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Abstract 
Public sensor corpora underpin an expanding body of work on environmental exposure and mental wellbeing, yet the integrity of 
those corpora is rarely audited before models are trained on them. This paper reports a duplication audit of the Digital Exposome 
dataset, a multimodal corpus of seven environmental and four physiological channels recorded from forty participants walking 
predefined urban routes, distributed through Mendeley Data and redistributed on IEEE Data-Port. The audit establishes that 
14,352 of the 42,436 released rows, or 33.8 percent, are verbatim copies of rows appearing earlier in the same file, arranged in 
seven contiguous blocks, and that the label is identical within 99.9 percent of copy pairs. The consequence for evaluation is severe. 
Under the contiguous eighty-twenty partition natural to a time-ordered corpus, every one of the 8,488 held-out rows is present 
verbatim in the training partition; under the random partition adopted in the corpus’s own benchmark, 51.9 percent are. A gated 
recurrent classifier trained on the released file attains a macro-averaged F1-score of 0.941, whereas the identical architecture 
trained on the de-duplicated corpus under a purged split with a training-fitted scaler attains 0.299, below the 0.535 accuracy of 
constant majority-class prediction. Further, an oracle persistence predictor that simply repeats the preceding label attains a 
macro-F1 of 0.980, and only 49 of 5,558 held-out windows, or 0.88 percent, exhibit a label change at the prediction step. We 
therefore report a negative result: momentary wellbeing is not recoverable from the released exposome channels above trivial 
temporal baselines, and previously published performance on this corpus is not interpretable as predictive capability. A reusable 
audit procedure and a reporting protocol for time-ordered sensor corpora are supplied. 
 
Keywords - Data Leakage, Verbatim Duplication, Urban Exposome, Wellbeing Classification, Benchmark Integrity, Negative 
Results, Wearable Sensing, Evaluation Protocol. 

 

Introduction 
Environmental exposure and physiological stress are widely held to act jointly on mental wellbeing, and 
the availability of wearable sensing has made it feasible to record both continuously and at the level of the 
individual participant [1], [2]. Public corpora that pair calibrated environmental measurements with 
wearable physiological streams and momentary self-report are correspondingly scarce and 
correspondingly valuable. The Digital Exposome dataset is one such corpus, comprising forty participants 
who walked predefined urban routes in Nottingham, United Kingdom, while seven environmental channels 
and four physiological channels were recorded at a common one-hertz reference alongside a five-point self-
reported wellbeing scale [3]. The corpus was released through Mendeley Data [4] and subsequently 
redistributed on IEEE Data-Port in derivative form [5], and it has supported predictive modeling of 
wellbeing from fused environmental and physiological signals [6]. 
Machine learning results reported on public corpora carry an implicit warranty, namely that the held-out 
partition is disjoint from the training partition in the sense that matters, which is informational rather than 
merely positional. That warranty is easy to lose. Leakage arising from preprocessing applied before 
partitioning, from overlapping windows in time-series construction, or from near-duplicate records 
distributed across the split has been documented as a recurring cause of irreproducible findings across 
scientific machine learning [7], and specific corpora in vision [8] and in clinical imaging [9] have been 
shown to contain duplicated or near-duplicated records sufficient to invalidate the benchmarks built upon 
them. Nevertheless, the audit of a corpus for exact duplication is neither routine nor commonly reported, 
and a published dataset is generally treated as trustworthy input. 
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This paper reports the outcome of such an audit, undertaken not as an end in itself but in the course of 
building a federated classifier of momentary wellbeing on the DigitalExposome corpus. The classifier 
initially attained a macro-averaged F1-score of 0.941 on a held-out partition, a figure sufficiently high, given 
the subjectivity of the target, to warrant verification rather than celebration. The verification procedure 
that follows established that the released file contains extensive verbatim duplication, that the duplication 
places the entire held-out partition inside the training partition under a contiguous split, and that the 
reported performance is therefore a measurement of memorization. We report the audit, the corrected 
evaluation, and the negative result that the corrected evaluation yields. 
Three contributions are advanced. First, a duplication audit of the DigitalExposome corpus is presented 
that localizes the copied regions to seven contiguous blocks, quantifies contamination of the held-out 
partition under two standard partitioning protocols, and establishes that the defect is present in the 
primary Mendeley release rather than introduced by the IEEE DataPort derivative or by local 
preprocessing. Second, a corrected evaluation is reported in which the same architecture is retrained on 
the de-duplicated corpus under a purged contiguous split with a scaler fitted on the training partition alone, 
together with three non-learned reference baselines and an oracle persistence predictor. Third, we 
demonstrate that the pure-versus-transition stratification commonly used to argue that a classifier exceeds 
label autocorrelation does not, on this corpus, isolate the windows at which prediction is actually required, 
and we supply the corrected stratification criterion. 
Although the immediate object of the audit is a single corpus, the procedure and the reporting protocol 
generalize to any time-ordered sensor dataset in which records are dense, continuous, and partitioned 
positionally. The remainder of this paper is organized as follows. The next section reviews the corpus, the 
modeling work built upon it, and prior treatments of leakage and duplication in benchmark data. Section 3 
formalizes the audit procedure, the corrected evaluation protocol, and the baselines. Section 4 reports the 
results. Section 5 concludes and states the implications for practitioners using this corpus and for the 
maintenance of public sensor repositories. 
 

