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Abstract

Takayasu arteritis (TAK) is a rare, chronic large vessel
vasculitis that primarily affects young patients, leading to
arterial wall thickening, stenosis, or occlusion with
potentially severe complications. Computed tomography
angiography (CTA) is a key diagnostic tool but involves
risks due to contrast media and radiation, particularly in
young populations. This study aimed to develop and
evaluate a decision tree model using routine laboratory
biomarkers to predict lower extremity arterial abnormalities
detected by CTA in young patients suspected of TAK. We
retrospectively analyzed 194 patients under 40 years old
with lower limb CTA and comprehensive laboratory data,
excluding confounding comorbidities. Ten laboratory
parameters including hs-CRP, LDH, HDL, creatine kinase,
coagulation factors, IL-6, ESR, and albumin were

incorporated into a decision tree classifier. The model
achieved 80% accuracy, sensitivity, and specificity in
internal cross-validation. External validation on 20 patients
showed 80% accuracy, outperforming an expert radiologist's
55% accuracy based on laboratory data alone (p < 0.05).
Albumin was the only individual biomarker significantly
different between groups, highlighting the utility of
integrating multiple biomarkers rather than relying on single
parameters. The decision tree model offers a transparent,
noninvasive, and safer adjunct or alternative to CTA for
early detection of arterial involvement in young TAK
patients, potentially reducing unnecessary imaging and
associated risks. Further prospective multicenter validation
is warranted to confirm its clinical applicability and
integration into diagnostic workflows.
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Background

Takayasu arteritis (TAK) is a rare, chronic, progressive, large vessel vasculitis characterized by granulomatous inflammation
targeting the aorta and its major branches. The disease leads to fibrosis and thickening of the arterial wall, resulting in stenosis,
occlusion, or aneurysmal dilatation of affected vessels. These vascular changes compromise blood flow and oxygen delivery to
critical organs such as the brain, heart, and kidneys, potentially causing life-threatening complications 4],

According to the Global estimates, TAK incidence is around 0.5-2 per million, but regional differences are substantial with
higher burden consistently been reported in East and Southeast Asia and among individuals of Asian descent and African
populations, while European and American cohorts show lower yet non-negligible rates 571, The disease most often manifests
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in women, with female-to-male ratios frequently in the 3:1
to 4:1 range, and onset commonly occurs before age 40 &7,
This epidemiological pattern underscores the global
relevance of TAK in young adults and supports the need for
external validation of predictive tools across diverse cohorts.
The American College of Rheumatology (ACR) criteria for
TAK, established in 1990, emphasize onset at or before 40
years of age, symptoms such as limb claudication, and
imaging evidence of vascular abnormalities including
stenosis or occlusion of major arteries [l Imaging
modalities remain central to diagnosis and disease
monitoring. Among these, computed tomography
angiography (CTA) has become a widely accepted method
for evaluating large vessel pathology owing to its ability to
visualize vessel lumen, wall thickening, and vascular
calcifications with high spatial resolution [ 1%, Although
primarily used for diagnosing peripheral artery disease
(PAD) in elderly patients, such as those with atherosclerosis
or diabetes mellitus, lower limb CTA is optionally employed
to screen for arteritis in selected young patients [!-1],
However, despite its diagnostic utility, CTA has several
important limitations that restrict its use in certain patient
populations. The requirement for iodinated contrast media
can exacerbate renal impairment, making CTA
contraindicated in patients with renal insufficiency [ 17,
Additionally, ionizing radiation exposure during CTA has
cumulative risks, particularly in young and potentially fertile
patients, which necessitates caution and limits its repeated
use U518 191 These concerns underscore the importance of
identifying alternative or adjunctive diagnostic approaches
that are noninvasive, safe, and cost-effective, especially in
young patients suspected of TAK or other forms of large
vessel vasculitis.

