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Laboratory testing constitutes a cornerstone of modern 
clinical decision-making, and the timely delivery of ac-

curate results is essential for optimal patient care. While an-
alytical precision is paramount, clinical laboratories are in-
creasingly required to meet stringent turnaround time (TAT) 
benchmarks. TAT is broadly defined as the elapsed time from 
test ordering to result reporting, and it serves as a critical qual-
ity performance indicator in laboratory medicine [1].

Timeliness is of particular importance in emergency and inpa-
tient settings, where delayed results can adversely affect diag-
nostic and therapeutic decision-making [2]. Achieving optimal 
TAT necessitates continuous monitoring and improvement 
across all workflow subprocesses, including sample collection, 
transportation, analysis, and result validation. The influence of 
TAT on patient satisfaction, clinical efficiency, and institutional 
accreditation has been extensively documented [3, 4].

Objectives: Turnaround time (TAT) is a key quality indicator in laboratory medicine, but routine department-level mon-
itoring is limited by fragmented data and scarce analytical resources. We aimed to develop and evaluate a modular, 
reproducible data analytics workflow—built in the open-source Orange visual programming platform and integrated 
with hospital information management system (HIMS) data—to monitor laboratory TAT, localize delays, and support 
quality improvement interventions.
Methods: Approximately 3.75 million timestamped records from a 1,875-bed tertiary care hospital were extracted 
over three consecutive months. A six-phase Orange pipeline performed data import, concatenation, filtering, unit-level 
stratification, One-Class Support Vector Machine outlier exclusion, and visualization. Monthly reports were submitted 
to the laboratory quality committee and prompted targeted interventions. Unit-level monthly means were compared 
using the Friedman and Wilcoxon signed-rank tests.
Results: Order-to-phlebotomy time decreased significantly across the three months (Friedman p=0.006; −17.5% with 
Wilcoxon p=0.005 after excluding one administrative unit). Sample reception time varied significantly (p=0.004) owing 
to a February peak, with no sustained net change by March (p=0.93). Total analytical TAT fell by 19.1% overall (im-
munoassay: −23.7%; clinical chemistry: −22.3%)—a consistent trend that did not reach statistical significance at the 
test-group level (p=0.074).
Conclusion: A low-code, visual Orange workflow enabled reproducible, near-real-time monthly TAT monitoring and 
helped target interventions, offering an accessible alternative to resource-intensive approaches.
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Nevertheless, accurate TAT assessment remains challenging 
owing to variability in laboratory information system configu-
rations, inconsistent timestamp recording practices, and oper-
ational fragmentation across clinical departments. Numerous 
institutions have reported the benefits of TAT dashboards, Lean 
Six Sigma methodologies, and root cause analysis frameworks 
in reducing delays and enhancing process transparency [5–7].
An increasing body of evidence underscores the need for 
data-driven, visual workflow-based tools to analyze labora-
tory processes and systematically identify bottlenecks [8, 9]. 
Platforms such as Orange Data Mining provide a comprehen-
sive range of analytical functionalities, including data merg-
ing, manipulation, feature engineering, cleaning, pivoting, 
outlier exclusion, descriptive statistics, and visualization, that 
facilitate efficient processing of datasets retrieved from the 
HIMS, transforming raw time-stamped records into actionable 
analytical outputs for continuous quality improvement.
This study aimed to develop and evaluate a modular data ana-
lytics workflow constructed using Orange and integrated with 
HIMS data, with the objectives of tracking and analyzing lab-
oratory TATs, generating visual and stratified assessments of 
process delays, and supporting continuous quality improve-
ment in laboratory operations.