Literature Review 
The DigitalExposome corpus was introduced as a data descriptor documenting a protocol in which each 
participant traversed a fixed urban route of approximately forty minutes duration, carrying a custom 
environmental monitoring unit and wearing a wrist-worn physiological sensor, while reporting 
momentary wellbeing through a smartphone application on a five-point emoji-based scale [3]. The 
environmental instrumentation was independently validated against a reference station of the national 
Automatic Urban and Rural Network, reporting calibration accuracies between ninety-seven and ninety-
eight percent for particulate matter and nitrogen dioxide, which establishes the metrological credibility of 
the environmental channel [10]. The descriptor is limited to describing the collection protocol and the 
released channel structure, and proposes no predictive model. Moreover, the descriptor states that heart 
rate variability is among the released physiological measures, whereas the file distributed at the 
corresponding repository record contains an inter-beat-interval column and no heart rate variability 
column, a discrepancy that we return to in Section 4. 
Predictive modeling on this collection protocol was first reported by the corpus authors, who fused 
environmental and physiological streams from a preliminary cohort and classified wellbeing using a deep 
belief network [6]. Although that study established the feasibility of the task and constitutes the most 
directly comparable prior art, it centralized all recordings for training, evaluated no robustness condition, 
and partitioned the data by unstructured random sampling over rows. The choice of partitioning protocol 
is consequential in the light of the audit reported here, and Section 4 quantifies its effect. Subsequent work 
has treated the corpus as a benchmark without reporting an integrity check, which is unremarkable, since 
such checks are seldom reported for any corpus. 
A parallel literature has established the wider feasibility of physiological inference outside the laboratory. 
Wearable stress and affect recognition benchmarks assembled under controlled protocols demonstrate 
that electrodermal activity, blood volume pulse, and cardiac timing carry recoverable signal about acute 
affective state [11], and the ecological momentary assessment paradigm supplies the methodological basis 
for pairing such signals with repeated self-report in situ [12]. Federated formulations of physiological 
inference have since been reported for emotion recognition from multimodal wearable sensors [13] and 
for seizure detection on low-power wearable hardware [14], and systematic reviews covering studies to 
2025 confirm both the growth of the field and its continued reliance on centralized training [15], [24]. In 
comparison with these, the exposome setting is distinguished by the fusion of ambient environmental 
measurements with physiological channels, and the predictive contribution of the environmental channels 
specifically has not been isolated in prior work. 
The methodological literature on leakage is more directly pertinent. A systematic survey of machine-
learning-based science identified leakage as the dominant cause of irreproducible results across seventeen 
fields, cataloguing eight distinct leakage types and finding that the most damaging arise from the training 
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and test partitions failing to be independent in the informational sense [7]. In vision, the CIFAR benchmarks 
were shown to contain substantial numbers of near-duplicate images spanning the train and test partitions, 
with measurable inflation of reported accuracy once purged [8]. In clinical machine learning, a systematic 
review of models for COVID-19 diagnosis from chest imaging found that a majority of the surveyed models 
were trained on publicly assembled datasets containing duplicated and improperly sourced images, and 
concluded that none of the models surveyed was of potential clinical use [9]. Further, the test partitions of 
several canonical benchmarks have been shown to carry pervasive label errors sufficient to reorder model 
rankings [18], and replication of the ImageNet evaluation on freshly collected data revealed accuracy drops 
of up to fifteen percentage points, which indicates that reported figures had been partly specific to the 
released partition rather than to the task [19]. The common structure of these findings is that a defect in 
the corpus, not in the model, produced the reported performance. Practical guidance for avoiding such 
outcomes exists and is explicit on the point that data integrity must be established before modelling begins 
[20]. 
Evaluation protocols for temporally ordered data are a related concern. Random cross-validation applied 
to an autocorrelated series places temporally adjacent and therefore statistically dependent observations 
on both sides of the partition, and blocked or rolling-origin schemes have been shown to yield materially 
different and more defensible estimates [16], [21]. Further, the construction of overlapping sliding 
windows introduces a second dependence, since adjacent windows differ by a single timestep. Hence the 
recommended practice is to partition the raw sequence once, construct windows within each region 
separately, and interpose a purge interval at the boundary. Although this practice addresses positional 
dependence, it does not address verbatim duplication distributed non-locally through the file, which is the 
defect reported here, and which no purely positional partitioning scheme can remedy. 
Finally, the interpretation of classifier performance on slowly varying labels requires reference baselines 
that exploit temporal continuity. A predictor that repeats the previously observed label attains high 
accuracy whenever the label is persistent, and comparison against such a predictor is the standard means 
of establishing that a model contributes beyond autocorrelation. Metrics that correct for marginal 
distribution, notably the Matthews correlation coefficient, are recommended over the F1-score for 
imbalanced multiclass problems and are reported alongside the conventional averages throughout Section 
4 [17]. 
 

