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Highlights

« Moving percentage of failed delta checks (MPFDC) is a novel patient-based quality control model based on reference change value, and sui-
table for measurands with low index of individuality

« MPFDCmay be integrated with the laboratory information system and middleware
« MPFDC evaluates analytical performance by considering biological variation

« Appyling errors of & 15%, median number of patients affected before error detection was 34/29 respectively and median time until error
detection was 18 minutes

Abstract

Introduction: For measurands with a low index of individuality (I1), delta check is crucial. If delta percentage change (DPC) values in different pati-
ents consecutively exceed the reference change value (RCV), it may indicate an analytical problem. Similarly to moving sum (MovSuM), percentage
of DPCs exceeding RCV can be used as a quality control model by comparing it with a certain threshold. This study aimed to develop a novel patient-
based quality control (PBQC) model using delta checks and evaluate its performance.

Materials and methods: The study was performed at Gazi University Biochemistry Laboratory. The model was tested on creatinine (measured on
Advia Chemistry Systems using the alkaline picrate method), with pooled-CV, = 2.5%, CV,= 4.7%, and RCV = 19%. If DPC > RCV, it was counted as
aviolation, i.e. failed delta check (FDC). The percentage of violations was calculated for every 20 consecutive patients with previous results over the
past year. Similarly to MovSuM, when a new result is added, moving percentage of failed delta checks (MPFDC) removes the oldest data and calcu-
lates the percentage of violations continuously. Moving percentage of failed delta checks thresholds determined as 35%/30% (for positive/negative
direction). After excluding dialysis patients and patients without previous results, and previous results measured with different systems, we applied
truncation (truncation limits: < 27 and > 362 pmol/L). The remaining 5484 results were divided into 55 batches.

Results: After applying positive and negative errors of 15%, median number of patients affected before error detection (MNPed) was 34 and 29,
respectively. Median time until error detection was 18 minutes. Sensitivity and specificity were 96% and 86%, respectively.

Conclusions: Moving percentage of failed delta checks, a novel RCV-based PBQC model, has high sensitivity and rapid error detection, suitable for
measurands with low II.
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Introduction

With extremely significant improvements in tech-
nical and workflow processes in the laboratory,
the frequency of analytical errors has decreased
over the years. However, it still has not been mini-
mized to the desired level, and it still occurs (1,2).
To cope with analytical errors, traditional quality
control (QC) strategies are applied in almost all
laboratories today. During traditional QC intervals,
laboratories release hundreds of results; therefore,
QC strategies are needed to monitor analytical
quality continuously. Regarding this issue, patient-
based quality control (PBQC) may be a solution.
The use of PBQC is particularly important for sys-
tematic error detection and patient safety, espe-
cially for laboratories that release patient results
via autoverification.

Recently, we have witnessed a paradigm shift and
an increase in the implementation of PBQC meth-
ods (3,4). Patient-based quality control has several
advantages over traditional QC including cost,
commutability, and the ability to perform near re-
al-time monitoring (5). Patient-based quality con-
trol approaches such as moving average (MA),
moving median (MM), average of normal, moving
sum (MovSum) and delta check implementations
are helpful in detecting errors, whether systematic
or not (6-9). However, each PBQC technique has
several advantages and drawbacks. For example,
MA may not perform efficiently when the data is
skewed (5).

Delta checks, which apply for different purposes in
laboratories, can also be integrated into PBQC
methods (9). Harnessing delta check, simple and
rational methods can be designed to detect sys-
tematic errors. Recently, such approaches have
been developed through delta checks to detect
analytical errors in the laboratory. Concepts such
as average of delta (AoD), average of patient del-
tas, and the delta plus-minus even distribution
check have been mentioned recently (10-12).

During verification of test results, one of the data
that guides a clinical biochemist most is the previ-
ous results of the patients, indeed. Especially in
tests with a low index of individuality (ll) such as
creatinine, the previous results of the patients are
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more important than population-based reference
intervals (popRls). The Il for many measurands is
lower than 0.6. When a measurand’s Il is low, it is
useful to follow up patients with the personalized
reference intervals (prRI) rather than popRls (13).
For the measurands suitable for prRl, delta check
implementation will be important in determining
whether the person’s steady state has changed or
not. Moreover, if the delta change value of a meas-
urand consecutively exceeds the reference change
value (RCV) in different patients, it may indicate an
analytical problem (14). At this point, we can state
that our study begins where delta check (i.e. bio-
logical variation) meets MovSum. In our model
named moving percentage of failed delta checks
(MPFDC), first as in the rationale of the MovSum
method, binarization is applied to delta check fail-
ures (violations) in both directions. Then, the per-
centages of failures (delta change exceeding the
RCV) in an estimated block size is used as a quality
control model by constantly monitoring and com-
paring it with a certain threshold/cut-off. However,
it needs a dynamic approach such as MovSum or
MA, for monitoring the analytical quality in a time-
ly manner.

