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Abstract

Evaluating wearable assistive robots in real-world caregiving is challenging because tem-
porally aligned and repeatable A /B comparisons are rarely available. Conventional evalu-
ations assume that assist-on and assist-off trials are comparable in task content, posture,
and movement timing. However, caregivers adjust their posture and timing across human—
human interactions and task sequences. This study proposes a causally inspired diagnostic
framework based on DBN/SCM-inspired time-series modeling and movement-fixed coun-
terfactual estimation. We represented the multimodal observations using intervention,
robot state, movement context, EMG, and context variables. Node-specific relationships
were approximated using Attention-based Sparse Variational Gaussian Process regressors.
We evaluated the framework at three levels of environmental complexity. These levels
comprised controlled trunk flexion, partially controlled bed-to-wheelchair transfer, and
real-world caregiving. The proposed framework is intended as a diagnostic counterfactual
evaluation tool rather than as a method for strict causal identification. Across experiments,
one-step EMG prediction accuracy alone was insufficient to identify intervention-sensitive
models. In controlled validation, the selected movement-decoupled robot-only model re-
produced an EMG-reducing response consistent with the controlled A /B reference. When
fitted to the partially controlled transfer data, the selected structural specification identified
an EMGe-increasing response in supported contexts. In the real-world caregiving case
study, the global assist-mediated response (AMR) was near zero despite a positive pooled
A /B difference. However, the stratified analysis identified localized supported responses.
The near-zero AMR indicates that the pooled difference was not reproduced through the
modeled assist intervention-robot state-EMG pathway under fixed movement context.
This result should not be interpreted as evidence of overall device ineffectiveness. These
findings suggest that context-fixed counterfactual diagnosis can help interpret assistive
responses under increasing environmental complexity.

Keywords: wearable assistive robots; time-series modeling; counterfactual evaluation;
electromyography; human motion analysis; real-world data; assistive technology

1. Introduction

Wearable assistive robots have been developed to reduce physical workload dur-
ing caregiving. They are particularly relevant to tasks involving repeated trunk flexion
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and patient handling. Low back pain and other musculoskeletal disorders remain major
occupational health issues among caregivers, including in Japanese care settings [1,2].
Wearable assistive robotics is a promising approach to reducing this physical burden [3].
However, challenges remain in usability, adaptability, evaluation, and real-world deploy-
ment. While numerous studies have demonstrated the effectiveness of assistive devices
in controlled laboratory environments, their evaluation in real-world settings remains a
significant challenge. Conventional evaluation methods typically rely on A/B comparisons
between assisted and unassisted conditions. These approaches assume that task execution
is repeatable and temporally aligned, allowing direct comparison of physiological signals
such as electromyography (EMG). However, in real-world caregiving environments, these
assumptions rarely hold. Caregiving tasks are inherently heterogeneous. Transfers, repo-
sitioning, and physical support differ in duration, sequence, and intensity. Furthermore,
assistive devices are often used intermittently, and assist-on and assist-off conditions are not
synchronized across comparable movements. As a result, simple comparisons of averaged
signals can lead to inconsistent or even misleading conclusions [4,5].

To address these limitations, recent studies have investigated data-driven approaches
for estimating assistive effects from multimodal time-series data. These methods can
capture complex relationships in multimodal sensor data. However, many rely on black
box models and do not represent the physical interaction among assistive force, posture,
and muscle activity. Moreover, many methods do not provide a principled estimate
of counterfactual outcomes. Such estimates are needed to evaluate “what would have
happened” under an alternative assist condition. The aim of this study is to introduce
counterfactual reasoning as a diagnostic perspective for evaluating wearable assistive
robots. The proposed framework does not claim strict causal identification. Instead, it
applies movement-fixed counterfactual estimation (MF-CFE) under a fixed movement
context. The purpose is to examine whether the learned pathway supports the observed
assist-on/off difference. This pathway represents the model-implied response from the
assist intervention to EMG through the robot state. Accordingly, the framework estimates
the AMR through this learned pathway. It does not estimate effects mediated by changes
in movement strategy.

In this study, we propose a causally inspired diagnostic framework for evaluating
wearable assistive robots using heterogeneous multimodal time-series data. The framework
does not assume that assist-on and assist-off observations are directly comparable. This
is intended for real-world settings where movement and other contextual factors cannot
be controlled. Instead, it examines whether the learned pathway supports the observed
difference under a fixed movement context. This pathway links assist intervention to
the EMG-based load response through the robot state. The multimodal representation
includes assist intervention, robot state, movement context, EMG, and contextual variables.
Attention-based Sparse Variational Gaussian Process regressors approximate the node-
specific conditional relationships.

We examine the framework using a three-level protocol with increasing environ-
mental complexity. The levels comprise controlled trunk flexion, partially controlled
bed-to-wheelchair transfer, and real-world caregiving. Across these levels, the observed
assist-on/off difference is interpreted differently depending on the degree of movement
control and A /B comparability. The three-level protocol was designed to examine how
the interpretation of a common diagnostic structure changes as experimental control de-
creases. Experiment 1 provided a controlled basis for selecting the primary structural
specification. Experiment 2 retained a structured transfer task while allowing natural
variation in movement execution, whereas Experiment 3 further introduced variability
in task content, care recipients, assist timing, and human-human interaction. The same
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structural specification was retained across levels, while its parameters were estimated
separately for each dataset. Thus, the protocol evaluated cross-level diagnostic consistency
rather than the parameter-level transfer of a single fitted model.

Figure 1 illustrates the conceptual motivation of MF-CFE. In a naive A/B comparison,
assist-on and assist-off episodes may differ in posture, velocity, load proxy, timing, and task
context. MF-CFE therefore keeps the observed movement context fixed and changes only
the hypothetical assist intervention. The model then predicts the robot state trajectory and
EMG response under do(A = 0) and do(A = 1). The difference between the two predicted
EMG trajectories is interpreted as the AMR. In this study, movement-fixed counterfactual
evaluation refers to this rollout procedure, whereas context-fixed diagnosis refers to the
stratified interpretation of these responses within comparable movement contexts.

Limitation of conventional
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Figure 1. Conceptual motivation of the proposed movement-fixed counterfactual evaluation (MF-

CFE). In real-world caregiving, a naive assist-off/on comparison can be misleading. Posture (P),
velocity (V), the moment proxy (M), and task context (C) may differ across episodes. MF-CFE fixes the
observed movement context and contrasts the two hypothetical intervention conditions, do(A = 0)
and do(A = 1). The robot state trajectory (I) is generated through the learned assist intervention
pathway, and the resulting EMG outcome (E) is predicted under each condition. The difference
between the predicted EMG trajectories defines the assist-mediated response (AMR). The AMR is a
model-implied diagnostic response under the same observed movement context. Accordingly, the
AMR should be interpreted as a pathway-specific diagnostic response rather than as the total causal
effect of device use.

A preliminary version of this framework was accepted for presentation at IEEE RO-
MAN 2026 [6]. The present study extends the preliminary work in three respects. It
reformulates the method as a movement-fixed diagnostic framework and separates the
assist intervention from the robot state. It also introduces node-wise Attention-SVGP
models and evaluates the framework across three levels of environmental complexity.

