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ABSTRACT

Digital mobility outcomes (DMOs) derived from wearable sensors characterise
mobility in daily life and offer a promising means of monitoring disease progression.
Yet most DMO studies examine one disease at one visit; they do not model how
multivariate DMO relationships with multiple clinical outcomes evolve jointly
across diseases. Technically, existing temporal multi-task frameworks can model
progression within an individual disease, but they do not jointly model multiple
prediction outcomes across diseases, particularly when disease cohorts do not
share participants. To address these gaps, we propose DeMMO, an interpretable
framework for longitudinal, multi-disease, and multi-outcome learning. DeMMO
represents each disease–outcome objective by a longitudinal DMO coefficient
matrix and combines temporal regularisation with stable and visit-specific feature
selection. Its central technical contribution is an automatic cross-disease and cross-
outcome relation-learning mechanism that learns signed relations directly from
these longitudinal mappings, enabling selective information sharing without paired
participants. We evaluate DeMMO on the recently released, large-scale, multicentre
Mobilise-D dataset, which provides a new opportunity to study 24 harmonised real-
world DMOs over five visits across multiple mobility-limiting conditions. Against
nine strong linear, longitudinal, and deep-regression baselines, DeMMO achieves
the best overall and outcome-specific prediction performance, with significant
improvements over the strongest baselines. Stability selection further identifies
reliable longitudinal DMO patterns for subsequent clinical validation and disease
monitoring. The implementation code and experimental results are available at
https://github.com/menghui-zhou/DeMMO.

1 INTRODUCTION

Disease monitoring typically relies on periodic clinical assessments that may require specialised
resources, depend on evaluator judgement, or be affected by recall and individual perceptions
(Delgado-Ortiz et al., 2023; Deane et al., 2014; Port et al., 2021; Prince et al., 2008). Assessments
performed weeks or months apart also provide only intermittent observations and may miss gradual,
fluctuating, or transient changes (Babrak et al., 2019; Coran et al., 2020). These limitations are partic-
ularly relevant to PD, MS, COPD, and PFF, which impose substantial personal and socioeconomic
burdens (Yang et al., 2020; Bouleau et al., 2022; Boers et al., 2025; Williamson et al., 2017). Mobility
reflects disease severity, progression, treatment response, and recovery, yet brief supervised tests
measure what an individual is capable of doing, rather than what they actually do (Rochester et al.,
2020). A six-minute walk test, for example, samples only approximately 0.06% of a week and cannot
represent the diversity of daily mobility.

Advances in wearable sensors, low-power computing, and digital health offer a means of addressing
this gap. Wearable inertial sensors can record movement over extended periods, while analytical
algorithms transform acceleration and angular-velocity signals into digital mobility outcomes, or
DMOs (Goldsack et al., 2020; Cerreta et al., 2020). DMOs characterise daily-life walking in terms
of amount, pattern, pace, rhythm, and variability, capturing both how much and how individuals
walk (Rochester et al., 2020; Kluge et al., 2021). By capturing walking bouts across different
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days and contexts, DMOs provide denser and more representative longitudinal observations than
episodic clinical assessments (Alcock et al., 2025). Most DMO studies validate individual measures
cross-sectionally through correlations, linear models, or group comparisons (Polhemus et al., 2021;
Mikolaizak et al., 2022; Megaritis et al., 2026; Eckert et al., 2026). Longitudinal evidence remains
disease-specific and limited: studies in PD, hip-fracture recovery, and MS analysed small longitudinal
samples or only a few prespecified measures (Mirelman et al., 2024; Engdal et al., 2024; Poleur
et al., 2026). Consequently, the longitudinal relationships between comprehensive DMO profiles and
multiple clinical outcomes remain unclear (Rábano-Suárez et al., 2025; Kirk et al., 2025). A major
barrier has been the lack of large, harmonised longitudinal datasets combining repeated measurements
of a common DMO set with multiple clinical outcomes across diseases (Rochester et al., 2020).
Earlier resources were commonly cross-sectional, disease-specific, heterogeneous in sensing and
aggregation, or limited to few assessment periods, preventing systematic study of stable, visit-specific,
and cross-disease DMO patterns.
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Figure 1: Overview of DeMMO. For each outcome, visit-
specific coefficients map 24 longitudinal DMOs to clinical
targets. DeMMO jointly learns temporally smooth mappings
and selective within- and cross-disease relations.

The recently released Mobilise-D
dataset was developed to address
this gap (Mikolaizak et al., 2022;
Rochester et al., 2020; Kirk et al.,
2024). It is the principal data resource
produced by a major European public–
private programme involving 35 part-
ners from 13 countries. Conducted
from 2019 to 2024, the programme
represented a total investment of ap-
proximately EUR 49.9 million, includ-
ing EUR 25.4 million contributed by
the European Union. Mobilise-D first
established the technical validity of its
sensor and analytical pipeline through
a separate multicentre study of 108
participants spanning healthy ageing
and five mobility-limiting conditions.
The subsequent CVS extended this
foundation to clinical validation at an
unprecedented scale: 2,400 participants across PD, MS, COPD, and PFF underwent a comprehensive
clinical assessment and seven days of real-world mobility monitoring on five occasions, separated
by six-month intervals over two years. The released resource combines harmonised walking-bout,
daily, and weekly DMOs from a common lower-back sensor with clinical tests, clinician-reported
assessments, and patient-reported outcomes. This combination of scale, longitudinal depth, cross-
disease breadth, and standardised measurement makes Mobilise-D uniquely suited to studying how
multivariate DMO–outcome relationships evolve during disease progression and functional recovery.

Analysing this resource requires identifying stable and visit-specific effects among correlated DMOs,
allowing DMO–outcome relationships to evolve over time, and learning shared structure across
outcomes whose disease cohorts contain different participants.

We summarise the main contributions of this work as follows:

• Technical contribution. We expose a fundamental limitation of existing temporal multi-task
learning: although it can model progression within a single disease, it cannot jointly learn
multiple outcomes across diseases, let alone accommodate non-overlapping cohorts. To
overcome this limitation, we introduce DeMMO and, at its core, a novel automatic cross-
disease and cross-outcome relation-learning mechanism. It learns a signed relation graph
directly from longitudinal DMO mappings, enabling selective knowledge transfer across
unpaired cohorts while retaining outcome-specific temporal evolution and feature selection.

• Practical contribution. We fill an important gap in DMO research, where most studies
examine one disease at one visit and therefore do not model multivariate DMO–outcome
progression within and across diseases. Using the recently released Mobilise-D dataset,
DeMMO jointly studies multiple outcomes over five visits and several mobility-limiting
conditions. Against a broad and diverse set of nine strong baselines, spanning conventional

2



linear, structured longitudinal, and recent deep-regression methods, DeMMO consistently
achieves superior prediction performance, with statistically significant improvements over
the strongest baselines.

• Potential clinical contribution. We apply longitudinal stability selection (Zhou et al., 2024;
Fan et al., 2026) to identify robust, outcome-specific DMO patterns. This advances a central
goal of DMO research by identifying reliable candidate DMOs for clinical validation and
disease monitoring.

Further discussion of DMO validation, longitudinal modelling, multi-task learning, and disease-
progression methods is provided in Appendix A.

2 METHOD

2.1 MOBILISE-D LONGITUDINAL DATASET

To ground the proposed methodology in a concrete setting, we first introduce the recently re-
leased Mobilise-D Clinical Validation Study, a multicentre longitudinal DMO study of people
with mobility-limiting conditions (Mazzà et al., 2021; Mikolaizak et al., 2022). The dataset
contains mutually exclusive PD, MS, COPD, and PFF cohorts. Participants were scheduled for
five visits, T1, . . . , T5, followed by real-world monitoring with a body-worn inertial sensor. We
analyse PD, MS, and PFF; COPD is excluded because the selected clinical outcomes are un-
available at T2 and T4. We use filtered weekly aggregates containing at least three valid mon-
itoring days. Each record contains 24 DMOs describing walking amount, bout pattern, pace,
rhythm, and variability. The quality-control variable n_days_w is not used as a predictor.

Table 1: Mobilise-D analytical dataset after requiring a valid
target and complete observations for all 24 weekly DMOs. N
denotes participants with at least one retained visit.

Disease Target N T1 T2 T3 T4 T5 Total Range

PD H&Y stage 574 528 439 400 363 346 2,076 0–4
PD MDS–UPDRS III 574 528 439 400 363 346 2,076 1–84
MS EDSS 578 535 448 402 346 352 2,083 0–7.5
PFF SPPB impairment 469 418 358 282 146 108 1,312 0–11

We consider four regression ob-
jectives: H&Y stage (PD H&Y)
(Hoehn & Yahr, 1967) and MDS–
UPDRS Part III (PD MDS–
UPDRS) (Goetz et al., 2008) for
PD, EDSS for MS (MS EDSS)
(Kurtzke, 1983), and SPPB for
PFF (PFF SPPB) (Bellettiere
et al., 2020). All outcomes re-
tain their original scales. Because
higher SPPB indicates better func-
tion, we define SPPB impairment as 12− SPPB, so that higher values consistently indicate greater
severity. Invalid values, including MDS–UPDRS scores of −1, are treated as missing. Complete-case
processing is applied at the participant–visit level. A record is retained only when its clinical outcome
and all 24 DMOs are available; missing values are not imputed. Participants may contribute records
at any available visits and are not required to complete all five. Table 1 summarises the resulting
dataset. Sample sizes decrease across visits because of loss to follow-up, unavailable recordings,
insufficient monitoring days, and incomplete clinical assessments.