Delta change values in some tests (such as creati-
nine, troponin, sodium) are important in the diag-
nosis and clinical course of the disease. In the Col-
lege of American Pathologists (CAP) Q-Probes
Study, 78% of laboratories reported using delta
check for creatinine (15). In this study, it was seen
that creatinine ranked second after sodium in
terms of delta check usage frequency (15). To date,
Risk, Injury, Failure, Loss of Kidney Function, and
End-Stage Kidney Disease (RIFLE), Acute Kidney In-
jury Network (AKIN) and Kidney Disease: Improv-
ing Global Outcomes (KDIGO) classifications have
been defined for acute kidney injury. In the defini-
tions made by RIFLE, AKIN and KDIGO delta
change value of creatinine is emphasized (16). In
this context, with a low Il value, creatinine is a very
suitable test for our model. Therefore, the model
was tested on creatinine.

In this study, we aimed to develop a PBQC model
that enables the detection of analytical or preana-
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lytical systematic errors using delta check and to
demonstrate its performance criteria on real pa-
tient data.

Materials and methods

The study was conducted at Gazi University Health
Research and Application Hospital (GUHRAH),
Core Biochemistry Laboratory, between Septem-
ber 2023 and November 2023. The Gazi University
Health Research and Application Hospital is a ter-
tiary care academic medical centre, which has ap-
proximately 1000 beds. Approximately 1400 creat-
inine test results are released in the GUHRAH Core
Laboratory in a day. For the study, ethical approval
was obtained from the Gazi University Faculty of
Medicine Clinical Research Ethics Committee
(Date: 21.03.2025, Number: 031).

The creatinine was analysed using the alkaline pic-
rate method using the ADVIA Chemistry XPT Sys-
tem (Siemens Healthineers, Erlangen, Germany).
For creatinine, the pooled coefficient of analytical
variation (CV,) of four autoanalysers generating
creatinine results was 2.5%. All the four analysers
were calibrated just before the start of the study.
Analyser comparability was not evaluated, howev-
er, median values for each analyser during the
study period and strafied by day is provided at
Supplementary data (Supplementary Table 1 and
2).

Choosing the appropriate within-subject
biological variation value and reference
change value calculation

To determine the within-subject biological varia-
tion (CV)) value, all publications on creatinine were
evaluated in the European Federation of Clinical
Chemistry and Laboratory Medicine (EFLM) bio-
logical variation database (17). The publications
from the last 20 years, which included serum as
the sample type, mixed gender, and non-enzy-
matic methods were particularly examined. Since
the analyser, method, gender and sample type of
our laboratory are the same, CV, was chosen from
the EuBIVAS study as 4.7% (18).
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The formula originally proposed by Harris and Ya-
saka was used to calculate RCV: RCV = 22 x Z x
(CV,2 + CV2) % (19). Delta check limits were estab-
lished using bidirectional Z-score (2.58 for 99%
probability to achieve a < 1% false rejection rate).
The CV, value in the formula was calculated using
the results of the internal QC, with a pooled stan-
dard deviation approach. Finally, the RCV value
was calculated as RCV = 19% with CV, = 2.5% and
CV, = 4.7%.

Editing the raw data for the model

For PBQC models, some data should be excluded
to yield better performance from the model. Thus,
we performed several data processing steps on
the raw data. The truncation limits were defined
by excluding results below the 2nd percentile and
above the 98th percentile of the data. Truncation
limits were set < 27 pmol/L and > 362 umol/L (<
0.31 mg/dL and > 4.1 mg/dL). The flowchart re-
garding editing the raw data is given in Figure 1.

Exclusion criteria were: 1) results from dialysis clin-
ic; 2) current or past results outside the analytical
measurement range; 3) data from patients without
previous results; 4) data from patients whose pre-
vious results were measured with a different ana-
lytical system and 5) results outside of truncation
limits.

Except for the exclusion criteria, all results from all
autoanalysers over a one-week period were con-
sidered as inclusion criteria. No exclusions were
made based on age. In the model applied for cre-
atinine, for delta percentage change (DPC) calcula-
tion we included the patients’ previous results of
up to one year, because recent studies shown CV,
for creatinine does not change significantly up to
one year (20,21).

The model: moving percentage of failed delta
checks

The distribution of patient results for creatinine
was evaluated (whether the patient results’ distri-
bution was symmetrical or skewed) before apply-
ing the model. It was seen a skewed distribution of
patient results.

Biochem Med (Zagreb) 2026;36(3):030701

3


https://doi.org/10.11613/BM.2026.030701
https://www.biochemia-medica.com/assets/images/upload/Clanci/36/Supplementary_file/02_Yilmaz_Supplementary_material_1.pdf

Yilmaz NS. et al.

Moving percentage of failed delta checks

As raw data, 8171 creatinine results were obtained, which were analyzed on four autoanalyzers, during one week.

:

Data whose current result or past result were outside the analytical measurement range were discarded (N = 123, 1%).

:

Result from dialysis patients were excluded (N = 175, 2%).

:

Data from patients whose previous results were measured with a
different analytical system (Beckman Coulter) were discarded (N = 958, 12%).