The main contributions of this study are summarized as follows:

*  We propose a movement-fixed counterfactual evaluation (MF-CFE) framework for
wearable assistive robots that does not require temporally aligned assist-on/ off trials.

e  We realize the framework using DBN/SCM-inspired node-wise modeling and
Attention-SVGP regressors to represent robot state, movement context, and EMG
relationships.
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*  We examine the framework across three levels, from controlled laboratory tasks to
real-world caregiving. The interpretation of the observed assist-on/off difference
depends on the experimental level.

2. Related Work
2.1. Evaluation Challenges in Wearable Assistive Robots

Wearable assist devices have been developed to reduce physical workload during
caregiving and manual handling. These devices include rigid exoskeletons, soft exosuits,
and powered transfer-support systems [7-10]. These devices are typically evaluated under
controlled laboratory conditions. Common outcomes include EMG, kinematics, metabolic
cost, subjective workload, and task-specific mechanical indices [11-14]. Controlled studies
have reported reductions in muscle activity and perceived workload during lifting, sit-
to-stand, and transfer-related tasks, demonstrating the potential of wearable assistive
technologies [15].

However, conventional evaluations commonly rely on A/B or within-subject compar-
isons. These comparisons assume alignment in task phase, posture, timing, and external
load. This assumption limits their applicability to real care environments, where task
execution is rarely repeatable. Exoskeleton evaluation is also affected by task selection,
sensor placement, outcome variability, and ecological validity [16]. In addition, device
misalignment and user adaptation can also change trunk posture, movement trajectory,
muscle activity, and timing. These changes may be greater when assistive forces conflict
with the user’s intended motion [17].

Real-world nursing care adds variability that is absent from many laboratory tasks.
Sources include spontaneous patient movement, human-human interaction, unpredictable
timing, and cooperative load sharing [18]. Human-human physical interaction can alter
movement dynamics and physical load because caregivers adapt their motion toward a
shared task goal [19]. Such variability introduces temporal misalignment between assist
and no-assist episodes, preventing straightforward comparison of averaged signals [20].
Moreover, confounding factors such as movement strategy and fatigue accumulation
can substantially affect EMG outputs [16,21]. Recent evidence maps show substantial
heterogeneity in occupational exoskeleton evaluation across healthcare, social care, and
industry. Field evidence also remains limited compared with laboratory evidence [22].

2.2. Model-Based and Counterfactual Estimation

To address the limitations of direct A/B testing under heterogeneous movement
conditions, model-based and causal-inference-inspired approaches have been introduced in
related domains [23-25]. Counterfactual estimation provides a framework for asking what
would have happened under an alternative intervention condition. Structural causal models
formalize interventions and counterfactual outcomes [26], whereas Dynamic Bayesian
Networks provide a probabilistic representation of temporal dependencies in time-series
data [27]. These frameworks motivate structured modeling of assist state, robot state,
movement context, and physiological outcomes in wearable assistive robot evaluation.

Although such approaches are not yet widespread in wearable assistive device evalua-
tion, recent studies using deep causal models suggest their potential for HRI and biomedical
applications [28]. Attention-based architectures have also been used to improve inter-
pretability in time-series forecasting. For example, the Temporal Fusion Transformer com-
bines recurrent layers, variable-selection networks, gating mechanisms, and interpretable
self-attention for heterogeneous multi-horizon forecasting [29]. Recent Transformer-based
approaches have further explored temporal causal discovery by extracting causal links and
time lags from multivariate time-series forecasters while incorporating prior knowledge
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through attention masking [30]. These studies share our use of structured temporal depen-
dencies and attention-based diagnostics. However, MF-CFE operates under a predefined
intervention, robot state, movement context, and EMG structure. Thus, the framework is
not a general black-box EMG predictor. It tests whether the learned A — I — E pathway
supports an observed assist-on/off difference under fixed movement context.

2.3. Positioning of This Study

This study positions counterfactual time-series modeling as a diagnostic tool for
evaluating wearable assistive robots under heterogeneous caregiving conditions. Rather
than assuming that observed assist-on/off differences represent ground-truth assistive
effects, the proposed framework examines whether such differences are supported by a
learned intervention-sensitive robot state pathway under fixed movement context. The goal
is not strict causal identification. Instead, the framework provides a structured diagnostic
interpretation when temporally aligned A /B trials are unavailable.

3. Method
3.1. Overview

We formulated assistive effect evaluation as a movement-fixed counterfactual estima-
tion problem from multimodal time-series data. The proposed framework estimates the
model-implied change in EMG under alternative assist conditions while preserving the ob-
served movement context. The model was inspired by Dynamic Bayesian Networks (DBNs)
and Structural Causal Models (SCMs), which provide formal frameworks for representing
temporal dependencies, interventions, and counterfactual outcomes [26,27]. However,
the framework is not intended to establish strict causal identifiability. Instead, Attention-
based Sparse Variational Gaussian Process (Attention-SVGP) regressors approximate the
node-specific conditional relationships. Sparse inducing variables make the probabilistic
regression scalable to large time-series datasets [31-33].

The framework consists of four steps: (1) standardization of observed sensor data into
intervention, robot state, movement, muscle-activity, and context variables; (2) construc-
tion of lagged parent histories and self-history features within each trial; (3) training of
node-wise Attention-SVGP models; and (4) movement-fixed counterfactual rollout under
do(A = 0) and do(A = 1). Figure 2 summarizes the overall workflow.

3.2. Variable Definition and Data Standardization

At each time step ¢, the standardized variable set was defined as
Xt ={Ay LIt, P, Vi, My, Et, Ct }, (1)

where the variables are summarized in Table 1. Here, t denotes the time index, and X;
denotes the complete standardized variable set at time ¢. The variables were designed to
distinguish the explicit assist intervention, the robot state response, movement context, and
EMG outcome.

A key design choice was the separation of the intervention variable A; and the robot
state variable I;. The assist intervention A; was derived from explicit assist-on/ off labels,
whereas I; was treated as a continuous robot state signal that could vary after interven-
tion. This separation prevented assist-off periods with nonzero current values from being
incorrectly treated as assist-on periods.
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Figure 2. Overview of the proposed MF-CFE. Multimodal time-series data are standardized and
converted into lagged parent histories for node-specific Attention-SVGP modeling. During counter-
factual rollout, A is assigned to do(A = 0) or do(A = 1). The model generates I from the learned
A — I relationship while fixing the observed P, V, and M trajectories. The assistive effect is quanti-
fied as the difference between the predicted EMG trajectories under the two intervention conditions.

Table 1. Variables used in the proposed framework.

Symbol Variable Definition and Role

As Assist intervention ~ Binary assist-on/off intervention label

Iy Robot state Continuous robot telemetry or current-related state

P Posture Trunk posture angle

Vi Velocity Trunk angular velocity computed within each trial

M; Moment proxy Approximate biomechanical load-context variable

E; EMG Lumbar erector spinae EMG envelope

C; Context Phase, subject, posture bin, and velocity bin information

Posture P;, velocity V;, moment proxy M;, and robot state variable I; were stan-
dardized using scalers fitted only on the training data. Let Ef"" denote the averaged
EMG envelope before normalization. We transformed it as E; = log(ES™ + egypg), where
epmc = 1078 was added only to avoid undefined values at zero. The logarithmic transfor-
mation compressed large amplitudes and reduced right-skewness in the EMG distribution.
The transformed signal was then standardized within each subject using training-set statis-
tics to reduce inter-subject amplitude differences. The context vector C; was constructed
from one-hot representations of movement phase, subject identity, posture bin, and velocity
bin. The posture and velocity bins were defined using quantiles estimated from the training
set only. We split the data at the trial level. This procedure prevented temporally adjacent
samples from the same trial from appearing in both sets.