Laboratory tests in TAK often reveal nonspecific
inflammatory and hematological abnormalities, such as
elevated erythrocyte sedimentation rate, C-reactive protein,
and alterations in coagulation and lipid profiles 2% 2!, While
these markers provide useful clues about disease activity,
their sensitivity and specificity for arterial involvement
remain limited when used individually > 2227, To date,
limited studies have systematically explored the relationship
between routine laboratory parameters and imaging findings
on lower extremity CTA in young patients suspected of
TAK. Given recent advances in machine learning, there is
an emerging opportunity to integrate multiple laboratory
findings into predictive models that can noninvasively
estimate vascular status ?® 21, Decision tree algorithms, in
particular, offer transparent and interpretable classification
tools suitable for clinical decision support, even in relatively
small datasets % By combining various laboratory
parameters, such models hold promise for accurately
predicting CTA outcomes, potentially reducing the need for
invasive or radiation-exposing imaging examinations.

In this study, we investigated the feasibility of using a
decision tree model based on multiple laboratory findings to
predict the presence of arterial abnormalities detected by
lower extremity CTA in young patients. Our approach aims
to provide a novel, safer, and more accessible diagnostic
tool to assist clinicians in managing TAK and related
vascular diseases, ultimately helping to minimize reliance
on contrast-enhanced imaging and its associated risks.
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Methods

Study Design and Population

This retrospective study enrolled a total of 194 patients who
underwent lower limb CTA at Tongji Hospital between
January 2020 and December 2023. This included patients
less than 40 years, with lower limb CTA images and
complete laboratory results, including blood routine, blood
biochemistry, coagulation profile, and interleukin-6 (IL-6),
within one week of imaging. Patients with comorbidities
such as diabetes mellitus, renal insufficiency, tuberculosis,
or malignancy were excluded from the study to reduce
confounding conditions affecting vascular status or
laboratory parameters.

Imaging and Diagnostic Classification

Lower limb CTA examinations were performed using a
standardized protocol with iodinated contrast agents. An
experienced radiologist with over 20 years in PAD diagnosis
independently reviewed all CTA images, including source
and reconstructed data. The radiologist was blinded to the
clinical and laboratory information. Based on arterial
findings, patients were classified into two groups: normal
lower limb arteries and diseased arteries characterized by
arterial wall thickening or luminal occlusion.

Laboratory Data Collection

Laboratory data collected included hyper-sensitive C-
reactive protein (hs-CRP), lactic dehydrogenase (LDH),
high-density  lipoprotein ~ (HDL), creatine kinase,
prothrombin activity (PTA), fibrinogen (FIB), activated
partial thromboplastin time (APTT), IL-6, ESR, and
albumin (ALB). All blood tests were performed using
standard automated analyzers in the hospital clinical
laboratory. Values closest to the time of the CTA study were
used.

Decision Tree Model Development

A decision tree classifier was developed to predict the
presence of lower limb arterial disease based on the ten
selected laboratory biomarkers. All features were included
simultaneously to account for potential interactions. Model
training and validation were conducted using Python with
the scikit-learn library. The decision tree was configured
with a maximum depth of 7, a minimum of 10 samples
required to split an internal node, a minimum of 5 samples
per leaf node, and a maximum of 10 leaf nodes to avoid over
fitting while maintaining interpretability. A fixed random
seed ensured reproducibility.

Model Evaluation and External Validation

Model performance was primarily assessed by accuracy
computed from confusion matrices on internal validation
sets obtained via cross-validation. Sensitivity and specificity
metrics were also calculated to evaluate diagnostic
performance. To validate generalizability, the trained model
was applied to an external cohort of 20 patients (10 normal
and 10 diseased), independently evaluated by the radiologist
using laboratory findings alone. Comparative accuracy,
sensitivity, and specificity between the decision tree model
and radiologist predictions were statistically compared using
Chi-square tests.
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Statistical Analysis

Continuous variables were first assessed for normality using
the Shapiro-Wilk test. Normally distributed data were
reported as mean =+ standard deviation, while non-normally
distributed data were expressed as median with interquartile
ranges (IQR). Comparisons between groups were conducted
using the two-sample t-test for normally distributed
variables and the Mann-Whitney U test for non-normal
distributions. A p-value less than 0.05 was considered
statistically significant.