2.2 LONGITUDINAL CLINICAL-PROGRESSION FORMULATION

We first consider one clinical outcome from a single disease cohort. This simplified setting introduces
the longitudinal modelling, temporal regularisation, and DMO-selection components before their
extension to multiple diseases and outcomes in Section 2.3.

At visit t, let Xt ∈ Rnt×p denote the DMO feature matrix for nt retained records, where p = 24, and
let yt ∈ Rnt contain the corresponding clinical outcomes. Unlike conventional progression models
that use baseline measurements to predict future outcomes, Mobilise-D provides both DMOs and
clinical outcomes at each of T = 5 visits. We therefore treat clinical-status estimation at each visit as
a separate but related regression task: yt = Xtwt+ϵt, where wt ∈ Rp is the visit-specific coefficient
vector and ϵt denotes observational noise. The coefficients are collected as W = [w1, . . . ,wT ] ∈
Rp×T . Each column represents the DMO–outcome relationship at one visit, while each row describes
the longitudinal coefficient trajectory of one DMO. We use squared-error regression because the

3



clinical outcomes are numerical scores. To prevent visits with larger samples from dominating
estimation, the loss is normalised within each visit: L(W) =

∑T
t=1

1
2nt

∥yt −Xtwt∥22 .

Fused Temporal Smoothness. We model temporal smoothness using the fused Lasso, a well-
established regulariser for longitudinal biomarker analysis (Zhou et al., 2012; 2023b). Let R ∈
R(T−1)×T be the first-order difference matrix, with Ri,i = −1, Ri,i+1 = 1, and all other entries
zero. We use ΩFL(W) = ∥WRT∥1, which encourages adjacent visits to share coefficients while
retaining temporally localised changes. This convex structure and its efficient optimisation have been
established in previous work (Zhou et al., 2012; 2023b).

DMO Discovery via Sparse Group Lasso. Following Zhou et al. (2011), we use sparse group
Lasso for interpretable DMO selection. Its element-wise term selects visit-specific effects, whereas its
row-wise term selects DMOs across the longitudinal period: ΩSGL(W) = λL∥W∥1 + λG∥W∥2,1,
where ∥W∥2,1 =

∑p
j=1 ∥wj:∥2. Thus, λL controls visit-specific sparsity and λG controls DMO-level

sparsity. Sparse group Lasso is a mature convex feature-selection structure with efficient proximal
algorithms (Tibshirani, 1996; Zhou et al., 2022a); selected DMOs are interpreted as candidates
requiring subsequent clinical validation.

Combining the regression loss, fused temporal regularisation, and sparse group Lasso yields a
representative formulation from an influential line of temporal multi-task learning research (Zhou
et al., 2011; 2012; Cao et al., 2017; Zhou et al., 2022a; Zhou & Yang, 2023; Zhou et al., 2023b; Fan
et al., 2026):

min
W

T∑
t=1

1

2nt
∥yt −Xtwt∥22 + λFL∥WRT∥1 + λL∥W∥1 + λG∥W∥2,1. (1)

However, Equation 1 models only one clinical outcome within a single disease cohort. It cannot
jointly model multiple outcomes across diseases, let alone accommodate disease cohorts with non-
overlapping participants. We next extend this formulation to address both settings.

2.3 MULTI-DISEASE AND MULTI-OUTCOME EXTENSION

Our analysis includes multiple prediction objectives across three cohorts: PD contributes two clinical
outcomes, whereas MS and PFF each contribute one. The number of prediction objectives therefore
differs from the number of diseases. Let d ∈ {1, . . . , D} index the disease cohorts, where D = 3, and
let Qd denote the number of clinical outcomes for disease d. The total number of disease–outcome
prediction objectives is M =

∑D
d=1 Qd = 4.

For disease d, outcome q, and visit t, let X(d)
t,q ∈ Rndtq×p contain the complete DMO observations and

let y(d)
t,q ∈ Rndtq contain the corresponding clinical outcomes. Here, ndtq is the number of retained

participant–visit records. Although all objectives share the same 24 DMO definitions, allowing X
(d)
t,q

to depend on q accommodates outcome-specific differences in data availability. The visit-specific
regression model is

y
(d)
t,q = X

(d)
t,qw

(d)
t,q + ϵ

(d)
t,q , (2)

where w
(d)
t,q ∈ Rp. The longitudinal coefficient matrix for disease d and outcome q is Wd,q =

[w
(d)
1,q , . . . ,w

(d)
T,q] ∈ Rp×T . Thus, each Wd,q represents one longitudinal clinical prediction objective

rather than an entire disease.

2.4 AUTOMATIC RELATION LEARNING ACROSS PREDICTION OBJECTIVES

PD, MS, and PFF have distinct pathological mechanisms and clinical outcomes, but their DMO–
outcome mappings may share functional patterns. Similarly, the two PD outcomes may reflect related
but non-identical aspects of disease severity and motor impairment. These relationships cannot be
specified reliably in advance. Outcomes from different diseases are not jointly observed because
the cohorts contain different participants, while correlations between outcomes within the same
disease do not necessarily reflect similarities in their longitudinal DMO mappings. We therefore learn
relationships among prediction objectives directly from their model parameters.
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For disease d and outcome q, let ud,q = vec(Wd,q) ∈ RpT . The representations of all M prediction
objectives are collected as U ∈ RpT×M , with each column corresponding to one disease–outcome
pair. We assume that each longitudinal DMO mapping is related to the remaining mappings. After
assigning each disease–outcome pair a unique objective index, this relation is expressed as

U ≈ UA, A = AT, diag(A) = 0, (3)

where A ∈ RM×M is the learned relation matrix. Symmetry produces an undirected relation graph,
while the zero diagonal excludes trivial self-relations.

The matrix A can be partitioned into blocks A(d,k) ∈ RQd×Qk according to disease membership.
A diagonal block A(d,d) captures relationships among outcomes within disease d, whereas an off-
diagonal block A(d,k) captures cross-disease relationships. Symmetry implies A(d,k) = (A(k,d))T.
We estimate the relation structure using

ΩR(U,A) =
λR

2
∥U−UA∥2F +

λA

2
∥A∥2F , (4)

where λR ≥ 0 controls cross-objective information sharing and λA > 0 stabilises relation estimation.
We use an ℓ2 penalty rather than sparsity because the model contains only four prediction objectives
and weak relationships may still provide useful information.

2.5 UNIFIED MULTI-DISEASE AND MULTI-OUTCOME OBJECTIVE

Combining longitudinal regression, fused temporal regularisation, sparse group DMO selection, and
automatic relation learning yields the proposed DMO-enabled Multi-Disease and Multi-Outcome
learning framework (DeMMO):

min
{Wd,q},A

D∑
d=1

Qd∑
q=1

T∑
t=1

∥y(d)
t,q −X

(d)
t,qw

(d)
t,q ∥22

2ndtq

+

D∑
d=1

Qd∑
q=1

(
λFL∥Wd,qR

T∥1 + λL∥Wd,q∥1 + λG∥Wd,q∥2,1
)

+
λR

2
∥U−UA∥2F +

λA

2
∥A∥2F

s.t. A = AT, diag(A) = 0.

(5)

As illustrated in Figure 1, the objective comprises four complementary components:

• longitudinal regression estimates clinical status at each visit;

• temporal smoothness regularisation encourages continuity across adjacent visits while
permitting local changes;

• sparse group Lasso identifies longitudinally shared and visit-specific candidate DMOs; and

• automatic relation learning transfers information among related clinical outcomes within
and across diseases.

Notably, DeMMO does not require shared participants across disease cohorts, and each prediction
objective retains its own longitudinal coefficient matrix. The objective is biconvex in {Wd,q} and A.
For fixed A, the coefficient subproblem is convex but non-smooth because of the fused-Lasso, Lasso,
and group-Lasso penalties. For fixed coefficient matrices, relation learning is a strongly convex
quadratic problem over symmetric matrices with zero diagonal. We alternate between these two
subproblems.

2.6 DATA STANDARDISATION

All clinical outcomes are oriented so that higher values indicate greater disease severity or functional
impairment. H&Y, MDS–UPDRS Part III, and EDSS retain their original directions, while SPPB
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is transformed as 12 − SPPB. Each outcome is then standardised using the mean and standard
deviation estimated from its training records pooled across visits.

The 24 DMOs are similarly standardised using pooled training records from the corresponding
disease cohort. Pooling across visits preserves longitudinal distributional changes that visit-specific
standardisation could remove. All transformations and standardisation parameters are estimated
exclusively from the training data and applied unchanged to the validation and test sets to prevent
information leakage.

