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Background: The evaluation of a prolonged activated partial thromboplastin time (APTT) traditionally relies on a diagnostic cascade,
including mixing studies to screen for inhibitors, specific factor activity assays, and specialized tests like lupus anticoagulant detection.
Activated partial thromboplastin time-based clot waveform analysis (CWA-APTT) has emerged as an optical technique that captures
the entire kinetic profile of clot formation, offering potential for enhanced diagnostic triage and monitoring. However, conventional
analysis of CWA-APTT parameters, particularly peak-related metrics, is confounded by variables like fibrinogen concentration,
limiting their specificity for accurately quantifying coagulation factor activity. Furthermore, the diagnostic utility of time-
distribution parameters remains underexplored, especially for distinguishing between factor deficiencies and phospholipid-dependent
inhibitors. This study aims to improve the correlation between peak-related parameters in APTT-based clotting curves and coagulation
factor activity through novel data analysis methods and to investigate the potential clinical utility of time-distribution parameters in
distinguishing sample types.

Methods: A total of 263 blood samples collected from patients with hemophilia A, hemophilia B, or lupus anticoagulant positivity
were used to perform CWA-APTT. Normalization methods were applied to process the characteristic parameters in CWA-APTT. Then,
the correlation between the processed peak-related parameters and coagulation factor activity was analyzed, and the ability of time-
distribution parameters to distinguish different sample types was investigated.

Results: Following normalization, peak-related parameters more accurately reflect coagulation factor activity. Time-distribution
parameters can also monitor coagulation factor activity and exhibit a certain degree of sample specificity. Combined analysis of time-
distribution parameters enhances the ability to distinguish sample types, achieving a higher concordance rate in curve feature
recognition compared to APTT correction tests.

Conclusion: This study innovatively explored new applications of CWA-APTT characteristic parameters. It was found that normal-
ization enables peak-related parameters to more accurately reflect coagulation factor activity, and multi-parameter combined analysis
can significantly enhance the ability of CWA-APTT to distinguish clinical samples.

Keywords: normalization, multi-parameter combination, coagulation, CWA-APTT

Introduction

Coagulation function indicators, such as prothrombin time (PT), activated partial thromboplastin time (APTT), and
thrombin time (TT), are critical clinical parameters for assessing patients’ risk of bleeding and thrombosis.' > However,
when these coagulation indicators are measured using automated coagulation analyzers based on the clotting method, the

results only reflect a single fixed time point and fail to capture the overall coagulation profile.*> Activated partial

https://doi.org/10.2147/I3GM.S579403 International Journal of General Medicine 2026:19 579403 |
Received: 5 November 2025 © 2026 Dong et al. This work is published and licensed by Dove Medical Press Limited. The full terms of this license are available at https://www.dovepress.com/terms.php
Accepted: 19 February 2026 A and incorporate the Creative Commons Attribution — Non Commercial (unported, v4.0) License (http://creati li /by-nc/4.0/). By accessing the work

{4
Published: 10 March 2026 you hereby accept the Terms. Non-commercial uses of the work are permitted without any further permission from Dove Medical Press lelted provided the work is properly attributed. For
permission for commercial use of this work, please see paragraphs 4.2 and 5 of our Terms (https://www.dovepress.com/terms.php).


http://www.dovepress.com/permissions.php
https://www.dovepress.com/terms.php
http://creativecommons.org/licenses/by-nc/4.0/
https://www.dovepress.com/terms.php
https://www.dovepress.com

Dong et al

thromboplastin time (APTT)-based clot waveform analysis (CWA) is a coagulation detection technology based on optical
principles. By analyzing changes in transmitted or scattered light during the coagulation process, it generates a clotting
curve and derives parameters such as the APTT clotting time (CT), maximum clotting reaction rate ([Minl) |and
maximum clotting acceleration rate ([Min2|) of the coagulation reaction.® APTT-based CWA has a wide range of
applications, including the diagnosis of coagulation abnormalities, monitoring of anticoagulant therapy, assessment of
thrombotic and hemorrhagic diseases, and research.”'°

CWA-APTT can be used for the early prevention and treatment of venous thromboembolism (VTE). Studies have
shown that the first and second derivatives of CWA-APTT can predict hypercoagulable states in patients.'"'? In
hemophilia, CWA-APTT parameters can effectively distinguish the clinical severity of the disease.'”'* When FVIII
concentration ranges between 0 and 100 IU/dL, CWA-APTT parameters such as CT, [Minl|, and [Min2| exhibit a strong
dose-dependent relationship with FVIII concentration.'” Additionally, the combined use of CWA-APTT and thrombin
generation assays can serve as an effective approach to differentiate coagulation disorders'® and identify the causes of
prolonged APTT."”

