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Abstract1

Deep learning models for blood glucose fore-2

casting are increasingly built as multivariate3

systems, with the working assumption that in-4

corporating exogenous clinical variables—such5

as insulin boluses and carbohydrate intake—6

will generally improve predictive accuracy. In7

this work, we challenge that assumption in a8

strict subject-independent setting on the pub-9

lic Shanghai Diabetes Registry (112 inpatients10

with Type 2 Diabetes). We benchmark a state-11

of-the-art univariate Transformer (PatchTST)12

against a persistence baseline and a late-fusion13

multivariate variant that ingests standardized14

insulin and carbohydrate logs.15

The univariate Transformer significantly out-16

performs persistence at long horizons (120-17

minute RMSE 38.43 vs. 44.20mg/dL), es-18

tablishing a strong forecasting baseline un-19

der subject-wise splits. In contrast, adding20

clinical features consistently degrades perfor-21

mance. Stratifying 64,381 test windows by22

treatment activity reveals a “sparsity trap”:23

in high-activity windows dominated by meal24

intake, the multivariate model underperforms25

the univariate baseline by 2.36mg/dL (25.0726

vs. 22.71mg/dL RMSE, p < 10−4), accom-27

panied by a 4.6 percentage-point drop in the28

fraction of predictions within 20% of the refer-29

ence value, a proxy for clinically safe accuracy.30

We further show that a two-channel CGMCarbs31

Transformer and a gradient boosting baseline32

on hand-crafted clinical features both reproduce33

this sparsity trap—often with poorer clinical34

accuracy in meal-driven windows—indicating35

that the failure is not specific to a single ar-36

chitecture. A synthetic injection experiment,37

in which future glucose is defined as a simple38

linear function of insulin history, shows that39

the same architecture rapidly learns the induced40

fusion rule, implicating the sparsity and noise41

of real-world logs in this small cohort—rather42
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than model capacity—as the primary cause of 43

failure. These findings suggest that, for such 44

cohorts, robust univariate modeling may be a 45

safer and more accurate default than naive mul- 46

tivariate fusion of sparse clinical streams. 47

Data and Code Availability Data and Code 48

Availability. This work uses the public Shanghai 49

Diabetes Registry cohort of 112 hospitalized patients 50

with Type 2 Diabetes, resampled to 5-minute CGM 51

resolution as in prior studies. The processed dataset 52

is available from the original curators under their 53

data use terms. An anonymized implementation of 54

our preprocessing pipeline, forecasting models, and 55

analysis scripts, including sparsity-bucket evaluation 56

and synthetic injection experiments, is provided as 57

supplementary material with this submission and will 58

be released in a public repository upon acceptance. 59

Institutional Review Board (IRB) This study 60

uses a de-identified secondary analysis of an existing 61

public dataset and did not involve interaction with 62

human subjects. As such, it was determined to be 63

Not Human Subjects Research and did not require 64

additional IRB review under our institution’s poli- 65

cies. 66

1. Introduction 67

Accurate blood glucose forecasting is a cornerstone 68

of modern diabetes management, enabling proactive 69

interventions for artificial pancreas (AP) systems and 70

clinical decision-support tools. As deep learning ar- 71

chitectures have evolved, the field has increasingly 72

moved toward multivariate modeling, operating un- 73

der the working assumption that incorporating ex- 74

ogenous clinical variables—specifically insulin boluses 75

and carbohydrate intake—will generally improve pre- 76

dictive accuracy Cobelli et al. (2011); Li et al. (2020). 77

In many published studies, additional channels are 78

treated as unequivocally beneficial features rather 79

than hypotheses to be stress-tested. 80
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However, the evidence base for this assumption81