Additional results in the appendix. Due to space constraints, the complete alternating optimisation
procedure, convergence analysis, and computational complexity are deferred to Appendix B. The
resulting algorithm is computationally efficient: coefficient updates use established accelerated
proximal-gradient operations, while relation learning adds little overhead because the four outcomes
yield only six free relation parameters. Because convex sparsity-inducing penalties are known
to shrink nonzero coefficients and may introduce estimation bias (Fan & Li, 2001), Appendix C
develops two non-convex variants designed to reduce this bias. Their empirical results are reported in
Appendix D. Despite their greater computational cost, both non-convex variants perform worse overall
than the original DeMMO, suggesting that reducing sparsity-induced estimation bias is not beneficial
in this setting. We conjecture that, because free-living DMOs contain substantial behavioural and
measurement noise, the stronger shrinkage of the convex formulation provides useful regularisation,
whereas the non-convex variants may retain more noise and generalise less effectively.

3 EXPERIMENTS

We evaluate DeMMO on the Mobilise-D dataset described in Section 2.1. The analysis includes
24 weekly DMOs measured over five visits and four clinical prediction objectives: PD H&Y, PD
MDS–UPDRS III, MS EDSS, and PFF SPPB impairment. COPD is excluded because the required
clinical outcomes are unavailable at T2 and T4. The resulting objective-specific sample sizes are
reported in Table 1. For each experimental run, participants are divided into training, validation, and
held-out test sets in a 70%/10%/20% ratio. All available visits from the same participant remain in
one split to prevent information leakage. Data processing and standardisation follow Section 2.6,
with all parameters estimated from the training data only. We repeat the complete procedure over five
matched participant-level splits using random seeds 42–46. Following common practice (Zhou et al.,
2024; Fan et al., 2026), we use normalised mean squared error (nMSE) and weighted correlation (wR)
to assess overall performance, and root mean squared error (RMSE) for visit-specific performance.

3.1 COMPARED METHODS AND TRAINING SETTINGS

We compare DeMMO with nine baselines spanning conventional linear regression, interpretable
longitudinal models, and recent deep regression methods. All methods follow the common data-
splitting and preprocessing protocol described above, with hyperparameters selected on the validation
set and the held-out test set reserved for final evaluation. Methods that do not explicitly model time
are fitted independently to each of the 20 outcome–visit tasks. All deep baselines use two 32-unit
ReLU hidden layers without data augmentation.

DeMMO. DeMMO is trained using the alternating optimisation procedure described in Section B.
Because a joint grid search over its five regularisation parameters is computationally expensive, we
use two-stage selection. First, relation learning is disabled while λFL, λL, and λG are selected from
{10−3, 10−2, 10−1, 1}. These parameters are then fixed, and (λR, λA) is selected from (0, 0) and
{10−3, 10−2, 10−1}2. The selected model is refitted on the combined training and validation sets.
Optimisation is limited to 50 outer and 500 inner iterations, with convergence tolerances of 10−6 and
10−7, respectively. This two-stage strategy reduces model-selection cost but does not exhaust the full
joint hyperparameter space. Section 3.2 provides the detailed hyperparameter-sensitivity analysis.

Baselines. (1) Ridge regression. We fit an independent ℓ2-regularised linear model for each
outcome–visit pair. Its penalty is selected from {10−4, 10−3, 10−2, 10−1} using validation nMSE.
(2) Lasso regression. This sparse linear baseline independently fits each outcome–visit pair using an
ℓ1 penalty selected from {10−4, 10−3, 10−2, 10−1} on the validation set. (3) FRoTS. FRoTS is a
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Figure 2: One-at-a-time sensitivity of validation nMSE; all other parameters are fixed at 0.001, with
the shared reference marked by a red star.

Table 2: Test Performance on Mobilise-D (Mean ± Standard Deviation). The best mean in each
column is shown in bold. The final row reports one-sided paired t-test p-values comparing DeMMO
with the best-performing baseline over the five matched splits. ∗p < 0.05.

Overall PD H&Y PD MDS–UPDRS MS EDSS PFF SPPB impairment

Method nMSE ↓ wR ↑ nMSE ↓ wR ↑ nMSE ↓ wR ↑ nMSE ↓ wR ↑ nMSE ↓ wR ↑
Ridge 0.735 ± 0.031 0.497 ± 0.028 0.951 ± 0.033 0.283 ± 0.037 0.882 ± 0.053 0.366 ± 0.048 0.492 ± 0.054 0.721 ± 0.039 0.557 ± 0.065 0.677 ± 0.045

Lasso 0.741 ± 0.037 0.492 ± 0.034 0.958 ± 0.032 0.276 ± 0.045 0.889 ± 0.046 0.350 ± 0.065 0.495 ± 0.050 0.725 ± 0.039 0.562 ± 0.053 0.679 ± 0.038

FRoTS 0.740 ± 0.035 0.500 ± 0.028 0.960 ± 0.040 0.285 ± 0.034 0.889 ± 0.054 0.373 ± 0.041 0.491 ± 0.057 0.723 ± 0.038 0.561 ± 0.080 0.678 ± 0.053

MAGPP 0.757 ± 0.033 0.488 ± 0.027 0.984 ± 0.044 0.264 ± 0.035 0.907 ± 0.054 0.361 ± 0.042 0.504 ± 0.059 0.716 ± 0.040 0.575 ± 0.085 0.672 ± 0.054

MLP-MSE 0.762 ± 0.030 0.473 ± 0.022 0.976 ± 0.023 0.245 ± 0.038 0.929 ± 0.097 0.329 ± 0.076 0.493 ± 0.062 0.721 ± 0.039 0.597 ± 0.033 0.656 ± 0.020

MLP-L1 0.779 ± 0.028 0.451 ± 0.022 1.017 ± 0.013 0.186 ± 0.037 0.936 ± 0.058 0.306 ± 0.056 0.516 ± 0.083 0.716 ± 0.045 0.585 ± 0.054 0.667 ± 0.031

Rank-N 0.783 ± 0.028 0.403 ± 0.041 1.025 ± 0.014 0.070 ± 0.081 0.919 ± 0.035 0.262 ± 0.055 0.528 ± 0.066 0.710 ± 0.046 0.599 ± 0.044 0.653 ± 0.031

RankSim 0.762 ± 0.031 0.466 ± 0.029 0.978 ± 0.031 0.232 ± 0.054 0.916 ± 0.069 0.320 ± 0.064 0.503 ± 0.089 0.716 ± 0.050 0.595 ± 0.029 0.656 ± 0.023

ACCon 0.775 ± 0.026 0.460 ± 0.015 0.995 ± 0.052 0.232 ± 0.027 0.942 ± 0.089 0.307 ± 0.058 0.502 ± 0.056 0.713 ± 0.038 0.606 ± 0.069 0.648 ± 0.046

DeMMO 0.722 ± 0.032 0.515 ± 0.030 0.929 ± 0.035 0.319 ± 0.048 0.874 ± 0.038 0.384 ± 0.038 0.479 ± 0.051 0.732 ± 0.039 0.549 ± 0.062 0.681 ± 0.044

p-value 0.0015∗ 0.0148∗ 0.0215∗ 0.0140∗ 0.1807 0.0787 0.0896 0.0005∗ 0.0843 0.2500

robust temporal multi-task regression method (Zhou et al., 2023b) that jointly models five visits by
decomposing coefficients into temporally smooth and visit-specific components. Its two penalties
are selected from {10−4, 10−3, 10−2, 10−1} using validation nMSE. (4) MAGPP. MAGPP learns an
automatic temporal relation graph for disease progression prediction (Zhou et al., 2024). It jointly
estimates visit-specific coefficients and a 5× 5 visit-relation graph under group and element-wise
sparsity. Its four parameters are selected from {10−4, 10−3, 10−2, 10−1}. (5) MLP-MSE. For each
outcome–visit pair, we train a two-hidden-layer MLP with 32 ReLU units per layer using MSE, Adam,
and validation-based early stopping. (6) MLP-L1. MLP-L1 uses the same architecture and training
procedure as MLP-MSE but minimises MAE, isolating the effect of the loss. (7) Rank-N-Contrast.
Rank-N-Contrast (Rank-N) exploits the ordering of continuous targets (Zha et al., 2024). Unit-width
training-target bins pretrain a contrastive encoder, which is frozen before fitting a linear head to the
continuous targets; out-of-range values use the nearest bin. (8) RankSim. RankSim encourages
neighbourhood rankings in the representation to agree with continuous-label rankings (Gong et al.,
2022); its ranking regulariser is combined with MSE without target binning. (9) ACCon. ACCon
combines MSE with an angle-compensated contrastive regulariser that relates representation similarity
to continuous-label distance (Zhao et al., 2025). Its weight is selected from {10−2, 10−1, 1, 10, 100}
using validation MSE.

