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Abstract
Clinical gait interpretation is important to guide strategic
intervention for neuromuscular disorders such as Cerebral
Palsy (CP). Existing gait interpretation relies on either fixed
clinical rules or population-based data-driven models to link
gait observations with the underlying neuromuscular im-
pairments, which can lead to one-size-fits-all intervention
strategies with limited interpretability for a specific person.
To close this gap, we introduce CausalGait, a framework
that integrates clinical rules and measured gait data into
personalized causal knowledge graphs, aiming to assist med-
ical experts with more strategic intervention tailored to a
specific person. Specifically, CausalGait has 3 key compo-
nents: 1) Global Causal Graph, which encodes standard clini-
cal rules into a symbolic Directed Acyclic Graph (DAG); 2)
Patient-Specific Graph, which translates measured gait data
into Patient-Specific Graphs via a node activation mecha-
nism; and 3) Causal Inference and Interpretation, which per-
forms conditional probability estimation and constrained
Bayesian analysis for personalized annotation. We evaluated
CausalGait on a dataset of 200 children with spastic CP col-
lected at a credentialed gait lab. Results show that CausalGait
outperforms the Data-Driven baseline on all three metrics:
achieving high faithfulness (0.868), low infidelity (0.0023),
and strong perturbation-based ranking consistency (normal-
ized AOPC = 0.950). A case study further demonstrates the
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interpretation capability of CausalGait through medical ex-
pert analysis.

CCS Concepts
• Human-centered computing→ Ubiquitous and mobile
computing; • Applied computing → Health informatics;
• Computing methodologies→ Causal reasoning and
diagnostics.

Keywords
Knowledge Graph, Causal Analysis, Bayesian Network, Per-
sonalized Interpretation

1 Introduction
Clinical gait interpretation of human motion data is impor-
tant because it can support various downstream analytical
tasks, from abnormality detection in both clinical and real-
world environments [6] to strategic intervention planning
for neuromuscular disorders such as Cerebral Palsy (CP) [9]
and Muscular Dystrophy, thereby evolving toward precision
medicine tailored to individual patients.

Realizing such precision medicine requires precise identi-
fication of the contributing neuromuscular impairments for
each observed gait abnormality [3]. The four primary neuro-
muscular impairments in spastic CP are: muscle weakness,
short muscle-tendon unit, spasticity, and impaired selective
motor control [3, 4].While observational and 3D gait analysis
can successfully identify gait abnormalities, evidence-based
decision-making and treatment planning require understand-
ing why they occur [9].

Prior research hasmade attempts tomodel the relationship
between neuromuscular impairments and gait abnormalities
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[10]. However, these models are limited to either fixed clini-
cal rules, such as the Clinical GENI tool [3], or population-
based data-driven models that link gait observations with the
underlying neuromuscular impairments [10], which can lead
to one-size-fits-all intervention strategies that have limited
interpretability towards a specific person. Neither method
alone can provide the personalized, interpretable analysis to
identify contributing neuromuscular impairments required
for strategic intervention.

To close this gap and explore the possibility of providing
personalized clinical insights, we introduce CausalGait, a
new framework that integrates clinical rules and measured
gait data into personalized causal knowledge graphs, aiming
to assist medical experts with more strategic intervention
tailored to a specific person.

We summarize our contributions as follows:
• We develop CausalGait, a pioneering framework that
embeds clinical rules into population-levelGlobal Causal
Graph (GCG) and transforms personalized gait data
into Patient-Specific Graphs (PSG) to provide gait inter-
pretation tailored to a person’s unique gait and neuro-
muscular impairments.

• We introduce Patient-Specific Graph Instantiation that
models the relationship between patient-specific im-
pairment and gait abnormalities through a node acti-
vation mechanism to provide causality-informed gait
interpretation, and identify isolated nodes for potential
future discovery of new causal relationships.

• We evaluate the explanation quality of CausalGait
using three quantitative metrics, and a comparison
against a Data-Driven baseline, and further demon-
strate its feasibility for clinical decision support through
a representative case study.

2 CausalGait System Design
The end-to-end framework design of CausalGait is shown in
Fig. 1. CausalGait consists of three components. First, GCG
encodes the impairment-abnormality relationships specified
by Clinical GENI [3, 4] as a directed acyclic graph, which
serves as a shared template for all patients. Second, we in-
troduce a node activation mechanism that instantiates the
GCG into PSGs for each patient, which retains only the im-
pairment and gait abnormalities observed in that patient, so
that subsequent inference is restricted to the relationships
actually present in this patient. An abnormality observed
without any of its GENI-specified parent impairments is re-
tained as an orphan abnormality node, flagging cases that
current clinical rules cannot explain. Third, Causal Infer-
ence & Interpretation computes conditional probabilities for
population-level insights and applies BN to PSGs for per-
sonalized gait interpretation informed by neuromuscular
impairments.