Materials and Methods

Data collection
The study was conducted at a tertiary care hospital with a bed 
capacity of 1,875. The central laboratory processes approxi-
mately 50,000 tests daily, and the TAT analysis encompassed a 
dataset of approximately 3,750,000 test records. Retrospective 
laboratory data were extracted from the Hospital Information 
Management System (HIMS). The dataset comprised test re-
quests, sample types, and timestamps for each workflow stage, 
from physician order entry to result release, enabling detailed 
TAT analysis across a three-month observational period.
Although the validation dataset was retrospective, the work-
flow was designed for recurring, near-real-time use. Because 
all timestamps are captured automatically by the HIMS and 
the saved Orange pipeline can be re-executed on each new 
monthly export without manual re-entry, the system sup-
ports prospective monthly (rather than continuous live) 
evaluation of TAT.

Data preprocessing and preparation
The raw dataset was cleaned and transformed for compatibil-
ity with the Orange Data Mining environment. Missing values 
were addressed through imputation, and categorical vari-
ables (e.g., sample type, error category) were encoded appro-
priately. Duplicate records were identified and removed using 
Orange's preprocessing widgets. Timestamp intervals were 
stratified into standard laboratory workflow phases: order to 
phlebotomy (pre-laboratory TAT); phlebotomy to sample re-
ception (transport time); sample reception to start of analy-

sis (laboratory TAT, including centrifugation and preparation); 
start of analysis to result in analyzer (analytical TAT); result in 
analyzer to result release (post-analytical TAT); and result re-
lease to physician access (clinician access time). Data on sam-
ple rejections, rejection reasons, and their distribution by clin-
ical location were additionally incorporated. All timestamps 
were digitally extracted from the HIMS, enabling recurring 
monthly evaluations without manual data entry.

Monitoring-driven interventions
The Orange workflow was not used solely as a passive mon-
itoring instrument; the monthly stratified outputs were fed 
back into the laboratory's quality improvement cycle and 
triggered targeted operational interventions. On the basis 
of each monthly report, the quality management committee 
reviewed the units and workflow phases with the longest or 
most variable TATs and implemented corrective actions, in-
cluding: (i) structured feedback meetings with units showing 
the highest order-to-phlebotomy times; (ii) optimization of in-
ter-tower sample transport scheduling and porter routes; (iii) 
reinforcement and retraining of phlebotomy and sample-han-
dling procedures in units with recurrent pre-analytical delays; 
and (iv) adjustment of staffing allocation during identified 
peak-demand intervals. The observed TAT changes should 
therefore be interpreted as the combined effect of continuous 
monitoring and these monitoring-driven interventions. 

Data analysis using orange
Orange Data Mining is an open-source visual analytics plat-
form designed for both novice and expert users [10]. It pro-
vides a drag-and-drop interface in which workflows are 
constructed from modular visual components (widgets) 
supporting data preprocessing, statistical analysis, machine 
learning, and interactive visualization without programming. 
A visual workflow was constructed spanning monthly data im-
port, statistical presentation, and visualization (Fig. 1). Process 
data files were concatenated vertically using the Concate-
nate widget, followed by targeted row and column filtering 
and stratification across towers, floors, and clinical units. New 
monthly data can be incorporated into the saved workflow 
without rebuilding the pipeline; additional analyses or visu-
alizations require only connecting the corresponding widgets 
to the pre-filtered data stream. The monthly report was for-
mally recognized by the hospital's quality management de-
partment as a new institutional quality indicator. TAT metrics 
were visualized using box plots and complementary tools (Fig. 
2), enabling rapid identification of outliers and process delays.