3.3. DBN/SCM-Inspired Node Structure

Figure 3 illustrates how the variables defined in Section 3.2 were organized into
a DBN/SCM-inspired node structure. The structure follows the idea of representing
temporally lagged dependencies among variables while distinguishing intervention-like
inputs from endogenous responses [26,27]. However, the implementation used node-wise
conditional regressors. It did not explicitly factorize a joint probability distribution.
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Figure 3. DBN/SCM-inspired node structure for counterfactual evaluation. The intervention node A
is treated as an intervention-like input, whereas the robot state node I; is modeled as an endogenous
response. The remaining nodes represent movement context and EMG outcome variables defined in
Section 3.2. Solid arrows denote direct conditional dependencies. Dashed arrows denote contextual
or time-invariant influences, and the dashed box represents self-history features. The primary MF
rollout fixes P, V, and M. It estimates the model-implied response through the A — I — E pathway
rather than a fully identifiable causal effect. The moment proxy M; was treated as an observed and
fixed input in the primary MF rollout rather than as a counterfactually generated node.

Each node was modeled using a node-specific conditional function,
Yi = fr(Cr,Pa(Y)i—p, Vi) +€v, 2)

where Y € {I,P,V,E}, Pa(Y) denotes the parent set specified by the node structure
in Figure 3, ¢ denotes external parent lags, ¢; denotes self-history lags, and ey denotes
observation noise.

The moment proxy M; was approximately calculated from trunk posture P;, height,
and body weight. This approximation follows a standard link-segment rationale in which
anthropometric parameters and segment orientation are used to derive a posture-dependent
external moment proxy [34]. Height and body weight were fixed subject-level inputs rather
than time-varying nodes. The resulting M; trajectory was then treated as an observed
biomechanical load-context proxy. During the primary MF rollout, the model fixed P, V;,
and M to their observed trajectories. Thus, the rollout did not generate M; counterfactually.

This formulation is DBN-like because each node at time f is predicted from lagged
parent variables and context variables. However, the model does not explicitly define a full
joint distribution or estimate latent exogenous variables. Therefore, we refer to the model
as a DBN/SCM-inspired counterfactual evaluation framework rather than a strict causal
graphical model.

3.4. Lagged Input Construction

For each node Y, the input feature vector was constructed from the context vector,
lagged parent histories, and, when enabled, self-history features

Xy = [Ct,Pa(Y )iy, Yi_p]- ®)
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Lagged features were constructed within each trial so that histories did not cross trial
boundaries. When self-history was disabled in an ablation setting, the self-history block
was omitted. The EMG parent set was modified across model variants to examine the
relative contribution of robot-related and movement-related pathways. The full model
used {A, I, P,V, M} as EMG parents. The robot-only and mechanical models used {4, I'}
and {P, V, M}, respectively.

3.5. Attention-SVGP Regression Model

Each node-specific conditional relationship was approximated using an Attention-
based Sparse Variational Gaussian Process (Attention-SVGP) regressor:

vy = fr(Xy) +ey, ey ~N(0,0%), (4)

where fy(-) denotes a nonlinear probabilistic regression function. Here, yy ; denotes the
training target for node Y at time ¢, and 02 denotes the node-specific observation-noise
variance. The attention module summarized parent and lag histories using separate parent-
level and lag-level weights. This design follows attention-based time-series forecasting
models [29]. The SVGP module provided nonlinear regression with predictive uncertainty.
Sparse variational approximations made this regression scalable [31-33]. Attention weights
were used only as auxiliary indicators of predictive relevance and were not interpreted as
causal effects [35,36]. Implementation details are provided in Appendix A.

3.6. Target Definition and Model Training

In the standard setting, the target variable for each node was its standardized cur-
rent value:

Yy = Yt )

For residual EMG models, the EMG target was defined as the change from a previ-
ous value:

yg,=E —E;_y. 6)

The residual target model yielded the closest agreement with the controlled A/B
reference.

Each node-specific Attention-SVGP model was trained independently for ¥ ¢
{I, P,V, E}. Here, one-step prediction estimates Y; from observed lagged histories. All
input histories come from the same trial. During this evaluation, the input histories were
constructed from observed data and were not recursively replaced by model-generated
outputs. Therefore, one-step accuracy measures short-horizon waveform fidelity. It is
distinct from the counterfactual forward simulation described next.

We evaluated one-step prediction using Pearson’s correlation coefficient, RMSE, MAE,
and mean predictive standard deviation. All metrics were calculated in standardized space.

3.7. Counterfactual Forward Simulation

After training, the learned node-specific models were used for counterfactual forward
simulation. For each simulation window, the initial history was taken from the observed
data, and the assist intervention was fixed to one of two hypothetical conditions:

do(A; = 0), 7)
do(As = 1). (8)

Here, the intervention operator do(-) denotes the hypothetical assignment of the assist
intervention variable independently of its observed value.

https://doi.org/10.3390/s26144646
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The main evaluation used a movement-fixed rollout (MF rollout). In each rollout
branch, A; was assigned to 0 or 1. The learned A — I relationship then generated the robot
state trajectory I;. In contrast, the movement and biomechanical context variables P;, V;,
and M; were fixed to their observed values throughout the simulation window. The model
then predicted EMG under each intervention condition. Inputs comprised the generated
robot state, fixed movement context, EMG self-history, and context variables.

This rollout addresses the following diagnostic question: Under the same observed
movement context, how would EMG respond to an alternative assist condition and its
associated robot state trajectory? Thus, the estimated effect represents the model-implied
EMG change through the A — I — E pathway. It does not represent the total effect of
assist use on movement strategy.

The frame-wise assistive effect on EMG was defined as

AE, = E?O(A:n B Eflo(A:O)'

©)
The AMR is the model-implied response through the learned A — I — E pathway
under fixed movement context. It is not a fully identifiable causal effect.
Negative values of AE; indicate reduced EMG activity under the assist-on condition,
whereas positive values indicate increased EMG activity. The mean effect over a sequence
was defined as

1T
AE = = ) AE;. 10
r LA (10)

Here, T denotes the number of time frames in the evaluated sequence.

We refer to this model-implied EMG change as the assist-mediated response (AMR).
Here, AMR denotes a diagnostic response transmitted through the learned assist interven-
tion and robot state pathway under fixed movement context, rather than a fully identifiable
causal effect. When both assist-on and assist-off observations were available, the observed
A /B difference was computed as

AEag =E[E|A=1]—-E[E|A=0] (11)

This value was used only as a level-dependent reference or descriptive statistic, not as
a universal ground truth.

3.8. Ablation and Diagnostic Analyses

We trained structural variants to examine EMG prediction and counterfactual sensitiv-
ity. The variants changed the EMG parent set, self-history availability, target definition, or
assist-robot state correspondence. The main variants are summarized in Table 2.

The full, robot-only, and mechanical models were used to compare the relative contri-
butions of robot-related and movement-related pathways. No-self-history and residual tar-
get variants were introduced to test whether strong EMG self-history masked intervention-
sensitive components of the EMG response. We introduced movement-decoupled variants
because the assist intervention should not directly generate human movement trajectories.
This restriction is important in practical caregiving tasks. In these models, the move-
ment context variables P, V, and M were treated as fixed contextual variables during
movement-fixed evaluation, while the robot-related pathway was represented through
A—1—E

Negative control analyses were performed by shuffling assist labels or disrupting the
correspondence between assist state and robot state histories. The negative controls tested
whether the estimated AMR depended on the learned A — I — E relationship. They also

https://doi.org/10.3390/s26144646
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tested whether architecture, subject identity, phase distribution, or movement context alone

could produce the response.