2.1 Global Causal Graph
To formalize the relationship between neuromuscular impair-
ments and gait abnormalities from a global perspective, we
construct the GCG that transforms qualitative clinical rules
into a symbolic DAG based on the Clinical GENI Tool [3, 4],
as shown on the left side of Fig. 2.
Specifically, GCG can be formalized as 𝐺𝐸 = (𝑉𝐼 ,𝑉𝐴, 𝐸),

where 𝑉𝐼 represents the set of impairment nodes, 𝑉𝐴 rep-
resents the set of abnormality nodes, and 𝐸 represents the
set of directed causal edges. Each edge represents an expert-
supported causal relationship from a specific neuromuscular
impairment to a corresponding gait abnormality, which can
be formulated as (𝑖, 𝑎) ∈ 𝐸 ↔ GENI(𝑖, 𝑎) = 1, where 𝑖 ∈ 𝑉𝐼
and 𝑎 ∈ 𝑉𝐴.

2.2 Patient-Specific Graph
To better provide personalized clinical insights, CausalGait
instantiates PSG by performing a node activation mechanism
based on the GCG. A concrete example is shown on the right
side of Fig. 2.

Since each patient only contains a subset of the impairment-
abnormality relationships, PSG only preserves the causal
edges among the activated nodes. Formally, we define 𝐺𝑝 =

(𝑉𝑝 , 𝐸𝑝 ), where 𝐺𝑝 ⊆ 𝐺𝐸 , and 𝑉𝑝 = {𝑣 ∈ 𝑉𝐼 ∪ 𝑉𝐴 | 𝑥𝑝𝑣 = 1}
represents the activated nodes.

For each patient 𝑝 , CausalGait assigns a binary activation
state to every node as 𝑥𝑝𝑣 : if node 𝑣 is activated for patient
𝑝 , then 𝑥𝑝𝑣 = 1. Otherwise, 0. Here, 𝑣 can represent either an
impairment or an abnormality node. The activation of each
node is performed independently. In this case, PSG can pre-
serve instances when a gait abnormality is present without
related neuromuscular impairments. This point is particu-
larly important because such an inconsistency may indicate
clinically meaningful corner cases and explore possibilities
for clinical rule refinement. Specifically, we define the iso-
lated gait abnormality nodes as Orphan Abnormality Nodes
(OAN). For an OAN 𝑎, we denote its parent impairment node
set in the PSG as: 𝑃𝑎𝑟𝑒𝑛𝑡 (𝑎) = {𝑖 | 𝑖 → 𝑎 ∈ 𝐺𝑃 }.
For patient 𝑝 , if an activated gait abnormality node 𝑎 is

observed in the patient, but none of its parent neuromus-
cular impairment nodes are activated, then 𝑎 is defined as
an orphan abnormality: Orphan(𝑎, 𝑝) = 1 ↔ 𝑥

𝑝
𝑎 = 1 and∑

𝑖∈𝑃𝑎𝑟𝑒𝑛𝑡 (𝑎) 𝑥
𝑝

𝑖
= 0.

In this context, orphan gait abnormalities may reveal pre-
viously unexplored mechanisms of pathological impairment,
thereby facilitating potential causal relationship discovery
in the future.

2.3 Causal Inference and Interpretation
To support better clinical interpretation of the causal rela-
tionship at both the global and the patient instance level,
CausalGait quantifies the strength of each causal edge at
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Figure 1: System workflow of CausalGait. CausalGait takes the clinical rules and gait kinematics/kinetics data as
input, generates the GCG and PSG, and performs causal analysis from different perspectives.
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Figure 2: GCG and PSG examples. The GCG captures population-level impairment-abnormality relationships,
while PSGs instantiate personalized active relations for the left and right sides. Edge color denotes conditional
probability in GCG, and model-estimated BN value in PSG. For example, Weak ankle plantarflexors (PF) can alter
ankle dorsiflexion (DF) control during the Single Limb Stance phase, which may propagate to abnormal knee
and hip flexion when the limb is loaded, explaining why a distal impairment can contribute to multiple gait
abnormalities.

both GCG and PSGs, and further identifies misalignment
patterns.

