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H I G H L I G H T S

• First video-based AI framework for classifying extension vs flexion NSLBP subgroups.

• The Track Anything segmentation model and the HigherHRNet pose estimation model are jointly used to capture spinal curvature features during movement.

• Achieves 91.9% accuracy (AUC 0.94) in distinguishing extension vs flexion NSLBP groups.

• Outperforms patient-reported outcomes and motion-only features in classification.

• Enables remote, personalised NSLBP rehabilitation via automated video analysis.
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A B S T R A C T

Background: Low back pain (LBP) is a leading cause of global disability. Most cases are non-specific (NSLBP) 

and lack identifiable causes. Early active management is endorsed by clinical guidelines; however, exercises 

are rarely customised despite substantial variability in impairments. Existing classification systems can support 

targeted rehabilitation but require extensive clinical training and lengthy assessment procedures, limiting timely 

personalised care.

Objective: This study used AI methods to identify the two most common motor control impairments 

(MCIs)—flexion and extension patterns (FP/EP)—in NSLBP. The approach used spinal silhouettes extracted from 

movement videos to enable self-phenotyping and guide personalised exercise selection.

Methods: Data were collected from a research fellowship involving ninety NSLBP participants classified by an 

expert physiotherapist (LS) into FP or EP MCIs. Participants performed standard forward- and backward-bend 

tasks recorded in the sagittal plane. Pose estimation and instance segmentation techniques were applied to extract 

motion features and spine silhouettes. From each participant, a curated set of 80 black-and-white back images 

captured at specific bending angles was produced. These features were used to train a feedforward neural network. 

Model performance was assessed using five-fold cross-validation with accuracy, sensitivity, specificity, F1 score 

and AUC.

Results: The model achieved a diagnostic accuracy of 91.91% (95% CI 84.8–99.1) for backward-bend videos, 

exceeding reported inter-examiner agreement rates for trained physiotherapists. Robustness was supported by 

a mean AUC of 0.9422. Accuracy was lower for forward-bend images (86.69%), combined tasks (86.29%), or 

PROMs alone (63.82%). Adding PROMs to forward- or backward-bend tasks provided only modest improvements 

(66.32% and 71.62%, respectively).

Conclusion: The model reliably distinguished between FP and EP NSLBP subgroups, demonstrating the potential 

of AI to support timely personalised rehabilitation. The integration of PROMs with motion features reduced clas­

sification accuracy, suggesting that self-reported outcomes may provide limited benefit when tailoring exercises 

to specific physical impairments.
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1 . Introduction

Low back pain (LBP) is a globally prevalent musculoskeletal disorder 

affecting individuals’ health and quality of life and productivity [1]. It 

is a leading global cause of disability and poses a significant burden that 

is expected to rise [2]. Up to 90% of LBP is classified as non-specific 

LBP (NSLBP), characterised by the absence of a definitive pathology [3] 

making it difficult to tailor interventions as recommended by clinical 

guidelines [4–6].

NSLBP can be categorised using several clinical classification systems 

[7]. One clinically used approach is the Multidimensional Classification 

System (MDCS), a structured, mechanism-based assessment grounded 

in the biopsychosocial model [8]. It begins with a systematic exam­

ination comprising of taking subjective history, including symptom 

description and pain behaviour and objective physical examination, fo­

cusing on movement and posture. Patients are classified into subgroups 

based on dominant physical and behavioural drivers. Two primary 

groups are defined: (i) movement impairment (MI), characterised by 

restricted movement due to protective pain avoidance behaviours and 

(ii) motor control impairment (MCI), marked by less restricted but 

destabilising pain provoking movement patterns [9]. These primary 

classifications are then further divided into more specific directional pat­

terns. MI subdivides into flexion pattern (FP-MI) and extension pattern 

(EP-MI), while MCI comprises five directional patterns including flex­

ion (FP), active extension (AEP), passive extension (PEP), lateral shift, 

and multi-directional pattern, each with tailored intervention strategies 

[9–13].

Individuals within MDCS subgroups exhibit distinct postural and 

movement patterns, including differences in spinal alignment, muscle 

activation, and task-specific kinematics, supporting the validity of these 

phenotypes [14–20]. Physical therapists can classify NSLBP subgroups 

using the MDCS with high reliability and inter-examiner agreement 

[21,22]. However, achieving such accuracy requires clinician’s level 

of training (∼100 h) and continued clinical experience [22], limiting 

broader implementation and scalability.

