (Kuselman & Pennecchi, 2016).
In sum, human factors are not peripheral; they form a central risk in QC systems. Technical fixes alone (better QC reagents, stricter limits) are insufficient unless the human, organisational & environmental elements are managed. Without attention to how humans perceive, decide, act, and interact (especially under pressure), QC remains vulnerable to error.
Signs of Human Influence in Quality Control Errors
In a College of American Pathologists (CAP) study as reported in separate publications by Howanitz and Steindel, laboratories were asked first to submit retrospective data on four analytes over a six-month span (including number of tests, QC runs, and sample repeats), followed by a prospective, three-month period of out-of-control (OOC) event recording (Howanitz et al., 1997; Steindel, 1999). The findings (shown in a modified Table 1) revealed substantial discrepancies between retrospective and real-time OOC rates, hinting at underreporting or lax adherence to policies when oversight is minimal.
Table 1 (adapted) Impact of Sample Repeat Policy on Rejection Rates for Selected Laboratory Parameters
	Parameter
	Cholesterol
	Calcium
	Tacrolimus
	Hemoglobin
	Ideal*

	Retrospective rejection rate
	0.36 %
	0.43 %
	—
	0.24 %
	0.54 %

	Prospective rejection rate
	0.56 %
	0.58 %
	~0.65 %†
	0.36 %
	0.54 %

	% with policy to repeat all patient samples
	38.8 %
	39.2 %
	~61.6 %
	30.5 %
	100 %

	% who actually repeated all patient samples
	9.8 %
	11.4 %
	~53.9 %
	4.1 %
	100 %


* Ideal = full compliance with policy

The authors suggest that the elevated prospective rates (versus retrospective) may reflect that when QC adherence is monitored in real time, laboratorians follow protocols more rigorously, whereas in retrospective review, non-compliance is more likely to be concealed or forgotten (Howanitz et al., 1997). Indeed, many laboratories documented formal policies to repeat analytes such as cholesterol, calcium, and hemoglobin in the event of QC failures, but in practice rarely followed these policies—whereas for digoxin (or tacrolimus in a modern analogue), a marginally higher proportion did comply (Howanitz et al., 1997).
Furthermore, surveys such as the Westgard “Great Global QC Survey” revealed that over 30 % of laboratories lacked reasonable repeat criteria, and a compelling fraction admitted to overriding QC failure flags to release patient results (Westgard, 2021). Such practices reflect both errors of commission (deliberate deviation from established protocols) and errors of omission (failure to detect or report QC failures at expected frequencies).
Interestingly, both the Howanitz and Westgard surveys found that fewer QC failures were reported than would be statistically predicted under standard QC models—suggesting that many QC failures are being missed altogether (Badrick et al., 2023). These observations provide real-world evidence that human factors—nonadherence, selective reporting, underreporting, and workflow pressures—actively degrade QC integrity.
Laboratories’ tendency to treat QC as a compliance task rather than a core safeguard for patient care encourages such human-factor vulnerabilities. As automation increases and test volume surges, the opportunity and pressure to override QC flags or sidestep protocol steps may only intensify.