Table 2. Structural model variants used for diagnostic evaluation.

Model Variant EMG Parent Set Self-History/Target Diagnostic Role
Full (A, 1,P,V, M)} EMG level with Reference model including robot and
e self-history movement context parents
. Isolates the assist intervention—robot state
Robot-only (RO) a1} Eel\l/ilfiilset‘(l)er;vvlth pathway for EMG prediction
Mechanical (P, V, M} EMG level with Evaluates movement- and mechanics-related
T self-history EMG prediction
No E-self Model-specific EMG self-history removed .TQStS whgther EMG s‘elf—h1story masks
parent set intervention sensitivity
Residual target Model-specific Residual EMG target Tests whe.ther pred'1 cting EMG change
parent set increases intervention sensitivity
Movement-decoupled {A,I} EMG level with Eférgeall}:jn,}loifllf(i tg ¢ I;;ﬁ:/f:;nent-ﬁxed
robot-only (MD-RO) self-history P y
Movement-decoupled {A,I,P,V, M} EMG level with Ssﬁfg:ltzrzggifgﬁgmg movement
full (MD-Full) self-history P
P-decoupled full {A,1,P,V, M} EMG level with Intermediate sensitivity model with posture
(PD-Full) e self-history generation decoupled
NC shuffle-A Same as Same as corresponding ~ Negative control with shuffled assist labels
corresponding original model

original model

NC shuffle-Al

Same as
corresponding
original model

Same as corresponding

original model

Negative control disrupting assist-robot state
correspondence

Note: A, assist intervention; I, robot state; P, posture; V, velocity; M, moment proxy; EMG, electromyography;

RO, robot-only; MD, movement-decoupled; PD, posture-decoupled; NC, negative control.

4. Experiment

4.1. Experimental Overview

The proposed framework was evaluated using a three-level protocol with different

degrees of movement control and A/B comparability. The protocol examined whether the
learned A — I — E pathway supported each observed assist-on/off difference under fixed
movement context. It did not treat every A/B difference as a ground-truth assistive effect.

Table 3 summarizes the role of each level, and Figure 4 shows the common measurement

platform and experimental protocol.
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Table 3. Experimental levels and interpretation of A/B comparison.
Level Experiment Role Interpretation of A/B Comparison
Level 1  Controlled trunk flexion task Controlled model selection Reference estimate
and validation
Level2  Partially controlled Partially controlled E?Zgg)czve condition-level
bed-to-wheelchair transfer diagnostic transfer
Level 3  Real-world caregiving case study ~ A/B-failure diagnosis Potentially confounded

descriptive statistic

(" A Y4 N\
(a) Experiment 1: Controlled trunk-flexion (b) Experiment 2: Structured bed-to- (c) Experiment 3: In-the-wild caregiving

task (Model selection / Validation) wheelchair transfer case study (A/B-failure diagnosis)
N [ [ & (Partially controlled transfer) l
- i i || == s ma
> $ b4
ey
Sitting on  Trunk flexion  Pivoting Transf L
Standing| Morving | Holding 20 s| Returning | Standing| bed & preparation  approach EANSIER 1 4
Phase 1| Phase 2 | Phase3 |Phase4 | Phase1 0% 100 % Participants / data
. + n =2 Professional i
Participants / data Key features > " e
. « ~1.5h/person/condition
*n=7(5 students, « Controlled posture Participants / data Key features « Daily caregiving tasks
2 Professional caregiver) and phase structure || *n=9 + Common task
. . « Fixed cz ipient sequence Key features
 Assist On : 3 trials/person |+ High A/B LKECHCALE FECIPIEn A « Naturalisti ivi
. . . comparability « 20 trials/condition/person | * Variable posture, A ura. Istic caregiving . .
* Assist Off : 4 trials/person ) timing, and strategy *N ligned and context data

Interpretation Interpretation lnterpr?tation —
. L. . Potentially confounded descriptive
Reference estimate (Controlled A/B) Descriptive condition-level reference statistic (A/B-failure diagnosis)
/ J\ )

AN AN

(d) Common settings: Wearable assistive robot and multimodal measurement system

(=N Common measurement : -‘)A(-
| SEMG + IMU + robot telemetry I_:nptop PC BLE w
- - Tablet PC = Assist
{ { (} Robot -
M Vyl)—'.\‘ ﬂ EMG Sensor —" \' (‘ 9
: \ T
SEMG IMU Robot Base &' Delsys Trigno ‘
Assist Robot telemetry Mearement System .

Figure 4. Overview of the three experimental levels and common measurement setup. The protocol
consisted of (a) a controlled trunk flexion task for model selection and validation, (b) a partially
controlled bed-to-wheelchair transfer task, (c) an in-the-wild caregiving case study for A /B-failure
diagnosis, and (d) the common measurement setup used across the three levels, including the J-PAS
fleairy wearable assistive robot, bilateral SEMG sensors, wearable IMUs, and robot telemetry. Each
experimental panel summarizes the participant/data structure, task features, and interpretation of
the observed assist-on/off comparison.

4.2. Measurement Setup and Signal Processing

The same wearable assistive robot and multimodal sensing platform were used across
all experimental levels. The wearable assistive robot was J-PAS fleairy (JTEKT Corporation,
Kariya, Japan), which provides extension assistance around the lumbar region during
trunk flexion and caregiving-related postures. The measurement system included bilateral
surface electromyography (SEMG) sensors, inertial measurement units (IMUs), and robot
telemetry. Robot telemetry recorded assist activation and continuous device state signals.
We mapped actuator current and internal device state to the intervention and robot state
variables defined in Section 3.2.

sEMG was recorded bilaterally from the lumbar erector spinae muscles near the L4-L5
region using Delsys Avanti sensors (Delsys Inc., Natick, MA, USA). Raw EMG signals
were acquired at 1926 Hz and resampled to 1000 Hz before signal preprocessing. After
preprocessing and multimodal synchronization, the processed signals were downsampled
to 20 Hz for model input, training, and evaluation. Electrode placement followed SENIAM
recommendations [37]. We first applied a Hampel filter and a fourth-order 5-450 Hz
band-pass filter. The signals were then full-wave rectified and smoothed using a 40-sample
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moving average. We averaged the bilateral EMG envelopes when both sensors were valid.
When one sensor detached, we excluded that side and used the contralateral signal. The
EMG amplitude was log-transformed and standardized separately within each subject, as
described in Section 3.2. This preprocessing reduced amplitude skewness and inter-subject
scale differences. It was not physiological normalization to maximum voluntary contraction
because standardized MVC measurements were unavailable at every experimental level.

4.3. Experiment 1: Controlled Model Selection and Validation

Experiment 1 was conducted as a controlled trunk flexion task for model selection and
validation. Participant/data details and trial counts are summarized in Figure 4a. The task
consisted of repeated trunk flexion with controlled posture and phase structure, including
forward bending, sustained flexion, and return to upright posture.

Because the task structure, target posture, and movement phases were controlled, the
conventional assist-on/off EMG difference was treated as a controlled reference estimate.
The hypothesis tested in this experiment was as follows:

H1. Under controlled laboratory conditions, the MF rollout reproduces the direction of the observed
assist-on/off EMG difference. Its magnitude is also expected to be similar.