Proposed Work 
3.1 Corpus Under Audit 
The corpus audited in this study is the DigitalExposome dataset as distributed at the Mendeley Data record 
[4]. The released file contains 42,436 rows and twelve columns: seven environmental channels, namely 
particulate matter at one, two-point-five, and ten micrometres, carbon monoxide, ammonia, nitrogen 
dioxide, and ambient noise; four physiological channels, namely heart rate, inter-beat interval, 
electrodermal activity, and blood volume pulse; and a single wellbeing label taking integer values on a five-
point scale. The file carries neither a participant identifier nor an explicit timestamp column. All channel 
values are distributed in normalized form.  
 

 
Fig 1. Audit and corrected-evaluation pipeline, from the released corpus through duplication 

detection and contamination measurement. 
 

http://www.svedbergopen.com/ijaiml


www.svedbergopen.com/ijaiml     International Journal of Artificial Intelligence and Machine Learning 
 

 

Vol.6, No.8s, 2026                       492 

A derivative of this corpus is distributed on IEEE DataPort under a different title [5]. The derivative contains 
42,436 rows and twenty-three columns, comprising the twelve original columns together with eleven 
appended categorical columns encoding thresholded risk annotations of the individual channels. We 
verified that the eleven raw channels and the label are identical row-for-row between the two files. Hence 
any defect present in the derivative is inherited from the primary release rather than introduced by 
redistribution, and any defect present in the primary release propagates to the derivative. 
Throughout the audit, the eleven raw channels are treated as the feature vector and the appended risk 
annotations are excluded. The exclusion is deliberate rather than incidental: an annotation derived by 
thresholding a channel carries no information beyond that channel, and supplying both to a classifier would 
introduce a circularity independent of the duplication defect under examination. 
The audit and the corrected evaluation are organized as a six-stage pipeline, shown in Fig. 1, in which the 
first two stages characterize the defect, the third removes it, and the remaining three establish what the 
corpus supports once it is removed. Each stage is specified formally in the subsections that follow. 
 