often relies on evaluation settings that may not82

generalize to the clinical reality of small, subject-83

independent cohorts. A substantial fraction of prior84

work on CGM forecasting employs randomized train–85

test splits, which introduce data leakage by exposing86

patient-specific dynamics to the model during train-87

ing. Other studies rely on massive, often private88

datasets (N > 10,000) in which the sheer volume89

of data can compensate for the sparsity and irreg-90

ularity of clinical events such as insulin doses and91

meals. Consequently, there remains a critical gap in92

understanding how state-of-the-art multivariate ar-93

chitectures behave on standard public datasets with94

limited sample sizes (N ≈ 100), where clinical logs95

are sparse, noisy, and highly disjointed in time.96

At the same time, most work emphasizes point es-97

timates of error or discrimination for a single model,98

rather than carefully benchmarking against simple99

but strong baselines under strictly subject-wise splits.100

Persistence models—which forecast future glucose by101

copying the last observed value—are rarely treated102

as first-class comparators, despite their strong perfor-103

mance at short horizons and their ability to expose104

when deep models add little beyond autocorrelation.105

This makes it difficult to assess whether multivari-106

ate deep models are genuinely extracting new clinical107

signal, or simply repackaging temporal inertia under108

more complex architectures.109

In this work, we rigorously audit the “more data110

is better” hypothesis in the setting of subject-111

independent glucose forecasting. Unlike prior studies112

that primarily report marginal gains from multivari-113

ate fusion, we identify and quantify a failure mode114

in which auxiliary clinical streams can systematically115

degrade both forecasting accuracy and a simple safety116

proxy when applied to a small, public inpatient co-117

hort. Our goal is not to argue against the value of118

insulin or meal information in general, but to clar-119

ify when and how naive fusion of these streams can120

become harmful in realistic data regimes.121

We focus on the Shanghai Diabetes Registry, a122

public cohort of 112 inpatients with Type 2 Diabetes,123

and adopt a strict subject-independent split to pre-124

vent leakage from training into evaluation. We bench-125

mark a univariate Transformer (PatchTST) against126

a late-fusion multivariate architecture and a robust127

persistence baseline. In this setting, the univari-128

ate model successfully learns long-term temporal dy-129

namics and outperforms persistence at long horizons,130

whereas the multivariate model behaves very differ-131

ently: it performs worse on average, and most no- 132

tably in windows with substantial treatment activity. 133

We refer to this phenomenon as the sparsity trap: 134

in a small, sparse cohort, a higher-capacity fusion 135

model appears to overfit to rare, high-magnitude clin- 136

ical events instead of extracting stable action effects, 137

leading to systematic degradation in both error and 138

safety. 139

Our primary contributions are as follows: 140

1. Strict subject-independent benchmarking. 141

We establish a rigorous forecasting baseline for 142

the Shanghai dataset, using a subject-wise split 143

and a persistence comparator. Under this 144

protocol, a univariate Transformer significantly 145

outperforms persistence at long horizons (120- 146

minute RMSE 38.43 vs. 44.20mg/dL), demon- 147

strating that deep architectures can capture tem- 148

poral structure beyond simple inertia in this co- 149

hort. 150

2. Identification of the sparsity trap. We pro- 151

vide a fine-grained error analysis stratified by 152

clinical activity. Stratifying 64,381 test windows 153

by insulin and carbohydrate volume, we show 154

that naive feature fusion degrades clinical ac- 155

curacy and safety most severely in high-activity 156

windows driven by meal intake (RMSE penalty 157

of +2.36mg/dL; p < 10−4), with a correspond- 158

ing 4.6 percentage-point drop in the fraction of 159

predictions within 20% of the reference value, a 160

proxy for clinically safe accuracy. 161

3. Mechanism isolation via synthetic injec- 162

tion. We introduce a synthetic injection frame- 163

work to distinguish between architectural lim- 164

itations and data properties. By demonstrat- 165

ing that the same late-fusion architecture rapidly 166

learns simple, deterministic fusion rules on dense 167

synthetic targets, we attribute the observed fail- 168

ure on real data to the intrinsic sparsity and 169

noise of clinical logs in this small cohort, rather 170

than an inability of the model class to exploit 171

action information. 172

4. Cross-architecture robustness of the spar- 173

sity trap. Beyond a single Transformer, we 174

show that both a two-channel CGMCarbs vari- 175

ant and a gradient boosting regressor on hand- 176

crafted clinical features reproduce the same high- 177

activity degradation, demonstrating that naive 178

fusion of sparse clinical logs is fragile across 179
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model classes rather than being an idiosyncrasy180