Artificial intelligence (AI), particularly computer vision methods 

such as human pose estimation (HPE) and human instance segmenta­

tion (HIS), allows extraction of detailed kinematic and morphological 

features from video without markers [23,24]. Previous work, such as 

HigherHRNet-based classification, demonstrated feasibility but was lim­

ited by sparse keypoint coverage and insufficient modelling of spinal 

morphology [25]. The use case for HigherHRNet is shown in Fig. 1. 

To address these limitations, this study applies the Track Anything 

Model (TAM), a state-of-the-art HIS approach capable of automatically 

segmenting human silhouettes from video (Fig. 2) [24,26]. Research in­

tegrating PROMs with video-derived features for FP/EP classification 

remains limited despite their potential clinical relevance.

Fig. 1. Example of human pose estimation using HigherHRNet [23], showing 

detected anatomical keypoints (ankle, hip, neck) during (a) forward bending 

and (b) backward bending.

This study introduces a machine learning (ML) framework combin­

ing SOTA HPE–HIS methods to classify the two most common MCI 

subgroups—flexion (FP) and extension (EP) patterns, from standard 

movement videos. By leveraging kinematic features and incorporating 

patient-reported outcome measures (PROMs) on pain, disability, and 

pain-related psychological factors [27], the model provides an objec­

tive, scalable, and cost-effective approach to support accurate subgroup 

classification. The aims are to: (i) Explore the feasibility of using TAM 

and HPE for extracting silhouettes from NSLBP movement videos; (ii) 

Develop and evaluate an automated classifier for distinguishing be­

tween FP-/EP-MCI subgroups; and (iii) Assess the relative importance 

of different feature types and movement tasks in classifying subgroups.

2 . Dataset

This study used a previously described BackMotion Clinical Dataset 

(BMCD) of 78 individuals with NSLBP [25,28]. The dataset includes 

spine and pelvis data captured using 3D kinematics (Vicon, Oxford 

Metrics, UK), inertial sensors (Xsens, Netherlands), and video recordings 

(GoPro HERO, GoPro Inc., USA) during forward- and backward-bend 

tasks, which have the highest expert consensus for distinguishing EP- 

and FP-MCI subgroups [29]. Full details on data collection, patient 

reported outcome measures (PROMs), and preprocessing are reported 

elsewhere [25,28].

3 . Methods

3.1 . Overview of the BackTracker framework

‘BackTracker’ is a machine learning pipeline integrating HPE and 

HIS methods to extract spinal motion and curvature from video and 

classify individuals into FP- or EP-MCI subgroups. The pipeline consists 

of four stages (Fig. 3): (I) Keypoint detection where the HigherHRNet 

HPE model [23] detects three anatomical landmarks (neck, hip and an­

kle) from the video frames to compute the spinal angle (𝜃) (Fig. 1), 

a surrogate for trunk posture; (II) Silhouette segmentation using TAM 

[24], guided by detected keypoints, full body silhouettes are extracted 

frame by frame (Figs. 2 and 3); (III) Feature extraction of (a) motion 

features from 𝜃, where temporal-spatial movement parameters (mean, 

range, variance) are derived [30] and (b) silhouettes are cropped to 

obtain ‘back masks’ representing trunk curvature throughout move­

ment (Fig. 3); and (IV) Classification using a ResNet18-based model, 

trained on these features, classifies patients into FP-MCI or EP-MCI. The 

workflow was reported in accordance with the CHAMAI checklist [31].

3.2 . Spinal motion features

Spinal motion features replicate clinical assessment by capturing the 

dynamic range of motion (𝜃) during forward and backward bending, as 

previously validated in NSLBP populations [32]. Using HPE, the spinal 

Fig. 2. Application of the track anything model (TAM) for human instance seg­

mentation. (a) Original video frame. (b) Extracted human silhouette (mask) 

generated by TAM.
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Fig. 3. Sequential workflow for spine postural analysis using the track anything model [24].