3.2 Duplication Detection 
Let X = (x₁, x₂, …, xₙ) denote the released sequence of feature vectors, each an eleven-dimensional real 
vector, with n = 42,436, and let yᵢ denote the label associated with row i. A row is designated a copy when 
its feature vector has occurred at any earlier position in the file, which is expressed by the indicator in 
equation (1), 

𝒞(𝑖) = 𝟙[∃ 𝑗 < 𝑖: 𝑥𝑗 = 𝑥𝑖]                                                                                                                  (1) 

and the first-occurrence map φ(i), which returns the earliest position at which the feature vector of row i 
appears, is defined in equation (2), 
𝜙(𝑖) = min{𝑗: 𝑥𝑗 = 𝑥𝑖}                                                                                                                       (2) 

so that C(i) = 1 precisely when φ(i) < i. Comparison is performed on exact floating-point equality across all 
eleven channels simultaneously. We adopt exact rather than approximate matching deliberately, since 
exact matching cannot produce false positives and therefore yields a conservative lower bound on the 
duplication present. Near-duplicate detection under a tolerance would report a larger figure, and the 
figures reported in Section 4 should be read accordingly. 
Duplication is localized by identifying maximal contiguous runs of copied rows whose first-occurrence 
indices also advance contiguously. A block is recorded when the conditions of equation (3) hold over a run 
of length at least fifty, 
𝒞(𝑖) = 1 and 𝜙(𝑖 + 1) = 𝜙(𝑖) + 1, ∀𝑖 ∈ [𝑎, 𝑏)                                                                       (3) 
which identifies a segment [a, b] of the file as a verbatim replay of the segment [φ(a), φ(b)]. The threshold 
of fifty rows excludes incidental coincidences between rows of a quantized sensor stream and retains only 
structural replication. 
Label agreement within copy pairs is measured by equation (4), 

𝛼 =
1

|𝒦|
∑ 𝟙𝑖∈𝒦 [𝑦𝑖 = 𝑦𝜙(𝑖)], 𝒦 = {𝑖: 𝒞(𝑖) = 1}                                                                         (4) 

and 𝑎 value of 𝛼 near unity indicates that the replication carries the target variable along with the features, 
which is the condition under which duplication becomes leakage rather than mere redundancy. 
 
3.3 Contamination of the Held-Out Partition 
The quantity of practical interest is not the duplication rate itself but the fraction of the held-out partition 
that is recoverable from the training partition by lookup. Let 𝑇 and 𝐻 denote the index sets of the training 
and held-out partitions under a given protocol. Contamination is defined in equation (5), 

𝜅 =
1

|ℋ|
|{𝑖 ∈ ℋ: ∃ 𝑗 ∈ 𝒯,  𝑥𝑗 = 𝑥𝑖}|                                                                                                   (5) 

and the accompanying label-agreement rate among contaminated rows is given by equation (6), 

𝛼𝜅 = Pr[ 𝑦𝑖 ∈ {𝑦𝑗: 𝑗 ∈ 𝒯,  𝑥𝑗 = 𝑥𝑖} | 𝑖 ∈ ℋ,  contaminated]                                                    (6) 

Contamination is measured under two partitioning protocols. The first is the contiguous protocol, under 
which the first eighty percent of the file by position forms T and the remainder forms H; this protocol is the 
one appropriate to a time-ordered corpus and the one adopted in the modeling work that prompted the 
audit. The second is the unstructured random protocol, under which rows are assigned to partitions by 
uniform random sampling without regard to order; this protocol was adopted in the corpus’s own 
benchmark evaluation [6]. Reporting both is necessary because the two protocols interact differently with 
block-structured duplication, and because published results on this corpus have used the second. 
 
3.4 Corrected Evaluation Protocol 
De-duplication retains the first occurrence of each distinct feature vector and discards subsequent copies, 
preserving the original row order among retained rows. The corrected corpus therefore contains one row 
per distinct feature vector, and every feature vector within it is unique by construction, so contamination 
under equation (5) is identically zero for any partitioning protocol. 
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Three further corrections are applied to the evaluation pipeline, each addressing a distinct source of 
optimism. Features are standardized using a scaler whose location and scale parameters are estimated on 
the training rows alone and then applied to the held-out rows, rather than estimated over the pooled 
corpus. A purge interval of w rows, where w is the window length, is discarded immediately after the 
partition point, so that no held-out window shares a raw timestep with any training window and residual 
autocorrelation across the boundary is excluded. Windows are constructed separately within each region 
after partitioning rather than before it. The corrected protocol is summarized in equations (7) and (8), in 
which c denotes the partition point at eighty percent of the de-duplicated sequence length, 
𝜇, 𝜎 ← fit(𝑋′1:𝑐),  𝑥̃𝑖 = (𝑥′𝑖 − 𝜇)/𝜎                                                                                        (7) 
𝒯 = [1, 𝑐],  ℋ = [𝑐 + 𝑤 + 1,  𝑛′]                                                                                            (8) 
The contrast between the uncorrected and the corrected protocol is shown in Fig. 2. Under the uncorrected 
protocol the held-out region is drawn from replicated material and the scaler is estimated over the pooled 
corpus, whereas under the corrected protocol the scaler is estimated on training rows alone, a purge 
interval separates the regions, and contamination is zero by construction. 
 

