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ABSTRACT

Background. Wrist actigraphy records motor behavior and circadian organization
continuously, but it is unclear whether nonlinear complexity summaries can predict
within-person change in depressive symptoms.

Objective. To test whether nonlinear actigraphy features improve participant-aware
prediction of change in Montgomery-Asberg Depression Rating Scale (MADRS) scores
beyond a training-fold mean benchmark and clinical covariates.

Methods. This secondary analysis used the open OBF-Psychiatric depression subset:
23 adults with unipolar or bipolar depression, 551,716 minute-level activity
observations, 359 complete days, and paired MADRS assessments. The outcome was
endpoint minus baseline MADRS. Five daily nonlinear complexity features were
averaged per participant. Ridge models with clinical, nonlinear, or combined
predictors were evaluated by nested leave-one-subject-out validation; mean absolute
error (MAE) was primary. Sensitivity analyses allowed an intercept-only option and
used metadata-defined recording intervals.

Results. MADRS fell by a mean of 2.74 points (95% confidence interval [CI], -4.35 to
-1.22; Wilcoxon p = 0.004). Benchmark MAE was 3.19 (95% CI, 2.26-4.28); the
clinical, nonlinear, and combined models had MAEs of 3.31, 3.21, and 3.22 and
negative cross-validated R% The nonlinear model's MAE exceeded the benchmark's
by 0.021 (95% CI, 0.008-0.035). No nonlinear feature was associated with MADRS
change after multiplicity correction. With an intercept-only option, nonlinear and
combined models selected it in all 23 folds and matched the benchmark, as did
metadata-defined intervals.

Conclusion. In this small cohort, nonlinear actigraphy complexity added no
predictive value for short-term change in depression severity. Such features need
participant-separated validation against a simple benchmark before being considered
clinically informative.
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1. Introduction

Depressive disorders involve more than affective and
cognitive symptoms. Sleep,

psychomotor activity,

minute-resolution activity records and clinician-rated
symptom severity. The Montgomery-Asberg
Depression Rating Scale (MADRS) is still widely used to
quantify depressive severity and treatment-related
change.

energy, and the regularity of daily behavior change as
well. These changes fluctuate over time, and episodic
clinical assessments may capture them only partly.
Wrist actigraphy can follow motor behavior
continuously in everyday life at little burden to the
wearer; the open OBF-Psychiatric dataset combines
actigraphy with clinical information for several
psychiatric conditions and offers a sound basis for
reproducible analysis;?! its depression component holds
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Most actigraphy research on depression has examined
the level, timing, fragmentation, and circadian
organization of activity. In clinical and population
samples, lower daytime activity, irregular rhythms,
altered sleep-wake patterns, and less stable behavior
have all been linked to symptom burden.2-8 Other
studies have looked at seasonal depression, treatment-
resistant depression, multimodal assessment, physical-
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activity patterns, relapse, and accelerometer-defined
sleep irregularity.®-14 Such work supports the clinical
relevance of behavioral time series. It does not show
that a compact summary of the signal can predict
prospective symptom change in a new participant.

The field has recently shifted from cross-sectional
association  toward individualized  prediction.
Investigators have tested mood-disorder phenotyping,
bipolar-unipolar classification, chronotype and sleep,
relapse prediction, and combined smartphone-
wearable models.15-19 Related studies have applied
passive movement, sleep, physiology, mood-symptom,
affect, circadian, student, and population-level wearable
data to depression phenotypes.20-28 Yet performance
depends heavily on the unit of analysis and on how
models are validated. If observations from one person
fall in both the development and evaluation sets, the
model may pick up person-specific signatures. It then
fails to learn a relationship that holds for an unseen
participant.

Nonlinear time-series methods can describe properties
that conventional averages miss. Entropy measures
irregularity or unpredictability. Fractal methods assess
scale-dependent organization. Spectral entropy reflects
how signal power is spread across frequencies. Recent
studies have examined longitudinal actigraphy classes,
daily steps, mobile severity assessment, adolescent
sensing, wearable screening, fractal motor activity,

impending recurrence, pediatric tracking,
accelerometer  clustering, adolescent circadian
disruption, and day-to-day activity regularity.29-3?
Chronobiological predictors and symptom-linked

activity patterns make complexity features plausible
candidates for tracking clinically relevant change.4041
Complexity, however, is not the same as clinical
information. Estimates vary with recording length,
missing data, preprocessing, parameter choices, daily
context, and the way minute-level signals are
aggregated into participant-level outcomes.