of one architecture.181

2. Related Work182

Multivariate Fusion in Medical Time Series183

A prevailing paradigm in medical AI is the integra-184

tion of multi-modal data to improve predictive perfor-185

mance. In diabetes care, this typically involves con-186

catenating CGM history with exogenous inputs such187

as insulin boluses, carbohydrate intake, and heart188

rate. Surveys have catalogued numerous reports of189

performance gains from such fusion strategies Li et al.190

(2020). However, a substantial subset of these evalu-191

ations utilize randomized train–test splits, which dis-192

tribute windows from the same patient across train-193

ing and evaluation sets. This introduces significant194

data leakage, allowing high-capacity models to mem-195

orize patient-specific responses rather than learning196

generalizable physiological rules.197

Data Scarcity and Evaluation Rigor While198

large-scale private datasets (e.g., from commercial199

sensor manufacturers) enable the training of ro-200

bust multivariate models, public research is of-201

ten constrained to smaller cohorts such as the202

OhioT1DM Marling and Bunescu (2020) or Shang-203

hai Diabetes Registry datasets (N ≈ 10–100). In204

these data-scarce regimes, the sparsity of clinical205

logs becomes a critical bottleneck. Recent audits in206

time series forecasting have highlighted that complex207

Transformer-based models can underperform simple208

baselines on standard benchmarks, calling into ques-209

tion the automatic benefit of added architectural ca-210

pacity Zeng et al. (2023). Our work extends this line211

of inquiry, specifically characterizing the “Sparsity212

Trap” where naive inclusion of sparse clinical features213

actively degrades performance under strict subject-214

independent evaluation.215

Deep Learning for Glucose Forecasting Early216

approaches to continuous glucose monitoring (CGM)217

forecasting relied on physiological models and autore-218

gressive integrated moving average (ARIMA) base-219

lines Cobelli et al. (2011). The advent of deep220

learning shifted the focus to Recurrent Neural Net-221

works (RNNs) Li et al. (2020). More recently,222

Transformer-based architectures have achieved state-223

of-the-art results by modeling long-range dependen-224

cies via self-attention mechanisms. Notably, channel-225

independent Transformers like PatchTST Nie et al.226

(2023) have demonstrated that treating time series227

variables independently can outperform more elabo- 228

rate mixing strategies in general forecasting bench- 229

marks, a pattern our work corroborates in the spe- 230

cific context of glucose dynamics under subject- 231

independent splits. 232

3. Methods 233

3.1. Dataset and Preprocessing 234

We used the Shanghai Diabetes Registry Zhao et al. 235

(2023), a public cohort of 112 inpatients with Type 2 236

Diabetes providing continuous glucose monitoring 237

(CGM) and clinical logs (insulin boluses, carbohy- 238

drate intake) over multi-day admissions. All anal- 239

yses were performed on a uniformly resampled 5- 240

minute grid. Following prior work on this dataset, 241

CGM traces were linearly interpolated over short 242

gaps, while missing clinical entries were treated as 243

true zeros, reflecting the sparsity of documented in- 244

sulin and meal events. 245

To prevent information leakage, all preprocess- 246

ing was performed within a strict subject-wise split. 247

Patients were partitioned by identifier into non- 248

overlapping Train (approximately 70%), Validation 249

(10%), and Test (20%) sets. Scaling parameters 250

(mean and standard deviation) for CGM and clinical 251

channels were fit on the training split only and ap- 252

plied to validation and test data (z-score normaliza- 253

tion). This subject-independent protocol ensures that 254

models are evaluated only on unseen patients, prob- 255

ing generalization of physiological dynamics rather 256

than memorization of subject-specific trajectories. 257

3.2. Experimental Design 258

We formulated forecasting as a sequence-to-sequence 259

problem with a 6-hour lookback and a 2-hour predic- 260

tion horizon. At 5-minute resolution, each training 261

example consists of a length-L = 72 input window 262

and a length-H = 24 output window: 263

(xt−L+1:t, yt+1:t+H), L = 72, H = 24.

Windows were generated separately for each patient 264

by sliding this 6-hour window forward in time. 265

Window generation. For model training, we gen- 266

erated sliding windows with a stride of 1 step to 267

maximize data utilization within each patient. For 268

the horizon-performance analysis (per-step RMSE at 269

t+ 30, t+ 60, and t+ 120 minutes), we evaluated on 270
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the test set using a stride of 24 steps to reduce over-271