2.3.1 Global statistical analysis using conditional probabil-
ity estimation. To provide population-based statistical in-
sights for global interpretation, CausalGait calculates how
frequently abnormality 𝑎 appears among patients with im-
pairment 𝑖 in GCG. This global conditional probability can

prioritize the relationship for a specific kind of neuromuscu-
lar impairment and abnormality, further defined as:

𝑃 (𝑎 | 𝑖) =
∑𝑁

𝑝=1 1
(
𝑥
𝑝

𝑖
= 1 and 𝑥𝑝𝑎 = 1

)∑𝑁
𝑝=1 1

(
𝑥
𝑝

𝑖
= 1

) (1)

The numerator of Equation 1 represents the number of pa-
tients who have both impairment 𝑖 and abnormality 𝑎, while
the denominator represents the number of patients who have
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impairment 𝑖 . Therefore, 𝑃 (𝑎 | 𝑖) measures the population-
level occurrence rate of abnormality 𝑎 under the condition
that impairment 𝑖 is observed.
CausalGait uses this probability to quantify the empiri-

cal strength of each causal relationship. For example, if two
different neuromuscular impairments are both associated
with the same gait abnormality, comparing their global con-
ditional probabilities allows CausalGait to determine which
impairment provides a stronger population-level explanation
for that abnormality.

2.3.2 Personalized interpretation using causality-informed
Bayesian Networks. To support patient-specific analysis and
prioritize the most likely root causes for a given gait abnor-
mality, CausalGait uses BN analysis to provide a weighted
interpretation for the directed edges in each PSG, so that
it can show not only whether a potential clinical causal re-
lationship exists, but also how strongly this relationship
explains the abnormality under the current patient context.
For an abnormality node 𝑎, CausalGait first extracts all

of its parent impairment nodes from the GCG, denoted as
𝑃𝑎𝑟𝑒𝑛𝑡 (𝑎).

For each patient 𝑝 , CausalGait observes which impairment
nodes in the PSG are activated, thereby forming a parent
activation pattern. For example, if abnormality 𝑎 has three
parent impairments, then z = [1, 0, 1] indicates that only the
first and third parent impairments are activated.
Because all impairments and abnormalities relationship

are side-specific, the left and right limbs of each participant
are treated as separate patient-side observations in the prob-
ability estimation.
Based on all PSGs, CausalGait estimates the pattern con-

ditioned probabilities using constrained Bayesian estimation
with positive monotonicity constraints [11]. Let 𝑃𝑎 (z) de-
note the estimated probability of abnormality 𝑎 under parent
pattern z. For an activated edge 𝑖 → 𝑎, its patient-specific
BN value is

BN(𝑝 )
𝑖→𝑎

= 𝑃𝑎 (z𝑝 ) − 𝑃𝑎 (z(−𝑖 )𝑝 ) ≥ 0,

where z(−𝑖 )𝑝 is obtained by setting impairment 𝑖 to zero
while keeping all other parent states unchanged. The BN
value measures the corresponding decrease in the estimated
abnormality probability. A larger BN value indicates a stronger
contribution of impairment 𝑖 under current patient context.

2.3.3 Potential causal relationship discovery based on Orphan
Rate. While global statistical analysis (Section 2.3.1) and per-
sonalized interpretation (Section 2.3.2) provide quantitative
information at global and patient-specific levels, respectively,
CausalGait further usesOrphan Rate (OR) to quantify the pro-
portion of observed abnormalities that are not explained by
activated parent impairments. This measure helps clinicians
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Figure 3: Pattern-stratified BN analysis for the target
relationWeak ankle PF→ Increased Hip Flexion. Each
column represents a patient subgroup with a shared
impairment pattern. The matrix shows active/inactive
impairments, bar height, and the overlaid line indicates
the BN value. 𝑛 denotes subgroup size.

identify corner cases that may warrant further investigation
and refinement of the current clinical rules.
For an abnormality 𝑎, let 𝑃𝑎 denote the set of patient in-

stances in which abnormality 𝑎 is observed, i.e., 𝑃𝑎 = {𝑝 |
𝑥
(𝑝 )
𝑎 = 1}. The OR of abnormality 𝑎 is defined as:

OR(𝑎) =

���{𝑝 ∈ 𝑃𝑎 | ∑𝑖∈𝑃𝑎𝑟𝑒𝑛𝑡 (𝑎) 𝑥
(𝑝 )
𝑖

= 0
}���

|𝑃𝑎 |
(2)

For abnormality 𝑎, this metric measures the proportion of
observed instances that cannot be explained by any activated
parent impairment. A high OR suggests that this abnormality
often appears without any activated impairment-based ex-
planation. Finally, CausalGait ranks abnormalities according
to their ORs to provide clinicians with an opportunity to
explore potential causal relationships.