Predicting MADRS change adds a further difficulty. A
change score mixes baseline heterogeneity, treatment
exposure, measurement variability, and regression
toward the mean. Recent smartphone and wearable
studies illustrate personalized prediction, day-level
physical-activity ~ states,  objectively = measured
depression  subtypes, longitudinal smartphone
monitoring, and momentary affect estimation.42-4¢ With
few participants, though, a flexible model may fit
idiosyncratic variation and then do worse than the
training-fold mean on a held-out participant.
Participant-aware evaluation, explicit safeguards
against leakage, and full reporting of the prediction
model are therefore needed.*’-#° Regularization and
feature standardization must be learned only within
each outer training fold. A lone correlation or an in-
sample fit statistic cannot show incremental predictive
value.

This study contributes a direct test of five
complementary nonlinear complexity domains as
predictors of within-person MADRS change; the test
uses fully participant-separated nested validation, a
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transparent training-fold benchmark, uncertainty
intervals, multiplicity-controlled feature analyses, and
sensitivity checks. The checks let the model collapse to
an intercept-only solution and align activity extraction
with metadata-defined recording intervals. The study
therefore aimed to establish whether participant-level
nonlinear actigraphy features improve prediction of
MADRS change beyond a training-fold mean benchmark
and compact clinical covariates, and to quantify the
uncertainty and practical size of any incremental value.

2. Methods

2.1. Study design and setting

This was a secondary analysis of openly available
observational data from the OBF-Psychiatric dataset.!
Only the depression subset was used. The source files
contain minute-level actigraphy, demographic and
clinical descriptors, diagnostic grouping, inpatient or
outpatient status, and two MADRS observations for each
eligible participant. The participant was the analytical
unit, because the target outcome was a participant-level
change score. Minute-level measurements and daily
feature estimates served only to build participant
summaries. They were not treated as independent
clinical outcomes.

2.2. Participants

The source subset comprised 23 adults: 15 with
unipolar depression, seven with bipolar II disorder, and
one with bipolar I disorder. Five were inpatients and 18
were outpatients; ten were female and 13 were male.
Age was given in five-year bands, not exact years. Every
participant with paired MADRS measurements and
usable activity files was kept. No case was dropped
because of observed symptom response, predictor
value, or model performance.

2.3. Variables and instruments

Outcome definition. The primary outcome was change in
depression severity, defined as AMADRS = MADRSendpoint
— MADRSpaseline. Negative values mean improvement,
and positive values mean worsening. This direction was
fixed before model evaluation and used in every
descriptive, association, and prediction analysis.
Baseline and endpoint MADRS were also summarized
separately so that the clinical meaning stayed clear. A
paired change score can depend on baseline severity.
For that reason baseline MADRS entered the clinical
predictor set; the outcome itself was not redefined.

2.4. Data collection procedure

Actigraphy processing and day-level eligibility. Each
complete day was analyzed on its own. That kept the
sequence length the same for all participants, so a long
recording did not carry a different estimator scale from
a short one. Day-level estimates were then averaged
within each participant to match the participant-level
outcome. The number of complete days stayed in the
model as a clinical/recording covariate, which made
differences in observation opportunity explicit.
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Processing was deterministic, and all participants
shared the same feature definitions.

Each complete day was analyzed on its own; that kept
the sequence length the same for all participants, so a
long recording did not carry a different estimator scale
from a short one. Day-level estimates were then
averaged within each participant to match the
participant-level outcome; the number of complete days
stayed in the model as a clinical/recording covariate,
which made differences in observation opportunity
explicit. Processing was deterministicc and all
participants shared the same feature definitions.

Nonlinear feature extraction. Five features were chosen,
each representing a distinct and interpretable aspect of
temporal organization. Sample entropy gives the
likelihood that similar short activity patterns stay
similar when extended by one observation, and lower
values mean greater regularity under fixed
parameters.>® Permutation entropy measures the
diversity of ordinal patterns and is fairly insensitive to
monotonic transformations;5! the detrended fluctuation
analysis exponent summarizes long-range scale
relationships once local trends are removed.>2 Higuchi
fractal dimension estimates geometric complexity from
the series itself across several interval lengths.>3
Spectral entropy normalizes the power spectrum and
shows whether activity power is concentrated or diffuse
across frequencies.