Outlier detection and handling
The dataset was first stratified by tower and clinical unit to 
enable location-specific analysis (Fig. 3). Considerable vari-
ability was observed in the order-to-phlebotomy interval, 
attributable in part to patients providing blood samples on 
a subsequent date, for example, on the second day of the 
menstrual cycle, as requested by endocrinology units to eval-
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uate the early follicular phase. To account for such clinically 
motivated timing discrepancies, anomalous observations 
were detected and excluded using a One-Class Support Vec-
tor Machine (One-Class SVM), implemented through the Or-
ange Outliers widget. The One-Class SVM is an unsupervised, 
kernel-based algorithm that learns a boundary enclosing the 
bulk of the observations in feature space and labels points 
outside this boundary as outliers; it requires neither labelled 
data nor an assumption of normality. This method was pre-

ferred over simpler univariate rules (e.g., interquartile range 
[IQR] or fixed-percentile thresholds) because the data were 
strongly right-skewed and contained clinically legitimate but 
extreme deferred-collection values; a single global cut-off 
across heterogeneous units would misclassify routine values 
in slow units while missing context-specific anomalies. A ra-
dial basis function (Gaussian) kernel was used with the con-
tamination (ν) parameter set to 0.10, consistent with the Or-
ange default; flagged observations were excluded only from 

Figure 1. Visual workflow created in Orange Data Mining software. The cluster of File widgets represents daily data exports retrieved from the 
Hospital Information Management System (HIMS) over the course of a month. Each File widget corresponds to a specific day (e.g., 01.01, 02.01, 
etc.) and is merged using the Concatenate widget. This is followed by filtering steps and stratification based on location, enabling tailored 
analysis of relevant subsets. Subsequent modules include statistical analysis and data visualization components. The modular structure of the 
workflow allows for flexible expansion, integration of new analyses, or the construction of predictive models.
Overview of the modular Orange visual-programming workflow, spanning monthly HIMS data import and concatenation, row/column filtering, stratification by tower 
and clinical unit, outlier detection, descriptive statistics, and visualization.
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Figure 2. Time from result to technician approval (in minutes) across different test groups. Mean ± standard deviation values are shown for 
each group, illustrating variation in post-analytic TATs. Coagulation and immunoassay test groups had the longest average approval times, 
while hematology showed the shortest.
Box-plot visualization of turnaround-time metrics generated within Orange, enabling rapid identification of outliers and process delays across workflow phases.

Figure 3. Location-based workflow for evaluating the time interval between order entry and phlebotomy across different towers. Data from 
Tower A, B, C, and D were filtered and processed separately to allow floor- and unit-specific comparisons. Each subset was analyzed using 
matching and visualization widgets to assess intra-location variability and highlight structural workflow differences between departments.
Tower- and unit-level stratification of order-to-phlebotomy times, illustrating location-specific variability used to target process-improvement efforts.
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the corresponding TAT comparison and were not deleted from 
the source dataset. Excluded observations corresponded pre-
dominantly to (a) next-day or later deferred sample collection, 
(b) physiologically scheduled draws, and (c) timestamp-entry 
errors producing implausible or negative intervals. [Authors' 
note: Please insert the exact number and type of excluded ob-
servations per table (n excluded / N total).] This preprocessing 
step improved the accuracy and interpretability of TAT com-
parisons across floors and clinical units. The custom widget 
pipeline (Table 1) supported data import, preprocessing, One-
Class SVM outlier detection, and basic statistical evaluation 
within an interactive visual environment. Validation of the 
developed tool was performed using virtual timestamp data.

Ethical considerations
This study analyzed fully anonymized, aggregated operation-
al data routinely generated by the HIMS for laboratory qual-
ity-indicator monitoring; no patient-identifying information, 
clinical outcomes, or individually identifiable records were ac-
cessed. Because the analysis was limited to de-identified oper-
ational and quality-management data, it was deemed exempt 
from formal institutional review board approval in accordance 
with institutional policy and applicable national regulations 
governing the secondary use of non-identifiable operational 
data. The study was conducted in accordance with the princi-
ples of the Declaration of Helsinki.  

