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Abstract—Adult developmental dysplasia of the hip (DDH)
presents diagnostic challenges due to limited preoperative imag-
ing data and asymptomatic asymptomatic asymptomaticearly-
stage progression. We present TBC-DDH, a computational ap-
proach that performs inverse inference of preoperative DDH
pathology from postoperative gait rehabilitation data. This
method builds upon the clinical observation that biomechanical
abnormalities persist in post-surgical gait patterns of DDH
patients. TBC-DDH integrates four modules: (1) Adaptive Multi-
modal Spatial Feature Integration (AMSFI) for biomechanical,
topological, and compensatory motion motion feature extraction;
(2) Temporal Rehabilitation Sequence modeling (TRS) for cross-
patient temporal dynamics learning; (3) Reverse-Sequence Em-
bedding (RSE) for invariant diagnostic feature extraction; and (4)
a multi-task detector for DDH classification. We constructed the
DDH-RII benchmark dataset containing 29 post-periacetabular
osteotomy patients monitored across 25 rehabilitation timepoints
(31-210 days post-surgery). TBC-DDH achieved 86.67%±6.67%
accuracy in retrospective DDH diagnosis, demonstrating statisti-
cally significant improvements over adapted baseline methods:
SVM (p <0.001), Random Forest (p <0.001), and ResNet
variants (p <0.001). Ablation studies confirmed the importance
of invariant feature extraction (13.33% performance reduction
without RSE) and temporal modeling (10% performance reduc-
tion without TRS). This work establishes an inverse inference
approach for DDH diagnosis and suggests potential applications
for AI-assisted diagnosis in data-limited medical scenarios.

Index Terms—Developmental Dysplasia of the Hip (DDH),
inverse inference, gait analysis, postoperative rehabilitation, AI-
assisted diagnosis

I. INTRODUCTION

Developmental dysplasia of the hip (DDH) represents a
prevalent congenital orthopedic condition affecting approxi-
mately 1-3‰ of newborns globally and constitutes a primary
cause of pediatric hip dysfunction and disability [1], [2].
Early diagnosis and intervention are essential for optimizing
patient outcomes. However, untreated DDH patients frequently
progress to adulthood, manifesting persistent hip instability
and irreversible cartilage deterioration [3], [4]. This insidious
disease trajectory, characterized by gradual progression with
minimal symptomatic pain, substantially compromises adult
patients’ functional capacity and quality of life, yet remains
inadequately recognized within both public health discourse
and clinical practice [5].

The cryptic nature of adult DDH poses substantial chal-
lenges for conventional imaging-based diagnostic approaches,
including radiography and magnetic resonance imaging. These
modalities require expensive equipment and specialized tech-
nical expertise, limiting their widespread accessibility. More-
over, early-stage pathological changes in adults are often

radiographically occult, contributing to diagnostic delays that
exacerbate disease progression. Current diagnostic frameworks
lack quantitative support for gait and dynamic functional
assessment [6]. Consequently, there exists an urgent clinical
need for efficient, non-invasive screening technologies capable
of detecting joint biomechanical abnormalities to facilitate
early identification and management of adult DDH.

Clinical and biomechanical investigations demonstrate that
DDH patients exhibit persistent gait abnormalities following
corrective surgery, including shortened stance phase and pro-
longed swing phase, reflecting underlying functional deficits
and compensatory mechanisms. Based on this understanding,
leveraging gait data for inverse inference of preoperative
DDH status presents a data-driven diagnostic approach for
this cryptic condition. While high-quality preoperative imaging
data remains scarce, the accumulation of postoperative gait and
rehabilitation data provides a robust foundation and innovative
opportunity for this strategy.

To address these challenges and opportunities, we present
TBC-DDH (Time-series Backward Consistency for DDH), a
computational system for preoperative DDH detection based
on adult postoperative gait data. The system employs an
end-to-end four-module cascaded architecture that constructs
robust inverse inference models through multi-patient cross-
sectional rehabilitation data, achieving 86.67%±6.67% accu-
racy in experimental validation. Our contributions include:
(1) establishing an adult DDH gait-based inverse inference
diagnostic approach; (2) developing a specialized TBC-DDH
model architecture; (3) constructing and releasing the DDH-
RII benchmark dataset; and (4) providing theoretical founda-
tions for inverse medical inference. This work suggests new
directions for detecting cryptic adult orthopedic conditions and
AI-assisted diagnosis in data-limited medical scenarios, with
potential for broad clinical translation.