Table 1 

Forward and backward bend mask counts in EP-MCI and FP-MCI subgroups.

angle 𝜃 is computed from the 2D coordinates of the neck, hip, and ankle 

joints (Fig. 3) based on the Euclidean distances between these points: 

𝜃 = arccos
( (𝐩hip − 𝐩neck) ⋅ (𝐩ankle − 𝐩hip)
‖𝐩hip − 𝐩neck‖‖𝐩ankle − 𝐩hip‖

)

(1)

From the angle series, we computed statistical descriptors (mean, 

range, min–max, variance, standard deviation) and temporal metrics 

(stability time, depth variance, repetition time variance), which have 

been shown to distinguish NSLBP subgroups [32].

3.3 . Spinal curvature features

Spinal curvature features are extracted from segmented silhouettes 

following the pipeline in Fig. 3. HigherHRNet first identifies the three 

anatomical landmarks (neck, hip, and ankle) to guide TAM-based seg­

mentation across video frames, generating background-free silhouettes 

(‘Figure’ and ‘Mask’ in Fig. 3). Each silhouette is then cropped along the 

shoulder-hip axis to produce a ‘back mask’ (‘Back Mask’ in Fig. 3).

Curvature features are derived from forward bend (∼80 ◦ range) and 

backward bend (∼30 ◦ range) videos, divided into 5-degree intervals, 

and one mask was extracted per interval. On average, 1040 masks were 

generated per participant during forward bend and 764 during backward 

bend, reflecting individual variations in range (Table 1).

3.4 . Patient-reported outcome measures features

Patient-reported outcome measures (PROMs), including pain, dis­

ability, and psychological questionnaires, provide subjective insights 

into the patient’s experience of LBP. As noted by Hartley et al. [25], 

such measures complement objective kinematic analysis by capturing 

psychosocial dimensions relevant to classification.

3.5 . Classification framework design

The classification framework was built using a ResNet18-Binary 

network (Fig. 4), fine-tuned on the BMCD training dataset. Transformer-

based alternatives [33], including Vision Transformer (ViT) [34], were 

excluded due to higher data and computational demands. Previous 

analyses show that CNNs remain more efficient on datasets below the 

million-sample scale, whereas ViT typically requires tens of millions 

(107–108) of images or large-scale pretraining to surpass CNN perfor­

mance [35]. Although the cohort was small (N = 78), each participant 

contributed 80 backward-bend frames (6240 images total), which is gen­

erally sufficient for training CNNs on domain-specific tasks [35]. We also 

conducted preliminary experiments using a ViT-based architecture and 

observed rapid overfitting, consistent with their sensitivity to limited 

data [35].

To ensure consistency and capture movement variability, a fixed 

number of randomly selected back masks (‘M’ in Fig. 4) were passed 

through the classifier. Key modifications included a single-neuron 

output (‘Output’ in Fig. 4) to produce continual prediction, and a 

shared-weight scheme to apply the same model across all masks

for a participant [36].

Predictions across the selected frames were averaged and passed 

through a sigmoid function, with a threshold of 0.5 used to deter­

mine class: >0.5 = FP-MCI; ≤0.5 = EP-MCI. This design prioritises 

interpretability and efficiency.

3.6 . Evaluation strategy

The BackTracker framework was evaluated for distinguishing EP-

MCI and FP-MCI subgroups in NSLBP patients using three distinct feature 

streams: motion-related features (from HPE), spinal curvature features 

(from ‘back masks’), and patient-reported outcome measures (PROMs) 

(Fig. 5). Each stream was tested independently and then in combinations 

to assess the contribution of multimodal input.

In the motion feature stream, HPE-derived motion features (M = 

1 or 9) were processed via a dedicated fully connected network (FCN) 

with a LeakyReLU activation function. In the spinal curvature stream, a 

fixed number of K back masks per patient were processed using a shared-

weight ResNet18-Binary model. The K outputs were averaged to produce 

a single patient-level representation. In the PROMs stream, PROM fea­

tures (N = 1 or 8) were normalised and passed through an FCN with a 

LeakyReLU.

Each stream captured a different dimension of the patient’s rep­

resentation: motion (functional), curvature (structural), and PROMs 

(subjective). In multimodal models, outputs from each stream were 
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Fig. 4. Overview of the BackTracker classification framework, including pose estimation, silhouette extraction, image preprocessing, and ResNet18-based prediction.