lap and approximate independence between windows.272

For the sparsity-bucket analysis, which requires large273

samples in rare high-activity regimes, we reverted to274

stride 1 on the test split and computed per-window275

summary statistics (e.g., total insulin and carbohy-276

drates over the 6-hour input).277

3.3. Model Architectures278

Persistence baseline. The persistence model fore-279

casts all future points by copying the last observed280

CGM value in the input window, ŷt+k = yt for all281

k ∈ {1, . . . ,H}. This trivial baseline provides a282

strong performance floor for autoregressive physio-283

logical time series and is particularly competitive at284

short horizons.285

Univariate Transformer (PatchTST). Our pri-286

mary forecasting model is PatchTST (Nie et al.,287

2023), a channel-independent Transformer that288

segments each univariate time series into non-289

overlapping patches. For CGM forecasting, we use290

a single input channel (CGM), with patch length 12291

and stride 12, yielding 6 patches over the 72-step his-292

tory. Each patch is embedded into a dmodel = 128-293

dimensional space and processed by a Transformer294

encoder with 3 layers, 4 attention heads per layer,295

and dropout 0.1. The encoder output is projected296

back to a length-24 forecast through a linear predic-297

tion head. This model, denoted Univariate, relies298

exclusively on standardized CGM history.299

Clinical late-fusion Transformer. To test the300

utility of clinical features, we extend PatchTST to301

ingest three synchronized input channels: CGM, in-302

sulin bolus, and carbohydrate intake. In our imple-303

mentation, these channels share a common patch-304

ing and Transformer backbone (with the same L,305

patch length, and hyperparameters), and a Mixer306

head performs channel-wise fusion in the latent307

space. Concretely, the encoder output has shape308

(batch,patches, channels, dmodel); the Mixer head ap-309

plies learnable linear mixing across channels at each310

patch before the final prediction head. This Clin-311

ical model is thus a late-fusion multivariate Trans-312

former that can, in principle, exploit cross-channel in-313

teractions between CGM, insulin, and carbohydrate314

streams.315

CGM+Carbs Transformer. To test whether the316

sparsity trap was driven by the largely unused in-317

sulin channel, we also trained a two-channel late-318

fusion variant of PatchTST that ingests only CGM 319

and carbohydrate intake. This model shares the same 320

patching scheme, Transformer backbone, and Mixer 321

head as the Clinical architecture but omits the insulin 322

input, keeping all other hyperparameters, preprocess- 323

ing, and training procedures identical. 324

Gradient boosting baseline. As a non- 325

Transformer multivariate comparator, we trained a 326

gradient boosting regressor (GBM) on per-window 327

summary features of the 6-hour history. For each 328

72-step input window, we constructed a feature 329

vector consisting of the last CGM value, basic CGM 330

statistics (mean, standard deviation, minimum, 331

maximum), coarse trend features (6-hour and last-2- 332

hour change), and summary statistics of insulin and 333

carbohydrate inputs (total and last-2-hour sums), 334

along with binary indicators of any insulin or meal 335

event in the lookback period. The GBM was trained 336

to predict the 120-minute-ahead CGM value using 337

the same subject-wise train–validation–test split and 338

windowing scheme as the Transformer models, with 339

300 trees, maximum depth 3, learning rate 0.05, 340

and subsample 0.8. This model therefore represents 341

a non-Transformer multivariate baseline that still 342

leverages insulin and carbohydrate information 343

through hand-crafted features. 344

Recurrent baseline. For context, we also trained 345

a univariate LSTM baseline on the same 72→24 346

setup. The LSTM consists of two stacked layers with 347

hidden size 128, followed by a linear layer mapping 348

the final hidden state sequence to the 24-step fore- 349

cast. Despite extensive stabilization efforts (reduced 350

learning rate, gradient clipping, early stopping), this 351

recurrent baseline exhibited markedly higher RMSE 352

and unstable validation loss under subject-wise splits, 353

and is reported primarily to illustrate the difficulty of 354

this regime. 355

Synthetic injection experiment. To separate 356

architectural capacity from data properties, we con- 357

ducted a synthetic injection experiment reusing the 358

real input distribution. Using the same windowing 359

and clinical model architecture, we defined a syn- 360

thetic target in which future CGM was a determin- 361

istic linear function of insulin history (e.g., a fixed 362

drop proportional to the summed insulin over the in- 363

put). Only windows with non-zero insulin were in- 364

cluded. The Clinical Transformer was then trained 365

for a small number of epochs on this synthetic task 366

to test whether the Mixer head could rapidly learn a 367
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clean action effect when the signal is dense and un-368

ambiguous.369

3.4. Evaluation Metrics370

We evaluated forecasting accuracy using root mean371

squared error (RMSE) at specific forecast steps372

corresponding to 30, 60, and 120 minutes ahead (t+6,373

t+12, t+24). For each horizon, RMSE was computed374

on the inverse-scaled CGM values over all test win-375

dows in the held-out test split under strict subject-376

wise partitioning.377

To assess clinical safety, we computed the safe378

prediction rate, defined as the percentage of fore-379

casted points within 20% of the reference value:380

|ypred − ytrue|
max(ytrue, 1)

≤ 0.2.

This “within-20%” accuracy serves as a simple proxy381

for Clarke Zone A predictions, quantifying the pro-382

portion of forecasts that remain clinically actionable.383

For the sparsity analysis, we summarized each test384

window by the total insulin and carbohydrate deliv-385

ered over the 6-hour input, then stratified windows386

into activity buckets based on the median volume of387

non-zero clinical events. In our subject-wise test split,388

documented insulin boluses were extremely sparse;389

consequently, the non-zero activity thresholds for390

stratification were effectively determined by carbohy-391

drate intake. Within each bucket, we computed aver-392

age RMSE and safe prediction rate. To assess statis-393

tical significance, we applied the Wilcoxon signed-394

rank test to paired per-window horizon RMSE val-395

ues, where each RMSE aggregates error over the396

full 24-step forecast. For the critical high-activity397

regime, we prioritized statistical rigor over sample398

size: the reported p-value was computed on a non-399

overlapping subset of windows (stride 24, match-400

ing the forecast horizonH = 24) to strictly satisfy the401

independence assumption (N = 610). For the quiet402

and low-activity regimes, standard tests on the full403

set confirmed significance (p < 0.001), but we focus404

our analysis on the rigorous, independence-corrected405

result for the high-activity failure mode. As a post-406

hoc sensitivity analysis, we also evaluated the trained407

Clinical model under an insulin-zeroing intervention408

at test time, in which the insulin channel was set to409

zero while CGM and carbohydrate inputs were left410

unchanged, and recomputed RMSE and safety within411

each activity regime.412

Table 1: Forecasting performance (RMSE,
mg/dL). Persistence, Univariate Trans-
former, and Clinical Transformer at 30, 60,
and 120 minutes ahead.

Model 30 min 60 min 120 min

Persistence 17.82 29.68 44.20
Univariate 16.95 27.65 38.43
Clinical 19.38 27.84 38.71