The characteristic parameters of clotting curves are primarily divided into two categories: peak-related parameters
and time-distribution parameters. The former is mainly used to describe changes in coagulation intensity, including peak
height, weighted average height, and curve average integral. The latter is primarily used to describe the temporal
distribution characteristics of the waveform, with skewness being the most representative. Peak-related parameters have
been widely applied, achieving notable results in areas such as assessing the severity of hemophilia and monitoring the
efficacy of hemophilia treatment. However, existing studies indicate that the correlation between clotting curve char-
acteristic parameters (e.g., peak-related parameters) and coagulation factor activity is generally not high, and they cannot
be directly used to evaluate coagulation factor activity. This study aims to enhance the correlation between peak-related
parameters and coagulation factor activity through new data analysis methods, with the goal of further improving the
clinical utility of these parameters. As for time-distribution parameters, there is currently limited research in this area.
This study seeks to explore their value in distinguishing sample types and monitoring factor activity.

Methods

Instruments and Reagents
CX-9000 fully automated coagulation analyzer and its complementary reagents and quality control materials (Mindray
Medical, Shenzhen, China).

Clinical Samples

A total of 263 blood samples, collected from hemophilia A, hemophilia B, or lupus anticoagulant positivity patients of
the Second Affiliated Hospital of Chongqing Medical University (From October 2023 to September 2024), were enrolled
in this study. Inclusion criteria for patients: Prolonged APTT, confirmed by diagnostic tests as hemophilia A, hemophilia
B, or lupus anticoagulant-positive patients. Exclusion criteria for patients: Insufficient sample volume or samples from
patients currently undergoing anticoagulant therapy.

Sample Processing

The collected blood samples were centrifuged at 1500-2000 x g for 10—15 minutes to separate the plasma. The obtained
plasma samples were then subjected to CWA-APTT testing using the CX-9000 fully automated coagulation analyzer. If
not tested immediately, the plasma samples could be aliquoted and stored at —80°C, with testing completed within 1
month to avoid repeated freeze—thaw cycles.

Data Processing and Analysis
The characteristic parameters of the activated partial thromboplastin time clot waveform analysis (CWA-APTT) can be
broadly classified into two categories: peak-related parameters and time-distribution parameters.
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Peak-related parameters primarily describe the intensity of enzymatic activity and include the peak (or valley) value,
the average area under the curve, and centroid Y. In particular, the peak of the first derivative curve corresponds to the
maximum thrombin generation rate.

Time-distribution parameters reflect the temporal characteristics of the coagulation process, including enzyme
activation and inactivation, and are represented by skewness, kurtosis, and centroid X.

The extraction of CWA-APTT characteristic parameters followed a systematic procedure. After the addition of APTT
reagents—comprising a contact activator, phospholipids, and calcium ions (Ca®")—to the plasma sample, changes in
transmitted light intensity within the reaction cuvette were continuously recorded. The resulting plot of transmitted light
intensity versus time constituted the coagulation reaction curve.

Subsequently, the absorbance difference curve was computed, and its first and second derivative curves were
obtained.

For parameter extraction, specific analysis ranges were defined. In the first derivative curve, the main analysis focused
on the peak region. In the second derivative curve, both the peak and valley regions were analyzed separately, denoted as
2nd-peak and 2nd-valley, respectively.

Each parameter was then calculated based on the selected region. For the first derivative curve, the peak (or valley)
value represented the maximum (or minimum) point of the curve, while the standard deviation quantified the dispersion
of the selected data points. The centroid X and centroid Y values were determined as the weighted averages of the
corresponding coordinates, analogous to the centroid calculation of a geometric shape bounded by the X-axis and the
derivative curve.

The average area under the curve was defined as the mean of the selected peak (or valley) values, providing a more
stable indicator than a single peak parameter.

The skewness and kurtosis parameters described the asymmetry and sharpness of the curve, respectively. For their
computation, deviations of each selected data point from the centroid X were calculated separately for the right and left
sides of the curve (denoted as A; and B;). The differences (A; — B;) were raised to the third power for skewness and to the
fourth power for kurtosis, and the mean value across all points was taken as the final statistic.