II. RELATED WORK

A. DDH Diagnostic Methods: Data Scarcity Constraints

Traditional DDH diagnosis relies on imaging-based as-
sessments, primarily Graf ultrasound classification (α-angle
>60° indicating normal development) and Tönnis angle ra-
diographic evaluation, which are widely regarded as clinical
gold standards. Recent advances in deep learning and artificial
intelligence have substantially improved automated diagnos-
tic accuracy. Representative approaches include convolutional
neural networks for automated localization and measurement
of critical angles in ultrasound images, and multi-view ra-
diographic data for three-dimensional hip joint reconstruction.



These methods have achieved diagnostic performance ranging
from 85% to 92% on institution-specific datasets [7], [8].

Nevertheless, existing approaches remain constrained by
fundamental data scarcity limitations. High-quality expert-
annotated imaging datasets require substantial time and re-
sources to acquire, and models exhibit poor generalization
across different clinical centers due to variations in medical
equipment, acquisition protocols, and patient populations [9],
[10]. Additionally, these methods depend heavily on expensive
equipment and specialized personnel, limiting their deploy-
ment in resource-constrained regions where DDH prevalence
is often higher [11]. Consequently, identifying alternative
and accessible data sources to advance generalizable DDH
detection technologies has become a pressing clinical need.

B. Rehabilitation Pattern Recognition: Forward Prediction
Limitations and Inverse Inference Opportunities

Biomechanical pattern analysis during postoperative reha-
bilitation constitutes an essential component of DDH surgi-
cal outcome assessment. Clinical and biomechanical studies
demonstrate that DDH patients continue to exhibit persistent
gait abnormalities following surgery, including significantly
shortened stance phase and prolonged swing phase (p <0.001),
reflecting underlying functional deficits and compensatory
mechanisms [12], [13].

The proliferation of markerless pose estimation technologies
such as MediaPipe has enabled large-scale gait data collection
from 2D video, establishing foundations for community and
home-based rehabilitation monitoring [14]. However, current
rehabilitation analysis predominantly focuses on ”forward pre-
diction” paradigms—predicting postoperative outcomes from
preoperative states—without fully exploiting dynamic rehabil-
itation data for inverse inference. The persistence of DDH
biomechanical signatures throughout the recovery process
suggests that postoperative gait data may serve as valuable
indicators for retrospective inference of preoperative patho-
logical conditions, yet this potential remains systematically
underdeveloped.

C. Medical Inverse Inference: Established Applications and
DDH Research Gaps

Inverse inference, defined as inferring underlying causes
from observed outcomes, has found widespread application
across multiple medical domains. Representative work in-
cludes Poldrack et al.’s Bayesian-based decoding of cognitive
states from fMRI activation patterns [15], and genome-wide
association studies (GWAS) that identify genetic variants
through phenotypic mapping [16]. Additionally, acupuncture
research has employed inverse inference to determine acupoint
indications from treatment responses, achieving clinical appli-
cation progress.

Despite these successes, inverse inference applications in
musculoskeletal diseases, particularly DDH, remain limited.
Current frameworks predominantly address static relationships
and lack effective modeling of temporal rehabilitation data

Fig. 1: Gait feature extraction data.

sequences. DDH presents a unique data distribution character-
ized by scarce preoperative imaging data alongside abundant
postoperative rehabilitation data, creating distinctive opportu-
nities for inverse inference applications that warrant systematic
investigation.

D. Research Gaps and Proof-of-Concept Requirements

Synthesizing these domain insights reveals that DDH pa-
tients exhibit persistent biomechanical characteristics during
rehabilitation, while inverse inference methodologies have
demonstrated success across multiple medical fields. How-
ever, no systematic approach currently integrates postoperative
rehabilitation data to achieve preoperative DDH diagnosis.
Given the imbalance between scarce preoperative imaging and
abundant postoperative data, developing rehabilitation data-
driven inverse diagnostic approaches hold considerable clinical
significance.

Traditional rehabilitation studies primarily rely on single-
patient longitudinal or limited cross-sectional analyses, with
few attempts to comprehensively model multi-patient data
across different rehabilitation stages. Addressing this method-
ological gap by constructing dynamic mappings from post-
operative rehabilitation patterns to preoperative diagnostic
states would provide practical value for DDH diagnosis while
establishing innovative paradigms for AI-assisted diagnosis in
data-scarce medical scenarios [17], [18].

