144 Cexnus I. UHpopManmoHHbIe TEXHOJIOTHH U MOJETHPOBAHME

CKOJIBKO B pa3pa00TKe MpOJyMaHHBIX, MHOI'OYPOBHEBBIX APXUTEKTYp KOHTpois. Jlaib-
HEWIMe UCCIIe0BAaHMs JODKHBI OBITh COCPEIOTOUYEHBI Ha CO3/IaHUM METOJIHK, YIPOIIAr0-
IIUX [POEKTUPOBAHUE M BHeApeHHEe Takux «Guardrails» s 6€30MaCHOTO MPUMEHEHMS
LLM-areHTOB B IPOMBIILIJICHHBIX TPUIOKECHUSX.
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METHODOLOGY FOR ASSESSING THE ACCURACY
AND QUALITY OF LABELING AND SEGMENTATION
OF MRI IMAGES OF THE HUMAN LUMBAR SPINE
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This study proposes a unified evaluation framework for automated lumbar spine MRI
segmentation and level-wise labeling using public multi-center data [1]. The protocol assesses
detection/segmentation via mAP across loU thresholds (0.50-0.95), mask quality via Dice and 95 %
Hausdorff distance, and labeling accuracy on ROIls. It addresses cross-domain variations and
recommends engineering strategies like a two-stage cascade. This structured approach ensures
reproducibility and offers a stratified benchmark for future research.

Keywords: lumbar spine MRI, automated segmentation, level wise labelling, unified evalua-
tion, cross domain generalization.

METOAOJ1I0IMA OLLEHKM TOYHOCTU U KAYECTBA
MAPKUPOBKU U CETMEHTALUUUN USOBPAXEHUU MPT
NOACHUYHOI O OTAEJIA NO3BOHOYHUKA YENTOBEKA
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B Oannom uccredosamuu npeonosicena  yHUDUUUPOBAHHASL  cUCMEMA  OYeHKU  OJid
ABMOMAMUUPOBAHHOU CeeMeHmayuu u noyposHesol mapkupoeku MPT noschuunozo omoena
NO3B0OHOYHUKA C UCNHOIb308anuem obwedocmynuvix Oannvix [1]. Ilpednacaemas memoouxa
NO360151€M OYEHUMb JOKATUIAYUIO/Ce2MeHmayuio ¢ nomouvio mAP npu nopozogvix snauenusx loU
(0,50-0,95), xauecmeo macku no memody Haiica u 95%-nomy paccmosnuio Xaycoopga, a maxaice
MOYHOCIMb MAPKUPOBKU 8 0baacmsax unmepeca. B neii paccmompenvt mescoomennvie gapuayuu u
PEKOMEHOOBAHBL UHIICCHEPHBIE CIMpame2u, maxkue Kaxk 08yXcmyneHuamulii Kackad. mom cmpyK-
MYPUPOBAHHbIL HOOX00 0becnedusaem GOCHPOU3BOOUMOCHb U Hpedidzaem Cmpamuduyuposan-
HbLU OpueHmup 0 OYOYuUxX Uccied08anull.

KarwueBsbie cinoBa: MPT nosicHUYHOTO OTJela MO3BOHOYHHKA, aBTOMaTU3WPOBAHHAS CeET-
MEHTAITHs, MAaPKHUPOBKA TI0 YPOBHAM, YHUGDHUITMPOBAHHAS OIIEHKA, MEKIOMEHHOE 00001IeHNE.
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Deep learning for lumbar spine MRI analysis localizes, segments, and labels verte-
brae and discs to reduce manual workload and improve consistency [2]. While multistage
pipelines show promise, robustness across imaging centers and sequences remains
challenging. Public multi-center benchmarks, such as a dataset of 447 T1/T2 sagittal series,
provide reference segmentations and labels, enabling cross-domain evaluation. A unified
evaluation protocol is adopted: mAP over IoU thresholds from 0.50-0.95 for detection and
segmentation, combined Dice and 95% Hausdorff distance for mask quality, and region-
level accuracy for labeling. Following nnU-Net practices, standardized preprocessing and
training are implemented to ensure reproducibility and fair comparison.

1. Public Resources and Evaluation Benchmarks

The SPIDER [1] benchmark serves as the principal public resource for reproducible
research in lumbar spine MRI analysis. It comprises 447 T1/T2 sagittal series from 218
patients across four hospitals, providing reference segmentations for vertebral bodies,
intervertebral discs, and the spinal canal, along with level-wise annotations. The dataset
includes fixed training/validation splits and a held-out test set to facilitate fair cross-vendor
and cross-protocol comparisons. Additionally, a smaller multi-scanner dataset of 34 cases is
available for assessing cross-domain generalization. SPIDER is integrated with the Grand
Challenge platform, enabling online evaluation while keeping test labels confidential.