In addition to within-20% accuracy, we computed 413

a simplified Clarke Error Grid at the 120-minute 414

horizon, classifying each forecast–reference pair into 415

Zones A–E and reporting the fraction of points in 416

Zones A+B as a measure of clinically acceptable pre- 417

dictions. We use this Clarke analysis as a complemen- 418

tary, coarse safety view alongside our primary metrics 419

(RMSE and within-20% accuracy), which are more 420

sensitive to the subtle but systematic degradation we 421

observe in sparse, high-activity windows. 422

4. Results 423

4.1. Baseline Performance vs. Prediction 424

Horizon 425

We first evaluated the limits of subject-independent 426

forecasting by comparing the Univariate Transformer 427

(PatchTST) against a standard persistence baseline 428

at specific forecast steps: 30, 60, and 120 minutes. 429

As shown in Table 1 and Figure 1, the Univari- 430

ate model demonstrates robust performance, outper- 431

forming persistence even at short horizons. 432

At 30 minutes ahead (H = 6), the Trans- 433

former achieved an RMSE of 16.95mg/dL, of- 434

fering a consistent improvement over the baseline 435

(17.82mg/dL). This advantage widened substan- 436

tially at the long horizon (120 minutes, H = 437

24), where persistence deteriorated to 44.20mg/dL, 438

while the Transformer maintained an RMSE of 439

38.43mg/dL. Across all horizons, the Clinical 440

model failed to provide a consistent advantage over 441

the Univariate baseline, with slightly worse RMSE at 442

30 minutes and only marginal differences at 60 and 443

120 minutes. These results confirm that the deep uni- 444

variate model captures long-term temporal dynamics 445

beyond simple inertia, establishing a strong subject- 446

independent baseline for the Shanghai cohort. 447
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Figure 1: Forecast horizon analysis. RMSE
(mg/dL) at 30, 60, and 120 minutes ahead
for the persistence baseline (black dashed),
Univariate Transformer (blue), and Clin-
ical Transformer (red). The Univari-
ate model consistently outperforms persis-
tence, with the margin of improvement in-
creasing at longer horizons, while the Clin-
ical model fails to provide consistent gains
over the Univariate baseline.

4.2. The sparsity trap: performance in active448

treatment windows449

To assess the contribution of exogenous clinical vari-450

ables, we compared the Univariate baseline against451

the late-fusion Clinical model. Contrary to physio-452

logical expectation, the inclusion of insulin and car-453

bohydrate data did not improve and in fact slightly454

worsened RMSE at 120 minutes on average (38.71 vs.455

38.43mg/dL).456

To characterize this failure in more detail, we strat-457

ified the test set (N = 64,381 windows) into activity458

buckets based on the median volume of non-zero clin-459

ical events (Figure 2). Specifically, we summarized460

each 6-hour input by the total insulin and carbohy-461

drate delivered, then defined quiet, low-, and high-462

activity regimes using the medians of the non-zero463

totals.464

• Quiet regime: In windows with negligible465

clinical activity (N = 35,215), the Clini-466

cal model underperformed the Univariate base-467

line by 0.50mg/dL in RMSE (19.28 vs.468

18.78mg/dL; p < 0.001, Wilcoxon signed-rank469

test).470

• Low-activity regime: In windows with mod- 471

erate activity (N = 14,538), the performance 472

gap widened slightly to 0.65mg/dL (23.17 vs. 473

22.52mg/dL). 474

• High-activity regime: In windows dominated 475

by meal intake events (N = 14,628), the 476

degradation peaked at 2.36mg/dL (25.07 vs. 477

22.71mg/dL). Crucially, this difference remains 478

statistically significant even when re-evaluated 479

on strictly non-overlapping windows to ensure 480

independence (p = 7.2× 10−5, N = 610). 481

• Safety implications: This degradation mate- 482

rially impacted clinical reliability. In the high- 483

activity regime, the proportion of predictions 484

within 20% of the reference value dropped from 485

75.1% (Univariate) to 70.5% (Clinical), a 4.6 486

percentage-point decrease in our safety proxy. 487

To relate these bucketed metrics to a standard clin- 488

ical safety view, we additionally computed a sim- 489

plified Clarke Error Grid at the 120-minute hori- 490

zon. Both models achieved very high safety overall, 491

with 97.7% vs. 98.0% of forecasts falling in Clarke 492

Zones A+B for the Univariate and Clinical mod- 493

els, respectively, and similarly high rates in high- 494

activity windows (98.1% vs. 98.3%). This indicates 495

that the sparsity trap manifests primarily as ele- 496

vated average error and reduced within-20% accu- 497

racy across the full forecast horizon, rather than fre- 498

quent grossly unsafe predictions that would fall out- 499

side Clarke Zones A+B. 500

Taken together, these results indicate a sparsity 501

trap. Rather than leveraging high-magnitude clinical 502

events to improve forecasts, the naive fusion model 503

appears to overfit to these rare signals in this small 504

cohort, introducing systematic error that compro- 505

mises both average accuracy and clinical safety. 506

Finally, to confirm that this failure mode is driven 507

by meal intake rather than insulin dynamics, we 508

evaluated the Clinical model with the insulin chan- 509

nel artificially zeroed at test time. This ablation 510

yielded negligible changes in performance (maximum 511

|∆RMSE| = 0.09mg/dL across quiet, low-, and high- 512

activity regimes), confirming that the model effec- 513

tively ignores the sparse insulin signal. In particular, 514

in high-activity windows the Clinical RMSE shifted 515

from 25.07 to 24.97mg/dL under insulin zeroing, a 516

change (−0.09mg/dL) that is negligible compared to 517

the +2.36mg/dL penalty relative to the Univariate 518

baseline. This indicates that the observed degrada- 519
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tion is attributable to carbohydrate-response model-520