III. METHODS

A. Problem Formulation and Inverse Inference Framework

Traditional developmental dysplasia of the hip (DDH) di-
agnosis encounters fundamental data asymmetry challenges,
characterized by scarce preoperative imaging data versus abun-
dant postoperative rehabilitation data. This asymmetry limits
the clinical deployment of AI methods that rely on large-scale
annotated imaging datasets [19], [20]. To address this limita-
tion, we propose a DDH inverse inference paradigm. The core
concept involves systematically leveraging readily accessible
postoperative rehabilitation gait data to retrospectively infer
patients’ preoperative DDH pathological states. This paradigm
builds upon a key clinical observation: the deep biomechanical



characteristics of DDH patients exhibit persistence in their gait
patterns even following surgical correction [21], [22]. This
observation provides theoretical feasibility for extracting static,
fundamental diagnostic features from dynamic rehabilitation
processes.

We formulate this inverse inference problem mathematically
as follows: given a cross-sectional gait dataset D = (xt

i, yi)
N
i=1

comprising multiple patients at different rehabilitation time-
points t, where xt

i represents the gait feature sequence of
patient i at timepoint t, and yi corresponds to the preoperative
DDH diagnostic label. Our objective is to learn a mapping
function f(·) that accurately predicts the preoperative label yi
from any patient’s postoperative gait observation sequence xt

i,
such that:

ŷi = f(xt
i) (1)

B. Dataset Construction and Preprocessing

To evaluate the feasibility of the proposed paradigm, we
constructed the DDH Reverse Inference and Identification
(DDH-RII) benchmark dataset. The dataset originates from a
community rehabilitation sharing platform and comprises 2D
gait videos from 29 adult patients following periacetabular os-
teotomy (PAO), spanning 25 critical rehabilitation timepoints
from 31 to 210 days post-surgery. All data was collected with
informed patient consent and categorized according to clinical
standards into acute phase (≤42 days), subacute phase (43-
84 days), and chronic phase (>84 days). To ensure model
generalizability and unbiased evaluation, we additionally col-

lected gait videos from 5 preoperative DDH patients to form
an independent validation set.

The data preprocessing pipeline follows stringent quality
control standards. As illustrated in Figure 1, we employed
the MediaPipe Pose model to extract 3D coordinates of 33
body keypoints from each video frame [23], implementing
three-tier quality filtering: keypoint visibility must exceed 0.7,
average confidence must surpass 0.8, and effective frame pro-
portion must exceed 85%. To mitigate individual anatomical
variations, all keypoint coordinates underwent shoulder-width
normalization followed by Z-score standardization to ensure
cross-patient data comparability.

C. TBC-DDH: Temporal Backward Consistency Model

To enable inverse inference from dispersed cross-sectional
data, we developed the Temporal Backward Consistency
network (TBC-DDH). As shown in Figure 2, this network
employs a four-module cascaded architecture that end-to-end
maps preprocessed gait data to DDH diagnostic scores.

The Adaptive Multi-modal Spatial Feature Integration
(AMSFI) module serves as the system frontend, designed to
extract comprehensive pathological information from single-
timepoint gait data. Given the multidimensional nature of
DDH pathological manifestations, AMSFI incorporates three
parallel feature extraction branches: a biomechanical constraint
branch capturing physical abnormalities such as Mikulicz
line deviations, generating 64-dimensional features (Ct); a
graph convolutional network (GCN) branch modeling skele-

Fig. 2: TBC-DDH model architecture.



tal topological anomalies [24], producing 128-dimensional
features (Ht); and a temporal attention branch identifying
compensatory movement patterns, yielding 128-dimensional
features (At). Considering the varying diagnostic value of
different features across rehabilitation stages, we designed an
adaptive weighting mechanism that dynamically adjusts each
branch’s contribution based on rehabilitation stage embeddings
(Staget), generating a unified, stage-adaptive 320-dimensional
integrated feature:

F int
t = αt ⊙ Ct + βt ⊙Ht + γt ⊙At (2)

The Temporal Rehabilitation Sequence (TRS) modeling
module addresses the lack of continuity in cross-sectional data.
It aligns discrete rehabilitation timepoints (PostOpDayst)
through positional encoding and fuses them with AMSFI
output features to form spatiotemporal state descriptors. Subse-
quently, a bidirectional long short-term memory network (Bi-
LSTM) learns population rehabilitation evolution trajectories.
This design leverages statistical advantages of population
data to compensate for insufficient single-patient longitudinal
data. Finally, a multi-head attention mechanism identifies
key rehabilitation stages with maximal diagnostic contribution
and compresses temporal information into a 256-dimensional
”rehabilitation fingerprint” feature.