Statistical analysis
Because the data available for these comparisons consisted 
of de-identified, unit-level monthly summaries (mean±stan-
dard deviation) rather than individual sample-level records, 
comparisons were performed at the level of clinical units 
(order-to-phlebotomy and sample-reception times) or test 
groups (total laboratory TAT). For each table, differences 
across the three consecutive months (January, February, and 
March) were assessed with the non-parametric Friedman test 
for related samples, treating clinical units (or test groups) as 
the repeated subjects. Where the Friedman test indicated a 
significant overall effect, the January-versus-March contrast 
was examined post hoc with the Wilcoxon signed-rank test. 
Non-parametric tests were chosen because TAT distributions 
are right-skewed and the number of units per comparison 

was small. A two-sided p-value<0.05 was considered statis-
tically significant. Analyses were performed in Python (ver-
sion 3) using NumPy. Accordingly, the terms “significant” and 
“marked” are used in the Results only where supported by 
these tests; numerically large but non-significant changes 
are described as trends.

Results
Following the implementation of process monitoring and 
the associated interventions, most clinical units across all 
towers showed a progressive reduction in order-to-phlebot-
omy times over the three-month period. The shortest March 
durations were observed in Cardiology (Tower A) and Inter-
nal Medicine (Tower C), both reaching 7.65 min. Pediatrics 
(Tower D) peaked in February (17.79 min) and improved in 
March (13.41 min). In contrast, the Medical Board unit in Tow-
er A, which recorded the highest TATs throughout, increased 
from February (33.70 min) to March (54.46 min), indicating 
persistent variability in workflow adherence. Across all eleven 
units, the change over the three months was statistically sig-
nificant (Friedman χ²=10.36, p=0.006); the January-to-March 
reduction approached significance with all units included 
(Wilcoxon p=0.051) but became clearly significant after ex-
cluding the Medical Board administrative unit, whose times 
rose against the general trend (10 clinical units: −17.5%; Fried-
man χ²=12.80, p=0.002; Wilcoxon p=0.005). Thus, data-driven 
monitoring combined with targeted interventions was asso-
ciated with measurable reductions in order-to-phlebotomy 
time across most departments—particularly in general inter-
nal medicine and surgical specialties—while a subset of ad-
ministrative units showed inconsistent progress (Table 2).
Sample-reception times revealed substantial inter-depart-
mental and temporal variation. In Tower A, the Medical 
Board unit recorded the longest times, notably in January 
(50.80 min), with a gradual decline thereafter; Cardiology 
and Oncology were shorter and more stable. In Tower B, 
General Surgery peaked in February (44.50 min) before fall-
ing in March, while Urology and Ophthalmology remained 
elevated. In Tower C, Nephrology and Internal Medicine 
were higher and more stable than Endocrinology, which de-
clined to 32.0 min by March. In Tower D, Pediatrics and Gy-

Table 1. Widgets used in the construction of the data analysis model

Widget Purpose of Use

File Used to import the dataset into the Orange environment.
Concatenate Used to merge HIMS datasets collected on different dates.
Select Rows Used to filter samples based on specific criteria (e.g., adult patients).
Select Columns Used to select variables for analysis or remove unnecessary columns.
Outliers Used to detect and exclude outliers using the One-Class Support Vector Machine (One-Class SVM) technique.
Data Table Used to display the final version of the data in a tabular format.
Box Plot Used to visualize the distribution of variables and identify potential outliers.
Feature Statistics Used to obtain basic statistical summaries (mean, median, SD) of selected variables.
Edit Domain Used to rename variables or edit labels of categorical data.
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necology-Obstetrics showed prolonged times, particularly 
in February. Across units, sample-reception times differed 
significantly between months (Friedman χ²=11.09, p=0.004); 
however, this reflected a transient February peak rather than 
a sustained reduction, as values returned to approximately 
January levels by March (Wilcoxon p=0.93). These findings 
identify a February bottleneck as a priority target for process 
improvement (Table 2).