 
Fig 2. Partitioning and preprocessing under (a) the uncorrected protocol applied to the released 

corpus and (b) the corrected protocol applied to the de-duplicated corpus. Arcs in (a) indicate 
held-out rows recoverable verbatim from the training region. 

 
3.5 Reference Baselines and Stratification 
Four reference predictors are evaluated on the corrected corpus under the identical partition, the identical 
windowing, and the identical metric implementation as the classifier, so that the comparison is not 
confounded by differences of protocol. The uniform random predictor assigns classes with equal 
probability. The prior-matched random predictor samples from the class priors of the held-out partition. 
The majority-class predictor emits the modal training class unconditionally. These three exploit no 
temporal information and establish a floor. 
The fourth predictor is the persistence oracle defined in equation (9), 
𝑦̂  per(𝑡) = 𝑦(𝑡 − 1)                                                                                                                                (9) 
which repeats the label observed at the immediately preceding timestep. We emphasize that this predictor 
is an oracle and not a deployable method, since the wellbeing label is obtained by self-report and would not 
be available at inference time. Its purpose is to bound from above the accuracy attainable by exploiting 
label autocorrelation alone. Hence a classifier that fails to exceed the persistence oracle on a given subset 
has not been shown to contribute predictive information on that subset. 
Stratification of the held-out windows requires care, and the criterion in common use is inadequate. A 
window is conventionally designated pure when all labels falling within its span are identical, and 
transitional otherwise, as expressed in equation (10), 
𝜋(𝑡) = 𝟙[ |{ 𝑦(𝑠): 𝑠 ∈ [𝑡 − 𝑤 + 1,  𝑡] }| = 1 ]                                                                                (10) 
Although the transitional subset so defined excludes windows of constant label, it does not exclude 
windows whose label is constant at the prediction step, because a label change occurring early within the 
window leaves y(t) equal to y(t−1). We therefore introduce the change-point criterion of equation (11), 
𝜒(𝑡) = 𝟙[ 𝑦(𝑡) ≠ 𝑦(𝑡 − 1) ]                                                                                                                (11) 
which selects precisely those windows at which the persistence oracle must fail and at which genuine 
prediction is consequently required. Results are reported under both criteria in Section 4, and the 
discrepancy between them is itself a finding. 
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3.6 Classifier and Metrics 
The classifier held constant across the contaminated and corrected evaluations is a single-layer gated 
recurrent encoder [22] of hidden dimension thirty-two operating on windows of thirty timesteps, followed 
by dropout [23] at rate 0.3 and a linear classification head over three ordinal wellbeing categories [26] 
obtained by coarsening the five-point scale, with the two lowest levels mapped to the low category, the 
midpoint retained, and the two highest levels mapped to the high category. The encoder and head together 
comprise 4,419 trainable parameters. Optimization uses the Adam rule [25] at a learning rate of 0.001 
under a class-weighted cross-entropy objective. The architecture is deliberately unchanged between the 
two evaluations, since the object of comparison is the corpus rather than the model. 
Macro-averaged F1 is treated as the primary metric, since it weights the minority category equally with the 
two majority categories, whereas weighted averaging is dominated by the majority categories and can 
conceal minority-class failure. Accuracy, the Matthews correlation coefficient, Cohen’s kappa, its quadratic-
weighted variant, and the mean absolute error in ordinal category units are reported alongside it. All 
metrics are computed by a single shared implementation invoked identically for every predictor reported. 
 