3.2 HYPERPARAMETER SENSITIVITY

We vary each parameter over {10−4, 10−3, 10−2, 10−1, 1} while fixing the others at 10−3, and report
mean validation MSE across the 20 outcome–visit tasks for seed 42 (Fig. 2); the test set is not
used. All five penalties affect validation performance. The sparsity penalties are most influential
and become excessive at 1, λFL favours moderate temporal smoothing, and the U-shaped λR curve
supports selective rather than unrestricted cross-objective sharing. Performance is comparatively
insensitive to λA over the tested range, likely because standardising the predictors and outcomes
places the coefficient matrices across disease–outcome objectives on comparable scales.

7



T1 T2 T3 T4 T5

0.45

0.50

0.55

0.60

0.65

R
M
SE

PD H&Y

T1 T2 T3 T4 T5

11

12

13

14

R
M
SE

PD MDS-UPDRS

T1 T2 T3 T4 T5

0.8

0.9

1.0

1.1

1.2

R
M
SE

MS EDSS

T1 T2 T3 T4 T5

2.0

2.2

2.4

2.6

2.8

R
M
SE

PFF SPPB

Ridge Lasso FRoTS MAGPP MLP-MSE MLP-L1 Rank-N RankSim ACCon DeMMO

Figure 3: Visit-specific RMSE (mean ± standard deviation over five matched participant splits) for
the four prediction objectives. Each panel reports T1–T5 performance for all baselines and DeMMO.
Lower values indicate better predictive accuracy; no visit-level significance test is displayed.

3.3 PREDICTION PERFORMANCE AND LEARNED CROSS-OBJECTIVE RELATIONS

DeMMO achieves the best mean nMSE and wR overall and for every outcome (Table 2). Relative
to the strongest baseline, it reduces overall nMSE from 0.735 to 0.722 and increases wR from
0.500 to 0.515; both gains are significant (p = 0.0015 and p = 0.0148). Significant gains are also
observed for both PD H&Y metrics and for MS EDSS wR. For PD H&Y, DeMMO achieves the
lowest RMSE at T2–T4 and ranks first or second at every visit. For MS EDSS, it is best at T1, T2,
and T5, ties for best at T3, and ranks second at T4. It also obtains the lowest PD MDS–UPDRS
error at T2–T4, showing that the joint model remains competitive across outcomes with different
scales and variability. Figure 3 summarises the visit-level comparison; detailed numerical results
are provided in Appendix E, Tables 4–7. DeMMO ranks first or second in 18 of 20 tasks and is
uniquely best in 12. It is particularly effective at PFF T3–T5, where follow-up samples are sparse
and information sharing provides useful regularisation. Linear and temporal baselines generally
outperform the deep methods, indicating that appropriate structure is more useful in this setting than
greater model capacity. Errors increase towards later MS and PFF visits, whereas both PD outcomes
are non-monotonic. This heterogeneity supports DeMMO’s selective sharing of common structure
while retaining outcome-specific DMO effects.

PD H&Y

PD MDS-UPDRS

MS EDSS

PFF SPPB

PD H&Y

PD MDS-UPDRS

MS EDSS

PFF SPPB

1.00 0.49 0.30 -0.27

0.49 1.00 -0.32 0.36

0.30 -0.32 1.00 0.47

-0.27 0.36 0.47 1.00

−1.00

−0.75

−0.50

−0.25

0.00

0.25

0.50

0.75

1.00

Figure 4: Mean complete relation matrix
Ã = A+ I over all five matched splits.

The optimiser learns the zero-diagonal cross-objective
matrix A. For interpretation, we report the complete
relation matrix Ã = A + I, whose unit diagonal repre-
sents each objective’s relation with itself. Figure 4 shows
the element-wise mean of Ã over all five matched splits.
The strongest positive relation is between the two PD
outcomes (0.49), followed by MS EDSS–PFF SPPB im-
pairment (0.47), PD MDS–UPDRS–PFF (0.36), and PD
H&Y–MS EDSS (0.30). The strong within-PD relation
is clinically plausible because H&Y and MDS–UPDRS
measure related aspects of PD severity. The cross-disease
edges further show that unpaired cohorts can share func-
tional mobility patterns despite different pathologies and
clinical scales. Negative relations occur for PD MDS–
UPDRS–MS EDSS (−0.32) and PD H&Y–PFF (−0.27).
Because the matrix is learned from longitudinal coeffi-
cients, these values do not imply negative associations
between diseases or raw scores. Instead, they indicate op-
positely oriented DMO effects, allowing DeMMO to use both aligned and complementary structures.

3.4 LONGITUDINAL STABILITY SELECTION

We perform longitudinal stability selection (Zhou et al., 2024; 2022b; 2023a) over ten randomly
selected hyperparameter settings, each repeated on ten half-samples of the training participants.
Figure 5 reports how often each DMO has a non-zero coefficient in the resulting 100 fits.

The profiles are outcome-specific but generally stable across visits. For MS EDSS, cadence P90 and
walking-speed P90 in bouts longer than 30 seconds have the highest mean probabilities (0.868 and
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Figure 5: DMO selection probabilities across 100 half-sample fits (ten hyperparameter settings with
ten repetitions) for each outcome and visit.

0.816). PFF selects a broader mix of pace, rhythm, and walking amount, including walking-speed
P90, cadence P90, and total walking-bout count. PD H&Y most consistently selects mean walking
speed in 10–30-second bouts, while PD MDS–UPDRS III also stably selects total walking-bout
count.

These patterns broadly agree with the learned relations. The positively related PD outcomes share
three of their five most stable DMOs, including mean walking speed in 10–30-second bouts. The
positive MS–PFF pair likewise shares three high-speed or cadence measures. In contrast, PD MDS–
UPDRS–MS shares no top-five DMO, while PD H&Y–PFF shares only long-bout walking-speed
P90. Although relation signs do not determine feature-support overlap, the smaller overlap of the
negatively related pairs indicates more distinct mobility signatures.

No DMO has a mean selection probability above 0.4 across all outcomes, and variation is greater
across outcomes than visits. Thus, relevant DMOs tend to remain stable longitudinally, but their sets
differ across outcomes. This argues against a universal DMO panel: DeMMO instead identifies robust,
outcome-specific candidates while selectively sharing cross-outcome structure. Because correlated
DMOs may substitute for one another, these candidates require subsequent clinical validation.

4 CONCLUSION

We proposed DeMMO, an interpretable framework for modelling longitudinal DMO relationships
across multiple outcomes and diseases. Its automatic relation mechanism learns signed cross-outcome
structure from DMO mappings and shares information across cohorts without requiring common
participants. Across four outcomes and five Mobilise-D visits, DeMMO achieved an overall nMSE
of 0.722± 0.032 and weighted correlation of 0.515± 0.030, significantly outperforming nine strong
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baselines. Stability selection showed that DMO relevance is generally consistent across visits but
differs across outcomes, supporting outcome-specific modelling rather than a universal DMO panel.
The resulting DMO patterns are candidates for clinical validation; future work will assess their
generalisability in independent cohorts, additional diseases, and longer follow-up studies.
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Appendix

A RELATED WORK

A.1 REAL-WORLD DMO ESTIMATION AND CLINICAL VALIDATION

Research on DMOs has examined whether mobility can be estimated accurately from wearable-sensor
signals and whether the resulting measures are clinically meaningful (Goldsack et al., 2020; Cerreta
et al., 2020; Polhemus et al., 2021). Consensus definitions have improved comparability across
sensors, algorithms, and walking-bout definitions (Kluge et al., 2021). The Mobilise-D Technical
Validation Study further demonstrated the feasibility of deriving real-world DMOs from a single
wearable device across several mobility-limiting conditions (Mazzà et al., 2021; Keogh et al., 2023).
Detection and cadence estimation were generally robust, whereas stride length and walking speed
were more affected by context and impairment severity (Micó-Amigo et al., 2023; Kirk et al., 2024).
Clinical evidence remains dominated by known-groups comparisons and concurrent associations,
with less support for predictive validity, responsiveness, and ecological validity (Polhemus et al.,
2021). Differences between laboratory and daily-life gait further motivate real-world validation (Shah
et al., 2020; Corrà et al., 2021). Recent Mobilise-D studies have related individual DMOs to clinical
measures and severity or recovery groups (Megaritis et al., 2026; Eckert et al., 2026), but do not show
how multiple DMOs should be combined or how their relationships with clinical status evolve over
time.

This literature reflects the distinction between technical and clinical validation. Technical studies
establish that a sensor and algorithm can measure a walking construct with acceptable accuracy,
whereas clinical validation asks whether that construct is associated with an outcome of interest
and is fit for a specified context of use (Goldsack et al., 2020; Rochester et al., 2020). Mobilise-D
was designed around this staged process: its technical validation study evaluated the measurement
pipeline across conditions, while the Clinical Validation Study linked harmonised real-world DMOs
to disease-specific clinical outcomes (Mazzà et al., 2021; Mikolaizak et al., 2022). Construct-validity
analyses in COPD, PFF, and MS provide important outcome-specific evidence (Megaritis et al., 2026;
Eckert et al., 2026; Brittain et al., 2026), but are primarily cross-sectional. DeMMO complements
these studies by analysing the joint longitudinal contribution of the complete DMO panel rather than
testing each DMO separately.