We adopt a standardized labeling taxonomy: vertebrae L1-L5 and discs from L1-L2
to L5-S1 [2, 3]. Ambiguity from lumbosacral transitional vertebrae is resolved using the
iliolumbar ligament as the anatomical landmark. To mitigate confounding effects from
pathology-induced boundary ambiguity, we emphasize precise boundary definitions and
recommend stratified performance reporting by sequence and scanner vendor.

2. Unified Evaluation Protocol

This study uses a consistent protocol: detection/instance segmentation use mAP
(0.50-0.95 IoU, plus 0.50/0.75 and per-class results); mask quality uses Dice and 95th-
percentile Hausdorff distance (by anatomy/level); level-wise labeling uses Top-1
accuracy/confusion matrix (vertebrae/discs separately). It follows COCO for detection.

Protocol details: patient-level splits (with IDs/seeds), specified preprocessing/aug-
mentation, class imbalance solutions (report per-class/overall results), domain shift quanti-
fication (by vendor/T1-T2), and released metric scripts/model info for reproducibility.

3. Cross-domain generalization: sources and strategies

In multi-center lumbar spine MRI, domain shift stems from acquisition (vendor,
T1/T2, resolution, etc.) and annotation (nomenclature/boundary inconsistencies). Results
should be stratified by vendor/sequence/resolution, with harmonized terminology.

Mitigation: two-stage cascade (high-recall detector + high-fidelity segmenter),
topology-aware postprocessing, class resampling/loss weighting (rare levels), test-time
augmentation. These boost cross-domain stability under unified reporting.

This study proposes a unified lumbar spine MRI evaluation framework using public
multi-center data, employing mAP (IoU 0,50-0,95) for detection/segmentation, Dice and
95 % Hausdorff distance for mask quality, and level accuracy within ROIs to quantify
domain shifts and enhance reproducibility. Future work should implement patient-level
splits, stratified reporting by vendor/sequence, and a two-stage cascade with topology-
constrained postprocessing, augmented by resampling for rare levels and test-time
augmentation. Subsequent studies should target per-class mAP > 0,80 and level accuracy
> 97 % using representative models to ensure clinically applicable results.
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This paper aims to describe a standardized reconstruction process for computational
biomechanical models of the human lumbar spine based on publicly available CT datasets. The
process begins with the geometric and topological information of the publicly available datasets
and proceeds through three sequential stages: data preprocessing, geometric model
reconstruction, and biomechanical modeling and simulation, ultimately generating a patient-
specific model suitable for simulation analysis. This paper systematically discusses the
fundamental role of publicly available datasets as data sources in the reconstruction process, and
proposes a series of methods for reconstructing computational models of the human lumbar spine.
This work provides a clear technical path for the reproducible construction of computational
lumbar spine models.

Keywords: model reconstruction, computational biomechanics, public dataset, process,
parameterization, validation.

NCCNEOOBAHUE METOOA PEKOHCTPYKUWUK 3D-MOOENN
NOACHUYHOIO OTAEJIA MNO3BOHOYHUKA YEJNTOBEKA
HA OCHOBE OBLUEAOCTYMNHbIX HABOPOB OAHHbIX
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Lenvio Oanmoii pabomel asngemca @Gopmaruzayus CMaHOAPMUIUPOBAHHO2O Npoyecca
PEKOHCMPYKYuU Ol 6bIYUCTUMENbHbIX  OUOMEXAHUYeCKUxX Mooenell NOSACHUYHO20 Oomoena
NO380HOYHUKA YeN08eKa Ha OCHOBe obujedocmynHulx Habopoe oannvix KT. [Ipoyecc nauunaemes c
popmuposanus 2ceomempuieckou U MONOIO2UYECKOU UHPOpMayuu 00uedoCmynubvlx Habopos
OAHHBIX U NPOXOOUM Yepe3 Mpu HOCIe008AMENbHBIX SMANA: Nped8apumenvHyly o0opabomxy
OGHHBIX, PEKOHCMPYKYUIO 2e0Mempuveckoll Mooenu u Ouomexanuieckoe MoOenuposaHue u
CUMYNAYUIO, 8 KOHEUHOM Umoze co30aeds CReyupuyHyo Oiisi RaYueHma mMooeib, NPUeOOHyr OJis
CUMYTAYUOHHORO anaiusda. B oannoll pabome cucmemamuuecku oocyscoaemcs QyHOaMeHmAalbHas
POTb 00WedOCMYNHbIX HADOPO8 OAHHBIX KAK UCHOYHUKO8 OAHHbIX 8 Npoyecce peKOHCMpPYKYuu u
npeonazaemcs paod Memoo08 PEeKOHCMPYKYUU GbIUUCIUMENbHbIX MoOoenell NOACHUYHO020 Omoeld
no3eoHounuxka uenoeexa. [amnas paboma npedocmaensiem Yemkull MexHU4ecKuu nymo O
80CNPOU3BOOUMO20 NOCMPOEHUS BLINUCTUMENbHBIX MOOeell NOSICHUYHO20 0MOend NO360HOYHUKA.
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