This analytical approach enabled quantitative characterization of both the magnitude and temporal distribution of
coagulation-related enzymatic activity in plasma samples.

Statistical Analysis

Continuous variables were summarized as mean = SD or median (IQR) based on their distribution; categorical variables
were summarized as counts (percentages). Normality was assessed with the Shapiro—Wilk test and variance homogeneity
with Levene’s test. Between-group comparisons of CWA-APTT parameters used one-way ANOVA with Tukey’s post-
hoc tests when assumptions were met or Kruskal-Wallis tests with Dunn’s post-hoc corrections; otherwise, Welch’s
ANOVA was applied when variances were unequal. Associations with coagulation factor activities were evaluated using
Pearson’s or Spearman correlation, as appropriate. Diagnostic performance was examined with ROC analysis, reporting
AUCs with 95% ClIs (DeLong method) and Youden’s J for threshold selection. Multiple comparisons were controlled
using the Benjamini—Hochberg false discovery rate. Two-sided P < 0.05 was considered statistically significant. Analyses
were performed in R (v4.3+) and/or SPSS (v26+); figures were generated in GraphPad Prism (v10).

Results

Application of Normalization Processing for Peak-Related Parameters

The primary purpose of parameter normalization is to reduce interference from other factors on the parameters. Taking
the first derivative curve as an example, the absorbance of the coagulation reaction curve (or the change in light
transmittance for some instruments) is positively correlated with the fibrinogen (FIB) content in the sample. The peak
value of the first derivative curve is generally considered to be related to the activity of thrombin in cleaving FIB.
Therefore, peak-related parameters are associated with both thrombin activity and FIB concentration. Normalization
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Figure | Schematic diagram of first derivative parameters of the coagulation curve. After obtaining the aforementioned curve characteristic parameters, diagnostic
information, coagulation factor activity, and curve characteristic parameters were consolidated in Excel. The correlation between clinical indicators and curve characteristic
parameters was statistically analyzed to evaluate the potential clinical value of individual parameters or multi-parameter combinations. Arrow indicated Centroid point.

processing can minimize the influence of FIB, thereby enhancing the correlation between peak-related parameters and
coagulation factors (Figure 1).

Following the conversion of the light transmittance curve to an absorbance curve (Y-axis: absorbance; X-axis: time),
normalization was performed to minimize the confounding effect of FIB concentration on peak-related parameters. This
was achieved by linearly rescaling the absorbance values of each sample’s curve. Specifically, the original minimum and
maximum absorbance values of a given curve were mapped to a standardized range (eg., O to 1, representing the baseline
and plateau phases of clot formation, respectively) using a simple linear scaling transformation. The transformation
coefficients derived from this operation were then applied to all relevant data points (eg., peak height) within that
sample’s derivative curves to generate normalized parameters. This process effectively corrects for inter-sample varia-
tions in FIB concentration, allowing the normalized peak parameters to more directly reflect thrombin activity. The
resulting normalized values are presented in Table 1. By analyzing the CWA-APTT data from samples of hemophilia A/
B patients and lupus anticoagulant-positive patients, we found that normalization processing enables peak-related
parameters to more accurately reflect coagulation factor activity. As shown in Figures 2A and B, in hemophilia
B patient samples, the peak value of the first derivative curve gradually decreased with the reduction in coagulation
factor activity (Figure 2A and C). After normalization, not only did the trend become more pronounced, but the

correlation also became more significant (Figure 2B and D).

Table | Normalized Processing of Peak-Related Parameters and Time-Distribution Parameters

Sample Type Peak-Related Parameters Time-Distribution Parameters
Peak Standard Center of Area Under Skewness Kurtosis Center of
value Deviation Gravity Y the Curve Gravity X
Hemophilia A Normalized value 0.63 0.62 0.63 0.62 0.58 0.12 0.53
Raw value 0.22 0.22 0.24 0.23 0.58 0.12 0.53
Hemophilia B Normalized value 0.82 0.82 0.79 0.79 0.10 0.63 0.73
Raw value 0.38 0.28 0.28 0.28 0.10 0.63 0.73
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Figure 2 Correlation between peak-related parameters and coagulation factor activity. (A-D) Effect of normalization on the correlation between peak height parameters
and coagulation factor activity (Hemophilia (A and B), and some of them have inhibitors).