3 CausalGait Evaluation
To comprehensively evaluate the CausalGait framework and
explore the personalized interpretation capability, we con-
struct PSGs from a credentialed 3D gait analysis lab dataset of
200 spastic CP patients who meet inclusion criteria, perform
causal inference and analysis, quantitatively evaluate the
patient-specific BN values, and verify their clinical interpre-
tation through a representative case study. This study was re-
viewed and approved by the Institutional Review Board (IRB)
of [Stanford University] under protocol number [11910]. All
participants provided informed consent before participation.

3.1 Experimental Setup
3.1.1 Inclusion Criteria. Inclusion criteria is a diagnosis of
spastic CP, age 3-17 y/o, ability to walk independently (i.e.,
without an assistive device or external assist) for at least 6
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meters, and having a physical exam of neuromuscular impair-
ments including manual muscle test (MMT), passive range
of motion (PROM), the modified Tardieu Scale (MTS), and
the Selective Control Assessment of the Lower Extremity
(SCALE) [5]. Exclusion criteria include a history of surgi-
cal intervention, including lower extremity (LE) orthopedic
surgery or selective dorsal rhizotomy (SDR) within 1 year of
gait analysis and/or botulinum toxin type A (BoNT-A) injec-
tion within 1-year of gait analysis, and no use of baclofen at
the time of testing.

3.1.2 Comparison Baseline. We use Random Forest (RF)
with local SHAP explanations as the Data-Driven baseline. A
separate RF is trained for each gait abnormality using binary
impairment indicators as input. Each model contains 300
trees and uses balanced class weights.

Let 𝐾𝑎 denote the number of impairments associated with
abnormality 𝑎 in Clinical GENI criteria. For each patient, the
Data-Driven baseline ranks impairments by their positive
SHAP values and retains the top 𝐾𝑎 , so that the number of
explanations matches the Clinical GENI criteria.

3.1.3 Evaluation Metrics. We evaluate CausalGait and the
Data-Driven baseline using three metrics from existing stud-
ies: Faithfulness [2], Infidelity [12], and normalized Area
Over the Perturbation Curve (AOPC) [8]. Each metric is de-
fined below.

Faithfulnessmeasures the correlation between the expla-
nation scores and the changes in the estimated abnormality
probability when impairments are removed [2]. For abnor-
mality cases of each patient, let 𝑆 be a pair of activated parent
impairments, and define

𝐴(𝑆) =
∑︁
𝑖∈𝑆

𝑠 (𝑝, 𝑖, 𝑎), 𝐷 (𝑆) = 𝑓𝑝,𝑎 (∅) − 𝑓𝑝,𝑎 (𝑆),

where 𝑓𝑝,𝑎 (𝑆) is the estimated abnormality probability after
the impairments in 𝑆 are removed.

Faithfulness =mean
(𝑝,𝑎)

[
𝜌 |𝑆 |=2

(
𝐴(𝑆), 𝐷 (𝑆)

) ]
.

where 𝜌 denotes the Pearson correlation coefficient. We use
impairment pairs because each score in CausalGait is already
defined using a single impairment perturbation. The same
pairwise evaluation is applied to the Data-Driven baseline.
A higher Faithfulness indicates stronger agreement between
the explanation scores and the observed probability changes.

Infidelitymeasures the squared error between the summed
explanation scores and the decrease in the estimated abnor-
mality probability when the corresponding impairments are
jointly removed [12]:

Infidelity =mean
(𝑝,𝑎)

[
mean
|𝑆 |=2

(𝐴(𝑆) − 𝐷 (𝑆))2
]
.

Table 1: Comparison of explanation consistency be-
tween CausalGait and Data-Driven baseline.

Metric CausalGait Data-Driven baseline

Faithfulness 0.868 0.519
Infidelity 0.0023 0.0164
Normalized AOPC 0.950 0.777

A lower Infidelity indicates that the perturbation-weighted
explanation scores more closely match the resulting proba-
bility changes.
Normalized AOPC tests whether the ranking based on

the original explanation scores remains effective when multi-
ple impairment indicators are perturbed cumulatively [8]. Let
𝝅 = (𝜋1, . . . , 𝜋𝑚) denote the selected impairments ranked by
decreasing raw explanation score. Here,𝑚 is determined by
the number of impairments associated with abnormality 𝑎
in Clinical GENI. For each patient-abnormality case (𝑝, 𝑎),
we compute