4. Results 
4.1 Duplication Structure of the Released Corpus 
The audit establishes extensive verbatim duplication in the released file. Of the 42,436 rows, 28,084 carry 
distinct feature vectors and 14,352, or 33.8 percent, are exact copies of rows appearing earlier in the file. 
Label agreement within copy pairs, computed by equation (4), is 99.9 percent, which confirms that the 
replication carries the target variable along with the features. 
The duplication is not diffuse. Seven contiguous blocks satisfying equation (3) account for all 14,352 copied 
rows, and their extents are reported in Table 1 and mapped in Fig. 3. Red segments mark rows that copy 
earlier material; blue segments mark the source regions; arcs link each copied block to its source. The 
dashed line marks the eighty-percent partition point, beyond which every row lies within a copied block. 
The blocks vary in length from 633 to 6,528 rows and their sources are scattered across the file, which is a 
signature consistent with a concatenation or assembly fault during dataset preparation rather than with 
any property of the underlying sensor recording. Two of the seven blocks, spanning rows 15,306 to 17,873, 
are duplicate copies of the same source segment, so that the segment beginning at row 10,089 appears 
three times in total. 

 
Table 1. Contiguous Verbatim Duplication Blocks Identified in the Released DigitalExposome File 

Block Copied rows Source rows Length 
1 15,306 – 16,589 10,089 – 11,372 1,284 

2 16,590 – 17,873 10,089 – 11,372 1,284 

3 30,651 – 32,135 29,166 – 30,650 1,485 

4 32,137 – 32,769 1 – 633 633 

5 32,770 – 34,278 5,923 – 7,431 1,509 

6 34,279 – 40,806 8,778 – 15,305 6,528 

7 40,807 – 42,435 19,526 – 21,154 1,629 

 

 
Fig 3. Duplication map of the released DigitalExposome file. 
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The final three blocks are decisive for evaluation, since together they span rows 32,770 to 42,435 and 
therefore cover the whole of the final quarter of the file. Any positional partition placing the tail of the file 
in the held-out set draws that set entirely from replicated material. 
4.2 Contamination Under Two Partitioning Protocols 
Contamination measured by equation (5) is reported in Table 2 and in Fig. 4. The contiguous partition 
appropriate to a time-ordered corpus yields total contamination, whereas de-duplication removes it 
entirely. Under the contiguous eighty-twenty protocol, all 8,488 held-out rows are present verbatim in the 
training partition, giving κ = 1.000. Under the unstructured random protocol, 4,408 of 8,488 held-out rows 
are so present, giving κ = 0.519. Label agreement among contaminated rows, computed by equation (6), is 
99.9 percent under both protocols. 
 

Table 2. Held-Out Partition Contamination by Partitioning Protocol 
Protocol Held-out rows Contaminated κ α(κ) 
Contiguous 80/20 8,488 8,488 1.000 0.999 
Unstructured random 80/20 8,488 4,408 0.519 0.999 
Contiguous 80/20, de-duplicated 5,617 0 0.000 — 

 

 
Fig 4. Held-out partition contamination under three protocols. 

 
The asymmetry between the two protocols merits comment. The contiguous protocol is the more 
defensible choice for a time-ordered corpus and is the protocol recommended by the leakage literature 
[16], yet on this corpus it produces total contamination, because the duplicated blocks happen to occupy 
the tail of the file. The random protocol, which is ordinarily the weaker choice, produces roughly half the 
contamination simply because it distributes the copies across both partitions. Hence the defect inverts the 
usual ordering of protocol quality, and a practitioner following best practice on this corpus is penalized 
more heavily than one who does not. Prior published results using the random protocol [6] are nonetheless 
affected, since a contamination rate above one half with near-perfect label agreement is more than 
sufficient to dominate a reported metric. 
 
4.3 Effect of Duplication on Reported Performance 
The magnitude of the inflation is quantified in Table 3 and in Fig. 5. A random forest [27] trained on single 
rows of the released file, without any temporal window, attains 99.88 percent accuracy on the contiguous 
held-out partition, which is the signature of lookup rather than of learning. The gated recurrent classifier 
attains an accuracy of 95.8 percent and a macro-F1 of 0.941 on the same partition. That a windowed 
recurrent model performs measurably worse than a row-level random forest is itself diagnostic, since a 
genuine temporal relationship would be expected to favour the former. 
 