Results

Patient Demographics

A total of 194 patients were enrolled, with 100 patients
classified in the normal lower limb artery group (Group A)
and 94 patients in the diseased group exhibiting arterial wall
thickening or occlusion (Group B). The two groups showed
no statistically significant differences in age or gender
distribution (p > 0.05), ensuring comparability of baseline
demographic characteristics.

www.multiresearchjournal.com

Table 1: Baseline Demographic characteristics of patients by
arterial group

Characteristics Group A (Normal Group B (Diseased | p-
Artery) Artery) value
Number of patients 100 94 -
Age Comparable  |[Comparable between ~0.05
between groups groups
Gender distributionl Comparable  |Comparable between ~0.05
between groups groups

Laboratory Findings

Comparison of laboratory parameters between the two
groups revealed a significant difference in ALB levels, with
Group A showing 40.5 + 7.1 g/L and Group B showing 42.6
+ 6.7 g/L (p = 0.012). Other laboratory tests, including hs-
CRP, LDH, HDL, CK, PTA, FIB, APTT, IL-6, and ESR,
did not differ significantly between groups (p > 0.05).
Nonetheless, these features had relatively lower p-values
compared to other laboratory indicators, suggesting some
discriminatory potential.

Table 2: Comparison of Laboratory Findings Between Groups

Laboratory Parameter Normal Group (mean + SD) Diseased Group (mean + SD) | P-value
Albumin (ALB) 40.5+£7.1 g/L 42.6+6.7¢g/L 0.012
hyper-sensitive CRP (hs-CRP) No significant difference >0.05
Lactic dehydrogenase (LDH) No significant difference >0.05
High density lipoprotein(HDL) No significant difference >0.05
Creatine kinase (CK) No significant difference >0.05
Prothrombin activity (PTA) No significant difference >0.05
Fibrinogen (FIB) No significant difference >0.05
Activated partial thromboplastin time (APTT) No significant difference >0.05
Interleukin-6 (IL-6) No significant difference >0.05
Erythrocyte sedimentation rate (ESR) No significant difference >0.05

Decision Tree Model Performance

A decision tree model incorporating ten laboratory
biomarkers (hs-CRP, LDH, HDL, CK, PTA, FIB, APTT,
IL-6, ESR, and ALB) was developed. Internal validation
demonstrated an overall accuracy of 80%, with both
sensitivity and specificity reaching 80%, indicating balanced
predictive capability for detecting arterial disease versus
normal findings based on laboratory data.

(APTT=1.181
entropy = 0.999
156

PTA() = 0827

gl

]
S
s
=[5, 1
e

Fig 1: The decision tree based on laboratory findings for predicting
lower extremity CTA result

Table 3: Decision Tree Model Performance in Internal Validation

Metric Value (%)
Accuracy 80
Sensitivity 80

\ Specificity | 80

External Validation and Radiologist Comparison
Applying the model to an external dataset of 20 cases (10
normal and 10 diseased), the decision tree correctly
predicted 16 cases, achieving 80% accuracy. In comparison,
a radiologist's predictions based solely on laboratory
findings reached 55% accuracy, which was significantly
lower than the model's performance (p < 0.05). The
radiologist’s sensitivity and specificity were 60% and 50%,
respectively, both substantially lower than the decision tree
model’s corresponding metrics.

Table 4: Model vs. Radiologist Performance on External Dataset

(n=20)

Metric Decision Tree (%) | Radiologist (%) | P-value
Accuracy 80 55 <0.05
Sensitivity 80 60 -
Specificity 80 50 -

Discussion

This study investigated the feasibility of using a decision
tree model based on multiple laboratory biomarkers to
predict the results of lower extremity CTA in young patients
suspected of TAK. The model achieved encouraging
accuracy of 80% in internal validation and demonstrated
superior predictive performance on an external dataset
compared to an experienced radiologist relying solely on
laboratory findings. These findings suggest that the
integration of routine laboratory tests into an interpretable
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machine learning framework holds promise as a non-
invasive diagnostic adjunct or alternate to CTA in selected
clinical situations, particularly in young patients where
imaging carries higher risks due to radiation exposure and
contrast-related nephrotoxicity ['>191,

Among the laboratory parameters studied, ALB was the
only biomarker that significantly differed between patients
with normal and diseased lower limb arteries. This aligns
with the recognized role of hypoalbuminemia as an indicator
of systemic inflammation and chronic disease severity,
which are key features in TAK pathogenesis B! 321, Although
other markers such as hs-CRP, IL-6, ESR, and coagulation
indices did not reach individual statistical significance, their
inclusion in the multivariate decision tree model improved
overall predictive accuracy. This highlights the complex
interplay of inflammatory and hematological factors in TAK
and underscores the value of integrating multiple biomarkers
over reliance on any individual parameter.