Fig. 5. Evaluation strategy for multimodal classification. 𝐾, 𝑁 , and 𝑀  denote the number of selected image-based features, motion features, and PROM-based 

features, respectively. 𝑁 ∈ {1, 8} and 𝑀 ∈ {1, 9}, 𝐾 will be decided through further investigation.

merged via an additional FCN layer, with final predictions generated 

using a sigmoid function and a 0.5 threshold.

We report macro-averaged metrics with 95% CIs across five folds 

(Table 2). In addition, we provide a micro-averaged confusion matrix 

aggregated over all 78 participants (Table 5).

3.7 . Hyperparameters and evaluation metrics

The BackTracker model was trained using the Adam optimizer (learn­

ing rate of 0.0001), a mini-batch size of 32, and 200 epochs. These 

hyperparameters were selected empirically based on pilot experiments.

Generalisability was evaluated using five-fold cross-validation with 

the dataset randomly split into five groups, with each group used once 

for testing and the remaining four for training. To prevent data leakage, 

all frames belonging to the same participant were kept within a single 

fold. Metrics averaged across folds included accuracy, sensitivity, speci­

ficity, and the F1 score. Classifier performance across thresholds was 

evaluated using Receiver Operating Characteristic (ROC) curve analysis 

[37], with Area Under the Curve (AUC) used to quantify overall perfor­

mance. An AUC of 1 indicates perfect classification, while 0.5 reflects 

chance-level performance [37].

3.8 . Ethics statement

This study adhered to Cardiff University ethical standards and was 

approved by the School of Engineering Research Ethics Committee 

(Reference: 2023-PGR-LZ-R0) on 6 March 2024. All participants pro­

vided written informed consent.

4 . Results

Classification performance was evaluated using unimodal and multi­

modal models across three feature types—spinal curvature image model 

(back masks), motion features and PROMs. Tables 2–4 and Fig. 6 

summarise the performance outcomes.
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Table 2 

Performance of 5-fold cross-validation for the back mask image classifier model using forward and backward bend movements 

to classify EP- and FP-MCI.

Key: ‘Forward bend’, ‘Backward bend’, and ‘PROMs’ represent all sub-features of this type of feature that are evaluated on the 

feedforward neural network model. The feature combinations with a “+” sign represent two types of features combined for 

evaluation.

Table 3 

Performance of model based only on motion/PROMs features for EP-/FP-MCI classification.

Table 4 

Performance of EP- and FP-MCI classification using an integrated model predicted on back mask image combining motion features or PROMs 

features (patient reported outcome measures) respectively.

Key: ‘80 Backward Bend Images’ achieved the best performance on image-based model.

4.1 . Classification using spinal curvature (Back masks)

Table 2 reports the performance of classifiers trained on spinal cur­

vature features extracted from back mask images during forward bend, 

backward bend, or both movements. The highest accuracy (91.91%, 

95% CI 84.8–99.1) was achieved using 80 back masks from the back­

ward bend task. This configuration yielded a sensitivity (90.00%, 95% 

CI 71.49–100.00), specificity (92.42%, 95% CI 83.72–100.00), and an 

F1 score of 0.9291 (95% CI 0.8751–0.983). ROC analysis confirmed the 

robustness of this model, with an average AUC of 0.9422 across five 

folds (Fig. 6).

In comparison, models using forward bend–only back masks showed 

lower classification performance across all test image counts. Combining 

forward and backward bend masks further reduced accuracy and F1 

scores, suggesting that backward bend provides more discriminative cur­

vature patterns for differentiating EP- and FP-MCI subgroups (Table 2).

Table 5 

Confusion matrix of the BackTracker 

model.

4.2 . Classification using motion features and PROMs

Table 3 presents results from classifiers that use numerical features. 

Motion features from backward bend achieved the best results, with 

74.29% accuracy, 71.43% sensitivity, 77.03% specificity, and an F1 
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Fig. 6. Mean receiver operating characteristic (ROC) curve from 5-fold cross-validation for backward-bend silhouette images. The shaded region indicates the standard 

deviation across folds, and the enclosed area corresponds to the AUC value.

score of 0.7386. Motion features from forward bend yielded lower ac­

curacy (65.01%) despite high sensitivity (84.00%) but low specificity 

(39.24%) and an F1 score of 0.4875. Models trained solely on PROMs 

showed the weakest performance with 63.82% accuracy and 32.02% 

specificity, although sensitivity remained high at 89.33% (Table 3). 