A.2 LONGITUDINAL DMO MINING

Longitudinal DMO research remains limited. Reviews in PD found few studies with extended
follow-up and a literature dominated by active or hospital-based tests, patient–control comparisons,
and cross-sectional associations, leaving longitudinal change and predictive utility underexplored
(Rábano-Suárez et al., 2025; Kirk et al., 2025). Emerging studies show that selected measures can
capture change in PD, MS, and hip-fracture recovery (Mirelman et al., 2024; Poleur et al., 2026;
Engdal et al., 2024). However, they are disease-specific and assess only a few prespecified outcomes;
they do not jointly model how multivariate DMO–outcome relationships evolve across visits. To our
knowledge, stable and visit-specific DMOs have not been systematically identified across multiple
outcomes and mobility-limiting conditions. The Mobilise-D Clinical Validation Study provides the
harmonised longitudinal data needed to address this gap (Mikolaizak et al., 2022).

Longitudinal evidence can address several distinct questions: whether a DMO changes over time,
whether its change tracks clinical progression, whether it predicts a future endpoint, and whether
its association with an endpoint is stable across visits. These questions are not interchangeable. A
measure may show a population-level trend but contribute little to individual prediction, or remain
predictive even when its marginal mean changes little. Existing studies have mainly examined
trajectories of individual measures or their association with a single clinical endpoint (Mirelman
et al., 2024; Engdal et al., 2024; Poleur et al., 2026). In contrast, our setting estimates a visit-
specific multivariate mapping from 24 correlated DMOs to each clinical outcome. Stability selection
then distinguishes effects that persist across visits and participant subsamples from those that are
visit-specific, without interpreting statistical selection alone as clinical validation.
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Attrition and incomplete follow-up add a further difficulty. Later visits often contain fewer obser-
vations, making independent visit-wise models unstable, whereas complete-case trajectory analysis
would discard participants with partially observed follow-up. DeMMO retains all valid participant–
visit records and borrows strength through coefficient-level temporal regularisation. It therefore
targets the evolution of DMO–outcome associations rather than requiring every participant to have a
complete five-visit trajectory.

A.3 MULTI-TASK LEARNING FOR LONGITUDINAL MODELLING

Multi-task learning (MTL) (Zhang & Yang, 2021; Ma et al., 2022; Li et al., 2020a) has been
applied to disease progression by treating predictions at different future time points as related tasks.
Studies in Alzheimer’s disease use temporal smoothness, structured sparsity, and adaptive or robust
regularisers to identify shared and time-specific biomarkers (Zhou et al., 2011; 2012; 2022a; 2023b;
2024). These methods generally predict multiple future outcomes from baseline features (Zhou
et al., 2011; 2012; 2022b; 2024; Fan et al., 2026); in Mobilise-D, both DMOs and outcomes are
repeatedly observed, so the goal is instead to model how their relationships evolve across visits.
Mobilise-D also spans multiple outcomes and diseases. Recent MTL studies often define outcome
relationships through patient-level correlations within one disease (Fan et al., 2026); this is unsuitable
for non-overlapping disease cohorts. Cross-disease relationships must instead be learned from shared
DMO-based prediction structures while preserving disease-specific patterns. Fused Lasso and sparse
group Lasso provide mechanisms for temporal smoothness and structured selection (Tibshirani et al.,
2005; Zhou et al., 2012; Simon et al., 2013). Here, they identify stable and visit-specific DMOs
among 24 measures for parsimony and clinical interpretability. Existing MTL methods do not
jointly accommodate repeated DMO–outcome relationships, multiple outcomes, and non-overlapping
disease cohorts, motivating a framework that learns temporal, outcome-specific, and cross-disease
structures simultaneously.

The task definition is central to this distinction. In conventional longitudinal MTL, tasks commonly
correspond to future time points, and a shared baseline representation is used to predict several
follow-up outcomes (Zhou et al., 2011; 2012; 2022b). Robust and adaptive extensions allow task-
specific deviations or learn relations among these time points (Zhou et al., 2023b; 2024). In DeMMO,
each disease–outcome pair is instead one prediction objective, and its coefficient matrix contains
the complete sequence of visit-specific DMO mappings. Temporal dependence is modelled within
each objective, while relation learning operates between objectives. This separation prevents a strong
temporal relation from being confused with evidence that two clinical outcomes share the same DMO
structure.

Cross-outcome learning also differs from ordinary multi-output regression. The two PD outcomes are
observed in the same cohort, but MS and PFF outcomes come from different participants and have
different clinical scales. Raw outcome covariance is therefore unavailable across diseases and would
not, in any case, directly describe similarity between their DMO effects. DeMMO learns a symmetric
signed relation graph from the longitudinal coefficient mappings. Positive and negative weights can
represent aligned and oppositely oriented DMO patterns, while the zero diagonal excludes trivial
self-relations. This parameter-level mechanism enables selective sharing across non-overlapping
cohorts without pooling participant records or assuming identical effects.

A.4 DEEP LEARNING FOR DISEASE PROGRESSION MODELLING

Deep learning has been widely applied to large-scale electronic health records, medical images, and
physiological signals. Representative models learn patient representations or temporal patterns to
predict diseases, diagnoses, medications, and future conditions (Miotto et al., 2016; Choi et al., 2016;
Li et al., 2020b; Bai et al., 2018). Recurrent models have also jointly predicted longitudinal imaging,
diagnoses, cognitive scores, and ventricular volume in Alzheimer’s disease while accommodating
missing observations (Ghazi et al., 2019; Nguyen et al., 2020). These methods can capture nonlinear
temporal dependencies but generally benefit from high-dimensional inputs, dense observations, or
large patient populations. Mobilise-D instead contains 24 structured DMOs, at most five visits per
participant, and smaller disease- and outcome-specific samples. Its main challenge is to identify
interpretable, time-varying DMO relationships across clinical outcomes and diseases. A structured
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multi-task model therefore provides more appropriate inductive biases and more interpretable effects
than a high-capacity deep sequence model.

Deep models for irregular clinical time series can explicitly encode missing values, elapsed time,
or attention across observations (Che et al., 2018; Shukla & Marlin, 2021). Such architectures are
valuable when the principal signal lies in dense, heterogeneous event sequences. Here, however,
the inputs are a small, clinically defined DMO panel observed on a fixed five-visit schedule, and
the scientific objective includes identifying which DMO is relevant at which visit. Post-hoc feature
attribution would not provide the same direct coefficient trajectories or structured sparsity.

We nevertheless include neural regression and continuous-label representation learning baselines
in the empirical comparison. This tests whether nonlinear capacity or label-aware embeddings
improve prediction in the available sample regime. The comparison is therefore not intended to
claim that structured linear models dominate deep learning generally; rather, it evaluates whether the
temporal, sparse, and cross-objective inductive biases of DeMMO are better matched to this particular
longitudinal clinical problem.

B OPTIMIZATION

The unified objective in Equation 5 is not jointly convex in the longitudinal coefficient matrices and
relation matrix because of the multiplicative term UA. However, it is convex in either block when
the other is fixed. We therefore use alternating optimisation to update the longitudinal coefficient
matrices {Wd,q} with A fixed, followed by the symmetric relation matrix A with {Wd,q} fixed.

For simplicity, we assign each disease–outcome pair a unique index m ∈ {1, . . . ,M}, where M = 4,
and denote its coefficient matrix by Wm = [wm1, . . . ,wmT ] ∈ Rp×T . The corresponding data at
visit t are denoted by Xmt, ymt, and nmt.

B.1 UPDATING THE LONGITUDINAL COEFFICIENT MATRICES

For fixed A, the coefficient subproblem is decomposed into the smooth component

f({Wm};A) =

M∑
m=1

T∑
t=1

1

2nmt
∥ymt −Xmtwmt∥22

+
λR

2
∥U−UA∥2F ,

(6)

and the non-smooth component

g({Wm}) =
M∑

m=1

[
λFL∥WmRT∥1 + λL∥Wm∥1 + λG∥Wm∥2,1

]
. (7)

The relation penalty λA∥A∥2F /2 is constant in this subproblem and is therefore omitted. We minimise
f + g using accelerated proximal gradient with backtracking line search.

The regression gradient for objective m at visit t is

∇wmt
freg =

1

nmt
XT

mt (Xmtwmt − ymt) . (8)

For the relation term, define B = I−A. Then frel = λR∥UB∥2F /2, with gradient

∇Ufrel = λRUBBT. (9)
Because column m of U is the vectorised form of Wm, its relation gradient is reshaped into a p× T
matrix. The complete gradient is therefore

∇Wm
f = ∇Wm

freg + unvecp×T ([∇Ufrel]:m) . (10)

Let Z(k)
m be the extrapolated coefficient matrix at inner iteration k, and let Lk be the current estimate

of the Lipschitz constant (Nesterov, 1983; 2003). The proximal-gradient step is

V(k)
m = Z(k)

m − 1

Lk
∇Wmf({Z(k)

m };A), (11)
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followed by
W(k+1)

m = proxgm/Lk

(
V(k)

m

)
. (12)

Composite proximal operator. The coefficient update involves a composite penalty consisting
of fused Lasso, element-wise Lasso, and group Lasso terms. Although proximal operators cannot
generally be composed in an arbitrary order, this fused sparse group-Lasso penalty admits an exact
and efficient decomposition (Zhou et al., 2023b; 2012).