The daily feature vector thus held sample entropy,
permutation entropy, the detrended fluctuation
analysis exponent, Higuchi fractal dimension, and
spectral entropy. Constant or numerically undefined
daily sequences were handled by the deterministic
extraction routine, and none led to an outcome-
dependent exclusion. Each participant-level feature was
the arithmetic mean of the valid daily values for that
domain. This aggregation asks whether a person's
typical daily complexity over the observed interval
predicts clinical change. It cannot speak to hour-specific
patterns, day-to-day dynamics, or treatment-phase
trajectories.

2.5. Statistical analysis

Predictor sets and models. Four predefined prediction
strategies were compared. The benchmark, called the
training-fold mean below, predicted for the held-out
participant the mean MADRS change of the training
folds. The clinical model used baseline MADRS, age-
band coding, sex, diagnostic grouping,
inpatient/outpatient status, and the number of
complete days; the nonlinear model used the five
aggregated complexity features, and the combined
model used clinical and nonlinear predictors together.
Ridge regression was chosen because the number of
candidate predictors was not small relative to the
number of participants, and because shrinkage gives
stable estimates when predictors are correlated.

Everylearned model was built as a pipeline. Any missing
predictor values within a training fold were handled by
rules derived from the training data. Continuous
predictors were standardized with training-fold means
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and standard deviations, and the fitted transformations
were then applied to the held-out participant.
Categorical variables were encoded without the
outcome. No minute, day, or participant record from the
outer test fold touched preprocessing, feature scaling,
model fitting, or tuning.

Participant-aware  validation — and  performance
measures. Generalization was assessed by leave-one-
subject-out (LOSO) cross-validation. In each of 23 outer
folds one participant was held out, and the remaining
participants formed the development set. Within that
set an inner LOSO procedure chose the ridge
regularization; The primary grid ran from weak to
strong regularization, and the value with the lowest
inner-fold error was selected. The outer prediction
came only after tuning and refitting on the full outer
development set. This nested design keeps model
selection apart from performance estimation.

Mean absolute error (MAE), expressed in MADRS
points, was the primary performance measure. Root
mean squared error (RMSE) was added to give more
weight to large errors. Cross-validated R? compared the
sum of squared outer-fold errors with the variation
around the overall observed outcome mean; a negative
R? means the predictions were less accurate than that
reference. Incremental value was defined as benchmark
MAE minus model MAE, so positive values favor the
model; the abstract reports the opposite difference
(model minus benchmark) as an excess error.
Participant-level bootstrap resampling with 5,000
replicates gave 95% confidence intervals for MAE and
for paired differences in absolute error.

Participant-aware validation is essential when repeated
wearable measurements are collapsed or sampled from
the same individual.#” Without it, leakage between a
participant's development and evaluation observations
can inflate apparent performance;*8 the analysis and its
reporting followed the principles of the Transparent
Reporting of a multivariable prediction model for
Individual Prognosis Or Diagnosis, extended for
artificial intelligence (TRIPOD+AI) statement: a defined
target population and outcome, explicit handling of

predictors, separated validation, a benchmark
comparison, and uncertainty reporting.4°
Statistical analyses. Continuous variables were

summarized as mean and standard deviation where that
was useful for scale, and as median and interquartile
range where distributional shape or small-sample
robustness mattered. Categorical variables were
summarized as counts and percentages. Paired MADRS
change was tested with the Wilcoxon signed-rank test,
and a bootstrap confidence interval was computed for
the mean change. This test was supportive and did not
drive predictor selection.

Spearman rank correlations measured the monotonic
association between each participant-level nonlinear
feature and MADRS change, with two-sided confidence
intervals from a participant-level bootstrap. The
Benjamini-Hochberg procedure controlled the false
discovery rate across the five feature tests. Change in
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the bipolar group (bipolar I and II combined) was
compared with the unipolar group by an exact Mann-
Whitney test, with a bootstrap interval for the difference
in group means. Because of the small sample, subgroup
results were read as descriptive and were not used to
justify more model complexity.

Sensitivity analyses. Two sensitivity analyses addressed
the decisions most likely to affect interpretation. In the
first, the ridge grid was extended to a penalty of
1,000,000 and an explicit intercept-only candidate was
added. A model could then record that the available
predictors did not improve inner-fold performance,
instead of being forced to assign nonzero feature effects.
The intercept-only candidate was selected inside each
outer development set. In the second, nonlinear features
were re-extracted after restricting each participant to
the chronological recording interval defined by the
source metadata, starting at the first activity time stamp.
Complete-day criteria, feature definitions, participant
aggregation, nested LOSO validation, and performance
metrics were otherwise unchanged. The interval-
aligned analysis held 268 complete days, with 4-17 days
per participant.