:

Data from patients without previous results were discarded (N = 1211, 15%).

:

Before the truncation was performed, 5704 results remained
(70% of the raw data remained, 30% of the data was discarded)

:

Truncation linits were calculated and selected as: < 27 umol/L and > 362 pmol/L

:

220 results (3%) were discarded after truncation. (Current results which were <27 umol/L and >362 umol/L were deleted)

:

After truncation, 5484 results remained (67% of raw data remained, i.e. 33% was excluded)
Remaining 5484 results were divided into 55 batches.

Ficure 1. The flowchart of editing the raw data.

Our model is inspired by an original study from
Jones (10). Also, MPFDC is inspired by the MovSum
and moving rate of positive patient results meth-
ods for the binarization process after checking
whether the delta check value was greater than
RCV or not (6,22).

In our model, DPC values were used to determine
the change between patients’ current and previ-
ous results. If DPC > RCV for a measurand (i.e. cre-
atinine), this was counted as a violation; i.e. failed
delta check (FDCQ). If the violation was in the in-
creasing direction, it was counted as + 1 point;
however, if there was a decreasing direction, it was
counted as - 1 point. In cases where |DPC| < |RCV|
(the absolute value of DPC < RCV), it was counted
as 0 point. The model was implemented with a
block size of 20 consecutive patients with previous
result over the past year. For each block, the arith-
metic sum of violation scores (DPC > RCV) was cal-
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culated and converted into a percentage. When a
new result was added, the oldest data were re-
moved, and the moving sum of violations (moving
sum of failed delta checks) was recalculated and
converted into percentage accordingly. We named
our method moving percentage of failed delta
checks (MPFDC). The Excel implementation of the
model is shown in Figure 2 and Supplementary
Figure 1.

Continuously, MPFDC calculates the percentage of
the number of violations in the system. Our model
is based on within-subject biological variation and
can reveal systematic errors.

Establishing the model’s control limits

After designing the model, we wanted to explore
the range in which our MPFDC values oscillate dur-
ing a time period when analytical quality is ac-
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Result Previous Date of Delta Violation | Moving sum
Rank Department Analyzer (pmol/L) Result Date (Rﬁ:":) Previous Result | Check (%) | Score of violations BIBEDC
- Oncology AdviaChemistryXPT_3 57 2.10.202309:36 58 14/09/2023 -3 0
S Endocrinology AdviaChemistryXPT_3 91 2.10.202309:37 91 03/04/2023 0 0 |
6 Cardiology AdviaChemistryXPT_3 43 2.10.202309:38 44 01/10/2023 -2 0 A
7 F logy AdviaChemistryXPT_3 58 2.10.202309:38 52 18/09/2023 12 0 ; e |
8 Oncology AdviaChemistryXPT_3 50 2.10.202309:38 49 27/03/2023 2 0 Moving Sum ofViolations 7
9 Hematology AdviaChemistryXPT_3 105 2.10.2023 09:39 82 29/09/2023 28 1 MpFDC & Block i ( ‘IU) ]
10 Hematology AdviaChemistryXFT_3 69 2.10.202309:33 52 03/07/2023 32 1 oz 7
11 Hematology AdviaChemistryXPT_3 135 2.10.202309:39 124 04/09/2023 9 0
12 Oncology AdviaChemistryXPT_3 70 2.10.202309:39 66 04/09/2023 5 0
13 Oncology AdviaChemistryXPT_3 68 2.10.2023 09:40 71 11/09/2023 -4 i}
14 Hematology AdviaChemistryXPT_3 80 2.10.2023 09:40 63 07/09/2023 27, 1 T
15 General Surgery AdviaChemistryXPT_3 66 2.10.202309:42 68 19/04/2023 -3 1 0 H
16 Pediatric Nephrology AdviaChemistryXPT_3 58 2.10.2023 09:42 56 20/03/2023 3 ] 0 1
17 | Pediatric Emergency | Advia Chemistry (Emergency) 60 2.10.2023 09:47 58 23/12/2022 5 0 H
18 Endocrinology AdviaChemistryXPT_3 70 2.10.202309:49 70 26/04/2023 0 1 0 1
19 Endocrinology AdviaChemistryXPT_3 73 2.10.2023 09:50 51 14/03/2023 41 I 3 1
20 Cardiology Advia Chemistry (Emergency) 66 2.10.2023 09:51 135 30/09/2023 51y -1 I o | | e |
21 Oncology AdviaChemistryXPT_3 82 2.10.202309:51 73 18/07/2023 12 1 0 1 3 15
22 Cardiology AdviaChemistryXPT_3 151 2.10.202309:54 150 15/06/2023 1 ! 0 1 3 15
23 Internal Medicine AdviaChemistryXPT_2 65 2.10.2023 09:55 63 29/03/2023 3 1 0 H 3 15
24 Pediatric Hematology AdviaChemistryXPT_2 57 2.10.202309:56 59 01/10/2023 -4 1 0 H 3 15
25 Thoracic Surgery AdviaChemistryXPT_3 97 2.10.202309:57 80 11/01/2023 22 T 1 1 4 20
26 Oncology AdviaChemistryXPT_2 49 2.10.2023 09:57 54 12/04/2023 -0, 0 T 4 20
27 Endocrinology AdviaChemistryXPT_3 67 2.10.2023 10:00 58 08/11/2022 15 ) 0 H 4 20
28 General Surgery AdviaChemistryXPT_3 65 2.10.2023 10:02 66 22/09/2023 -3 1 0 1 4 20
29 Internal Medicine AdviaChemistryXPT_2 46 2.10.2023 10:02 45 01/10/2023 2 H 0 1 3 15
30 Internal Medicine AdviaChemistryXPT_3 83 2.10.2023 10:02 86 29/09/2023 -3 ) 0 H 2 10
31 Neurology AdviaChemistryXPT_3 43 2.10.2023 10:03 50 01/10/2023 -13 1 0 1 2 10
32 Neurology AdviaChemistryXPT_3 63 2.10.2023 10:03 58 01/10/2023 9 T 0 1 2 10
33 ENT AdviaChemistryXPT_3 60 2.10.2023 10:03 46 30/09/2023 31 H 1 13 1 15 1
34 Hematology AdviaChemistryXPT_3 80 2.10.2023 10:03 94 28/09/2023 -15 0 2 10
[ES Endocrinology AdviaChemistryXPT_3 143 2.10.2023 10:03 134 08/08/2023 7 0 2 10
36 Internal Medicine AdviaChemistryXPT_3 55 2.10.2023 10:03 58 12/07/2023 -5 0 2 10
37 Oncology AdviaChemistryXPT_2 99 2.10.2023 10:03 105 25/09/2023 -6 1] 2 10
38 Oncology AdviaChemistryXPT_3 74 2.10.2023 10:03 81 18/09/2023 -8 0 2 10
39 | Anesthesiology and AdviaChemistryXPT_2 117 2.10.2023 10:03 142 01/10/2023 -18 0 I 1 I I 5 I
Intensive Care