Interventions to Minimize Human Factors in Laboratory QC Processes
In practice, human errors in QC monitoring often cluster into two broad categories: slips and lapses committed by frontline staff when interpreting QC signals, and latent failures engineered at higher levels—such as low QC sampling frequency or weak oversight (Reason, 2000). The phenomenon of overload helps explain many of these errors: when the demands of volume, complexity, or informational burden exceed human cognitive or attentional capacity, mistakes become almost inevitable (Cohen, 2017; Bell, 2017). Overload is not limited to sheer workload; it also includes excessive decision points, environmental distractions, or psychosocial stressors.
Given that many QC failures reported in classical surveys (e.g. Howanitz et al., 1997; Steindel, 1999) likely arise from a mixture of frontline human lapses and system design flaws, what strategies might reduce their impact? The challenges are multifaceted: QC systems may be poorly designed, and the human operator’s role in repetitive, low-failure monitoring tasks is intrinsically vulnerable to error. In high-throughput laboratories, errors that escape detection—even rarely—can have serious consequences for patient results (Badrick et al., 2023).
Compounding the risk is the trend in many sectors of accepting more modestly trained analytical staff and reliance on nonstandard QC rules (Howanitz et al., 1997), which raises the possibility of more frequent yet unnoticed QC deviations. (Badrick et al., 2023).
Given these realities, the following strategies deserve urgent attention:
1. Automation and smart decision support : Wherever possible, steps in QC—error detection, investigation, and recovery—should be transferred from manual to automated systems. Laboratory middleware or Clinical Decision Support Systems (CDSS) can intercept QC failures, automatically re-route samples to backup instruments, recalculate QC, compare initial and repeat values, and either approve or hold results for human review. Such systems can reduce reliance on human cognitive load for repetitive, high-stakes decisions (Badrick et al., 2023).
2. Redundancy and layered defenses : Applying the “Swiss cheese” model (Reason, 2000), QC systems should be designed with multiple, overlapping safety layers: more frequent QC checks, independent parallel QC methods, cross-checks across instruments, and alert escalation rather than silent override. These built-in redundancies reduce the chance that a single human or system error can propagate to patient impact.
3. Adaptive QC frequency and risk-based control : Rather than fixed sampling intervals, QC schedules should adapt based on analyte stability, recent error history, workload, or patient risk. High-risk analytes or periods of instability (e.g. new reagent lot) should trigger more frequent QC. In this way, human burden is concentrated where it matters most, rather than uniformly across all assays.
4. Debiasing staff and error awareness training : Regular training to make staff aware of slip, lapse, and decision biases (e.g. automation overreliance, signal fatigue) can heighten vigilance. Structured debriefs of QC flags—even those deemed false alarms—can keep attention alive and reduce desensitization.
5. Feedback loops, reporting culture, and auditing :A non-punitive culture that encourages reporting of near misses and QC overrides enables continuous learning. Periodic audits comparing expected QC failure rates with actual rates can reveal systematic underreporting or slackness (Westgard Global QC surveys).
6. Human–machine interface design and ergonomics : Better interface design (clear alarms, prioritised visual cues, auditory alerts, minimal clutter) and optimized workstation layout (reducing distraction, ensuring lighting, reducing noise) help reduce missed flags or misinterpretation.
7. Management engagement and latent failure correction : Senior leadership must monitor QC performance metrics, enforce adherence to policy, and invest in redesigns of QC systems. Latent failures—such as understaffing, weak training programs, or lax QC policies—must be addressed upstream, not just blamed on operators (Reason, 2000; Ryan, 2025).
While the detailed design of evidence-based QC systems is beyond the scope of this article (Westgard, 2021; Badrick et al., 2023), the takeaway is that tackling human error in QC demands both system redesign and human-centric mitigation. Automation, redundancy, risk-based QC, strong feedback loops, ergonomic design, and management accountability all need to converge if QC systems are to reliably protect patients rather than merely satisfy regulatory checkboxes.
A potential approach to mitigating human errors
Human errors in quality control (QC) monitoring typically fall into two main categories. The first involves slips and lapses by personnel responsible for responding to QC flags, while the second includes latent failures by senior staff who design the QC system, such as setting low QC sample frequencies (Badrick, 2023). One important contributing factor is overload, where an individual’s capacity is exceeded—this may involve processing a high volume of samples in a limited time, managing excessive information, coping with environmental factors, or handling psychosocial stress. Consequently, most major QC errors reported are likely a combination of human and system-based factors (Reason, 2000).
Addressing these problems is complex. They often stem from poorly designed QC systems and the inherent difficulty humans face in managing repetitive, low-failure processes. Despite their infrequency, failures in such processes can have serious consequences for patient outcomes (Wiegmann, 2022). Moreover, widespread acceptance of less qualified analytical staff and the use of non-standard QC rules can increase the likelihood of these overlooked yet critical events (Badrick, 2023; Reason, 2000). It is therefore essential to explore strategies to mitigate and control the impact of these errors. While designing evidence-based QC systems is crucial, this topic is beyond the scope of the present discussion (Badrick, 2023; Flores, 2023).
One practical solution to reduce human error in QC is automation. The key steps in QC—error detection (e.g., a QC value outside set limits), error investigation (e.g., rerunning QC samples, reviewing instrument flags, checking new reagent or calibrator lots), recalibration, and repeating failed patient samples—can largely be automated. Integrating automated clinical decision support systems (CDSS) with laboratory middleware allows for advanced process management, such as diverting patient samples to alternate instruments during QC failures, queuing potentially compromised specimens for reanalysis, automatically comparing initial and repeat results, and evaluating the relevance of QC flags without human intervention (Flores, 2023; Costa, 2021). Once the evaluation is complete, instruments can be cleared for use or placed on standby for further investigation by qualified personnel (Beckman Coulter, 2025; Siemens Healthineers, 2025).
In addition, CDSS can incorporate auto-verification and delta-checking to detect patient sample mix-ups, further reducing the risk of human error (Costa, 2021). Leveraging artificial intelligence in analytical systems can replace human decision-making with devices capable of continuous, uninterrupted attention (Flores, 2023; Costa, 2021). Laboratories are now entering a new phase of innovation, with middleware and automated monitoring systems playing a central role in reducing both analytical and some pre-analytical errors (Siemens Healthineers, 2025; SoftComputer, 2025). These advances offer the potential to significantly enhance patient safety by minimizing errors that stem from human limitations (Wiegmann, 2022; Wikipedia, 2025).
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Fig 1- Human errors in quality control (QC) monitoring 
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