ing.521

CGMCarbs late-fusion Transformer. As a522

further check, we evaluated a two-channel CGM-523

Carbs Transformer that fuses only CGM and carbo-524

hydrate history through the same late-fusion back-525

bone. In high-activity windows, this model un-526

derperformed the Univariate baseline by 1.87mg/dL527

in horizon-averaged RMSE (24.58 vs. 22.71mg/dL)528

and by 4.7 percentage points in within-20% accu-529

racy (70.4% vs. 75.1%), with smaller but still consis-530

tent penalties in quiet (RMSE +0.07mg/dL, −1.8 pp;531

18.85 vs. 18.78mg/dL, 80.9% vs. 82.7%) and low-532

activity regimes (RMSE +0.46mg/dL, −2.6 pp; 22.99533

vs. 22.52mg/dL, 75.9% vs. 78.5%). These results in-534

dicate that removing the largely unused insulin chan-535

nel does not resolve the sparsity trap, which primarily536

reflects difficulties in modeling meal-response dynam-537

ics under sparse carbohydrate documentation. The538

magnitude of this high-activity penalty is compara-539

ble to that of the three-channel Clinical model, re-540

inforcing that carbohydrate fusion alone is sufficient541

to induce the sparsity trap. Full bucket-level metrics542

for the CGMCarbs model are provided in Table 3 in543

Appendix B.544

Gradient boosting baseline. As a non-545

Transformer multivariate comparator, we also trained546

a gradient boosting regressor on per-window sum-547

mary features of the 6-hour CGM, insulin, and car-548

bohydrate history. Overall, this GBM achieved a549

slightly lower 120-minute RMSE than the Univari-550

ate Transformer (37.73 vs. 38.43mg/dL) at the cost551

of substantially poorer within-20% accuracy (61.3%),552

and it performed particularly poorly in meal-driven553

windows, with 37.26mg/dL RMSE and 55.7% within-554

20% accuracy compared to 22.71mg/dL and 75.1%555

for the Univariate model in the same high-activity556

regime. These results indicate that replacing the557

Transformer with a simpler multivariate model on558

hand-crafted clinical features does not resolve the559

sparsity trap and can further erode accuracy and560

safety precisely when treatment activity is highest.561

Complete bucket-level results for the GBM are re-562

ported in Table 4 in Appendix B.563

To probe patient-level heterogeneity, we further564

computed for each patient the density of documented565

meals (fraction of test windows with non-zero car-566

bohydrate intake) and the average ∆RMSE (Clini-567

cal – Univariate) in high-activity windows, restrict-568

ing to patients with at least five such windows.569

Grouping patients into tertiles by meal-log density570

Quiet
(Negligible)

Low Activity
(Moderate)

High Activity
(Meal-Driven)

16

18

20

22

24

26

28

30

RM
SE

 (
m

g/
dL

)

+0.50
(p < 0.001)

+0.65
(p < 0.001)

+2.36
(p < 1e-4*)

The Sparsity Trap: Performance by Activity Regime

Univariate
Clinical (Fusion)

* Significance confirmed on non-overlapping windows (Stride 24, N=610)

Figure 2: The sparsity trap. RMSE (mg/dL) for
the Univariate and Clinical models strat-
ified by clinical activity. While the Clin-
ical model shows only a small penalty in
quiet and low-activity windows, it incurs
a statistically significant degradation (∆+
2.36mg/dL) in high-activity windows dom-
inated by meal intake, with a concurrent
drop in the fraction of predictions within
20% of the reference value.

(n = 6, 5, 6 patients in the low-, medium-, and high- 571

density strata, respectively) yielded positive mean 572

∆RMSE in all groups (approximately +1.9, +2.7, 573

and +0.7mg/dL), with no subgroup in which the 574

Clinical model clearly outperformed the Univariate 575

baseline, suggesting that the sparsity trap is a cohort- 576

wide phenomenon rather than being driven by a small 577

number of outlier patients. 578

4.3. Mechanism analysis: synthetic injection 579

To rule out architectural defects, we conducted a syn- 580

thetic injection experiment using the same late-fusion 581

architecture and real input distribution. We trained 582

the Clinical model to predict a deterministic syn- 583

thetic target defined as a linear function of the insulin 584

input over the 6-hour history: 585

Gt+H = Gt − α ·
t∑

i=t−L+1

Insulini, (1)

where Gt is the last CGM value in the input window, 586

H = 24 steps (120 minutes), L = 72 steps (6 hours), 587

and α is a fixed gain factor. Only windows with non- 588

zero insulin were included in this experiment. 589

Under these conditions, the model’s training loss 590

reduced by approximately 3× within 5 epochs 591
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Table 2: The Sparsity Trap Details. Performance stratification by clinical activity level (N = 64,381).
The Clinical model degrades significantly in high-activity windows dominated by meal events (∗p <
10−4 on non-overlapping windows).

Regime N Univariate Clinical ∆ Safety (Uni) Safety (Clin)

Quiet (Negligible) 35,215 18.78 19.28 +0.50 82.7% 82.1%
Low (Moderate) 14,538 22.52 23.17 +0.65 78.5% 76.9%
High (Meal-Driven) 14,628 22.71 25.07 +2.36∗ 75.1% 70.5%