The decision tree approach highlighted notable advantages
as it easily interpretable results that -clinicians can
understand and apply, addressing a common critique of
more complex machine learning models lacking
transparency 331, Furthermore, it performed well on
relatively small datasets typical in rare diseases [,
making it feasible for clinical adoption without extensive
data collection. The model’s balanced sensitivity and
specificity indicate reliable discrimination between patients
with and without lower limb arterial disease on CTA. In
comparison, the radiologist’s accuracy based solely on
laboratory data was substantially lower, emphasizing the
added value of algorithmic integration of multi-parametric
laboratory data.

Clinically, this approach may reduce the need for CTA
examinations in young patients who are vulnerable to
radiation and contrast-related risks, offering a safer, cost-
effective preliminary screening tool. This is especially
relevant for patients with renal insufficiency or young
women concerned about fertility risks related to ionizing
radiation B%38 Moreover, it could be valuable in resource-
limited settings lacking ready access to advanced vascular
imaging, expanding diagnostic accessibility.

However, several limitations warrant consideration. The
moderate sample size and retrospective design may limit
generalizability, and larger, prospective multicenter studies
are needed. CTA was used as the reference standard instead
of vessel wall biopsy due to invasiveness, potentially
introducing diagnostic uncertainty. Additionally, continuous
laboratory values can be challenging to model effectively
using decision trees, suggesting exploration of other
machine learning methodologies or data transformations in
future research. Integration of clinical features, imaging
data, and longitudinal biomarker trends could further
enhance predictive performance.

Future directions should focus on validating the model in
larger, diverse cohorts and incorporating additional clinical
variables and imaging findings. Comparative studies with
other machine learning techniques and cost-effectiveness
analyses will help delineate the model’s role in clinical
practice. Development of user-friendly clinical decision
support tools embedding this model could facilitate real-
time risk stratification and personalized patient
management.

www.multiresearchjournal.com

Conclusion

The decision tree model based on multiple laboratory
findings demonstrated feasibility and promising accuracy in
predicting lower extremity CTA results in young patients
with suspected Takayasu arteritis. By effectively integrating
routine blood biomarkers, this approach offers a non-
invasive, interpretable, and potentially safer alternative to
CTA imaging for early detection and monitoring of lower
limb arterial involvement. Further prospective validation
and integration with clinical workflows are needed to fully
establish its clinical utility and potential impact on patient
care.

List of Abbreviations
Abbreviation Full Term
CTA CT angiography
ALB Albumin
hs-CRP hyper-sensitive C Reactive Protein
LDH Lactic Dehydrogenase
HDL High Density Lipoprotein
CK Creatine Kinase
PTA Prothrombin Activity
FIB Fibrinogen
APTT Activated Partial Thromboplastin Time
IL-6 Interleukin-6
ESR Erythrocyte Sedimentation Rate
TAK Takayasu Arteritis
PAD Peripheral Artery Disease
IQR Interquartile Range
Funding

The study was supported by the following funding: Natural
Science Foundation of Hubei Province (No. 2022CFB217)
and Open Program of Hubei Province Key Laboratory of
Molecular Imaging (2023fzyx022).

References

1.  Mruthyunjaya P, Misra R. Update on Takayasu arteritis:
Year in review 2024. Int J Rheum Dis. 2024; 27(9):1-8.

2. Johnston SL, Lock RJ, Gompels MM. Takayasu
arteritis: A review. J Clin Pathol, Jul 2002; 55(7):481-
486.

3. Setty N. Takayasu’s arteritis - a comprehensive review.
J Rare Dis Res Treat. 2017; 2(2):63-68.

4. Villa-Forte A. Takayasu Arteritis. Merck Manual, 2024.

5. Meng- YS, Xiao- M, Liang- D, Xiao- L, Ye S, Li T, et
al. Epidemiology of Takayasu arteritis in Shanghai: A
hospital- based study and systematic review. Int J
Rheum Dis, April 2021; 24:1247-1256.