FIGURE 2. Moving percentage of failed delta checks (MPFDC) Excel sheet. Current results above the reference range are highlighted
in red. The red, green dashed, and blue boxes represent different blocks. The color variation is used to distinguish between the
blocks. AdviaChemistryXPT_1 (autoanalyser 1) is not presented in the figure, because this autoanalyser started to perform at 10:10 in

that day.

ceptable. To prove no analytical error was present
while establishing the MPFDC control limits, QC
material was run for creatinine every two hours on
all four autoanalysers for one week. In this way, it
was proved that all the analysers were in accept-
able analytical condition. Under both day-shift
and night-shift conditions, QC was performed ev-
ery two hours, and creatinine data for that week
were evaluated. With this data generated from
four autoanalysers, for the week to which the strict
quality control protocol applied, the maximum
MPFDC values naturally observed in the data were
analysed. Afterwards, we calculated the MPFDC
control limits (MPFDC thresholds/cut-offs) from
this data. After evaluating the data, the control
limits were specified as +35% and -30% of every 20
consecutive patients with previous result over the
past year, for positive and negative directions, re-
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spectively. The data retrieved from GUHRAH's lab-
oratory information system were analysed via Mi-
crosoft Excel.

Error simulation and moving percentage of
failed delta checks'’s performance of error
detection

After establishing control limits, the model’s per-
formance was evaluated using erroneous results.
The performance of MPFDC was assessed by ap-
plying an error of 15% in both directions (positive
and negative directions) to real patient data. To
demonstrate how the model works, a visual of
how the model detects error after applying a 15%
error in the positive direction (for a random batch)
was presented (Supplementary figure 1). Error has
been added to the creatinine results, in accor-
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dance with the analytical performance specifica-
tions of Clinical laboratory improvement amend-
ments (CLIA) in effect at the time the study was
conducted (23).

All results (5484 patient results) were divided into
55 batches. Then, we introduced total allowable
error (TEa; 15% error) in both positive and negative
directions to every batch. Afterwards, our model’s
sensitivity and specificity were checked. According
to the simulations, the most appropriate control
limits for the MPFDC model with the highest error
detection sensitivity and specificity were + 35%
and - 30% in the positive and negative direction,
respectively. An important point to note here is
that the system was designed to give a warning
(alarm) when the model exceeded the MPFDC
control limits (specified as + 35% and - 30%) at
least three times in a row. In this way, the possibili-
ty of false alarms was reduced, and the specificity
of the system was increased.

Error were introduced to the patient data, and the
number of patient results falling between the er-
ror introduction and MPFDC alarm (i.e. MPFDC ex-
ceeding the established control limit three times
in a row) was calculated as average number of pa-
tients affected before error detection (ANPed) and
median number of patients affected before error
detection (MNPed). In addition, average time until
error detection in minutes (ATed), median time un-
til error detection in minutes (MTed), average num-
ber of deltas to error detection (ANDed) and me-
dian number of deltas to error detection (MNDed)
were calculated as performance metrics. For these
calculations, also for sensitivity and specificity
analyses, MPFDC's performance was analysed in
55 batches spaced at 100-sample intervals. The er-
ror was applied starting from the first patient at
the beginning of each batch. After detecting the
error using the MPFDC, model’s performance met-
rics were calculated on the raw data.