Reproducibility and reporting. The analytical dataset,
feature tables, outer-fold predictions, performance
summaries, and validation checks were kept in the
study record. The reproduced primary analysis passed
all 18 predefined computational validation checks,
covering participant counts, outcome direction, feature
dimensions, fold separation, metric reconstruction, and
the expected output structure. Random procedures
used fixed seeds. Software details and machine-
readable outputs accompany the analytical archive.

2.6. Ethical approval

The source dataset reports review by the Norwegian
Regional Medical Research Ethics Committee West

Table 1. Participant and recording characteristics.

under protocols 150.01 and 251.08, with written
informed consent for the originating studies.! This
secondary analysis of de-identified open data was
reviewed and approved by the CMHC Research Ethics
Committee (021/CMHC/Ethics/08/2026). No attempt
was made to re-identify participants. Reporting
followed the TRIPOD+AI principles that apply to
prediction-model studies.*?

3. Results

3.1. Participants, recordings, and symptom change

All 23 participants with paired MADRS values were
analyzed. The sample included 15 participants with
unipolar depression and eight with bipolar depression,
of whom seven had bipolar II disorder and one had
bipolar I disorder. The female proportion was 43.5%;
78.3% were treated as outpatients. The modal age band
was 45-49 years. Activity coverage comprised 551,716
minute records and 359 complete 24-hour days. The
median participant contributed 14 complete days
(interquartile range, 14-15; range, 12-28). That gave
substantial within-participant signal length, yet only 23
independent clinical outcomes. Table 1 summarizes
participant and recording details.

Mean baseline MADRS was 22.74 (standard deviation
[SD], 4.80), and mean endpoint MADRS was 20.00 (SD,
4.73). Mean change was -2.74 points (95% CI, -4.35 to
-1.22); the median was -3 points (interquartile range,
-5 to 0). The paired distribution differed from zero in
the Wilcoxon analysis (p = 0.004). Figure 1 shows
participant-level baseline and endpoint values. At
cohort level, the interval indicates a mean reduction in
symptom score. Individual changes, however, remained
heterogeneous. Some participants showed little change
or worsening.

Characteristic

Participants

Female / male

Unipolar / bipolar II / bipolar I
Outpatient / inpatient

Age bands: 20-39 / 40-59 / 60-69 years
Minute-level activity observations
Complete 24-hour days

Complete days per participant
Baseline MADRS

Endpoint MADRS

MADRS change

Value
23
10 (43.5%) / 13 (56.5%)
15/7/1
18 (78.3%) / 5 (21.7%)
9/12/2
551,716
359
Median 14; IQR 14-15; range 12-28
Mean 22.74; SD 4.80
Mean 20.00; SD 4.73
Mean -2.74; 95% CI -4.35 to -1.22

Notes: CI, confidence interval; IQR, interquartile range; MADRS, Montgomery-Asberg Depression Rating Scale; SD, standard deviation. Change is endpoint minus

baseline; negative values indicate improvement.
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Figure 1. Participant-level change in MADRS scores. Thin lines connect baseline and endpoint values for each participant (n = 23; identical
values overlap); the thick line shows the cohort means (22.74 and 20.00). Lower scores indicate lower depressive symptom severity. MADRS,

Montgomery-Asberg Depression Rating Scale.

3.2. Nonlinear features and diagnostic subgroup

None of the five participant-level nonlinear features
showed a material monotonic association with MADRS
change. Spearman coefficients ranged from -0.033 for
Higuchi fractal dimension to 0.104 for the detrended
fluctuation analysis exponent. Every confidence interval
included zero, and all false-discovery-rate-adjusted p
values were 0.966. The directions were inconsistent
across complexity domains: higher sample entropy and
Higuchi dimension were weakly associated with more
negative change, whereas the other three estimates
were weakly associated with more positive change.
Every coefficient was close to zero, so multiplicity
correction alone did not explain the result.

Table 2. Associations with MADRS change.

Participants in the bipolar group had a mean MADRS
change of -4.38 points, compared with -1.87 points in
the unipolar group. The between-group mean difference
was -2.51 points (95% CI, -6.16 to 0.82), and the exact
Mann-Whitney comparison was not statistically
significant (p = 0.357). Table 2 presents the nonlinear-
feature associations and the exploratory diagnostic
contrast. The wide interval includes both a clinically
relevant difference and a small one, which reflects the
limited subgroup size. The comparison is exploratory. It
gives context for heterogeneity but does not establish
diagnosis-specific response.