6. Gudbrandsson B, Molberg @, Garen T, Palm O.
Prevalence, Incidence, and Disease Characteristics of
Takayasu Arteritis by Ethnic Background: Data From a
Large, Population-Based Cohort Resident in Southern
Norway. Arthritis Care Res. 2017; 69(2):278-285.

7. Guo S, Tian Y, LiJ, Zeng X. A Glimpse into Humoral
Response and Related Therapeutic Approaches of
Takayasu’s Arteritis. Int J Mol Sci. 2024; 25(12).

8. Perings C. The American College of Rheumatology
1990 Ceriteria for the Classification. Dtsch Medizinische
Wochenschrift. 1996; 121(38):1169-1175.

9. Barra L, Kanji T, Malette J, Pagnoux C. Imaging
modalities for the diagnosis and disease activity
assessment of Takayasu’s arteritis: A systematic review

847


http://www.multiresearchjournal.com/

International Journal of Advanced Multidisciplinary Research and Studies

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

and meta-analysis. Autoimmun Rev, Feb 2018;
17(2):175-187.

Aghayev A, Weber B, Lins De Carvalho T,
Glaudemans AWJIM, Nienhuis PH, Van Der Geest
KSM, et al. Multimodality imaging to assess diagnosis
and evaluate complications of large vessel arteritis. J
Nucl Cardiol [Internet], January 2024; 37:101864.
Available from:
https://doi.org/10.1016/j.nuclcard.2024.101864

Dai L, Zhou Q, Zhou H, Zhang H, Cheng P, Ding M, et
al. Deep learning-based classification of lower
extremity arterial stenosis in computed tomography
angiography. Eur J Radiol, January 2021; 136:109528.
Foley WD, Stonely T. CT Angiography of the Lower
Extremities. Radiol Clin North Am, Mar 2010;
48(2):367-396.

Varga-Szemes A, Wichmann JL, Schoepf UJ, Suranyi
P, De Cecco CN, Muscogiuri G, et al. Accuracy of
Noncontrast Quiescent-Interval Single-Shot Lower
Extremity MR Angiography Versus CT Angiography
for Diagnosis of Peripheral Artery Disease. JACC
Cardiovasc Imaging, Oct 2017; 10(10):1116-1124.
Piechocki M, Przewtocki T, Pienigzek P, Trystuta M,
Podolec J, Kablak-Ziembicka A. A Non-Coronary,
Peripheral Arterial Atherosclerotic Disease (Carotid,
Renal, Lower Limb) in Elderly Patients-A Review: Part
I-Epidemiology, Risk Factors, and Atherosclerosis-
Related Diversities in Elderly Patients. J Clin Med, Mar
2024; 13(5):1471.

Masuda T, Funama Y, Nakaura T, Imada N, Sato T,
Okimoto T, et al. CT Angiography of Suspected
Peripheral Artery Disease: Comparison of Contrast
Enhancement in the Lower Extremities of Patients
Undergoing and Those not Undergoing Hemodialysis.
Am J Roentgenol, May 2017; 208(5):1127-1133.
Pavlovica J, Srilekha A. Computed Tomographic
Angiography as the First Diagnostic Tool in the
Evaluation of Patients with Acute Limb Ischaemia: A
Narrative Review. Open J Med Imaging. 2022;
12(4):195-207.

Davenport MS, Perazella MA, Yee J, Dillman JR, Fine
D, McDonald RIJ, et al. Use of Intravenous lodinated
Contrast Media in Patients with Kidney Disease.
Kidney Med. 2020; 2(1):85-93.

Horehledova B, Mihl C, Milanese G, Brans R,
Eijsvoogel NG, Hendriks BMF, et al. CT Angiography
in the Lower Extremity Peripheral Artery Disease
Feasibility of an Ultra-Low Volume Contrast Media
Protocol. Cardiovasc Intervent Radiol, Nov 2018;
41(11):1751-1764.

Schiafer VS, Jin L, Schmidt WA. Imaging for
Diagnosis, Monitoring, and Outcome Prediction of
Large Vessel Vasculitides. Curr Rheumatol Rep, Nov
2020; 22(11):76.

Betrains A, Blockmans D. Diagnostic approaches for
large vessel vasculitides. Open Access Rheumatol Res
Rev. 2021; 13:153-165.