AOPC𝑝,𝑎 (𝝅) =
1

𝑚 + 1

𝑚∑︁
𝑘=0

[
𝑓𝑝,𝑎 (∅) − 𝑓𝑝,𝑎 ({𝜋1, . . . , 𝜋𝑘 })

]
,

where {𝜋1, . . . , 𝜋0} = ∅. We then normalize this value by the
exact minimum and maximum AOPC attainable over all𝑚!
removal orders:

nAOPC𝑝,𝑎 =
AOPC𝑝,𝑎 (𝝅) − AOPCmin

𝑝,𝑎

AOPCmax
𝑝,𝑎 − AOPCmin

𝑝,𝑎

.

The normalized AOPC is the mean of nAOPC𝑝,𝑎 across all
patient-abnormality cases. A higher normalized AOPC indi-
cates that a method’s ranking is closer to the optimal removal
order under its own fitted model.

3.2 Quantitative Evaluation Results
Table 1 presents the quantitative results. CausalGait achieves
a Faithfulness of 0.868 and an Infidelity of 0.0023. Across pa-
tients and observed abnormalities, impairment pairs with
larger summed BN values tends to correspond to larger prob-
ability decreases, while the summed values remain close to
the changes produced by setting both impairment states to 0.
The normalized AOPC of 0.950 shows that the ranking gen-
erally places impairments with greater estimated influence
earlier and approaches the best removal order for each case.
Since these metrics are calculated using probabilities from
the fitted model, they measure the internal consistency of
the explanation scores rather than clinical accuracy.
In a future study, clinical experts will evaluate each im-

pairment–abnormality edge for a randomly selected group
of patients. Their assessments will serve as an expert-derived
reference standard for evaluating the accuracy of CausalGait.
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3.3 Case Study
To demonstrate how CausalGait translates population-level
GCG into patient-specific interpretation and prioritizes com-
peting impairment explanations, we analyze a representative
patient in collaboration with a medical expert using the ex-
ample shown in Fig. 2.

GCG Interpretation. In the spastic CP population, mus-
cle weakness is one of the most commonly identified neu-
romuscular impairments [3]. Ankle Dorsiflexor Weakness
reduces Ankle Dorsiflexion in swing, causing the ankle to re-
main plantarflexed at Initial Contact and resulting in Flatfoot
or Forefoot Contact. Absence of Heel Contact eliminates the
Heel Rocker, negatively impacting forward gait progression
and energy expenditure [1, 3, 7].
PSG Interpretation. In this specific patient, Weak An-

kle DF is present on the left limb but absent on the right,
highlighting the importance of bilateral assessment. Short
Ankle PF is present bilaterally, further limiting the Ankle’s
ability to achieve neutral Dorsiflexion in Swing and at Initial
Contact and contributing to Forefoot/Flatfoot IC. As the knee
progresses toward extension in late swing, increased stretch
on the gastrocnemius may further limit neutral DF and Heel
Contact. Knee Hyperextension in Single-Limb Stance was
associated with Weak Knee Extensors. While Weak Knee Ex-
tensors had a BN of 0.022, the frequency of this abnormality
in the sample studied was 5.3%, therefore indicating that it
is not as common a gait abnormality as Increased Knee Flex-
ion in Single-Limb Stance, which occurred in 81.1%. Muscle
Weakness was tested using MMT. While MMT is commonly
used clinically due to its simplicity and lack of required equip-
ment, it has limitations in detecting strength impairments in
large muscle groups such as the quadriceps. More quantita-
tive methods such as dynamometry or gold standard isoki-
netic testing would be more sensitive for detecting muscle
weakness of the quadriceps, though these are not always
clinically available due to equipment costs. It is possible that
MMT underestimated the magnitude of knee extensor weak-
ness in this sample, and future studies should compare these
relationships using dynamometry or isokinetic testing.

4 Conclusion
This paper introduces CausalGait, a novel framework for per-
sonalized and causality-informed gait interpretation. Causal-
Gait addresses the interpretation gap between rule-based
clinical reasoning and data-driven models through causality-
informed knowledge graphs that integrate both clinical rules
and gait data. For each patient, the global graph is instanti-
ated using the active impairments, producing patient-specific
BN values and impairment rankings. Evaluation reveals that
CausalGait outperformed the Data-Driven baseline across
all three metrics, showing stronger consistency between its

explanation scores and model behavior. In the future, we
plan to further develop a multi-agent collaboration system
to analyze the implicit pathological features embedded in
CausalGait and generate personalized treatment recommen-
dation reports.
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