Predictor / contrast Estimate
Sample entropy p=-0.009
Permutation entropy p=0.097
DFA exponent p=0.104
Higuchi fractal dimension p=-0.033
Spectral entropy p=0.041
Bipolar minus unipolar mean change -2.508

95% CI p value
-0.447 to 0.432 0.966
-0.355 to0 0.500 0.966
-0.409 to 0.545 0.966
-0.505 to 0.481 0.966
-0.457 to 0.534 0.966
-6.158t0 0.817 0.357t

Notes: CI, confidence interval; DFA, detrended fluctuation analysis; p, Spearman rank correlation. Feature p values use Benjamini-Hochberg false-discovery-rate

adjustment. TExact Mann-Whitney p value, unadjusted; exploratory comparison.

3.3. Participant-aware prediction

The training-fold mean benchmark achieved an MAE of
3.19 MADRS points (95% CI, 2.26-4.28), RMSE of 4.06,
and cross-validated R? of -0.093. The clinical ridge
model produced an MAE of 3.31, RMSE of 4.28, and R? of
-0.216. The nonlinear ridge model produced an MAE of
3.21, RMSE of 4.08, and R? of -0.106, and the combined
model an MAE of 3.22, RMSE of 4.09, and R? of -0.111.
Table 3 details model performance, and Figure 2
visualizes it with participant-bootstrap uncertainty. No
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learned predictor set improved any of the three metrics
relative to the benchmark.

For the predefined primary comparison, benchmark
MAE minus nonlinear-model MAE was -0.021 points
(95% CI, -0.035 to -0.008). Equivalently, the nonlinear
model's absolute error was approximately 0.02 MADRS
points greater than the benchmark. The interval
excludes zero in the direction of the benchmark, but the
magnitude is negligible in clinical terms, and the
intercept-only analysis in Section 3.4 carries the
interpretive weight. The primary ridge grid selected its
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maximum penalty of 1,000 in the median outer fold for
every learned model. Inner validation therefore
consistently preferred extensive coefficient shrinkage.

Table 3. Participant-aware prediction performance.

Strategy MAE (95% CI) RMSE R?

Training-fold mean benchmark 3.194 (2.259-4.285) 4.057 -0.093
Clinical ridge 3.309 (2.296-4.485) 4.279 -0.216
Nonlinear ridge 3.214 (2.273-4.313) 4.082 -0.106
Combined ridge 3.224 (2.277-4.323) 4.090 -0.111

Notes: CI, confidence interval; MAE, mean absolute error; RMSE, root mean squared error. Metrics use outer leave-one-subject-out predictions. Confidence intervals
are based on 5,000 participant-bootstrap replicates. For the primary nonlinear comparison, benchmark MAE minus model MAE was -0.021 (95% CI, -0.035 to
-0.008); positive values would favor the nonlinear model. Differences were computed from unrounded values.

Training-fold mean

Nonlinear ridge

Combined ridge

Mean absolute error

(MADRS points; lower is better)

Figure 2. Participant-aware mean absolute error by prediction strategy. Bars show outer leave-one-subject-out MAE; whiskers show 95%
participant-bootstrap confidence intervals (5,000 replicates). Lower values indicate better prediction. MAE, mean absolute error; MADRS,

Montgomery-Asberg Depression Rating Scale.

3.4. Sensitivity analyses

When the regularization range was expanded and an
explicit intercept-only candidate was allowed, the
nonlinear and combined strategies selected the
intercept-only solution in all 23 outer folds. Both then
exactly reproduced benchmark performance: MAE 3.19,
RMSE 4.06, and cross-validated R? -0.093. The clinical
strategy selected the intercept-only solution in 22 of 23
folds and had an MAE of 3.31, closely matching the
primary clinical result. These findings clarify that the
boundary selection in the primary ridge grid
represented a preference for essentially no predictor
contribution.