Model variants were compared using AMRs, controlled reference discrepancy, nega-
tive control attenuation, and stratified directional consistency. The structural specification
selected in Experiment 1 was retained in Experiments 2 and 3. Its parameters were esti-
mated separately for each dataset.

4.4. Experiment 2: Partially Controlled Diagnostic Transfer

Experiment 2 evaluated the movement-decoupled robot-only model (MD-RO) in a par-
tially controlled bed-to-wheelchair transfer task. The specification was fitted separately to
the transfer dataset. Participant/data details and trial counts are summarized in Figure 4b.
The task retained a common transfer sequence while allowing natural variability in posture,
timing, and execution strategy.

Unlike Experiment 1, Experiment 2 did not prescribe the target trunk angle or move-
ment duration. We therefore treated its observed A /B difference as a descriptive condition-
level reference, not as ground truth. The hypothesis tested in this experiment was as follows:

H2. During partially controlled bed-to-wheelchair transfer, the framework estimates a dataset-
specific AMR under variable movement execution. The response should depend on the selected
structure and the validity of the robot state pathway.

The primary analysis applied the model selected in Experiment 1. We also evaluated
the MD-Full and PD-Full structures as sensitivity models. Negative controls tested whether
the response depended on the learned correspondence between the assist intervention and
robot state histories. Stratified analyses were performed across subject, movement phase,
posture bin, velocity bin, and their combinations.

4.5. Experiment 3: Real Caregiving Case Study

Experiment 3 was a feasibility-oriented field case study. It evaluated the diagnostic
value of the framework during practical caregiving. The field study used separate no-assist
and assist-available recording days. Both sessions included the same predefined caregiving
task categories. On the assist-available day, each caregiver could activate or deactivate the
device according to the immediate situation. Thus, task categories were constrained at the
session level. However, the order, duration, posture, assist timing, and local interaction
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context were not experimentally aligned. Participant/data details and recording duration
are summarized in Figure 4c, and the task distribution is summarized in Table 4. The
timing of assist activation under assist-on was left to the caregiver’s natural operation.

Unlike Experiments 1 and 2, Experiment 3 did not impose strict temporal or movement
control. Task sequence, movement duration, posture, care recipient interaction, and assist
timing varied naturally. Therefore, the observed A/B difference was interpreted as a
potentially confounded descriptive statistic.

H3. In real-world caregiving, the framework tests whether the learned A — I — E pathway
supports a large observed A/B difference. The test is performed under fixed movement context.

The primary analysis examined whether the large observed A/B difference was
reproduced by the MF rollout. A near-zero AMR indicated that the observed A /B difference
was not reproduced through the modeled assist intervention-robot state-EMG pathway
under the variables and assumptions used in this study.

Table 4. Task distribution in the real caregiving case study.

Task Assist Off Assist On  Mean Duration [s]
Bathing 4 3 1309.0
Transfer 4 3 231.0
Dressing 8 9 358.8
Toilet 3 4 236.5
Other 6 11 103.2

4.6. Evaluation Metrics

The learned models were evaluated from three perspectives: predictive validity, coun-
terfactual sensitivity, and diagnostic validity. This multi-perspective design was used
because exoskeleton evaluation can be sensitive to measurement choices, task conditions,
and outcome variability [16].

First, one-step EMG prediction performance was evaluated using Pearson’s correlation
coefficient, RMSE, MAE, and mean predictive standard deviation in the standardized space.

Second, counterfactual sensitivity was evaluated using the AMR, quantified as the
movement-fixed EMG change AE defined in Section 3.7. When both conditions were
observed, we computed AEpg = E[E | A = 1] —E[E | A = 0]. We summarized the
discrepancy as |AE — AEsg|. The interpretation of AEp followed the level-dependent
definitions in Table 3.

Third, diagnostic validity was assessed using movement-fixed internal checks, neg-
ative control analyses, and stratified consistency. Because P, V, and M were fixed in the
primary rollout, their counterfactual differences were expected to be zero. The generated
robot state difference Al was used to verify whether the intervention propagated through
the learned A — I pathway. Negative controls tested whether the AMR depended on
the learned A — I — E pathway. They also assessed whether architecture or context
distribution alone could produce the response.

For context-fixed diagnosis, each valid stratum contained at least 200 frames. Each
assist-on/off condition also required at least 30 frames from two or more groups. A valid
stratum was classified as supported when the observed AEap and the model-implied AE
had the same nonzero sign. In addition, the 95% bootstrap confidence intervals of both
AE and Al were required to exclude zero. Confidence intervals were estimated using
2000 bootstrap resamples. A supported stratum was classified as strictly supported when
the 95% bootstrap confidence interval of the observed AEp also excluded zero. The sign
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of AExp was used only to evaluate directional agreement with the AMR. In Experiment 1,
it served as a controlled directional reference. In Experiments 2 and 3, it served only as
a descriptive within-stratum reference. Therefore, the supported label does not treat the
observed A/B difference as ground truth. It also does not provide evidence of causal
validity. We defined the diagnostic logic before inspecting the stratified results. However,
the numerical minimum-count thresholds were selected during the analysis and were not
preregistered. Accordingly, these labels describe exploratory diagnostic consistency. They
are not confirmatory validation criteria.

5. Results
5.1. Overview of Main Evaluation Strategy

The main cross-level results are summarized in Table 5. Experiment 1 served as the
controlled model-selection stage, and the selected primary model was then applied to
Experiments 2 and 3. Negative AE indicates an EMG-reducing AMR, whereas positive AE
indicates an EMG-increasing AMR.

Table 5. Cross-level summary of observed A /B differences and AMRs.

Experiment Model Observed AEag AMR AE Interpretation

EXP 1 MD-RO —0.110 —0.081  Controlled reference compatible
EXP 2 MD-RO +0.144 +0.072 Same direction as descriptive A/B
EXP 2 MD-Full +0.144 +0.105  Closest descriptive agreement
EXP 3 MD-RO +0.224 —0.005  A/Bnot reproduced

EXP 3 MD-Full +0.224 0.000 Near-zero AMR

5.2. Experiment 1: Controlled Pathway Exploration and Model Selection

Experiment 1 served as the controlled structural selection stage. We retained the
selected structural specification in Experiments 2 and 3 and estimated its parameters
separately for each dataset. Because the trunk flexion task had a predefined phase structure
and a controlled target posture, the observed assist-on/off difference was treated as a
controlled reference. The observed A /B reference was AExp = —0.110, indicating lower
mean EMG activity during assist-on.

Table 6 summarizes the comparison of structural variants. MD-RO produced an AMR
of AE = —0.081. Its absolute discrepancy from the controlled A /B reference was 0.029, and
the generated robot state difference was Al = +2.004. Thus, the intervention propagated
through the learned A — I pathway while producing an EMG-reducing response.