Analysis of Time-Distribution Parameters in Different Sample Types
Further analysis of the derivative curves demonstrated that time-distribution parameters are also capable of reflecting
coagulation factor activity (Figures 3A—C), including centroid X of the first derivative curve, kurtosis of the first
derivative curve, and centroid X of the second derivative curve, among others. Unlike peak-related parameters, time-
distribution parameters are not influenced by fibrinogen (FIB) concentration. Consequently, no significant differences
were observed between the original and normalized time-distribution parameters (Figure 3D). This stability suggests that
time-distribution parameters provide more robust and reliable information in CWA-APTT analysis.

Among the second derivative parameters, the skewness of the trough curve in hemophilia A and B samples showed
a positive skew compared to normal samples, while samples from lupus anticoagulant-positive (LA) patients and
hemophilia A with inhibitors exhibited both positive and negative skewness (Figure 4A). The kurtosis of the second
derivative trough curve remained largely unchanged in hemophilia B and mild/moderate hemophilia A but showed
a positive shift in severe hemophilia A, hemophilia A with inhibitors, and LA samples (Figure 4B). The centroid X of
the second and third derivative trough curves showed almost no overlap between hemophilia A, hemophilia B, and
normal samples, while LA and hemophilia A with inhibitors samples exhibited both positive and negative skewness
(Figure 4C and D).
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Figure 3 Correlation between time-distribution parameters and coagulation factor activity. (A—C) Correlation between time-distribution parameters and coagulation
factor activity (Hemophilia (B)), (A) centroid X of Ist curve, (B) kurtosis of Ist curve, (C) centroid X of 2nd curve. (D). Under normal distribution, the skewness equals to
0 and the kurtosis equals to 1.5 (B). Difference between original and normalized parameter.

A summary of the characteristics of time-distribution parameters in different sample types is presented in Table 2.
These findings suggest that derivative analysis of time-distribution parameters may be useful for distinguishing between
different disease samples. For example, those curve characteristics are observed: skewness and kurtosis of the second
derivative valley curve are not changed, and centroid X of the third second peak curve is increased, then this sample is
about HA (mild/moderate) or HB, and severe HA and HA with inhibitors are ruled out. However, there is a very difficult
question: how to separate LA samples from others?

Combined Analysis of Time-Distribution Parameters Enhances Sample Type

Differentiation

Since the characteristics of CWA-APTT parameters vary across different sample types, multi-parameter combinations
can be used to enhance the ability to differentiate between sample types. Firstly, multiple parameter combinations can
distinguish LA samples from other samples, and two of them are shown in Figure 5. Parameter combination group A is
equivalent to the sum of the skewness and kurtosis of the 2nd derivative valley curve (Figure 5A), and parameter
combination group B is equal to the difference between the centroid X of the 2nd derivative valley curve and centroid
X of the 3rd derivative peak curve (Figure 5B). Above parameter distributions of LA samples are wide, and a large
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Figure 4 Characteristics of time-distribution parameters in different sample types. (A) Skewness of the second derivative valley curve; (B) Kurtosis of the second derivative
valley curve; (C) Centroid X of the second derivative valley curve; (D) Centroid X of the third derivative peak curve; Yellow lines represent normal samples. Blue dots
represent diseased samples, where HAI/HA2/HA3 represents Hemophilia (A) mild, moderate, and severe, in which inhibitors are less than 0.6 BU, HA2/HA3 represents
Hemophilia (B) moderate, and severe, HA-inh-Low&High represents Hemophilia A with Low or High titer inhibitor, and LA represents Lupus Anticoagulant. The red box
indicates normal reference interval.

overlap area with other samples. As shown in Figure 5A and B, parameter distributions of LA samples are compressed
and become very small. Then, some parameter combinations are selected to enhance the difference among different
samples to set up critical values more accurately. The sum of the skewness and normalized peak value of the 2nd
derivative valley curve is set as parameter combination group C (Figure 5C), which makes Hemophilia A&B samples

Table 2 Summary of Characteristics Analysis of Time-Distribution Parameters in Different Samples