Sci Psychiatr. 2026;7(2):111-121 - doi:10.37275 /scipsy.v7i2.216

Restricting actigraphy to metadata-defined
chronological intervals reduced the number of complete
days from 359 to 268, with 4-17 complete days per
participant. Under this extraction window, the
nonlinear and combined models again selected the
intercept-only option in all 23 folds and exactly matched
the benchmark. The clinical model selected itin 21 folds
and had an MAE of 3.20. Table 4 summarizes the
primary and metadata-window results sequentially.
Consequently, the substantive conclusion did not
depend on including complete calendar days beyond the
metadata-defined interval.
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Table 4. Sensitivity analyses.

Strategy

A. All complete days
Training-fold mean

Clinical

Nonlinear

Combined

B. Metadata-defined interval
Training-fold mean

Clinical

Nonlinear

Combined

MAE Intercept-only folds
3.194 Not applicable
3.305 22/23

3.194 23/23

3.194 23/23

3.194 Not applicable
3.200 21/23

3.194 23/23

3.194 23/23

Notes: MAE, mean absolute error. The all-complete-day analysis included 359 complete days; the metadata-defined interval included 268. Intercept-only candidates
and penalties up to 1,000,000 were selected exclusively within each outer development set.

4. Discussion

4.1. Principal findings

This participant-separated secondary analysis found
that nonlinear complexity summaries, built from
hundreds of thousands of minute-level actigraphy
observations, did not improve prediction of MADRS
change in 23 adults with unipolar or bipolar depression;
the training-fold mean benchmark had an MAE of about
3.19 points. The nonlinear and combined ridge models
erred slightly more and had negative cross-validated R?.
Clinical predictors did not improve generalization
either. Once uncertainty and multiple testing were
taken into account, the univariate associations between
single complexity features and change were close to
zero; the sensitivity analyses resolved the preference
for the largest primary ridge penalty. With an explicit
intercept-only option, the nonlinear and combined
models selected it in every outer fold, and this held
under metadata-aligned activity windows.

The central point is not that motor behavior is irrelevant
to depression; the cohort did show a measurable mean
fall in clinician-rated severity, and earlier work
documents links between activity patterns and
depressive states. What these participant-level
summaries lacked was stable incremental information
about short-term symptom change, beyond what a
training-fold central tendency already offered in this
sample. Association, discrimination of prevalent
diagnosis, and prediction of future within-person
change are different tasks. A feature can describe
current illness or separate groups and still fail to
forecast how an unseen participant's score will change.

4.2. Comparison with the existing literature

These results add a deliberately conservative held-out-
participant test to a literature that has often reported
promising associations for activity, sleep, circadian,
physiological, and multimodal digital measures.2411.28:41
Such associations are plausible in biology and behavior,
because psychomotor slowing, disturbed sleep, fatigue,
and loss of routine alter the timing and amplitude of
movement. They justify further work on wearable
measures. They do not imply that any single summary
will predict a continuous change score.

Sci Psychiatr. 2026;7(2):111-121 - doi:10.37275/scipsy.v7i2.216

More recent personalized studies have drawn on wider
information: longitudinal relapse signatures, repeated
symptom labels, smartphone behavior, and multimodal
sensing.182142:4546 Here there was one change outcome
per participant and five time-averaged complexity
predictors; the question was therefore narrower: did
average nonlinear organization across the observed
days carry a reproducible participant-level signal about
MADRS change? In these data it did not.

Recent activity and wearable studies report diagnostic
discrimination, subtype characterization, severity
assessment, and clustering of change
trajectories.27.31,333744 Their outcome, validation target,
and estimand differ from ours. Case-control
classification can use stable differences between people
with depression and healthy controls. Predicting
symptom change has to explain heterogeneity inside a
clinical group. A dataset can thus support diagnostic
discrimination and still say little about individual
change; the present study complements earlier
classification results and does not contradict them.

4.3. Interpretation and mechanism

Sample entropy, permutation entropy, detrended
fluctuation analysis, Higuchi fractal dimension, and
spectral entropy summarize different mathematical
properties.50-53 Their variety is a strength. It also shows
why “complexity” should not be read as one biological
construct. Entropy may rise when behavior becomes
less regular. Even so, flexible adaptation and
disorganized routine can both produce irregularity. A
fractal estimate may reflect scale-free organization, but
it can also change with inactivity, finite sequence length,
device processing, or the distribution of counts. Spectral
entropy responds to the balance among circadian,
ultradian, and irregular components and does not reveal
their clinical origin.