Table 6. Experiment 1 controlled model selection. The observed A /B reference was AExg = —0.110.
Model E Corr. E RMSE AMR AE Error Al Role
MD-RO 0.990 0.143 —0.081 0.029 2.004 Primary
Ablation RO 0.998 0.071 —0.053 0.057 2.027 Predictive baseline
Minimal 0.998 0.068 —0.003 0.106 2.026 Prediction-only baseline
MD-Full 0.990 0.140 +0.000 0.110 2.023 Sensitivity
PD-Full 0.991 0.138 —0.005 0.105 2.015 Sensitivity
Residual target 0.947 0.353 —0.106 0.004 - Diagnostic sensitivity
NC-A 0.990 0.141 -+0.000 - - Negative control
NC-AI 0.990 0.143 +0.018 - - Negative control

The comparison showed that one-step prediction accuracy alone was insufficient for
selecting a counterfactual evaluation model. The ablation robot-only and minimal models
achieved higher one-step EMG prediction accuracy than MD-RO, but their AMRs were
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smaller or nearly absent. The residual target model showed the closest agreement with
the controlled A /B reference. However, it had lower one-step prediction fidelity and did
not provide the level-based EMG trajectory used in the primary MF rollout. We therefore
retained it as a sensitivity model. Negative control models attenuated or eliminated the
negative AMR, indicating that the response depended on the learned correspondence
among assist state, robot state, and EMG.

We selected MD-RO as the primary structural specification. The decision considered
controlled reference consistency, negative control attenuation, predictive performance,
stratified directional consistency, and pathway interpretability.

Figure 5 shows the group-level MF rollout of the selected primary model in Experi-
ment 1. The generated robot state trajectories separated clearly between do(A = 0) and
do(A = 1), confirming propagation through the learned A — I pathway. The predicted
EMG trajectories remained close in absolute magnitude. However, the frame-wise AMR
was predominantly negative, indicating a small and consistent EMG reduction under
assist on.
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Figure 5. Group-level movement-fixed rollout of the selected primary model in Experiment 1.
Controlled trunk flexion trials were time-normalized to 100% trial duration. Solid lines and shaded
bands indicate the across-trial mean and +1 standard deviation in standardized model space. The
generated robot state trajectories separated clearly between do(A = 0) and do(A = 1). In contrast,
the predicted EMG trajectories remained close. The frame-wise AMR AE; was predominantly
negative, indicating a small but consistent model-implied EMG reduction under assist-on.

This model was not selected because it had the highest one-step prediction accuracy.
Instead, MD-RO provided the most balanced evidence for an interpretable and intervention-
sensitive pathway. This evidence was obtained under controlled movement conditions.
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Context-Fixed Diagnosis in Experiment 1

After selecting MD-RO as the primary model, we examined whether the EMG-
reducing response was supported within specific movement contexts. Table 7 summarizes
the context-fixed diagnostic results. The supported ratios were high for single-context
strata and became more selective when phase, posture, and velocity were combined. The
selected structure did not impose a global negative response. Instead, it identified the
movement contexts in which the learned A — I — E pathway supported the observed
A /B difference.

Table 7. Context-fixed diagnostic summary in Experiment 1.

Context Stratum Supported Strict Mean AE
Phase 0.750 0.250 —0.081
Posture 1.000 0.000 —0.080
Velocity 1.000 0.200 —0.081
Phase-posture 0.875 0.188 —0.109
Phase-velocity 0.800 0.100 —0.071
Posture-velocity 0.840 0.040 —0.078
Phase-posture-velocity 0.475 0.038 —0.096

Strictly supported contexts were mainly observed during sustained flexion and return
phases, whereas early or low-load contexts showed weaker support. The selected structure
localized the EMG-reducing AMR to mechanically relevant portions of the controlled task.
It did not apply a uniform negative response across the trial.

5.3. Experiment 2: Partially Controlled Transfer and EMG-Increasing Response

Experiment 2 examined the MD-RO structural specification in a partially controlled
bed-to-wheelchair transfer task. Its parameters were estimated from the transfer dataset.
Experiment 2 provided less control over movement execution, load sharing, and human-
human interaction than Experiment 1. We therefore treated its observed assist-on/off
difference as a descriptive reference, not as ground truth.

The observed condition-level A/B difference was AEpg = +0.144. The MF rollout
using MD-RO estimated a positive AMR of AE = +0.072, with a generated robot state
difference of AI = +0.370. Thus, in the partially controlled transfer task, the selected model
detected an EMG-increasing response rather than an EMG-reducing response.

Table 8 summarizes the model comparison. MD-Full showed the closest agreement
with the descriptive A /B difference, whereas PD-Full also produced a positive response.
However, these models were treated as sensitivity models because primary model selection
was anchored to the controlled Experiment 1. The negative controls strongly attenuated
both AE and AI. This attenuation indicates that the positive response depended on the
learned correspondence among the assist intervention, robot state, and EMG.

Table 8. Experiment 2 model comparison. The observed condition-level A/B difference was
AEap = +0.144.

Model TE RMSEE AMR AE Error Al

MD-RO 0.970 0.243 +0.072 0.072 +0.370
MD-Full 0.970 0.244 +0.105 0.039 +0.481
PD-Full 0.970 0.240 +0.092 0.052 +0.334
NC-A 0.969 0.245 —0.008 0.152 +0.007
NC-AI 0.969 0.244 +0.022 0.122 —0.011
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Context-Fixed Diagnosis in Experiment 2

Context-fixed diagnosis showed that the positive AMR was supported in a substantial
subset of transfer contexts rather than uniformly across the entire task. As summarized in
Table 9, support remained strong for single-context strata and became more selective when
phase, posture, and velocity were combined. This indicates that the observed descriptive
A /B difference was partially supported by the learned A — I — E pathway.

Table 9. Context-fixed diagnostic summary in Experiment 2.

Context Stratum Supported Ratio Strict Ratio
Phase 0.750 0.500
Posture 0.600 0.600
Velocity 1.000 1.000
Phase-posture 0.556 0.444
Phase-velocity 0.600 0.450
Posture-velocity 0.600 0.560
Phase-posture-velocity 0.477 0.326

Representative supported contexts were concentrated in later transfer phases and in
deeper posture or higher-velocity bins. Thus, the positive AMR was not uniform across
the transfer task. It was concentrated in contexts with potentially greater stabilization or
load-handling demands.

5.4. Experiment 3: Real Caregiving and Localized Supported Responses

Experiment 3 evaluated the framework using real-world caregiving data. Movement
timing, task sequence, and human-human interaction were not experimentally aligned. The
dataset comprised only two professional caregivers and provided no observable ground-
truth counterfactual. Therefore, the results represent a feasibility-oriented field diagnosis,
not population-level validation. This experiment was therefore treated as a real stress
test for diagnosing whether observed assist-on/off differences were supported by the
movement-fixed A — I — E pathway.

The observed assist-on/off difference was AExp = +0.224, indicating higher mean
EMG activity during assist-on periods. However, the movement-fixed global AMR
was close to zero: AE = —0.005, despite a positive generated robot state difference of
Al = 40.314. Thus, the pooled assist-on/off difference was not reproduced under fixed
movement context. Only the assist intervention and corresponding robot state trajectory
differed between rollout branches. The near-zero global AMR indicates that the pooled
A /B difference was not reproduced through the modeled A — I — E pathway under
fixed P, V, and M. However, the near-zero AMR has two possible explanations. The
modeled pathway may be weak, or the device effect may be mediated through movement
or interaction variables outside that pathway. Therefore, it should not be interpreted as
evidence of overall device ineffectiveness.