Table 3. Held-Out Performance on the Released Versus the De-Duplicated Corpus 
Corpus and protocol Model Accuracy Macro-F1 
Released, contiguous split Random forest, single row 0.9988 0.9990 
Released, contiguous split GRU, 30-step window 0.9583 0.9413 
De-duplicated, purged split Random forest, single row 0.5476 0.2789 
De-duplicated, purged split GRU, 30-step window 0.4852 0.2987 
De-duplicated, purged split Majority class 0.5353 0.2324 
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Fig 5. Macro-averaged F1 on the released file against the de-duplicated corpus under a purged 
split, for a row-level random forest and the 30-step gated recurrent classifier. The dashed line 

marks constant majority-class prediction. 
 
Once the corpus is de-duplicated and the corrections of Section 3.4 are applied, macro-F1 for the recurrent 
classifier falls from 0.941 to 0.299, and accuracy falls from 0.958 to 0.485. Moreover, the corrected accuracy 
lies below the 0.535 attained by constant majority-class prediction. The corrected macro-F1 exceeds the 
majority-class macro-F1 of 0.232 by a small margin, which is attributable to the class-weighted objective 
producing some minority-class predictions rather than to recovered signal, and which we do not interpret 
as evidence of predictive capability. 
4.4 Corrected Performance Against Reference Baselines 
Table 4 and Fig. 4 report every predictor of Section 3.5 on the de-duplicated corpus under the identical 
protocol, stratified by the two criteria of equations (10) and (11). The held-out partition yields 5,558 
windows, of which 4,546 are pure and 1,012 transitional under equation (10). 
 

Table 4. Corrected Held-Out Performance by Predictor and Stratification Criterion 

Predictor 
All windows (n = 
5,558) 

Transitional, eq. (10) (n = 
1,012) 

Change points, eq. (11) 
(n = 49) 

Uniform random 0.304 — — 
Prior-matched 
random 

0.333 — — 

Majority class 0.232 0.209 0.179 
GRU, 30-step window 0.299 0.282 0.290 
Persistence oracle, eq. 
(9) 

0.980 0.944 0.000 

 
Values are macro-averaged F1. The persistence oracle attains 0.980 across all held-out windows and 0.944 
on the transitional subset, against 0.299 and 0.282 respectively for the trained classifier. Further, the 
persistence oracle attains a macro-F1 of exactly 1.000 on the pure subset, which is a tautology rather than 
a result, since a pure window has constant label by definition and the preceding label therefore agrees with 
the target by construction. 
 

 
Fig 6. Corrected held-out performance by predictor and stratification criterion. The persistence 

oracle exceeds the trained classifier on every subset except the 49 change points, where it fails by 
construction. 
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The interpretation is unambiguous. The wellbeing label on this corpus is almost entirely predicted by its 
own immediately preceding value, and the eleven environmental and physiological channels add nothing 
detectable above that. Because the persistence oracle exceeds the trained classifier by a margin of 0.68 in 
macro-F1 on the full held-out partition, no claim of predictive contribution from the sensor channels is 
supportable on the corrected corpus. 
 
4.5 Collapse of the Pure-Versus-Transition Stratification 
The stratification of equation (10) is widely used to argue that a classifier exceeds label autocorrelation, 
and it fails on this corpus. Of the 1,012 windows designated transitional, 963 nevertheless satisfy y(t) = 
y(t−1), because the label change falls earlier within the thirty-step span and not at the prediction step. Only 
49 windows, or 0.88 percent of the held-out partition, satisfy the change-point criterion of equation (11). 
Table 5 and Fig. 5 report the decomposition. 
 

Table 5. Decomposition of Held-Out Windows by Stratification Criterion 
Window category Count Share of held-out partition 
Pure, eq. (10) 4,546 81.8% 
Transitional, eq. (10) 1,012 18.2% 
Transitional but y(t) = y(t−1) 963 17.3% 
Change points, eq. (11) 49 0.88% 

 

 
Fig 7. Decomposition of the 5,558 held-out windows. The transitional subset defined by equation 
(10) is dominated by windows whose label is nonetheless unchanged at the prediction step; only 

0.88 percent of the partition satisfies the change-point criterion of equation (11). 
 