Averaging over participants changes the question again.
It steadies daily estimates and limits the influence of an
atypical day. However, it discards temporal order and
within-person evolution. If behavioral organization
shifts gradually with treatment, a slope or a phase-
specific contrast could be more informative than the
mean. If response begins only after a medication change,
an aggregate spanning days before and after the change
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may dilute the signal. Day-level modeling without
repeated clinical labels, on the other hand, would create
pseudo-replication. Future studies need denser clinical
assessments and time-aligned treatment information to
examine dynamic coupling properly.

The strong shrinkage chosen during nested validation is
informative in itself. With few independent outcomes
and several correlated predictors, the development
folds could not support stable coefficients. An intercept-
only candidate made that finding explicit, so the result
no longer rested on a boundary penalty. This is
preferable methodologically: the inner loop picks the
simplest adequate strategy, and arbitrarily small
nonzero coefficients are not over-read. The negative
cross-validated R? values make the same point. The
models did not explain held-out variation relative to an
outcome-mean reference. MAE alone could have hidden
this comparison, and R? alone could have hidden the
absolute error scale.

Several alternative explanations deserve mention. The
link between behavioral complexity and symptom
change may be nonlinear or conditional, not monotonic.
Highly stereotyped inactivity and highly fragmented
activity might both accompany marked symptoms, for
example, giving a U-shaped relation that a small ridge
model cannot estimate reliably. Complexity may also
interact with baseline psychomotor phenotype, since a
change in entropy could mean one thing in a participant
with marked retardation and another in a participant
with agitation or preserved activity. Sedating
medication, hospital routines, work schedules, physical
comorbidity, and season may alter activity
independently of mood response. The data did not allow
these interactions to be estimated reliably. Adding them
post hoc would have widened the predictor space far
beyond what 23 outcomes can support.

Timing offers another explanation. The predictors
summarized the observed activity interval, whereas the
outcome contrasted two clinical assessments. If part of
the actigraphy fell after meaningful improvement, a
feature may partly reflect the outcome and not forecast
it. If sensing took place before treatment worked, it may
miss how response shows up in behavior; the estimand
is best read as participant-level prediction from the
recorded interval. It is not a mechanistic test showing
that complexity precedes improvement. A future
prospective protocol should define an index window
before the prediction time, set a prediction horizon,
record treatment changes, and collect outcomes at fixed
intervals; such a design would separate prognostic
prediction from concurrent digital measurement.

Statistical and clinical importance. The paired MAE
difference between the nonlinear model and the
benchmark had a bootstrap interval that excluded zero.
Itamounted to about two-hundredths of a MADRS point,
and it favored the benchmark. A difference of that size
has no plausible clinical importance. The finding shows
why statistical evidence, direction, and practical size
need to be read together. It does not supporta claim that
nonlinear features cause worse outcomes or are
harmful in themselves; it shows only that the fitted
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prediction procedure added a very small amount of
error in this validation sample.

The cohort-level mean MADRS reduction of 2.74 points
was larger, and can be read as a modest average change,
although the study was not designed to judge treatment
efficacy. Treatment regimens, timing, adherence, and
other clinical events were not modeled. The bipolar-
unipolar contrast also had a nontrivial point estimate,
but its uncertainty was wide. Neither result should be
turned into a causal or subgroup-treatment conclusion.
Both serve to describe the outcome distribution that the
prediction models tried to learn.

An MAE near three points may look modest against the
MADRS scale, yet usefulness depends on the intended
decision. A prediction meant to trigger treatment
escalation needs evidence that it improves decisions,
calibration, and outcomes. A small average error is not
enough. The learned models here did not beat a central-
tendency benchmark. Clinical use would add processing
and interpretive burden with no demonstrated gain.
Within this dataset and target, the benchmark remains
the preferred strategy.

4.4. Implications for practice and policy

For research, the results point to three priorities. First,
wearable prediction studies should define the
independent unit before splitting data. When the
intended use concerns new individuals, participant-
aware validation should be the default, and analyses
with repeated sensor observations should include
leakage audits.#748 Second, simple benchmarks must be
reported. Seen alone, the nonlinear MAE of 3.21 points
might look acceptable. The benchmark shows that this
error carried no incremental predictive value.

Third, future datasets should align sensing, symptoms,
and treatment events over time. Repeated MADRS or
brief validated symptom measures would allow
dynamic models to ask whether changes in movement
precede, accompany, or follow changes in symptoms.
Sample sizes should be planned around the number of
independent participants and events, not the number of
minute records. External validation across devices, care
settings, climates, and cultural activity patterns would
then be needed before transportability can be claimed.