Table 10 summarizes the overall and subject-wise results. The subject-wise results
were heterogeneous. Subject 0 had a large positive observed A /B difference but only a
small positive AMR. Subject 1 had a near-zero observed difference and a small negative
AMR. These results indicate that the pooled A /B difference in the real dataset should not
be interpreted as a caregiver-independent global AMR.
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Table 10. Overall and subject-wise results in Experiment 3.
Level Samples na—g ng—1 AEag AE AI
Overall 405,856 210,558 195,298 +0.224 —0.005 +0.314
Subject 0 224,506 112,239 112,267 +0.391 +0.022 +0.230
Subject 1 181,350 98,319 83,031 +0.029 —0.039 +0.417

Context-Fixed Diagnosis in Experiment 3

Without subject stratification, support was sparse. The supported ratios were 0.000 for
phase and velocity, 0.200 for posture, and 0.108 for phase—posture—velocity strata. Without
subject stratification, the most detailed movement context strata showed no strict support.
These results indicate that the pooled A /B difference was not consistently supported after
conditioning on movement context.

When subject identity was included in the context definition, supported contexts
increased, but support appeared only when subject identity was combined with movement
context variables.

Table 11 summarizes the subject-specific context-fixed diagnostic results. The subject-
only stratum showed no support, whereas subject—phase, subject—-phase—posture, and
subject—phase—posture—velocity strata showed localized support. The real-world data
did not support a global AMR shared across caregivers. However, the stratified analysis
identified supported responses in specific caregiver-movement contexts.

Table 11. Subject-specific context-fixed diagnostic summary in Experiment 3.

Context Stratum Supported Ratio Strict Ratio
Subject 0.000 0.000
Subject-phase 0.125 0.125
Subject-phase-posture 0.192 0.058
Subject-phase-posture-velocity 0.226 0.049

Representative subject-specific strictly contexts are shown in Table 12. These examples
identify caregiver-movement contexts in which the observed positive A /B difference is
diagnostically supported. The pooled dataset did not support a global response.

Table 12. Representative subject-specific strictly supported contexts in Experiment 3.

Context AEag AE Al

Subject 0 phase 3 posture 1 +0.332 -+0.101 -+0.080
Subject 0 phase 2 posture 1 velocity 3 +0.541 +0.091 +0.025
Subject 0 phase 2 posture 3 velocity 3 +0.586 +0.074 +0.358
Subject 0 phase 3 -+0.304 -+0.061 +0.071

6. Discussion
6.1. Why Movement-Fixed Counterfactual Evaluation Is Needed

This study proposed a movement-fixed counterfactual diagnostic framework for
evaluating wearable assistive robots under heterogeneous caregiving conditions. The
framework examines whether the learned A — I — E pathway supports an observed
assist-on/off difference under fixed movement context. It does not estimate a universal
assistive effect from pooled A/B averages.

Experiment 1 provided a controlled basis for selecting the primary structural spec-
ification. We retained this specification across Experiments 2 and 3 while estimating its
parameters separately for each dataset. The cross-level evaluation therefore tested the
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diagnostic consistency of a common structural assumption, not the parameter-level transfer
of a single fitted model.

The results also show how the interpretation of MF-CFE changes as experimental
control decreases. In Experiment 2, the framework was tested under a structured transfer
task with natural variation in movement execution. In Experiment 3, it was tested under
broader heterogeneity in task content, task sequence, care recipients, assist timing, and
human-human interaction. The attenuated global AMR in Experiment 3 suggests that the
modeled variables were insufficient to represent a common response across this broader
contextual range. The remaining variation may reflect unmodeled task details, caregiver
strategy, care recipient behavior, fatigue, or interaction dynamics.

Thus, MF-CFE changes the evaluation question. It asks whether the observed differ-
ence is supported within comparable movement contexts, rather than whether assist-on
changes the average EMG across all samples. This is particularly important in real care-
giving data, where task content, posture, movement timing, and interaction with care
recipients are not experimentally aligned. The controlled experiment supports the inter-
vention sensitivity of the selected structural specification. However, it does not establish
ground-truth validity after the specification is fitted to uncontrolled field data.

6.2. Task-Dependent AMRs and Trunk-Control Strategies

The sign reversal between Experiments 1 and 2 is informative. The selected structural
specification estimated an EMG-reducing AMR in controlled trunk flexion. When fitted
to the transfer data, it estimated an EMG-increasing AMR. This should not be interpreted
as a contradiction. Rather, it suggests that the assist-mediated response depends on task
demands and movement context.

This task-dependent sign change is biomechanically plausible. Different caregiving
tasks require different trunk-control strategies, including load support, posture mainte-
nance, balance correction, and interaction with the care recipient. Therefore, the robot may
reduce lumbar extensor activity in one context while increasing stabilization demand, com-
pensatory activation, or co-contraction-like control in another. The proposed framework is
useful precisely because it does not force the assistive response to have a fixed direction.
Instead, it evaluates whether the observed response is supported under fixed movement
context. However, this interpretation is post hoc because the direction of the AMR was not
prespecified and antagonist activity, muscle co-contraction, and caregiver—care recipient
interaction force were not independently measured. It should therefore be regarded as a
hypothesis for future biomechanical verification rather than as evidence of a specific physio-
logical mechanism. The selected structural specification estimated an EMG-reducing AMR
in controlled trunk flexion but an EMG-increasing AMR in the partially controlled transfer
task. This contrast suggests that the modeled assist-mediated response depends on task
demands and movement context rather than having a fixed direction. Previous studies have
reported phase-specific increases in erector spinae activity during back-support exoskeleton
use [38]. Exoskeleton-assisted tool handling has also increased estimated torso extensor
forces and lumbar compression [39]. The distribution and magnitude of trunk muscle activ-
ity also vary across working tasks and exoskeleton mechanisms [13,40]. In addition, greater
spinal-stability demands can promote trunk-muscle coactivation [41]. Accordingly, the
positive AMR in Experiment 2 may reflect phase-specific loading, increased stabilization
demand, or compensatory recruitment. However, this interpretation is post hoc because the
AMR direction was not prespecified. We also did not independently measure antagonist
activity, muscle co-contraction, or caregiver—care recipient interaction force.
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The results also show that prediction accuracy alone is not sufficient for assistive
effect diagnosis. Models with high one-step EMG prediction accuracy can rely on EMG
self-history or movement context variables while showing little intervention sensitivity.

Residual target modeling increased agreement with the controlled A/B reference.
However, it reduced level prediction fidelity and did not provide the EMG trajectory model
used in the primary MF rollout. Therefore, model selection should balance prediction
fidelity, controlled reference consistency, negative control attenuation, stratified support,
and pathway interpretability.

6.3. Interpretation of Near-Zero AMR in Real Caregiving

The real caregiving case study demonstrated a failure mode of naive A/B comparison.
The observed pooled A/B difference was positive, whereas the global movement-fixed
AMR was near zero. The near-zero global AMR in Experiment 3 does not uniquely indicate
that the device had little effect. It may arise either from a weak response through the
modeled pathway or from an assistive response mediated through variables outside that
pathway. The primary rollout did not estimate effects mediated through changes in posture,
movement timing, stabilization strategy, or other behavioral adaptations. Fixing P, V, and
M reduces imbalance in the measured movement context. However, it cannot remove
differences in unobserved or coarsely represented context. Therefore, the field analysis
shows that the modeled pathway did not reproduce the pooled A/B difference as a global
AMR. It does not establish the absence of a total device effect. This does not imply that
the device had no possible effect in any context. Rather, it indicates that the pooled A/B
difference was not supported as a global caregiver-independent A — I — E response
under fixed observed movement context.