Total analytical TATs declined across most test groups over the 
three-month period. The most pronounced improvements 
were in the Immunoassay and Clinical Chemistry groups: 
mean immunoassay TAT fell from 148.51±10.97 min in January 
to 113.35±18.26 min in March (−23.7%), and Clinical Chem-
istry from 152.72±20.35 min to 118.59±19.85 min (−22.3%); 
Hematology and Coagulation TATs also fell. At the test-group 
level, the overall three-month change (mean −19.1%) did not 
reach statistical significance (Friedman χ²=5.20, p=0.074; Wil-
coxon p=0.080), most plausibly reflecting the small number of 
test groups (n=5); the consistent downward trend nonethe-
less supports improved analytical throughput (Table 3).

Discussion
Since the landmark publication of To Err is Human, glob-
al awareness of the imperative to improve patient safety 
has grown substantially over the past two decades [11]. TAT 
broadly refers to the interval between test requisition and 
result reporting; its operational definition varies across insti-
tutions depending on the designated start point. TAT is com-
monly stratified into pre-analytical, analytical, and post-ana-
lytical phases or classified by request urgency (STAT, urgent, 
routine) [12]. As a critical quality indicator, TAT reflects the 
commitment to timely result delivery, and delays at any phase 
can adversely affect patient outcomes [12].
In the present study, a modular Orange-based analytics work-
flow was integrated with HIMS data to track TAT, visualize 
delays by test type and patient cohort, and generate action-
able insights. Over 3.7 million timestamped records were pro-
cessed through a six-phase modular pipeline incorporating 
widgets for import, concatenation, filtering, outlier detection, 
and visualization, supporting reproducible monthly reporting 
without rebuilding the workflow.

Table 2. Three-month order-to-phlebotomy and sample-reception times across hospital towers and units (minutes, mean±SD)

Section / unit Order-to-phlebotomy Sample-reception

Jan Feb Mar Jan Feb Mar

Tower A
Cardiology 9.95±6.09 9.21±2.40 7.65±1.94 30.95±2.39 38.93±8.14 34.12±5.04
Oncology 11.85±3.92 7.71±2.55 10.12±5.52 32.13±3.14 36.36±8.90 30.47±5.28
Medical board 40.40±20.11 33.70±24.88 54.46±31.46 50.80±17.60 50.50±15.81 47.46±29.47

Tower B
General surgery 10.28±6.44 9.71±3.73 9.00±3.05 33.09±8.58 44.50±16.58 34.35±7.42
Urology 13.00±4.93 11.14±3.91 11.06±4.49 33.08±3.44 35.93±6.49 37.12±7.87
Ophthalmology 13.99±6.02 11.50±3.33 10.77±4.65 32.61±7.53 42.64±11.56 35.71±6.56

Tower C
Internal medicine 8.52±1.37 9.07±2.09 7.65±1.57 40.74±6.21 48.36±10.09 40.77±6.12
Endocrinology 13.71±1.72 12.57±2.16 10.71±4.13 36.11±5.65 44.64±9.40 32.00±5.50
Nephrology 14.02±3.59 11.36±3.31 9.18±1.85 46.19±12.13 47.43±8.22 42.17±9.29

Tower D
Pediatrics 15.10±3.72 17.79±6.10 13.41±2.70 41.23±6.67 51.71±9.23 39.35±6.61
Gynecology-Obstetrics 15.71±4.20 12.29±2.46 14.53±3.62 42.48±6.48 51.79±13.43 49.94±10.70

Order-to-phlebotomy — Friedman across the three months (11 units): χ²=10.36, p=0.006; excluding the Medical Board unit (10 units): χ²=12.80, p=0.002; Wilcoxon Jan vs Mar 
p=0.005 (−17.5%). Sample-reception — Friedman across the three months (11 units): χ²=11.09, p=0.004 (February peak); Wilcoxon Jan vs Mar p=0.93 (no sustained change). SD: 
Standard deviation.