Specifically, the proximal problem is separable across prediction objectives and DMO rows. For
objective m and DMO j, let vmj ∈ RT denote the j-th row of V(k)

m . The corresponding update is

w
(k+1)
mj = arg min

w∈RT

1

2
∥w − vmj∥22 +

λL

Lk
∥w∥1 +

λFL

Lk
∥Rw∥1 +

λG

Lk
∥w∥2. (13)

This problem is solved exactly in two stages. First, the fused and element-wise sparse solution is
obtained from

w̃mj = arg min
w∈RT

1

2
∥w − vmj∥22 +

λL

Lk
∥w∥1 +

λFL

Lk
∥Rw∥1. (14)

Second, row-wise group shrinkage is applied:

w
(k+1)
mj =

(
1− λG

Lk∥w̃mj∥2

)
+

w̃mj , (15)

where (a)+ = max(a, 0). The first stage identifies temporally fused and visit-specific coefficients,
while the second removes the complete DMO trajectory when its magnitude is insufficient. This
decomposition exactly evaluates the composite proximal operator and can be implemented using
established fast fused-Lasso algorithms.

Backtracking line search is used to select Lk, and Nesterov acceleration is applied after each accepted
update. The inner iterations terminate when the relative change in the coefficient-block objective falls
below a prescribed tolerance.

B.2 UPDATING THE SYMMETRIC RELATION MATRIX

For fixed coefficient matrices, U is constant and the relation subproblem becomes

min
A

λR

2
∥U−UA∥2F +

λA

2
∥A∥2F

s.t. A = AT, diag(A) = 0.

(16)

This is a strongly convex quadratic problem because λA > 0. To satisfy symmetry and the zero-
diagonal constraint exactly, we parameterise only the K = M(M − 1)/2 upper-triangular entries.

For each pair i < j, define Eij = eie
T
j + eje

T
i , where ei is the i-th standard basis vector in RM .

Any feasible relation matrix can then be written as A(a) =
∑

i<j aijEij , where a ∈ RK . Let
b = vec(U) and define

C = [vec(UE12), vec(UE13), . . . , vec(UEM−1,M )] . (17)

Since vec(UA(a)) = Ca and ∥A(a)∥2F = 2∥a∥22, the constrained matrix problem reduces to

min
a∈RK

λR

2
∥b−Ca∥22 + λA ∥a∥22 . (18)

Its unique minimiser is obtained from(
λRC

TC+ 2λAI
)
a = λRC

Tb. (19)

The relation matrix is then formed as A =
∑

i<j aijEij . This parameterisation satisfies both
constraints by construction. In this study, M = 4 and hence K = 6, so the update can be computed
efficiently using a standard linear-system solver.
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Algorithm 1 Alternating Optimisation of the Longitudinal Coefficient Matrices and Cross-Objective
Relation Matrix.
Require: Training data {Xmt,ymt}M,T

m=1,t=1; regularisation parameters λFL, λL, λG, λR, λA; maxi-
mum number of outer iterations Rmax

1: Initialise {W(0)
m }Mm=1 and A(0) = 0

2: for r = 0, . . . , Rmax − 1 do
3: Fix A(r) and update {W(r+1)

m }Mm=1 using accelerated proximal-gradient iterations with back-
tracking line search

4: Evaluate the composite proximal operator row-wise using fused-Lasso signal approximation
followed by group shrinkage

5: Construct U(r+1) by vectorising {W(r+1)
m }Mm=1

6: Construct C(r+1) and b(r+1) from U(r+1)

7: Solve (
λRC

TC+ 2λAI
)
a = λRC

Tb

8: Form the symmetric, zero-diagonal relation matrix A(r+1) from a
9: if the outer convergence criterion is satisfied then

10: break
11: end if
12: end for
Ensure: {Wm}Mm=1 and A

B.3 ALTERNATING OPTIMISATION ALGORITHM

The complete optimisation procedure is summarised in Algorithm 1. We initialise the relation matrix
as A(0) = 0. The coefficient matrices may be initialised either at zero or using independently fitted
visit-specific regression models. During subsequent outer iterations, each coefficient subproblem is
warm-started from the solution obtained in the preceding iteration.

The outer iterations terminate when the relative change in the complete objective satisfies∣∣J (r+1) − J (r)
∣∣

max
(
1,
∣∣J (r)

∣∣) ≤ ε, (20)

where J (r) denotes the unified objective value at outer iteration r. A maximum number of outer
iterations is imposed as an additional safeguard.

B.3.1 CONVERGENCE AND COMPUTATIONAL COMPLEXITY

For fixed A, the coefficient subproblem is convex but non-smooth. Because its composite proximal
operator can be computed exactly, the accelerated proximal-gradient procedure with backtracking
converges to the global minimiser of this subproblem. For fixed coefficient matrices, the relation-
matrix subproblem is strongly convex when λA > 0 and therefore has a unique minimiser.

If both block subproblems are solved exactly, or to sufficient numerical accuracy, each outer iteration
does not increase the unified objective. Because the objective is bounded below, the sequence of
objective values converges. Under standard regularity conditions, every accumulation point of the
alternating sequence is a block-coordinate stationary point. However, the complete objective is
biconvex rather than jointly convex because of the interaction between U and A. Convergence to a
global minimiser is therefore not guaranteed and may depend on the initialisation.

For the coefficient update, evaluating the regression gradients across all objectives and visits requires

O

(
p

M∑
m=1

T∑
t=1

nmt

)
operations. The relation-gradient term involves multiplication between the pT × M coefficient
representation and the M ×M relation matrices, requiring O

(
pTM2

)
operations.
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The composite proximal operator is separable across the Mp longitudinal coefficient trajectories.
When a linear-time one-dimensional fused-Lasso solver is used, its overall cost is

O (MpT ) .

Thus, if Iin accelerated proximal-gradient iterations are required, the coefficient-update cost per outer
iteration is approximately

O

[
Iin

(
p

M∑
m=1

T∑
t=1

nmt + pTM2 +MpT

)]
. (21)

The relation update contains K = M(M−1)/2 free edge variables. Constructing its quadratic system
depends on the pT -dimensional representations of the M objectives, while solving the resulting
K ×K linear system by a direct method requires O(K3) operations. Because K depends only on
the number of prediction objectives, this update remains inexpensive when M is small.

In the present study, p = 24, T = 5, M = 4, and K = 6. Consequently, the composite proximal
operations and relation-matrix update are small, and the overall computational cost is dominated by
repeated regression-gradient evaluations across participants, visits, and prediction objectives.

C NON-CONVEX EXTENSIONS OF DEMMO

The fused-Lasso, Lasso, and group-Lasso regularisers in DeMMO provide a convex and computa-
tionally tractable formulation for temporal smoothing and DMO selection. However, convex sparsity
penalties may over-shrink the coefficients of informative DMOs, particularly when their effects
are weak, correlated, or confined to specific visits, thereby introducing estimation bias (Fan & Li,
2001). Such shrinkage may reduce both predictive performance and the ability to recover clinically
meaningful longitudinal patterns.

Motivated by non-convex extensions of the fused sparse-group Lasso (Zhou et al., 2012), we introduce
two variants, DeMMO-var1 and DeMMO-var2. Both use a concave square-root penalty to reduce
shrinkage of sufficiently strong DMO effects while retaining sparsity. They differ in how DMO
selection and temporal smoothness are organised. DeMMO-var1 treats them as separate components,
allowing their strengths to be controlled independently. DeMMO-var2 couples them within a single
DMO-level penalty, such that retention of a DMO depends jointly on its coefficient magnitude and
temporal variation. Comparing these variants allows us to examine whether longitudinal DMO
modelling benefits more from independent or coupled regularisation.

For concise notation, let wd,q,j: ∈ RT denote the coefficients of DMO j across all visits for disease d
and outcome q. Both variants retain the longitudinal regression loss L(W) and the relation-learning
regulariser

Rrel(U,A) =
λR

2
∥U−UA∥2F +

λA

2
∥A∥2F . (22)

C.1 DEMMO-VAR1: SEPARATE SELECTION AND TEMPORAL SMOOTHING

DeMMO-var1 replaces the Lasso and group-Lasso penalties with a composite ℓ(0.5,1) penalty while
retaining fused temporal regularisation as a separate component:

min
W,A

L(W) + λNC

∑
d,q,j

√
∥wd,q,j:∥1 + λFL

∑
d,q

∥Wd,qR
T∥1 +Rrel(U,A)

s.t. A = AT, diag(A) = 0.

(23)

The outer square root promotes DMO-level sparsity, whereas the inner ℓ1 norm permits visit-specific
coefficients to be removed. Temporal smoothness is controlled independently by λFL.