(RMSE dropping from ≈ 80 to ≈ 22 in standardized592

units). This rapid convergence confirms that the late-593

fusion Transformer is fully capable of learning simple594

fusion rules when the signal is dense and unambigu-595

ous. The failure on real-world data is therefore at-596

tributable to the sparsity and noise characteristics of597

the clinical logs in this small cohort, rather than an598

inherent inability of the Mixer mechanism to process599

multi-modal inputs.600

5. Discussion601

5.1. The Capacity–Data Mismatch in Clinical602

AI603

Our results present a counter-intuitive finding in a604

subject-independent setting on a standard public co-605

hort: adding clinically relevant variables (insulin, car-606

bohydrates) systematically harmed clinical accuracy607

and safety in the very regimes where those variables608

should help—meal-driven, high-activity windows—609

and often failed to improve, or even reliably degraded,610

overall performance. This contradicts the common611

intuition that “more physiological context is better”612

and illustrates that multivariate fusion is not auto-613

matically beneficial in data-scarce regimes. Consis-614

tent with this, our insulin-zeroing ablation produced615

virtually unchanged Clinical RMSE and safety curves616

across all activity regimes (maximum |∆RMSE| ≈617

0.09mg/dL), indicating that the model has learned to618

ignore the sparse insulin channel and that the sparsity619

trap is driven by meal-response dynamics rather than620

mis-modeled insulin effects. A two-channel CGM-621

Carbs Transformer that omits the insulin channel en-622

tirely reproduces this pattern, incurring a 1.87mg/dL623

RMSE penalty and a 4.7 percentage-point drop in624

within-20% accuracy in high-activity windows rela-625

tive to the Univariate baseline, reinforcing that car-626

bohydrate fusion alone is sufficient to trigger the spar-627

sity trap. Although a Clarke Error Grid analysis628

at 120 minutes placed more than 97% of predictions 629

from both models in Zones A+B, our sparsity-aware 630

evaluation and per-patient analysis reveal consis- 631

tent, statistically significant degradation in horizon- 632

averaged error and within-20% accuracy across ac- 633

tivity regimes and documentation strata when sparse 634

clinical channels are naively fused. 635

The divergence between our synthetic and real- 636

world results offers a plausible mechanistic expla- 637

nation. In the synthetic injection experiment (Sec- 638

tion 4.3), the same late-fusion architecture rapidly 639

learned to utilize insulin inputs when the signal 640

was dense and deterministic, markedly reducing loss 641

within only a few epochs. This confirms that the 642

failure on real data is not due to a fundamental 643

limitation of the architecture. Instead, it points to 644

a capacity–data mismatch. Deep Transformers are 645

high-capacity models designed to extract complex 646

patterns from dense, reliable data. In the Shanghai 647

cohort (N = 112), clinical events are highly sparse 648

(the vast majority of 5-minute time steps contain 649

no recorded insulin or meal) and noisy. When a 650

high-capacity model encounters rare, high-magnitude 651

events (e.g., a large bolus) in a small training set, it 652

struggles to separate the true physiological effect from 653

patient-specific variability and documentation noise. 654

Our stratified analysis shows that the multivariate 655

model performs worse than a CGM-only Transformer 656

in both low-activity and high-activity windows, with 657

the largest RMSE and safety penalties in the latter, 658

which we term the sparsity trap. 659

5.2. Validation of Model Capacity via 660

Cross-Phenotype Generalization 661

A potential confounder in analyzing the “Sparsity 662

Trap” is model capacity: does the architecture fail 663

to improve with clinical features because the data is 664

sparse, or because the fusion mechanism is ineffec- 665

tive? 666
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To resolve this, we conducted a zero-shot general-667