Statistical analysis

Normality of the data was evaluated for each sta-
tistical analysis. On every occasion, after Kol-
mogorov-Smirnov test, it was seen none of the
groups had normal distribution, so nonparametric

Biochem Med (Zagreb) 2026;36(3):030701

tests were performed. Kruskal-Wallis test is used
for comparing the groups, and pairwise compari-
sons were performed with post-hoc Dunn test af-
ter Bonferroni correction. Descriptive values are
given as number (N), median and interquartile
range (IQR). Significance was assumed for all val-
ues where P < 0.05.

Results

The raw data consisted of 8171 patient results. A
total of 5987 (73%) of the raw data had previous
results within the last year. In the raw data, 1239
(15%) results were above the reference interval.
There were 164 results with critical values, corre-
sponding to 2% of the total results.

TaBLe 1. Moving percentage of failed delta checks’ perfor-
mance when 15% error was applied

Positive error Negative error

applied applied
ANPed" 37 39
MNPed” 34 29
ATed (minutes)t 4 63
MTed (minutes)* 18 18
ANDed 20 24
MNDed 16 17
Total Number of Batches 55 55
Number of False Negative
Batches 4 0
Number of False Positive 8
Batches*
Sensitivity (%) 96
Specificity (%) 86

“The performance of the MPFDC calculated for raw data.
tTime represented as minutes, and calculated for raw data. *In
the normal patient data without any errors applied, there are
eight false positive batches. Six of which were in the positive
direction, and two were in the negative direction. Control limit
positive cut-off 35% and control limit negative cut- off - 30%
were applied. ANPed - average number of patients affected
before error detection. MNPed - median number of patients
affected before error detection. ATed - average time until
error detection. MTed - median time until error detection.
ANDed - average number of deltas to error detection. MNDed
- median number of deltas to error detection.

https://doi.org/10.11613/BM.2026.030701
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There were four autoanalysers in our laboratory
and so in the study. For each analyser, QC results
are presented as mean (SD) for Level 1 and Level 2,
respectively: analyser 1: 215 (5.1) and 506 (6.2)
pmol/L; analyser 2: 210 (6.3) and 498 (11.3) umol/L;
analyser 3: 216 (6.1) and 510 (11.6) umol/L; analyser
4: 215 (6.0) and 500 (13.3) umol/L.

Analyser 1 yielded CVs of 2.4% and 1.2% for level 1
and level 2, respectively, whereas analyser 2
showed 3.0% and 2.3%. Similarly, analyser 3 dem-
onstrated CVs of 2.8% and 2.3%, and analyser 4
showed 2.8% and 2.7% at the respective levels.
The combined analysis of all analysers resulted in
an overall pooled CV of 2.5%, representing the
overall within-laboratory imprecision of the ana-
lytical system.

Patient results were obtained over a period of one
week (five working days and night shifts, besides
two weekend days). If Analyser 4 was not malfunc-
tioning, only Analyser 4 (emergency device) was
operational during night shifts from 17:00 to 08:00
and on weekends. The number of patients anal-
ysed on each autoanalyser during this one-week
period was 1915 (23%), 2210 (27%), 1787 (22%) and
2259 (28%) for analyser 1, analyser 2, analyser 3 and

analyser 4, respectively. Median (IQR) values of
emergency department, outpatients, and inpa-
tients were 66 (34), 66 (26) and 75 (28) umol/L, re-
spectively. The results of inpatients were higher
than both patients from emergency department
and outpatients (P < 0.001). No difference was
found between the emergency department and
outpatients. For delta check interval it was seen the
median delta check interval was 14 days. Minimum
delta check interval was 0 days (i.e. 8 hours) and
maximum delta check interval was 365 days. The
25th-75th percentile of delta interval was 2-87 days.

After applying positive and negative errors of 15%
to each batch, the model’s performance metrics
were calculated on the raw data. Median number
of patients affected before error detection
(MNPed) was 34 and 29, respectively (Table 1). Me-
dian time until detection of error (MTed) was 18
minutes. Sensitivity of the model was 96%; where-
as specificity was 86% (Table 1). Besides MNPed
and MTed, all the other performance metrics such
as ANPed, ATed, ANDed and MNDed are present-
ed in Table 1. In addition, Table 2 shows the MPFDC
application rates and delta check violation ratios
in patient data where no errors were applied.

TaBLE 2. Moving percentage of failed delta checks application rates and delta check violations by patient type

Outpatient Inpatient Total
All patients in raw data, N(%) 5694 (70%) 2477 (30%) 8171 (100%)
MPFDC (delta check) applied o o o
patients, N(%) 3302 (58%) 2182 (88%) 5484 (67%)
DPC (delta check) violations in MPFDC 479 (15%) 458 (21%) 937 (17%)

model when there is no error, N(%)

Data presented in this table are raw patient data before errors were applied to the patient results. MPFDC - moving percentage of

failed delta checks. DPC - delta percentage change.