C.2 DEMMO-VAR2: COUPLED SELECTION AND TEMPORAL SMOOTHING

DeMMO-var2 instead incorporates coefficient sparsity and temporal variation within the same
DMO-level penalty. Define

ϕd,q,j(W) = ∥wd,q,j:R
T∥1 + β∥wd,q,j:∥1, (24)
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Algorithm 2 Non-Convex DeMMO Optimisation.
Require: Longitudinal data, variant parameters, ϵ, and tolerances

1: Initialise (W(0),A(0)) from convex DeMMO
2: for k = 0, 1, . . . ,KDC − 1 do
3: Compute a

(k)
d,q,j for var1 or b(k)d,q,j for var2 using Eq. (27)

4: repeat
5: Update W by accelerated proximal gradient on Eq. (28) or Eq. (29)
6: Update the symmetric zero-diagonal A by solving the relation-learning linear system
7: until the convex majoriser satisfies the block-convergence criterion
8: Evaluate the original non-convex objective
9: if its relative change is below εDC then

10: break
11: end if
12: end for
Ensure: W and A

where β controls their relative contributions. The objective becomes

min
W,A

L(W) + λNC

∑
d,q,j

√
ϕd,q,j(W) +Rrel(U,A)

s.t. A = AT, diag(A) = 0.

(25)

Unlike DeMMO-var1, DeMMO-var2 determines whether to retain a DMO according to both the
magnitude and temporal variation of its longitudinal coefficients.

C.3 OPTIMISATION

Unlike convex DeMMO, the two variants require an additional difference-of- convex outer loop. We
use the iterative reweighting procedure established for non-convex fused sparse-group Lasso models
(Zhou et al., 2012; 2023b). For a non-negative quantity s, the concavity of the square root gives the
majoriser

√
s+ ϵ ≤

√
s(k) + ϵ+

s− s(k)

2
√
s(k) + ϵ

, (26)

where equality holds at s = s(k). Thus, at reweighting iteration k, the non-convex penalties are
replaced by weighted convex ℓ1 and fused-Lasso penalties. Define

a
(k)
d,q,j =

λNC

2
√
∥w(k)

d,q,j:∥1 + ϵ
, b

(k)
d,q,j =

λNC

2
√

ϕd,q,j(W(k)) + ϵ
, (27)

where ϵ > 0 prevents unbounded weights. Ignoring terms independent of W , the coefficient
majorisers for DeMMO-var1 and DeMMO-var2 are, respectively,

Q(k)
var1 = L(W) +

∑
d,q,j

a
(k)
d,q,j∥wd,q,j:∥1 + λFL

∑
d,q,j

∥wd,q,j:R
T∥1 +Rrel, (28)

Q(k)
var2 = L(W) +

∑
d,q,j

b
(k)
d,q,j

(
∥wd,q,j:R

T∥1 + β∥wd,q,j:∥1
)
+Rrel. (29)

Both are weighted convex fused-Lasso problems. For fixed A, we solve the coefficient block using
accelerated proximal-gradient iterations with backtracking. The proximal step is separable across
DMO trajectories and uses the same one-dimensional fused-Lasso solver as convex DeMMO, but
with the row-specific weights in Eq. (27). For fixed W , the symmetric relation matrix is updated
using the same closed-form quadratic subproblem described in Section B.2.

Algorithm 2 summarises the complete procedure. We initialise both variants from the fitted convex
DeMMO solution. This warm start provides a stable coefficient pattern and avoids starting the
reweighting scheme near the singular point of the square-root penalty.

21



Table 3: Comparison of DeMMO and its two non-convex variants over five matched participant splits.
Values are mean ± standard deviation. T1–T5 report visit-specific RMSE. The best mean within each
objective and metric is shown in bold.

Objective Method nMSE ↓ wR ↑ T1 T2 T3 T4 T5

Overall
DeMMO-var1 0.728 ± 0.043 0.509 ± 0.040 – – – – –
DeMMO-var2 0.731 ± 0.043 0.505 ± 0.038 – – – – –
DeMMO 0.722 ± 0.032 0.515 ± 0.030 – – – – –

PD H&Y
DeMMO-var1 0.935 ± 0.043 0.306 ± 0.057 0.540 ± 0.041 0.500 ± 0.059 0.546 ± 0.047 0.512 ± 0.068 0.551 ± 0.061

DeMMO-var2 0.941 ± 0.037 0.295 ± 0.049 0.543 ± 0.042 0.501 ± 0.062 0.548 ± 0.049 0.515 ± 0.067 0.549 ± 0.061

DeMMO 0.929 ± 0.035 0.319 ± 0.048 0.538 ± 0.040 0.499 ± 0.059 0.543 ± 0.044 0.513 ± 0.066 0.546 ± 0.061

PD MDS–UPDRS
DeMMO-var1 0.876 ± 0.042 0.385 ± 0.040 11.966 ± 0.346 11.449 ± 0.429 12.038 ± 1.184 11.343 ± 1.031 11.497 ± 0.491

DeMMO-var2 0.877 ± 0.046 0.382 ± 0.041 11.982 ± 0.313 11.443 ± 0.391 12.057 ± 1.282 11.327 ± 1.018 11.561 ± 0.503

DeMMO 0.874 ± 0.038 0.384 ± 0.038 11.955 ± 0.338 11.460 ± 0.386 12.017 ± 1.103 11.365 ± 0.959 11.470 ± 0.381

MS EDSS
DeMMO-var1 0.486 ± 0.059 0.727 ± 0.044 0.819 ± 0.081 0.829 ± 0.063 0.989 ± 0.055 1.019 ± 0.052 1.094 ± 0.092

DeMMO-var2 0.489 ± 0.058 0.726 ± 0.043 0.821 ± 0.082 0.833 ± 0.059 0.994 ± 0.046 1.022 ± 0.054 1.091 ± 0.086

DeMMO 0.479 ± 0.051 0.732 ± 0.039 0.815 ± 0.081 0.822 ± 0.057 0.982 ± 0.050 1.013 ± 0.047 1.084 ± 0.088

PFF SPPB
DeMMO-var1 0.559 ± 0.073 0.673 ± 0.053 2.025 ± 0.096 2.210 ± 0.154 2.253 ± 0.210 2.280 ± 0.217 2.328 ± 0.161

DeMMO-var2 0.561 ± 0.078 0.672 ± 0.057 2.044 ± 0.125 2.206 ± 0.149 2.240 ± 0.206 2.276 ± 0.238 2.354 ± 0.157

DeMMO 0.549 ± 0.062 0.681 ± 0.044 2.004 ± 0.062 2.203 ± 0.151 2.237 ± 0.209 2.241 ± 0.219 2.307 ± 0.170

The majorisation step is tight and each inner block update decreases its convex surrogate. Conse-
quently, the original objective is non-increasing and the procedure converges to a stationary point
under the usual boundedness and accurate-subproblem assumptions. Global optimality is not guaran-
teed because the objectives remain non-convex.

Computational cost. Let KDC be the number of reweighting iterations, KB the number of al-
ternating block updates per majoriser, and KPG the number of proximal-gradient iterations. One
gradient/proximal update has the same leading cost as convex DeMMO,

O

(
p

M∑
m=1

T∑
t=1

nmt + pTM2 +MpT

)
. (30)

The complete coefficient cost is therefore

O

[
KDCKBKPG

(
p
∑
m,t

nmt + pTM2 +MpT

)]
, (31)

in addition to the small relation-matrix solves. Convex DeMMO requires only one alternating
optimisation sequence, whereas each non-convex variant solves a sequence of weighted convex
DeMMO-like problems. In our implementation, KDC, KB, and KPG are capped at 15, 12, and 300,
respectively, with early stopping at every level. The convex warm start substantially reduces the
realised number of iterations, but the two variants remain more computationally expensive. Their
additional predictive flexibility therefore comes at the cost of longer model selection and training,
which is the principal trade-off examined in our experiments.

D EXPERIMENTAL EVALUATION OF THE NON-CONVEX VARIANTS

Table 3 compares the original convex DeMMO with DeMMO-var1 and DeMMO-var2. We report
overall and objective-specific nMSE and wR, together with RMSE at each of the five visits.

DeMMO performs best overall. It achieves an nMSE of 0.722±0.032, compared with 0.728±0.043
for DeMMO-var1 and 0.731 ± 0.043 for DeMMO-var2, while its wR of 0.515 ± 0.030 exceeds
0.509 ± 0.040 and 0.505 ± 0.038, respectively. DeMMO also obtains the lowest nMSE for every
clinical outcome and the highest wR for three of the four outcomes; DeMMO-var1 is only marginally
higher for PD MDS–UPDRS wR. At the visit level, DeMMO gives the lowest RMSE in 17 of the 20
tasks, whereas var1 leads at PD H&Y T4 and var2 leads at PD MDS–UPDRS T2 and T4.