Alharthi AH, Al-Shehri SH, Albarqi MA, Alshehri MS,
Alshehri AM, Amer AM, et al. Laboratory Markers of
Inflammation: CRP and ESR in Clinical Practice. J Int
Cris Risk Commun Res [Internet]. 2024; 7(SE-
Articles):2376-2392. Available from:
https://jicrcr.com/index.php/jicrer/article/view/1233
Marvisi C, Bolek EC, Ahlman MA, Alessi H, Redmond

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

www.multiresearchjournal.com

C, Muratore F, et al. Development of the Takayasu
Arteritis Integrated Disease Activity Index. Arthritis
Care Res (Hoboken), Apr 2024; 76(4):531-540.
Peremans L, Twilt M, Benseler SM, Grisaru S, Kirton
A, Myers KA, et al. Real-World Biomarkers for
Pediatric Takayasu Arteritis. Int J Mol Sci, Jul 2024,
25(13):7345.

Shin DD, Godwin JE. Takayasu’s arteritis associated
with Factor V Leiden. Am J Hematol, Mar 1999;
60(3):237-238.

Haslak F, Yildiz M, Sahin S, Adrovic A, Barut K,
Kasapcopur O. Pediatric Takayasu Arteritis: A Review
of the Literature. Curr Pediatr Rev, Nov 2022;
18(4):243-250.

Aeschlimann FA, Twilt M, Yeung RSM. Childhood-
onset Takayasu Arteritis. Eur J Rheumatol, Jan 2020;
7(1):S58-S66.

Oura K, Yamaguchi Oura M, Itabashi R, Maeda T.
Vascular Imaging Techniques to Diagnose and Monitor
Patients with Takayasu Arteritis: A Review of the
Literature. Diagnostics, Oct 2021; 11(11):1993.
Katakura T, Shirai T. Positron Emission Tomography in
Takayasu Arteritis: A Review Including Patterns of
Vascular Involvement Across Modalities and Regions. J
Clin Med. 2025; 14(9).

Seetharam K, Bhat P, Orris M, Prabhu H, Shah J, Asti
D, et al. Artificial intelligence and machine learning in
cardiovascular computed tomography. World J Cardiol.
2021; 13(10):546-555.

Alizade-Harakiyan M, Khodaei A, Yousefi A, Zamani
H, Mesbahi A. Decision tree-based machine learning
algorithm for prediction of acute radiation esophagitis.
Biochem Biophys Reports [Internet], January 2025;
42:101991. Available from:
https://doi.org/10.1016/j.bbrep.2025.101991

Trinidad B, Surmachevska NLV. Takayasu Arteritis.
StatPearls  [Internet], 2025.  Available from:
https://www.ncbi.nlm.nih.gov/books/NBK459127/
Soeters PB, Wolfe RR, Shenkin A. Hypoalbuminemia:
Pathogenesis and Clinical Significance. J Parenter Enter
Nutr. 2019; 43(2):181-193.

Akram Abdulqader H, Mohsin Abdulazeez A. A
Review on Decision Tree Algorithm in Healthcare
Applications Hozan. Indones J Comput Sci [Internet].
2024, 13(2):284-301. Available from:
http://ijcs.stmikindonesia.ac.id/ijes/index.php/ijes/articl
e/view/3135

Schaefer J, Lehne M, Schepers J, Prasser F, Thun S.
The use of machine learning in rare diseases: A scoping
review. Orphanet J Rare Dis. 2020; 15:145.

Xing J. A Systematic Review of Decision Trees
Application in the. Applied-and-Computational-
Engineering. 2025; 202(1):47-55.

Article R. Coronary CT angiography: Current status and
continuing challenges. Br J Radiol, May 2012; 85:495-
510.

Ilyas H, Ali S, Ponum M, Hasan O, Mahmood MT,
Iftikhar M, et al. Chronic kidney disease diagnosis
using decision tree algorithms. BMC Nephrol. 2021; 22.
Chougule A, Joan M. Reproductive Healthcare and
Medicine lonizing radiation and reproductive health:
Impacts and mitigation strategies. J Reprod Healthc
Med. 2025; 6(6).

848


http://www.multiresearchjournal.com/