Discussion

Here, we assessed the ability of the MPFDC mod-
el's performance in detecting simulated errors in
the real patient data. The model’s performance is
quite good to detect an error of 15% in creatinine.
Our model is based on within-subject biological

https://doi.org/10.11613/BM.2026.030701

variation and inspired by MovSum and MA meth-
ods (6-8). A key point in our study is that the mod-
el’s performance on raw patient data (real patient
data) has been determined. This allowed us to see
the model’s true performance across the whole
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patient data, regardless of whether the patient’s
previous results were available. This is a valuable
aspect of our study.

Indeed, there are two similar studies to our work in
the PBQC literature. One of the studies similar to
our study is from Cembrowski et al. (11). In their
study, they combined delta check and MA to de-
velop an average of deltas (AoD) strategy that
monitors the mean delta of consecutive, intrapa-
tient results. However, our study differs from their
study because we were not interested in AoD val-
ues. Instead, after applying binarization to delta
check failures (violations) and calculating the sum
of violations, we used the failed delta check ratios
in every 20 patients. Our study is distinct because
we combined and summed delta check failures
and calculated failure ratios dynamically, similar to
MovSum and moving average, rather than using
AoD. To our knowledge, our work is the first study
to integrate the concept of MovSum with delta
check (i.e. integrating the MovSum concept with
biological variation). In this study, from delta check
failures, we first tried to obtain a moving sum val-
ue considering both positive and negative direc-
tions and then calculated the percentage of this
sum value in every 20 patients in a moving way.

Another similar study to ours is from Hatanaka et
al. (12). They developed a dynamic PBQC model
based on the variation in the distribution of delta
check values in positive and negative directions.
However, their model does not employ any bina-
rization process based on the RCV value, as in our
study. They based their design on positive and
negative delta check values and did not compare
them with a cutoff such as RCV. To our knowledge,
there is no other study that applies binarization to
delta check failures, then arithmetically sums the
violation counts to account for the effects of both
positive and negative aspects similar to MovSum,
and then dynamically applies this to every 20 pa-
tients as in MA or MovSum logic. We believe that
our publication synthesizes and integrates the ra-
tionale of biological variation, MA, and MovSum.

Determining the maximum time interval for ap-
plying delta checks can be estimated by consider-
ing whether physiological biological variation of

Biochem Med (Zagreb) 2026;36(3):030701

the measurand is stable or not during the selected
period (21). In general, patients’ previous results
from a maximum of three months ago are used for
delta check calculation. However, based on a re-
cently published study, no significant change is
detected in the CV, values of some analytes (in-
cluding creatinine) between 18-365 days (20). In
another publication, it was revealed that delta
check rule performance is not affected by the time
interval and error detection capacity can be in-
creased by expanding the time period (21). There-
fore, in our study, when operating delta checks,
patients whose previous results were up to one
year were included for DPC calculation. As de-
signed in our study, the delta check time interval
can be extended up to one year for analytes with
low II. Since we used the same method and auto-
analyser one year ago, we were able to determine
the delta check period as one year to include more
patient results in our MPFDC model considering
the data in the literature. Patients whose previous
results exceeded the one-year period were not in-
cluded in the model. Since we set the duration to
one year, we have reached a quite good number
of patients for delta check in our model (67% of
patients). As expected, there is some difference
between ANDed-ANPed and MNDed-MNPed, but
considering the one-year delta check period, we
believe this difference appears to be reasonable.

For PBQC applications to be effective, false alarms
should not be excessive, and false negatives also
should be minimized. In addition, each laboratory
should have a scheme for what to do when a PBCQ
alarm arises. If the delta check limits or control lim-
its are set low, they may give numerous false
alarms (24). On the other hand, if the limits are set
too high, some errors may not be detected. There-
fore, delta check limits and the model’s control
limits should be designed well for effective perfor-
mance. Excessive false alarms may increase work-
load and turnaround times; it may also be chal-
lenging for the staff (25). So, we set the bidirec-
tional Z score for RCV calculation as 2.58 to mini-
mize false alarms. If further specificity is desired,
optimizations can be attempted by selecting a Z-
score of 99.9% instead of 99%, or by requiring the
control limit to be reached five times in a row rath-
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er than three times to trigger the MPFDC alarm. In
our study, for adequate sensitivity, we determined
the MPFDC alarm should be triggered by the
MPFDC reaching the control limits three times in a
row.

When a 15% error was applied in the positive di-
rection, errors were not detected in four batches.
These false negatives may have been because of
slight negative shifts in these batches that were
not detected by internal quality control. We also
think the false negatives may have occurred be-
cause of the effect of the patient population.
Blood may have been predominantly drawn after
treatment/hydration in hospitalized patients.
When we examined the eight alarms that occurred
in 55 batches due to false positive batches, we ob-
served no problems. We suspected the false posi-
tives were due to oscillations observed in the data
related to the patient population. We carefully re-
viewed the patient results and the information in
the patient files and did not detect any analytical
errors in the false alarms.