This distinction is central to the diagnostic interpretation. In uncontrolled field data,
assist-on and assist-off periods may differ in movement and interaction context. These dif-
ferences can involve task composition, phase, caregiver behavior, care recipient interaction,
and assist timing. A pooled A /B difference can therefore reflect contextual imbalance rather
than a local assist-mediated response. By contrast, the context-fixed analysis identified
localized subject-specific and movement-specific supported responses. These results sug-
gest that real-world assistive-robot evaluation should focus on context-specific diagnostic
interpretation rather than on pooled averages alone.

For practitioners, MF-CFE provides a staged interpretation of an observed assist-
On/Off difference. The global AMR indicates whether the modeled pathway reproduces
the pooled difference under fixed movement context. Stratified diagnosis then identifies
the caregiver, task phase, posture-angle range, and movement condition associated with
directional consistency. These context-specific results can support the redesign of assistive
control rules. For example, an EMG-increasing, near-zero, or unsupported response in a
particular phase or posture range may indicate that the assist timing, assistance magnitude,
or control profile should be revised for that condition. In contrast, a stable EMG-reducing
response can identify the conditions in which the current control strategy is most likely to be
beneficial. Repeating the analysis after controller modification may further indicate whether
the revised assistance improves previously unsupported contexts. In future applications,
stratified response profiles may support pre-deployment assessment. They could provide
users with a preliminary model-based estimate for each task, phase, and posture range.
Such estimates should, however, be interpreted as preliminary diagnostic information
rather than as guaranteed individual effects.

The sessions included matched caregiving task categories. However, self-selected
assist timing may have concentrated assist-on periods in more demanding moments within
each category. Fixing P, V, and M reduces imbalance in the measured movement variables.
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However, differences may remain in task stage, care recipient cooperation, interaction
pattern, fatigue, or other unobserved context. Therefore, the field result is a pathway-
specific diagnosis under the observed variables. It does not prove that all contextual
imbalance was removed.

6.4. Limitations and Future Work

This study has several limitations. First, the proposed framework should not be
interpreted as providing strict causal identifiability. The model was inspired by DBN
and SCM concepts, but it did not estimate all exogenous variables, hidden confounders,
or complete structural mechanisms. Therefore, the AMR is a model-implied diagnostic
response under fixed observed movement context. It is not a fully identifiable causal effect.

Second, the MF rollout intentionally fixed posture, velocity, and moment proxy. This
design isolates the local A — [ — E pathway, but it does not estimate the total effect
of assist use on movement strategy. In real use, assistive robots may change posture,
timing, stabilization, or co-contraction. The primary rollout did not model these adaptation
pathways as counterfactual outcomes. Future work should compare movement-fixed
and movement-adaptive counterfactual models to separate local assist-mediated EMG
responses from movement-strategy adaptation.

Third, the outcome variable was limited to processed lumbar erector spinae EMG.
Lumbar erector spinae EMG is relevant to lumbar workload. However, assistive responses
may also appear in other muscles, joint moments, perceived workload, balance, comfort, or
task efficiency. Future analyses should incorporate additional physiological, biomechanical,
and subjective outcomes.

Fourth, Experiment 3 was designed as a feasibility-oriented field case study rather
than a population-level validation study. Experiment 3 involved only two professional
caregivers, and the subject-specific findings should therefore not be generalized as caregiver-
independent effect estimates. Larger real caregiving datasets are required to evaluate
generalizability across users, care recipients, tasks, and device settings. The context vector
C; did not fully represent several relevant factors. These factors included task labels,
interaction forces, caregiver fatigue, movement strategy, and moment-to-moment changes
in care recipient cooperation.

A further limitation is that care recipient-related factors were not explicitly observed
or modeled. Care recipient characteristics may affect the caregiver’s posture, EMG activity,
and robot use. Relevant characteristics include body size, residual motor ability, movement,
cooperation, weight-bearing strategy, and interaction timing. These variables may therefore
act as unobserved confounders, especially in field measurements involving uncontrolled
human-human physical interaction. Future work should include care recipient-side mea-
surements or annotations to improve the causal interpretability of real-world assistive
effect diagnosis.

Finally, attention weights were used only as auxiliary indicators of predictive rele-
vance. Attention weights were not the main evidence for intervention sensitivity. The
evidence came from MF rollouts, context-fixed support, bootstrap stability, and negative
control attenuation. Future work should examine personalized assistive control. These
diagnostic outputs can directly identify redesign targets for assistive control. Supported
EMG-reducing strata indicate task phases, posture-angle ranges, or movement conditions in
which the current controller is likely to work as intended. In contrast, EMG-increasing, near-
zero, or unsupported strata indicate conditions in which the activation timing, assistance
magnitude, or cable-tension profile should be retuned.
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7. Conclusions

This study proposed a causally inspired framework for diagnosing assistive responses
in heterogeneous caregiving environments. The framework uses movement-fixed coun-
terfactual time-series modeling. The framework tests whether the learned A — I — E
pathway supports an observed assist-on/off difference under fixed movement context. It
does not estimate a universally identifiable causal effect.

Across three experimental levels, the proposed framework revealed that assistive
responses cannot be adequately interpreted from prediction accuracy or pooled A/B com-
parisons alone. In the controlled trunk flexion experiment, the selected MD-RO reproduced
an EMG-reducing AMR and provided a controlled anchor for model selection. When fitted
to the partially controlled transfer data, the selected structural specification identified an
EMG-increasing response. This result shows that the framework did not impose a fixed
bias toward EMG reduction. In a real-world experiment, the learned pathway did not
support the large pooled A/B difference as a global AMR. However, the stratified analysis
identified supported responses in specific caregiver-movement contexts. Accordingly, a
near-zero AMR indicates weak support for the modeled A — I — E component under
fixed movement context. It does not establish the absence of a total device effect.

Real-world evaluation should not focus only on whether assist-on changes the av-
erage EMG; it should also identify the movement contexts in which the learned path-
way supports the observed difference. The proposed context-fixed counterfactual diag-
nosis may therefore help distinguish locally supported responses from potentially con-
founded condition-level differences and identify contexts that require further controlled or
biomechanical evaluation.

Future work should extend the framework to larger real datasets, richer context
variables, additional biomechanical and subjective outcomes, and movement-adaptive
counterfactual models. These extensions may improve the reliability of wearable robot
evaluation. They may also support personalized control that adapts assistance to user-
specific and task-specific response patterns.
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Abbreviations

The following abbreviations are used in this manuscript:

A/B Assist-On/Off comparison

AMR Model-implied assist-mediated response
DBN Dynamic Bayesian Network

EMG Electromyography

GP Gaussian Process

HRI Human-Robot Interaction

IMU Inertial Measurement Unit

MAE Mean Absolute Error

MD-Full Movement-decoupled full model

MD-RO Movement-decoupled robot-only model
MEF-CFE Movement-fixed counterfactual evaluation
MF rollout Movement-fixed rollout

NC Negative control

PD-Full P-decoupled full model

RMSE Root Mean Square Error

SCM Structural Causal Model

sEMG Surface electromyography

SVGP Sparse Variational Gaussian Process

Appendix A. Attention-SVGP Implementation Details

The Attention-SVGP model used parent-level attention § and lag-level attention y
to summarize lagged parent histories before applying an SVGP regression module. The
SVGP component used inducing-point sparse variational Gaussian process regression with
a Gaussian likelihood and a variational evidence lower bound objective. Attention weights
were used only as auxiliary indicators of predictive relevance and were not interpreted as
causal effects.
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