Feature development could also become more clinically
targeted. In place of averaging complexity over all
complete days, future work could examine circadian

phase, sleep-wake transitions, weekday-weekend
contrasts, response trajectories, and interactions
between activity amplitude and irregularity.

Multimodal measures such as light exposure, heart rate,
sleep staging, and ecological momentary assessment
could help show whether irregular movement reflects
adaptive engagement, disrupted routine, medication
effects, or residual symptoms. Any added flexibility
should come with nested tuning, shrinkage, and a
prespecified analysis plan.

Once sample size permits, model assessment should go
beyond discrimination-like summaries. Calibration-in-
the-large would reveal systematic over- or
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underprediction, a calibration slope would show
whether estimated changes are too extreme, and
decision-curve analysis could test whether predictions
improve an explicit clinical action. Repeated external
validation could separate device-specific error from
population shift. These evaluations were not estimated
here. Calibration models built on 23 outer predictions
would be unstable, and no treatment threshold or
decision rule had been prespecified. Leaving them out
avoids a false appearance of precision and marks the
next evidentiary step.

For practice, the findings do not support using these five
aggregated nonlinear features to estimate an individual
patient's MADRS change. They do support actigraphy as
a feasible measurement platform. Participants
contributed many complete days, and the data were
adequate for reproducible signal processing. Actigraphy
may still help with monitoring sleep-wake timing,
activity goals, or treatment engagement when read
alongside clinical assessment. Predicting symptom
change, however, needs incremental evidence at the
level of the intended patient and decision.

4.5. Strengths and limitations

The study has several strengths. It used an open dataset,
a clinically interpretable continuous outcome,
deterministic feature extraction, and a clearly defined
direction of change; the five nonlinear measures
covered complementary domains and were not variants
of one statistic. Evaluation was separated by participant,
tuning took place inside each outer development fold,
and performance was compared with a training-derived
benchmark. Uncertainty was quantified for absolute
performance, paired incremental value, feature
associations, and subgroup differences. The
computational reproduction included 18 validation
checks. The sensitivity analyses covered both boundary
regularization and the definition of the activity window,
and their agreement sharpened interpretation.

The main limitation is the number of independent
participants. The sensor archive held more than half a
million minute observations, yet a participant-level
outcome still rests on only 23 independent units. This
limited precision, model complexity, subgroup analysis,
and calibration assessment. LOSO validation makes
efficient use of the sample. Even so, predictions across
folds come from heavily overlapping development sets,
and they do not replace external validation. Bootstrap
intervals describe uncertainty within this sample and
should not be read as evidence of transportability.

Second, paired MADRS observations say nothing about
the shape or timing of change between assessments.
Treatment details and time-aligned clinical events were
unavailable for modeling. The source cohort mixed
unipolar and bipolar depression and inpatient and
outpatient settings. This created clinically meaningful
heterogeneity that could not be modeled reliably at this
sample size. Age came in bands, and device or protocol
characteristics may limit direct generalization to
current consumer wearables.
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Third, daily complexity was summarized by the
participant mean. That suited the available participant-
level outcome, but it left out variability, trend, circadian
phase, and episode-specific changes. The complete-day
requirement avoided variable-length estimates and also
excluded partial-day information. Feature parameters
were fixed, and other parameterizations could give
different numerical values. Trying many alternatives in
the same small sample would, however, add researcher
degrees of freedom and would need independent
confirmation.

Finally, the conclusion applies to these features and this
target only; it does not rule out predictive information
in raw time series, conventional activity summaries,
multimodal sensors, repeated clinical measurements, or
larger samples. Nor does it estimate treatment effects.
The appropriate inference is that average nonlinear
actigraphy complexity, as operationalized here, added
no stable predictive value for the defined MADRS
change outcome under participant-aware validation.

5. Conclusion

Five participant-level nonlinear actigraphy complexity
features did not improve prediction of MADRS change
over a training-fold mean benchmark in 23 adults with
unipolar or bipolar depression. The clinical, nonlinear,
and combined ridge models all had negative cross-
validated R?. Individual complexity features correlated
with change at near-zero levels. With stronger
shrinkage and an explicit intercept-only option
available, the nonlinear and combined models chose the
benchmark-equivalent solution in every fold, and
metadata-defined activity intervals gave the same
conclusion. Minute-level observations are plentiful.
They cannot stand in for an adequate number of
independent participants. Claims about wearable
prediction call for participant-separated validation,
uncertainty estimates, and meaningful benchmarks.
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