In our study, for calculating RCV, the CV, value in
healthy individuals was used, which may be con-
sidered as a limitation. A substantial part of bio-
logical variation studies has been conducted with
healthy individuals. Some studies have observed
that the CV, values of analytes in chronic stable
diseases are close to the values of healthy patients
(14,26). However, it has also been shown that CV,
values for creatinine may vary in some popula-
tions, and disease conditions (26-29). Our hospital
is a tertiary referral center, and there are various
subpopulations in our study, such as pediatric,
older adult, pregnant, transplantation, intensive
care and even nephrology department’s patients.
Individuals with the disease, except dialysis pa-
tients, were included in our study. Therefore,
pathologic changes in creatinine results are com-
monly seen in our patient population. This may
have caused the cutoff we determined for MPFDC
to be high. Indeed, using data from biological vari-
ation studies that include patient data will make
the models more suitable for real settings. Recent-
ly, in a striking study, RCV values were created
from real patient results by evaluating laboratory
data from middleware for nearly two years (30). In
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the study, the RCV value for creatinine obtained
from patient data expressed as RCV alternate was
found to be 25.3% (30). It would be useful for each
laboratory to calculate similar data by exhibiting
this approach in the studies to be performed in
the laboratory.

Laboratories are like factories. Large-scale labora-
tories may have multiple production lines (i.e. in-
struments) to produce the same product (ie. a
measurand). The laboratories are responsible for
ensuring the quality of the tests coming out of
each analyser in real time and without producing
too many problematic results at the time of error
detection. If a laboratory applies the MPFDC mod-
el by including data from several analysers, an er-
ror affecting all instruments can be detected faster
as the data stream to the system will increase.
However, if just one device from multiple devices
produces erroneous results, the erroneous results
may be diluted in the data generated from the
whole devices, causing the error detection time to
extend (31). In our study, data flowed from four au-
toanalysers. Using our error simulation, we simu-
lated a situation that could affect the results across
all four devices, namely, an analytical variation,
such as deterioration in water quality, inappropri-
ate ambient temperature, improper operating
temperatures, use of inappropriate calibrators or
internal quality control, problems with reagent
preparation, dilution errors, issues with the re-
agent lot, changes in reagent formulations by the
manufacturer, analytical shifts such as drift or shift
in calibration, using buffers with the wrong pH, or
deterioration in reagents and calibrators during
storage or use. The model can also detect preana-
lytical issues such as inappropriate centrifugation
and the detection of incompatible blood samples
from external centers (e.g., delayed centrifugation).
However, a common situation is that only one of
the four devices produces erroneous results, which
can lead to dilution of the erroneous results (31).
This is one of the major limitations of our study.
We did not perform the study on an analyser basis.
A key point here is that if the MPFDC is operated
without distinguishing between all devices in the
laboratory, erroneous results from only one device
may be diluted, leading to relatively late detection
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of the error. The number of autoanalysers included
in the model may also be important in determin-
ing the desired cutoff value for warnings. In the
MPFDC model, the cutoffs when the model is run
individually for each device may differ from those
when all devices in the laboratory are operated to-
gether. Similarly, if data flows from multiple devic-
es, increasing the block size for error detection
might be a consideration. In fact, we believe that
implementing our model on a device-by-device
basis would be more beneficial, as it would allow
for earlier error detection and could also directly
point to the source of the error (the analyser pro-
ducing the erroneous results). We have not yet
tested this in our study, but it could be tested in
future studies.

We implemented the MPFDC model in our hospi-
tal to the laboratory information system (LIS) (Nu-
cleus, Monad Software and Consultancy, Ankara,
Turkey), without the use of a middleware. Informa-
tion technology staff implemented the model into
the LIS within one month. In our hospital, the
MPFDC model operates independently of conven-
tional internal quality control as a supplementary
tool. A specificity of 86% equals to a false rejection
rate of 14% may be considered high for PBQC
studies. However, that performance is at level of
15% error. High sensitivity (96%) ensures minimal
risk of missing critical problematic events. In our
setting, this trade-off provides safer and more clin-
ically relevant performance. Moving percentage of
failed delta checks operates continuously in the
background, and when an alarm is triggered, a no-
tification is sent to mobile phones of three labora-
tory specialists. Upon receiving an alert via SMS
notification, patient results are immediately evalu-
ated by the in-charge laboratory specialist for that
day. Data are retrieved via LIS in one minute, and
we can transfer it to Excel and filter by analyser to
see if violations are arising from one analyser. To-
tally, this process is completed in 5 minutes. After
evaluating the patient results on a device-specific
basis, and, if deemed necessary, quality control is
performed on the relevant device or devices. Also,
in future we are planning to do separate analyser
monitoring from LIS. Now, we only do separate
monitoring by filtering the data, after alarm arises.

