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Abstract

Falls are a major source of injury and mortality in older adults, yet many Al-based fall-risk systems remain black-
box classifiers that provide no clinical justification for their predictions. We present a neuro-symbolic pipeline for
interpretable classification of historical faller status from wearable inertial measurement unit (IMU) gait signals.
A 1D convolutional neural network maps raw accelerometer and gyroscope signals to six clinically interpretable
concepts: Timed Up-and-Go (TUG), gait speed, Berg Balance, Four Square Step Test, Activities-specific Balance
Confidence, and Dynamic Gait Index. These concepts feed both a neural classifier and a symbolic rule engine
based on clinical cut-points. Evaluated with Leave-One-Subject-Out cross-validation on 69 LTMM participants,
the final 6-concept ensemble achieves 71.0% accuracy and AUC 0.763, compared with 73.9% accuracy and AUC
0.880 for a black-box CNN. The observed 11.7 AUC-point difference quantifies a performance-interpretability
trade-off while the concept model provides predicted clinical quantities, rule firings, and auditable explanation
traces.
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1. Introduction

Falls among older adults are a major public-health burden, with the World Health Organization esti-
mating hundreds of thousands of fatal falls annually [1]. Wearable inertial measurement units (IMUs)
provide a scalable way to assess gait and mobility, and deep neural networks can learn discriminative
patterns directly from raw sensor signals [2, 3]. However, high-performing fall-risk models often
remain clinically opaque: they output a probability without explaining which mobility or balance deficit
contributed to the decision. This limits trust, auditability, and clinical uptake [4, 5]. Recent IMU work
has also used attention weights to expose model focus [6]; such explanations are useful but do not
directly provide predicted clinical measurements and executable rule traces.

Clinicians assess interpretable constructs such as TUG time, gait speed, balance, stepping ability, and
confidence, then combine these observations with clinical cut-points. This work asks whether a neural
model can retain useful classification performance while exposing its reasoning through clinically
meaningful intermediate concepts. We investigate a concept bottleneck model (CBM) [7] integrated
with symbolic fall-risk rules, framing the task as a neuro-symbolic bridge between neural gait perception
and clinical reasoning [8].
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2. Method

2.1. Data and Evaluation

The PhysioNet LTMM cohort contains lower-back IMU gait recordings and clinical annotations from
71 community-dwelling older adults [9, 10]. The present analysis uses 69 participant-level LabWalk
recordings after study-specific quality filtering: 31 participants reporting at least two falls in the
preceding year and 38 reporting fewer than two. The evaluated outcome is therefore retrospective
faller-status classification, not prospective fall prediction. Each input is a six-channel IMU signal (three
accelerometer and three gyroscope axes, 100 Hz). Transfer learning used SisFall [11] for fall/ADL
pre-training and a 2025 clinical gait dataset [12] for gait-quality pre-training.

Classification is evaluated using Leave-One-Subject-Out cross-validation. We report accuracy, AUC,
sensitivity, and specificity. AUC is the primary comparison metric because it is threshold-independent.
To reduce training stochasticity in the small-sample setting, the final model averages predictions across
three random seeds. AUC uncertainty was estimated using percentile bootstrap 95% confidence intervals
over the out-of-fold predictions (2,000 resamples).

2.2. Neuro-Symbolic Pipeline
The architecture has four stages:

1. a 1D-CNN backbone with convolutional blocks of 32, 64, and 128 filters extracts a gait representa-
tion from raw IMU signals;

2. a concept bottleneck predicts six clinical concepts from this representation;

3. aneural classifier maps the predicted concepts to fall-risk probability;

4. a symbolic rule engine evaluates the same concepts against clinical cut-points and produces a
symbolic risk score and rule trace.

The fused score is
r = aPyeural + (1 - a)Ssymboli07 (1)

where P, cyral is the neural probability and Sgympolic is the rule-derived score. The reported optimized
fused configuration uses o = 0.75. Because this weight was selected post hoc on the same evaluation
data, the associated performance is exploratory and may be optimistic. The six-concept ensemble is
emphasized for stability across three seeds, not as an unbiased estimate of deployment performance.

2.3. Clinical Concepts and Rules

The six concepts were selected from the available clinical annotations with guidance from the clinical
author. They include TUG, gait speed, Berg Balance, Four Square Step Test (FSST), Activities-specific
Balance Confidence (ABC), and Dynamic Gait Index (DGI). The present implementation applies TUG
> 13.5 s [13], gait speed < 0.8 m/s [14], Berg Balance < 50 and DGI < 19 [15], and ABC < 67%
[16]. Combination rules encode multi-factorial reasoning, for example jointly impaired TUG and Berg
Balance.