Parameter Mild/Moderate | Severe HA HA with Inhibitors Moderate/Severe LA

HA HB
Skewness of the second derivative valley curve Unchanged/ Increased Decreased/ Unchanged/increased | Decreased/

increase unchanged/increased unchanged/increased
Kurtosis of the second derivative valley curve Unchanged Unchanged / Unchanged /increased | Unchanged Unchanged/increased

increased
X-coordinate of centroid for the 2nd and 3rd Increased Increased Increased Increased Decreased/
derivative valley curves unchanged/increased
International Journal of General Medicine 2026:19 htps:
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Figure 5 Characteristics of parameter combinations in different sample types. (A) the sum of the skewness and kurtosis of the 2nd derivative valley curve, (B) the difference
between the centroid X of the 2nd derivative valley curve and centroid X of the 3rd derivative peak curve, (C) the sum of the skewness and peak value of the 2nd derivative
valley curve, and (D) the difference between the skewness of the Ist derivative curve and 2nd derivative valley curve. The red box indicates normal reference interval.

more different from the normal samples. The difference between the skewness of the Ist derivative curve and 2nd
derivative valley curve is considered as parameter combination group D (Figure 5D), and most values of Hemophilia
A&B samples are negative, while most values of LA samples are positive.

Yellow lines represent normal samples. Blue dots represent diseased samples, where HA1/HA2/HA3 represents
Hemophilia A: mild, moderate, and severe, in which inhibitors are less than 0.6 BU, HA2/HA3 represents Hemophilia B:
moderate, and severe, HA-inh-Low&High represents Hemophilia A with Low or High titer inhibitor, and LA represents
Lupus Anticoagulant.

Furthermore, a judgment process used to distinguish sample types is designed. At first, some representative
parameters are selected. Centroid X of the 2nd derivative valley curve or 3rd derivative peak curves is used to divide
into normal samples and others. Parameter combination group A, the sum of the skewness and kurtosis of the 2nd
derivative valley curve, is selected to separate LA samples from others. Kurtosis of the 2nd derivative valley curve is
taken as the flag of Severe HA or HA with inhibitors. Critical values of those parameters are shown in Table 3. If the
sample value is bigger than critical value, it will be marked as “+” (positive); otherwise, it’s marked as “-” (negative), and
the decision logic is shown in Table 4. From the concordance rates shown in Table 5, it can be seen that the above multi-

parameter combination can effectively differentiate between sample types. Concordance rates in all sample types are over
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Table 3 Critical Values of Three Parameters

Centroid X of the 2nd

Derivative Valley Curve

Centroid X of the 3rd
Derivative Peak Curves

Kurtosis of the 2nd
Derivative Valley Curve

Parameter

Combination Group A

Critical value

75

65

—0.15

1.60

Table 4 Judgment Logic of Three Parameter Combinations

Centroid X of the 2nd Derivative
Valley Curve or 3rd Derivative Peak Curves

Kurtosis of the 2nd
Derivative Valley Curve

Parameter Combination
Group A

Interpretation Result

+

+

+

+

Severe HA or inhibitor-positive
LA

Severe HA or inhibitor-positive

- Mild/moderate HA or HB

- / / LA or normal

Notes: + indicates positive, - indicates negative.

Table 5 The Judgment Coincidence Rate of Three Parameter Combinations in Distinguishing Different Sample Types

CWA-APTT Judgment Concordance
Mild/Moderate Severe LA Rate
HA or HB HA £ Inhibitors
Clinical diagnosis conclusion Mild/moderate HA 83 5 2 92.2%
HB 23 3 | 85.2%
Severe HA 8 30 2 75.0%
HA with inhibitors 3 24 2 82.8%
LA 17 | 59 76.6%
Overall concordance rate 83.3%
Concordance rate between LA and Hemophilia Samples 90.5%

75%, and this is over 90% for Mild/moderate HA, which almost reaches the level of the APTT mixing test. And
concordance rate between LA and Hemophilia Samples is up to 90.5%, which is important for distinguishing the risk of
bleeding or thrombosis.