Combining PROMs and motion features led to marginal improvements 

in some cases, but performance remained lower than that of the spinal 

curvature classifier (Tables 2 and 3). These findings highlight the supe­

rior performance of backward bend features, while reaffirming the spinal 

curvature model as the most effective for classifying EP/FP subgroups.

4.3 . Multimodal classification using images, motion, and PROMs

Table 4 details classification performance combining curvature im­

ages with motion or PROMs. While 80 backward bend back masks alone 

yielded the highest classification accuracy (91.91%, F1 = 0.9291), inte­

grating additional features generally reduced performance. Combining 

back masks with individual motion features such as minimum or stan­

dard deviation reduced accuracy to approximately 83%, with corre­

sponding F1 scores between 0.84 and 0.85. Incorporating all motion 

features simultaneously further reduced performance to 81.14% accu­

racy and an F1 score of 0.7986.

Back masks combined with individual PROMs performed best with 

the STarT Back Tool (SBT) (accuracy = 85.24%, F1 = 0.8436), whereas 

combining all PROMs decreased accuracy to 74.38% (F1 = 0.7397) 

(Table 4). Combining all PROMs and all motion features with back masks 

did not improve performance over the image-only model and typically 

resulted in degradation.

4.4 . Error analysis

The overall confusion matrix (Table 4) shows that BackTracker 

correctly classified 72 out of 78 participants (92.31%). Of the six misclas­

sifications, three FP cases were predicted as EP and three EP cases were 

predicted as FP, indicating a symmetric error pattern and comparable 

uncertainty between subgroups.

5 . Discussion

This study evaluated the BackTracker classifier for distinguishing FP- 

and EP-pattern MCI subgroups using spinal curvature image features, 

motion features, and PROMs. Backward bend spinal curvature images 

alone yielded the highest accuracy (91.91%, F1 = 0.9291), outper­

forming all other modalities. Adding motion features or PROMs gen­

erally reduced performance. Among combined models, the best result 

was achieved by integrating backward bend images with STarTBACK 

Tool (SBT) PROM (85.24% accuracy). Motion-based features performed 

moderately (backward bend 74.29%, forward bend 65.01%) while com­

bining all features did not improve accuracy. Overall, backward bend 

spinal curvature provides the strongest standalone discriminative sig­

nal, while additional numerical features offered limited benefit and 

sometimes diluted image-based performance.

The image-based model using sagittal spinal silhouette images from 

backward bend achieved accuracy comparable to physiotherapists’ 

inter-examiner agreement (Kappa = 0.82, 86% agreement [27]), and 

exceeded the performance typically reported for clinician classification 

based on videos (Kappa = 0.55–0.71) [26]. Backward bend curva­

ture and motion features consistently outperformed forward bend-based 

data, aligning with previous findings that backward bend kinematics 

more clearly differentiate FP- and EP-MCI subgroups [10].

The BackTracker showed higher classification accuracy for FP-MCI 

than EP-MCI, with specificity of 92.42% and sensitivity of 90.00%. This 

may reflect slight class imbalance (FP-MCI: n=40, 145,711 masks; EP-

MCI: n=38, 132,643 masks), offering more training data for FP-MCI 

[28]. It may also relate to clear distinguishing features in FP-MCI such 

as flatter thoraco-lumbar curvature during backward bend [9,30], while 

EP-MCI presentations tend to be more variable [9,30]. This pattern 

mirrors previous findings where clinicians also classified FP-MCI more 

accurately (68%) than EP-MCI (57.2%) [21].

Our findings suggest that backward bend-based postural features 

may offer valuable discriminative cues for classifying FP- and EP-MCI, 

potentially complementing the current clinical emphasis on forward 

bend-based observation [18,21,38]. While clinicians may prioritise 

movement patterns, these results indicate that posture—though visually 

less prominent—can provide useful classification indicators.