Table 3. Three-month total laboratory TATs across different test groups (minutes, mean±SD)

Test group January February March

Urinalysis 56.90±13.36 64.71±22.29 62.18±7.91
Hematology 77.16±11.57 77.79±15.48 59.76±18.72
Coagulation 101.38±18.30 94.07±14.90 80.06±12.40
Immunoassay 148.51±10.97 147.57±24.96 113.35±18.26
Clinical Chemistry 152.72±20.35 158.43±28.99 118.59±19.85
Friedman across the three months (5 test groups): χ²=5.20, p=0.074; Wilcoxon Jan vs Mar p=0.080. The overall reduction (−19.1%) is a consistent trend that did not reach signifi-
cance at the test-group level. TAT: Turnaround time; SD: Standard deviation.
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The operational effectiveness of this workflow is reflected in 
consistent reductions in key indicators: immunoassay TAT de-
clined by 23.7% and clinical chemistry TAT by 22.3%, while the 
Endocrinology unit's sample-reception time declined to 32.0 
min by March. All of these findings highlight the workflow's 
capacity to generate stratified, actionable insights. However, 
although these reductions were numerically substantial, the 
three-month change at the aggregate test-group level did not 
reach statistical significance (Friedman p=0.074); the results 
are therefore best interpreted as a favorable operational trend 
pending confirmation in a sample-level analysis.
Cassim et al. [13] reported a substantial improvement in 
TAT performance, with results delivered within target rising 
from below 10% to over 90% and the 75th percentile TAT fall-
ing from 10 hours to under 3 hours, underscoring that TAT 
monitoring combining central tendency and distributional 
tails—coupled with quality management interventions—
can enhance efficiency. The authors caution that root cause 
analysis and multidisciplinary management are essential 
given the multifactorial determinants of TAT. In the present 
study, particular attention was directed to processes suscep-
tible to extreme values, most notably the requisition-to-col-
lection interval; deferred-collection observations were sys-
tematically detected and excluded using the One-Class SVM, 
improving the reliability of TAT estimates.
Gupta and colleagues applied Lean methodology—value 
stream mapping, Gemba walks, Pareto analysis, and root 
cause analysis—reducing TAT from approximately 180 to 95 
min in hematology and 268 to 208 min in biochemistry; how-
ever, confinement to two departments in a single institution 
limits generalizability [14]. Large-scale Lean application across 
all units of a 1,875-bed hospital presents practical and logisti-
cal challenges, whereas the present approach offers a more 
feasible, resource-efficient alternative for routine multi-de-
partmental TAT monitoring with minimal workflow disruption.
An alternative approach using statistical process control (SPC) 
charts enables dynamic TAT monitoring by identifying trends 
and deviations relative to control limits adapted to skewed 
distributions; however, implementation is resource-intensive 
and presupposes advanced statistical expertise, rendering it 
less practicable in large, multi-unit settings [15]. By compar-
ison, the Orange-based workflow is accessible, transparent, 
and adaptable, enabling visual data tracking without special-
ized statistical proficiency while prioritizing practicality and 
integration into routine operations.

Limitations
This study has several limitations. The analysis covered a 
three-month period at a single institution, constraining gen-
eralizability and precluding assessment of long-term sus-
tainability. Statistical comparisons used de-identified, unit-
level monthly summaries rather than sample-level records, 
so the aggregate tests are conservative and may underesti-
mate effects detectable at the sample level. Finally, because 
monitoring and interventions were implemented concur-

rently within a real-world quality improvement program, the 
design is observational and the contribution of each compo-
nent cannot be fully disentangled.

Conclusion
A modular, open-source Orange workflow provided an acces-
sible and reproducible means of monitoring laboratory TAT, 
localizing pre-analytical and analytical delays, and guiding tar-
geted quality improvement interventions. Formal significance 
was reached for the reduction in order-to-phlebotomy time, 
whereas the aggregate analytical TAT reduction represented 
a favorable but non-significant trend. Sample-level analyses 
and longer follow-up are warranted to confirm the magnitude 
and sustainability of these improvements..
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