Biochem Med (Zagreb) 2026;36(3):030701

The reasons for our ATed being relatively high
compared to MTed might be the lower frequency
of blood sample arrivals at the laboratory during
the night shifts and the skewed distribution of
time until error detection. In addition, patients
presenting at night and weekends are more prob-
able to be emergent first time-presenting patients
and therefore less probable to have previous re-
sults and caused higher detection times. In fact,
considering that we receive a continuous flow of
patient results from four devices, and that approxi-
mately 1100 creatinine tests are processed within
an 8-hour period, we believe that the ANPed,
MNPed, ATed, and MTed values are quite good.
The number of samples received per hour decreas-
es significantly during the night shift, particularly
between 1:00 AM and 6:00 AM. The difference be-
tween ATed and MTed stems from the longer error
detection times during periods of relatively low
sample flow, such as after midnight.

An interesting finding of our study is the differenc-
es were observed in the model’s performance
when positive and negative errors were applied.
This may be due to interventions such as treatment
or hydration, patients coming in groups from spe-
cific clinics, or shifts too small to be detected by in-
ternal quality control, which minimally impact the
data. The literature also notes that whether the ap-
plied error is positive or negative can affect error
detection in various parameters (5).

However, there are several limitations of applying
PBQC. There is growing interest in PBQC; never-
theless, there are currently still several drawbacks
to widespread implementation of PBQC (32).
Knowledge of statistics and particular abilities of
LIS and middlewares are crucial to optimise and
implement a PBQC model. Therefore, when de-
signing models, it is important that they are rela-
tively simple, feasible and pragmatic. Another limi-
tation is that our model might have suffered from
the “population problem” like any other PBQC
techniques (5). Variations in the population by
time of day, week or month according to specific
clinics (nephrology, oncology, pediatrics) due to
phlebotomy schedules may not be distinguished
from analytical shifts. When applying PBQC, data
from particular clinics may be excluded, but this
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approach may cause a reduction in the data, thus
may lag the detection of error. In our study, there
were no exclusions based on age or location/ward
except dialysis clinic. Thus, we enabled the system
to evaluate more patient results. Methods such as
truncation limits may reduce the impact of popu-
lation variation (5). Since the number of patients
arriving daily is quite high, meaning we are a large-
scale hospital, we had the opportunity to perform
truncation for those with creatinine results < 27
and > 362 umol/L. A limitation of this study is the
lack of daily inter-instrument comparability assess-
ment. Although identical analytical platforms, re-
agents, and methods were used, a formal inter-in-
strument comparison was not performed. There-
fore, potential minor instrument-specific biases re-
lated to calibration, maintenance conditions, or
operator variability could not be excluded. Never-
theless, analytical performance was continuously
monitored through internal QC materials run at
two-hour intervals for each analyser. In addition,
for each instrument, internal quality control means
and SD values, instrument CVs, and median values
of patient results were presented as supportive in-
dicators of analytical stability.

For measurands, the PBQC models are not one-
size-fits-all (33). It would be useful to develop
unique and distinct PBQC models for each mea-
surand considering factors such as the measur-
and’s analytical performance, Il, and whether the
analyte results are normally distributed (5,33). If
delta check is used in a PBQC model, the perfor-
mance of the model may be affected by the pa-
tient population characteristics of the laboratory.
In choosing a PBQC model for an analyte, one
must first determine how the results for that mea-
surand are distributed. For instance, the MA meth-
od performs inadequately for creatinine and ALT,
which have right-skewed distributions (5). More-
over, for measurands with a low Il the delta check
implementation is substantial (14). Therefore, for
these measurands, a PBQC model that includes
delta check practices and is based on biological
variation may be valuable and should be imple-
mented in laboratories (32). Creatinine with a
skewed distribution and a low Il is suitable for our
model. In addition, an advantage of our model is

https://doi.org/10.11613/BM.2026.030701

that it does not require a transformation of the pa-
tient data. A limitation was that we could not com-
pare the performance of our model with another
model, such as MA or MM. Because the creatinine
data were already skewed, applying MA without
transformation was clearly not feasible:

Particularly for the laboratories performing au-
toverification, our model may be used as an alarm
system for detecting systematic errors in time. If
algorithms that enable the detection of irregular
analytical errors is already included in the autover-
ification model, it may be possible to integrate
MPFDC into the autoverification plan additionally.
In this way, under the guarantee of early aware-
ness of systematic error thanks to our model, this
may help broaden the autoverification range, au-
toverify the patients without previous results and
improve autoverification performance. Soon the
laboratory users will get more advanced PBQC op-
tions. In this context, we call on LIS and middle-
ware vendors to implement PBQC literature and
carefully evaluate the documents and spread-
sheets shared in literature (34). This will allow for
maximum security in autoverification applications,
thus improving patient safety.

In conclusion, MPFDC a novel RCV-based PBQC
model, has high sensitivity and rapid error detec-
tion. It evaluates the sustainability of analytical
performance quality by considering within-sub-
ject biological variation and detecting systematic
analytical errors. MPFDC may help as a gatekeeper
to support and assist autoverification systems for
detecting analytical errors. Particularly, the mea-
surands with a low Il are suitable for this model.
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