5.1 . Factors influencing classifier performance

Several factors influenced classifier performance. First, image vol­

ume played a critical role. Using 80-frame images per participant yielded 

the highest accuracy (91.91%), outperforming both 40 or 120-frame 
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configurations (85.34% and 86.38%, respectively). This suggests that 

80 images struck an optimal balance between sufficient feature rep­

resentation and noise avoidance—an issue well-documented in image 

classification tasks [18].

Second, the greater range of motion in forward bend likely increased 

variability and error, making feature extraction more difficult [39]. 

Combining forward and backward bend images led to reduced accuracy, 

possibly due to conflicting information or model saturation, where static 

postural features were diluted by excessive input [40–42].

Although multimodal integration is often recommended for com­

plex conditions [42], adding motion or PROMs data did not enhance 

classification performance. Unlike video-derived kinematic features that 

capture objective movement patterns, PROMs are low-dimensional, 

intercorrelated, and sometimes inconsistent with actual motor perfor­

mance. This may reflect the multifactorial nature of NSLBP where 

psychosocial factors such as self-efficacy and fear avoidance influence 

presentation [43,44], making it difficult for PROMs alone to improve 

detection of physical impairments. Previous studies similarly reported 

limited benefit of PROMs for identifying movement impairments [25]. 

These findings reinforce the need for multidimensional approaches to 

NSLBP classification [30].

Despite robust five-fold cross-validation, the small and relatively ho­

mogeneous cohort (N = 78) limits generalisability. Variations in age, 

sex, body mass index, and motor performance may have influenced 

movement patterns and predictions, introducing confounding effects 

that partly explain the remaining misclassifications and wide confidence 

intervals.

Visual review of the misclassified cases indicated three recurring 

factors: (i) inter-individual differences in forward-bending strategies, 

such as variable pelvic-to-lumbar contribution [45]; (ii) transitional 

or mixed motion around the thoracic–lumbar and lumbar–pelvic junc­

tions, which blur FP/EP distinctions [45]; and (iii) asymmetric trunk 

control or reduced core stability, producing subtle curvature devia­

tions [46]. These factors indicate that both anatomical variability and 

motor-control strategies can affect model predictions.

6 . Strengths and limitations

This study presents a novel AI-based framework for classifying physi­

cal impairments in NSLBP using video-derived features via application of 

computer vision HPE and HIS methods. A key strength is the use of stan­

dard video cameras, supporting feasibility for routine clinical deploy­

ment and remote use. The framework demonstrated strong classification 

performance, indicating potential for guiding tailored rehabilitation 

based on individual MCI types.

Among the limitations, sample size, while sufficient for initial de­

velopment, limits generalisability across the broader NSLBP population 

[9,30,42]. Given the limited dataset (N=78), directly concatenating 

multimodal features may exacerbate data imbalance and modality dom­

inance effects [47]. Combining forward and backward bend images 

unexpectedly reduced performance, likely due to conflicting movement 

characteristics. The challenge of applying this technology in clinical or 

remote rehabilitation settings is that differences in lighting and cam­

era position can affect feature quality, especially the standardisation of 

movements during self-recording.

7 . Future work

Future studies should validate BackTracker on larger and more di­

verse NSLBP samples to enhance generalisability. Developing a mobile 

application that allows patients to record and upload motion videos, 

enabling self-management based on classification results, would help 

to democratise data collection and promote wider clinical application. 

Integrating wearable sensor data may further improve model precision 

by capturing joint torque and muscle activation, offering a richer biome­

chanical profile. Future work will explore movement-specific models 

and advanced fusion strategies, such as attention-based modality gat­

ing and latent embedding alignment, together with denoising and 

refined feature selection to improve robustness and clinical reliability. 

Combining these sources with video could support more accurate NSLBP 

classification and enable tailored rehabilitation at the point of need.

8 . Conclusion

This study presents a novel AI-driven framework for classifying mo­

tor control impairments in NSLBP using computer vision techniques 

applied to standard video recordings. The model achieved high accu­

racy, particularly when using sagittal spine silhouettes during backward 

bend, outperforming motion- and PROM-based inputs. To ensure real-

world applicability, future research should validate the approach using 

videos captured in home and workplace environments and evaluate in­

tegration into clinical practice to support earlier, more precise NSLBP 

management.
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