Consequently, an evaluation restricted to the transitional subset still permits the answer to be read from 
the preceding timestep in ninety-five percent of cases, and the apparent difficulty of that subset is largely 
illusory. On the 49 genuine change points the classifier attains an accuracy of 0.347 and a macro-F1 of 0.290, 
whereas the persistence oracle attains zero by construction. Although the classifier consequently exceeds 
persistence on this subset, the subset comprises 49 windows, which is far too small to support any 
inference, and the classifier’s absolute performance on it does not exceed chance. The majority-class 
predictor attains 0.179 on the change-point subset, where the three classes are approximately balanced 
with supports of 17, 14, and 18, so the classifier’s 0.290 on that subset exceeds the majority baseline by a 
margin that 49 windows cannot render significant. We therefore report the change-point count as a 
property of the corpus rather than as an evaluation result: the corpus contains too few label transitions to 
support supervised learning of the transition itself. 
4.: any published result on this corpus, obtained by any group, is affected. 
A second and independent discrepancy concerns documentation. The data descriptor lists heart rate 
variability among the released physiological measures [3], whereas the released file contains an inter-beat-
interval column and no heart rate variability column. Although inter-beat interval is the raw signal from 
which heart rate variability is conventionally derived, so that the substitution is recoverable by a careful 
user, the discrepancy may cause a reader to believe that a channel is available when it is not. We report it 
here for completeness rather than as a defect of comparable severity to the duplication. 
 

5. Conclusion 
This paper reports a duplication audit of the Digital Exposome corpus and a corrected evaluation of 
wellbeing classification upon it. The audit establishes that 33.8 percent of the released rows are verbatim 
copies arranged in seven contiguous blocks, that the label accompanies the copy in 99.9 percent of cases, 
and that the copied blocks occupy the tail of the file so completely that a contiguous eighty-twenty partition 
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places every held-out row inside the training partition. Under the unstructured random partition adopted 
in the corpus’s own benchmark, contamination remains at 51.9 percent. The defect was confirmed present 
in the primary repository release and is therefore inherited by every derivative and every study built upon 
the corpus. The corrected evaluation yields a negative result, and we state it without qualification. On the 
de-duplicated corpus, under a purged contiguous partition with a scaler fitted on training rows alone, the 
same gated recurrent classifier that attained a macro-averaged F1 of 0.941 on the released file attains 
0.299, with an accuracy of 0.485 that falls below the 0.535 obtained by constant majority-class prediction. 
An oracle predictor that repeats the preceding label attains 0.980. Momentary wellbeing, as labelled in this 
corpus, is therefore recoverable from its own recent history and is not recoverable from the eleven fused 
environmental and physiological channels above that trivial baseline. We do not claim that the underlying 
scientific hypothesis is false; the exposome literature rests on population-level correlational evidence that 
this result does not address. We claim only that the released corpus does not support the individual-
timestep predictive claim that has been advanced on it. 
A third finding concerns evaluation practice more broadly. The pure-versus-transition stratification used 
to demonstrate that a classifier exceeds label autocorrelation does not, on this corpus, isolate the windows 
at which prediction is required, since 963 of the 1,012 windows it designates as transitional still carry an 
unchanged label at the prediction step. Hence the criterion should be stated on the prediction step itself, as 
in equation (11), and the count of qualifying windows should be reported alongside the metric. Where that 
count is small, as it is here at 0.88 percent of the held-out partition, the corpus should be understood as 
unable to support the claim rather than as furnishing weak evidence for it. 
Two recommendations follow for practitioners and for repository maintainers. First, an exact-duplication 
audit costs a single pass over the data and should be reported as a matter of course for any time-ordered 
sensor corpus, with the contamination rate of equation (5) stated for the partitioning protocol actually 
used; positional partitioning schemes, however carefully purged, do not detect non-local replication. 
Second, published performance on a corpus should be accompanied by a persistence baseline whenever 
the label is slowly varying, since the margin over that baseline, and not the absolute metric, is what carries 
the predictive claim. The corpus authors and the repository have been notified of both the duplication and 
the documentation discrepancy. Should a corrected release be issued, the corrected evaluation reported 
here provides the reference point against which any subsequent modeling result on this corpus can be 
assessed. Future work will extend the audit procedure to a wider set of public physiological and 
environmental corpora, in order to establish whether the defect reported here is isolated or characteristic 
of a class of assembled multimodal datasets. 
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