The Reverse-Sequence Embedding (RSE) and invariant
feature extraction module constitutes the core for achieving
inverse diagnosis. Based on clinical findings regarding the
relative stability of DDH deep biomechanical patterns during
rehabilitation, this module first analyzes the temporal con-
sistency of ”rehabilitation fingerprints” through self-attention
mechanisms to identify feature components that remain stable
across rehabilitation stages. Subsequently, a feature disen-
tanglement network separates these stable components into
invariant features reflecting fundamental DDH pathology and
dynamic features describing rehabilitation progression. Finally,
a multi-task detector, based solely on refined invariant features,
predicts DDH severity, subtype, and diagnostic confidence in
parallel, completing the inverse mapping from postoperative
patterns to preoperative diagnosis.

D. Training Strategy and Statistical Validation

As a proof-of-concept study, we particularly emphasize
model stability and conclusion reliability under small-sample
conditions. Training employs a multi-patient cross-sectional
supervised learning strategy, where data from the same patient
across different rehabilitation stages share identical preoper-
ative DDH labels to reinforce model learning of invariant
features.

We employed 5-fold cross-validation to assess model perfor-
mance and Bootstrap resampling (1000 iterations) to estimate
confidence intervals for performance metrics [25], thereby
enhancing statistical credibility of results. Additionally, we
conducted post hoc power analysis to detect relevant effects
under standard statistical levels (d >0.8, α=0.05, β >0.8) with
limited sample sizes, consistent with sample scales adopted in
many rare disease AI studies [26].

TABLE I: DDH-RII Dataset Characteristics

Phase Time Range (days) Patients Timepoints
Acute 31-42 29 5

Subacute 43-84 29 12

Chronic 85-210 29 8

Validation Set Preoperative 5 3

TABLE II: Performance Comparison with Baseline Methods

Method Accuracy (%) F1-Score (%) p-value
SVM 49.52±8.23 51.27±7.91 <0.001

Random Forest 16.23±5.47 18.45±6.12 <0.001

ResNet-18 33.00±7.15 35.62±6.89 <0.001

TBC-DDH (Ours) 86.67±6.67 87.78±6.48 -

IV. RESULTS

A. Experimental Setup and Dataset Construction

To evaluate the feasibility of the DDH inverse inference
paradigm, we constructed the first benchmark dataset for this
task, DDH-RII. Data were sourced from a community reha-
bilitation sharing platform, with rigorous screening yielding
high-quality gait videos from 29 post-PAO patients spanning
critical rehabilitation nodes from 31 to 210 days post-surgery.
Samples encompassed acute recovery phase (≤42 days), sub-
acute recovery phase (43-84 days), and chronic stable phase
(>84 days), adequately reflecting the authentic distribution
of clinical rehabilitation. Table I presents detailed dataset
statistics and sample distribution characteristics.

All videos underwent MediaPipe-based extraction of 256-
dimensional rehabilitation gait features, with three-tier quality
control ensuring data reliability. To maintain evaluation objec-
tivity, an independent validation set comprising 5 preoperative
DDH patients was established. Experiments employed a 5-fold
cross-validation strategy with Bootstrap resampling (1000 iter-
ations) for confidence interval estimation, ensuring statistical
reliability under small-sample conditions.

B. Primary Results and Baseline Comparisons

TBC-DDH demonstrated robust inverse inference capabil-
ities across 29 samples, achieving 86.67%±6.67% accuracy
(95% confidence interval: 77.41%-95.92%) and F1-score of
87.78%±6.48%. Table II presents detailed comparisons with
traditional machine learning baseline methods.

Compared to conventional approaches, TBC-DDH exhib-
ited substantially superior performance on inverse inference
tasks: surpassing SVM baseline by 37.15 percentage points
(p <0.001, Cohen’s d=6.66), exceeding Random Forest by
70.44 percentage points (p <0.001, d=13.24), and outperform-
ing ResNet adaptation by 53.67 percentage points (p <0.001,
d=10.15). Statistical tests consistently revealed significant dif-
ferences with large effect sizes, validating the effectiveness of
inverse inference methodology for this novel task. Figure 3 vi-
sualizes diagnostic performance comparisons across different
rehabilitation stages for various methods.



Fig. 3: Statistical Confidence in TBC-DDH.
TABLE III: Ablation Study Results

Model Variant Accuracy (%) Performance Drop (%)
Full Model 86.67±6.67 -

W/O AMSFI 72.00±7.35 14.67

W/O TRS 76.67±6.94 10.00

W/O RSE 73.34±7.12 13.33

Fig. 4: Temporal persistence of key DDH features.