The two variants retain DeMMO’s outcome-specific sparsity, temporal continuity, and cross-objective
relation learning, but use adaptive non-convex reweighting to reduce the estimation bias induced
by the convex Lasso, group-Lasso, and fused-Lasso penalties. Their consistently weaker aggregate
performance therefore suggests that shrinkage-induced bias is not a major limitation in this setting.
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Table 4: Visit-specific RMSE for PD H&Y (mean ± standard deviation over five matched participant
splits). The best mean in each column is shown in bold.

Method T1 T2 T3 T4 T5

Ridge 0.541 ± 0.037 0.504 ± 0.065 0.550 ± 0.045 0.526 ± 0.069 0.551 ± 0.064

Lasso 0.549 ± 0.042 0.504 ± 0.067 0.559 ± 0.054 0.523 ± 0.071 0.546 ± 0.065

FRoTS 0.538 ± 0.036 0.509 ± 0.062 0.545 ± 0.042 0.526 ± 0.065 0.567 ± 0.076

MAGPP 0.539 ± 0.033 0.517 ± 0.066 0.547 ± 0.046 0.538 ± 0.061 0.580 ± 0.082

MLP-MSE 0.552 ± 0.040 0.512 ± 0.062 0.551 ± 0.051 0.534 ± 0.070 0.561 ± 0.073

MLP-L1 0.566 ± 0.040 0.527 ± 0.052 0.573 ± 0.050 0.533 ± 0.076 0.561 ± 0.055

Rank-N 0.570 ± 0.040 0.528 ± 0.054 0.577 ± 0.052 0.534 ± 0.076 0.563 ± 0.054

RankSim 0.553 ± 0.046 0.510 ± 0.063 0.555 ± 0.055 0.532 ± 0.074 0.560 ± 0.064

ACCon 0.554 ± 0.036 0.515 ± 0.057 0.549 ± 0.055 0.539 ± 0.071 0.579 ± 0.086

DeMMO 0.538 ± 0.040 0.499 ± 0.059 0.543 ± 0.044 0.513 ± 0.066 0.546 ± 0.061

Table 5: Visit-specific RMSE for PD MDS–UPDRS (mean ± standard deviation over five matched
participant splits). The best mean in each column is shown in bold.

Method T1 T2 T3 T4 T5

Ridge 11.767 ± 0.389 11.692 ± 0.285 12.200 ± 0.780 11.584 ± 0.884 11.303 ± 0.348

Lasso 11.874 ± 0.408 11.571 ± 0.299 12.232 ± 1.015 11.671 ± 1.006 11.559 ± 0.792

FRoTS 11.828 ± 0.506 11.584 ± 0.398 12.211 ± 0.772 11.558 ± 0.794 11.624 ± 0.755

MAGPP 11.807 ± 0.517 11.783 ± 0.568 12.393 ± 0.798 11.878 ± 0.748 11.606 ± 0.654

MLP-MSE 11.918 ± 0.289 11.925 ± 0.563 12.802 ± 1.673 11.945 ± 1.218 11.542 ± 0.365

MLP-L1 12.068 ± 0.513 12.317 ± 0.514 12.141 ± 0.804 11.984 ± 1.110 11.756 ± 0.392

Rank-N 12.001 ± 0.290 11.812 ± 0.402 12.155 ± 0.907 11.898 ± 0.927 12.015 ± 0.681

RankSim 12.004 ± 0.427 11.800 ± 0.248 12.227 ± 1.035 11.861 ± 0.902 11.798 ± 0.408

ACCon 11.951 ± 0.414 12.073 ± 0.573 12.623 ± 1.735 12.050 ± 1.244 11.887 ± 0.335

DeMMO 11.955 ± 0.338 11.460 ± 0.386 12.017 ± 1.103 11.365 ± 0.959 11.470 ± 0.381

We conjecture that this result reflects the substantial behavioural and measurement noise in free-living
DMOs. By weakening shrinkage, the non-convex penalties may retain more noise together with the
DMO signal, leading to poorer generalisation; the stronger shrinkage of convex DeMMO may instead
provide beneficial regularisation. Convex DeMMO also shows lower overall variability and requires
substantially less computation because it avoids the additional difference-of-convex iterations. These
results favour the original DeMMO formulation for this noisy longitudinal DMO setting.

E ADDITIONAL EXPERIMENTAL RESULTS

Tables 4–7 provide the numerical results underlying Figure 3.

Outcome-specific observations. For PD H&Y, DeMMO is best or tied for best at all five visits,
with its clearest advantages at T2–T4. For PD MDS–UPDRS, it achieves the lowest mean RMSE at
T2–T4, while Ridge performs best at T1 and T5. DeMMO is also consistently competitive for MS
EDSS: it is best at T1, T2, and T5, tied for best at T3, and only 0.001 above the best result at T4. The
PFF task exhibits a different pattern. Ridge is strongest at T1 and MLP-L1 at T2, whereas DeMMO
becomes best from T3 to T5. This later-visit advantage is particularly relevant because the PFF
sample size decreases sharply across follow-up visits, suggesting that temporal and cross-objective
information sharing provides useful regularisation when outcome-specific data are sparse.

Patterns across visits and methods. Across the four outcomes, DeMMO ranks first or second in
18 of the 20 outcome–visit comparisons and is uniquely best in 12. Its performance is not uniformly
dominant, however: the two exceptions occur at PD MDS–UPDRS T1 and PFF T1, where simpler
linear models perform better. Errors for MS EDSS and PFF generally increase at later visits, consistent
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Table 6: Visit-specific RMSE for MS EDSS (mean ± standard deviation over five matched participant
splits). The best mean in each column is shown in bold.

Method T1 T2 T3 T4 T5

Ridge 0.821 ± 0.078 0.841 ± 0.060 0.993 ± 0.055 1.023 ± 0.050 1.102 ± 0.088

Lasso 0.830 ± 0.079 0.845 ± 0.065 0.997 ± 0.070 1.024 ± 0.045 1.098 ± 0.081

FRoTS 0.824 ± 0.072 0.833 ± 0.066 0.987 ± 0.067 1.012 ± 0.060 1.121 ± 0.094

MAGPP 0.823 ± 0.072 0.848 ± 0.068 1.004 ± 0.070 1.025 ± 0.069 1.142 ± 0.093

MLP-MSE 0.821 ± 0.083 0.846 ± 0.078 0.985 ± 0.051 1.015 ± 0.056 1.107 ± 0.113

MLP-L1 0.836 ± 0.070 0.870 ± 0.082 1.003 ± 0.037 1.057 ± 0.117 1.116 ± 0.080

Rank-N 0.827 ± 0.094 0.908 ± 0.085 1.030 ± 0.042 1.059 ± 0.084 1.130 ± 0.072

RankSim 0.830 ± 0.072 0.853 ± 0.075 0.982 ± 0.059 1.041 ± 0.131 1.116 ± 0.083

ACCon 0.826 ± 0.080 0.855 ± 0.073 1.012 ± 0.051 1.020 ± 0.046 1.113 ± 0.084

DeMMO 0.815 ± 0.081 0.822 ± 0.057 0.982 ± 0.050 1.013 ± 0.047 1.084 ± 0.088

Table 7: Visit-specific RMSE for PFF SPPB impairment (mean ± standard deviation over five
matched participant splits). The best mean in each column is shown in bold.

Method T1 T2 T3 T4 T5

Ridge 1.931 ± 0.072 2.233 ± 0.186 2.275 ± 0.157 2.340 ± 0.144 2.341 ± 0.211

Lasso 1.942 ± 0.084 2.209 ± 0.130 2.304 ± 0.180 2.418 ± 0.092 2.364 ± 0.158

FRoTS 1.948 ± 0.081 2.206 ± 0.219 2.242 ± 0.115 2.464 ± 0.119 2.365 ± 0.216

MAGPP 1.976 ± 0.078 2.203 ± 0.254 2.276 ± 0.122 2.514 ± 0.119 2.409 ± 0.222

MLP-MSE 2.010 ± 0.061 2.300 ± 0.233 2.351 ± 0.220 2.389 ± 0.240 2.558 ± 0.101

MLP-L1 1.995 ± 0.064 2.198 ± 0.230 2.358 ± 0.204 2.418 ± 0.229 2.567 ± 0.237

Rank-N 2.047 ± 0.142 2.220 ± 0.178 2.331 ± 0.185 2.556 ± 0.148 2.606 ± 0.229

RankSim 2.019 ± 0.097 2.259 ± 0.161 2.344 ± 0.201 2.439 ± 0.226 2.599 ± 0.179

ACCon 2.037 ± 0.053 2.224 ± 0.192 2.481 ± 0.192 2.391 ± 0.183 2.536 ± 0.124

DeMMO 2.004 ± 0.062 2.203 ± 0.151 2.237 ± 0.209 2.241 ± 0.219 2.307 ± 0.170

with their declining sample sizes and potentially greater follow-up heterogeneity, whereas both PD
outcomes show non-monotonic trajectories. Deep regression and ranking methods rarely lead these
visit-specific comparisons and often exhibit larger variability at later visits. Overall, the tables support
selective rather than uniform information sharing: DeMMO preserves outcome-specific behaviour
while gaining most where longitudinal observations become limited.
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