Discussion
Since the International Society on Thrombosis and Haemostasis (ISTH) recommended the clinical application of CWA in
2013, an increasing number of studies have focused on the use of CWA in various diseases.®'® However, the peak-related
parameters derived from existing analytical methods lack specificity. Whether due to coagulation factor deficiency, LA
positivity, or the use of anticoagulant drugs, all can lead to a reduction in peak height.'® This restricts the applicability of
peak-related parameters primarily to monitoring disease severity in known sample types, such as the severity of
hemophilia.?® Additionally, previous studies have shown a trend of correlation between peak-related parameters and
coagulation factor activity, but the correlation is not strong. This is related to the influence of FIB on peak-related
parameters.?' Therefore, the characteristic parameters of CWA-APTT have not been fully utilized.'*? In this study, we,
for the first time, eliminated the interference of FIB concentration on peak-related parameters through normalization. The
normalized peak-related parameters demonstrated a higher correlation with coagulation factor activity, providing an
important theoretical basis for the clinical use of peak-related parameters to assess coagulation factor activity.
Time-distribution parameters focus on describing the changes in enzymatic reaction rates, with representative
parameters including skewness, kurtosis, and centroid X. Clinical application of these parameters remains limited.
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Taking the first derivative curve as an example, it primarily describes the efficiency of thrombin in cleaving FIB. As
shown in Figure 1, the left side of the curve represents the gradual activation of thrombin, with a high concentration of
FIB, where the reaction rate is mainly limited by thrombin activity. The right side of the curve represents the rapid
generation of thrombin, with the concentration of FIB decreasing as it is converted to fibrin, where the reaction rate is
mainly limited by the remaining FIB concentration. Different sample types exhibit significant differences in the reaction
rates on both sides—hemophilia A and B samples lack intrinsic coagulation factors, resulting in a slow thrombin
generation process and thus predominantly showing left skewness (defined here as negative skewness). Samples from
patients taking anti-Ila drugs have thrombin binding sites occupied, preventing thrombin from cleaving FIB for an
extended period (prolonged baseline phase). Once the anti-Ila drugs are depleted, FIB is rapidly cleaved, causing the
curve to skew right (defined here as positive skewness). LA samples contain phospholipid antibodies that interfere with
the entire coagulation process, resulting in a mean skewness close to 0, with significant variability and a wide range of
positive and negative skewness values. Therefore, time-distribution parameters exhibit certain specificity across different
sample types. They can not only be used to monitor coagulation factor activity (eg., in hemophilia A and B samples,
parameters such as centroid X and kurtosis show significant correlations with coagulation factor activity) but also to
differentiate sample types. In this study, we sequentially analyzed the ability of single time-distribution parameters and
multi-parameter combinations to differentiate between sample types. We found that multi-parameter combinations can
better distinguish sample types, with a differentiation capability comparable to that of the APTT mix test, while offering
the advantage of simpler operation. For medical institutions that do not perform coagulation factor activity testing,
CWA-APTT parameters can be used to effectively identify hemophilia patients, reducing medical costs and associated
risks.

The limitations of this study are as follows: First, the curve feature analysis has poor identification ability for HA with
inhibitors samples, mainly due to the inability to perform time-dependent analysis. Therefore, using curve features to
identify time-dependent disease samples is less accurate than APTT mix test. Second, this study only analyzed the
differences in CWA-APTT parameters in hemophilia patients and lupus-positive patients, and did not apply these
parameters to other diseases. A 2021 study showed that CWA-APTT can reveal subtle changes in the hemostatic system
after major hepatobiliary and pancreatic surgeries.”® Future research could expand the analysis methods and application
of these parameters to the diagnosis and treatment of other diseases. Finally, this study only analyzed CWA-APTT
parameters and did not combine them with other coagulation curve parameters. A 2024 study on coagulation curves
demonstrated that CWA analysis based on APTT and PT is a valuable tool for evaluating bleeding tendencies in acute
promyelocytic leukemia (APL), providing a new method for assessing systemic hemostasis, predicting bleeding risk, and
improving APL patient management.* Future research could comprehensively analyze different coagulation curve
parameters to offer new insights into the diagnosis and treatment of thrombotic and hemostatic disorders.

In summary, this study effectively improved the correlation between coagulation curve parameters and coagulation
factor activity by standardizing the absorbance curve. It also found that time-distribution parameters are correlated with
coagulation factor activity and can identify the severity of hemophilia. Different types of plasma samples exhibit
significant differences in time-distribution parameters, and multi-parameter combinations can be used for sample type
differentiation. This study provides new ideas and methods for better utilizing CWA-APTT parameters in clinical
practice.

Conclusion

This study proposes a new approach to applying APTT coagulation curve characteristic parameters. Normalization
processing enables peak-related parameters to more accurately reflect coagulation factor activity, and multi-parameter
combined analysis enhances sample type differentiation. This provides a new strategy for utilizing APTT coagulation
curve characteristic parameters in clinical practice: first, combining time-distribution parameters to differentiate sample
types, and then using peak-related parameters to monitor disease severity.
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