3. Results

Table 1 summarizes the central trade-off. The black-box CNN reaches the highest AUC (0.880; 95% CI
[0.791, 0.947]), but provides no concept-level rationale. The interpretable 6-concept ensemble achieves
71.0% accuracy and AUC 0.763 (95% CI [0.646, 0.863]), an observed 11.7 AUC-point difference from
the CNN. The width of these intervals reflects the uncertainty associated with the small cohort. Its
sensitivity and specificity are balanced (70.9% and 71.1%), whereas the CNN is sensitivity-heavy (90.3%
sensitivity, 60.5% specificity).



Table 1
LOSO classification results on the LTMM fall-risk task. Values are percentages except AUC.

Model Interp. Acc. AUC Sens. Spec.
SVM-RBF baseline - 65.2  0.620 64.5 65.8
CNN black-box No 739 0.880 90.3 60.5
CBM 8c fused Yes 739 0.794 677 789

CBM 6c ensemble + rules Yes 71.0 0.763 70.9 71.1

The concept bottleneck is clinically meaningful: TUG and gait speed are predicted from raw IMU
signals with Pearson correlations of » = 0.822 and r = 0.806, respectively. DGI (r = 0.761) and Berg
Balance (r = 0.715) are also learnable from motion data. The more subjective ABC measure is weaker
(r = 0.590). This hierarchy is clinically plausible: biomechanical concepts are more directly visible in
gait dynamics than self-reported confidence.

Transfer learning partially closes the interpretability gap. Training the CBM from scratch gives
AUC 0.742, while pre-training on the 2025 clinical gait dataset raises AUC to 0.800, a gain of 5.8 AUC
points. In contrast, progressive transfer through SisFall gives AUC 0.763, consistent with possible
negative transfer from fall/ADL events to subtle gait-quality patterns. These point estimates suggest
that source-task similarity may matter more than source-dataset size.

Clinician-guided ablation reduced the original 8 concepts to 6 by removing SF-36 Physical and
GDS. Dropping SF-36 reduced AUC from 0.765 to 0.734, but subsequently removing GDS improved
AUC to 0.768; removing DGI then reduced AUC to 0.742. These point estimates support DGI as a
classification-relevant dynamic gait concept.

4. Interpretability

Every prediction can be accompanied by a trace grounded in concepts and rules. A representative
high-risk participant produced the following condensed explanation:

Prediction: FALLER (High Risk)

Fused: 0.962 | Neural: 0.949 | Symbolic: 1.000
Concepts: TUG=27.00s, Speed=0.25m/s,
Berg=38.44/56, FSST=27.86s, ABC=37.44%,
DGI=12.56/24

Rules: TUG>13.5, Berg<50, Speed<0.8,

DGI<19, ABC<67, TUG+Berg jointly impaired,
Speed+FSST jointly impaired

This trace changes the role of the model output. Rather than asking clinicians to trust an opaque
score, the system exposes predicted clinical quantities and the rules that fired. A clinician can inspect,
contest, or override the prediction by examining the concept values. This is a practical advantage
over post-hoc saliency methods, which typically explain input regions rather than an explicit clinical
reasoning chain.

5. Discussion and Conclusion

The contribution is methodological rather than a claim of state-of-the-art accuracy. The study shows
how a faller-status classifier can be constrained through clinically meaningful concepts and symbolic
rules, making the observed performance—interpretability trade-off explicit. On this cohort, the six-
concept model trails the CNN by 11.7 AUC points while providing auditable concept predictions and
rule-based explanations. The transfer experiments further suggest that pre-training on a clinically
similar gait task may be more useful than transfer from a larger but less aligned fall/ADL task.



The evidence remains preliminary. Limitations include the small retrospective cohort, a single-dataset
evaluation, wide uncertainty intervals due to the limited sample size, and post-hoc selection of the
fusion weight. We also did not reproduce a recent explainable or neuro-symbolic fall-risk baseline on
LTMM, so the comparison is restricted to the SVM, CNN, and internal CBM configurations reported
here. External validation, nested parameter selection, more comprehensive uncertainty analysis, and
clinician-facing studies are required before any deployment claim. The present results therefore support
a research direction for interpretable wearable Al rather than a clinically validated screening system.
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