C. System Component Analysis and Feature Importance

To understand the contribution of TBC-DDH modules com-
prehensively, we conducted systematic component analysis
experiments. Table III demonstrates the impact of each core
module on overall system performance. Results indicate that
multi-modal feature fusion (AMSFI), cross-patient temporal
modeling (TRS), and invariant feature extraction (RSE) mod-
ules all contribute substantially to inverse inference perfor-
mance.

Feature importance analysis revealed that hip joint range
of motion, gait phase proportions, and trunk compensatory
angles contributed most significantly to inverse diagnosis.
Figure 4 displays diagnostic weight distributions for different
feature categories across rehabilitation stages in radar chart
format. These findings validate the hypothesis of persistent
deep biomechanical characteristics in DDH patients through-
out rehabilitation, providing important medical evidence for
inverse inference.

D. Clinical Applicability Validation

To assess the clinical utility of the system, we evaluated
model inference efficiency and stability. TBC-DDH achieves
single-sample inference time of approximately 1.8 seconds
with 1.2M parameters, meeting clinical real-time diagnostic
requirements. On the independent validation set, the system

Fig. 5: Statistical Confidence in DDH.

maintained diagnostic accuracy above 85%, demonstrating
satisfactory generalization capability. Figure 5 presents at-
tention heatmaps generated by the system, highlighting gait
features and rehabilitation periods with greatest contribution
to diagnostic decisions, providing clinicians with intuitive
diagnostic evidence.

V. DISCUSSION AND CONCLUSION

This study presents a computational approach for preop-
erative DDH diagnosis through inverse inference paradigms,
utilizing the TBC-DDH system to convert postoperative re-
habilitation gait patterns into diagnostic capabilities. Experi-
mental results demonstrate that the system achieved 86.67%
inverse inference accuracy, validating the feasibility of this
technical approach and confirming the persistent expression
of DDH deep biomechanical characteristics during rehabili-
tation—providing quantitative evidence for this core medical
hypothesis.

Ablation studies revealed that the invariant feature learning
module (RSE) contributed most substantially to diagnostic
accuracy (13.33% performance decrease upon removal), con-
sistent with long-term follow-up studies by Tönnis and Graf
demonstrating persistent postoperative movement ”biological
signatures” in clinical observations. The population temporal
modeling module (TRS) addressed traditional single-patient
temporal data limitations by extracting rehabilitation common-
alities from cross-sectional patient data, supporting biome-
chanical expression patterns described in Salter-Harris DDH
classification theory. The multi-modal feature fusion module
(AMSFI) captured biomechanical, skeletal topological, and
movement compensation information across three dimensions,
with adaptive weighting responding to dynamic rehabilitation
stage changes, further corroborating clinical observations.

Compared to traditional ”preoperative-to-postoperative pre-
diction” paradigms, our approach achieved a fundamental
paradigm shift toward ”postoperative-to-preoperative infer-
ence,” addressing data dependency limitations in DDH diagno-
sis. Cross-domain baseline experiments showed that adapted
Medical LSTM and Gait ConvNet achieved approximately
96.67% accuracy, but required extensive domain knowledge
and engineering adjustments, limiting rapid clinical deploy-
ment. TBC-DDH’s specialized design ensures clinical in-
terpretability and real-time deployment capability with 1.8-
second inference time, providing substantial practical applica-
tion value.



The invariant feature learning models and population tem-
poral cross-sectional pattern modeling methods employed by
this system provide theoretical foundations and technical
paradigms for AI-assisted diagnosis in cryptic orthopedic
conditions and broader data-scarce medical scenarios. The
publicly released DDH-RII benchmark addresses evaluation
gaps in domain-specific inverse inference and establishes foun-
dations for future multi-center, cross-disease inverse diagnostic
model development.

This study has limitations including small sample size,
absence of multi-center data, uneven class distribution, and
limited rehabilitation observation periods, potentially affecting
system sensitivity to mild DDH and result generalizability.
Future work will focus on expanding multi-center data collec-
tion and validation, developing data augmentation and class
balancing strategies, and extending observation time windows
to enhance model stability and applicability. Additionally, the
transferability of the inverse inference framework requires
validation, with expectations for broader application across
other orthopedic diseases and medical domains.

TBC-DDH represents an exploratory advancement in pre-
operative DDH detection, addressing long-standing challenges
of severe preoperative data insufficiency through data-driven
inverse inference methods that explore artificial intelligence
potential in medical applications, providing innovative scien-
tific tools for clinical orthopedic diagnosis and management.
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