ization test on a held-out cohort of 12 Type 1 Dia-668

betes (T1DM) patients, a phenotype characterized by669

total insulin dependency and high glycemic volatility.670

The Clinical Fusion model, trained exclusively on the671

T2DM cohort, achieved an RMSE of 30.53mg/dL672

on the T1DM test set (vs. 26.46mg/dL on T2DM).673

This result serves as a critical ablation: it confirms674

that the Multi-Horizon Transformer architecture re-675

mains stable and predictive even when pro-676

cessing complex insulin-dependent dynamics677

it was never trained on. Consequently, the lack of678

performance gain observed in the T2DM cohort (Sec-679

tion ??) is likely attributable to the intrinsic sparsity680

and lower signal-to-noise ratio of the clinical records681

in Type 2 diabetes, rather than an architectural in-682

ability to fuse multimodal data.683

5.3. Implications for Medical Time Series684

This study serves as a cautionary note for the grow-685

ing trend of naive multivariate fusion in medical AI.686

While multi-modal integration is conceptually ap-687

pealing, our findings suggest that for the small-to-688

medium-sized cohorts typical of public clinical re-689

search (N ≈ 100–500), direct concatenation of sparse690

clinical logs into deep sequence models can behave as691

systematic noise.692

We recommend that future work on such cohorts693

prioritize:694

1. Robust univariate baselines. Complex mul-695

tivariate models should only be justified if they696

substantially outperform both a well-tuned uni-697

variate model and a persistence baseline under698

subject-wise splits.699

2. Pre-training strategies. Rather than train-700

ing multivariate models from scratch on small701

cohorts, it may be more effective to pre-train on702

large, potentially unlabeled datasets (e.g., multi-703

cohort Type 1 Diabetes CGM with rich insulin704

histories) to learn general physiological priors be-705

fore fine-tuning on sparse clinical logs.706

3. Structured inductive biases. Instead of re-707

lying on generic attention to discover insulin–708

glucose dynamics from scratch, architectures709

may benefit from structured components (e.g.,710

state-space or differential-equation-inspired lay-711

ers) that encode known pharmacokinetic and712

pharmacodynamic relationships, constraining713

how action channels influence forecasts.714

More broadly, our results highlight that in clinical 715

time series, additional channels should be treated as 716

hypotheses to be vetted against strong baselines and 717

stratified analyses, not as automatically beneficial 718

features. In this sense, the sparsity-aware evaluation 719

we propose—combining subject-wise splits, strong 720

univariate baselines, activity-bucket analysis, clinical 721

safety metrics, and per-patient heterogeneity—offers 722

a practical template for auditing multivariate models 723

on small, sparse cohorts. 724

5.4. Limitations and Future Work 725

Our study is limited to the Shanghai Diabetes Reg- 726

istry T2DM cohort. While this is a widely used 727

benchmark, results may differ for outpatient or 728

Type 1 Diabetes populations in which insulin depen- 729

dence is stronger and documentation patterns differ. 730

Additionally, we focus on a single multivariate archi- 731

tecture: a PatchTST-based model with a late-fusion 732

Mixer head. Although we believe the sparsity trap 733

is primarily data-centric, alternative fusion mecha- 734

nisms (e.g., cross-attention across channels, explicit 735

event encoders) might exhibit different sensitivities 736

to sparse logs. 737

We also note two specific constraints regarding our 738

data processing. First, missing clinical entries were 739

treated as true zeros, a necessary assumption given 740

the sparsity of hospital documentation. This con- 741

flates absence of treatment with absence of documen- 742

tation, potentially adding noise that contributes to 743

the sparsity trap. Second, due to the extreme sparsity 744

of insulin documentation in our subject-wise test split 745

and Z-score normalization effects, our high-activity 746

stratification was primarily driven by carbohydrate 747

intake. This effectively isolates the specific challenge 748

of modeling meal-response dynamics when insulin sig- 749

nals are sparse or uninformative. 750

Finally, we approximate clinical safety via the pro- 751

portion of predictions within 20% of the reference 752

value. A more detailed safety evaluation using for- 753

mal Clarke or prediction-error grid analyses, as well 754

as replication of our sparsity-aware evaluation on ad- 755

ditional public cohorts, are important directions for 756

future work. 757

6. Conclusion 758

We rigorously audited the common assumption that 759

multivariate fusion of clinical variables improves 760

subject-independent glucose forecasting. Using a 761
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strict subject-wise split on the Shanghai T2DM co-762

hort, we showed that a univariate Transformer can763

significantly outperform a persistence baseline at long764

horizons, while a naive late-fusion model that ingests765

insulin and carbohydrate logs degrades both RMSE766

and a simple safety proxy. This degradation was767

most severe in high-activity windows dominated by768

meal intake (p < 10−4 on non-overlapping windows),769

highlighting the difficulty of modeling physiological770

responses from sparse documentation. Through a771

synthetic injection experiment, we demonstrated that772

the same architecture can readily learn clean fusion773

rules when the signal is dense and well specified, im-774

plicating the sparsity and noise of real-world clini-775

cal logs in small cohorts—rather than model capacity776

alone—as the primary driver of failure.777

Together, these results characterize a sparsity trap778

in multivariate clinical forecasting and argue for a779

shift in evaluation practice: in data-scarce medi-780

cal regimes, robust univariate modeling anchored to781

strong baselines may be a safer and more accurate782

default than naive multivariate fusion of sparse aux-783

iliary streams.784
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Appendix A. Implementation Details 809

Hardware and Framework All models were im- 810

plemented in PyTorch and trained on a single 811

NVIDIA GPU. We utilized a fixed random seed (42) 812

for weight initialization and data shuffling to ensure 813

reproducibility. 814

Model Hyperparameters The Univariate and 815

Clinical Transformers shared identical backbone con- 816

figurations to ensure a fair comparison of architec- 817

tural capacity: 818

• Lookback Window: L = 72 steps (6 hours). 819

• Prediction Horizon: H = 24 steps (2 hours). 820

• Patching: Patch length P = 12, Stride S = 12. 821

• Transformer Architecture: 3 encoder layers, 822

4 attention heads, model dimension dmodel = 823

128, and dropout 0.1. 824

• Fusion Mechanism: The Clinical model 825

processes the CGM, insulin, and carbohy- 826

drate channels through a shared Transformer 827

backbone. The encoder output has shape 828

(batch,patches, channels, dmodel), and a linear 829

Mixer layer performs learnable mixing across the 830

channel dimension at each patch before the final 831

prediction head. 832

LSTM Baseline The univariate LSTM baseline 833

consisted of 2 stacked layers with hidden size 128 and 834

dropout 0.1, followed by a linear layer mapping the 835

final hidden sequence to the 24-step forecast. It was 836

trained using the same optimizer, learning rate, batch 837

size, and early stopping protocol as the Transformer 838

models. 839

Optimization Models were trained using the 840

Adam optimizer with a learning rate of 1× 10−3 and 841

a batch size of 32, selected to ensure stable gradient 842

estimation given the high variance of the clinical logs. 843

We employed Mean Squared Error (MSE) as the loss 844

function. Training ran for a maximum of 100 epochs, 845

utilizing early stopping with a patience of 10 epochs 846

based on validation loss to prevent overfitting. 847
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Statistical Significance Testing To ensure the848

independence assumption of the Wilcoxon signed-849

rank test was satisfied during the sparsity analysis850

(Section 4.2), we subsampled the test predictions851

using a stride of 24 steps (120 minutes). This852

matches the forecasting horizon (H = 24), ensur-853

ing that no two windows in the statistical evaluation854

overlap in target values. This strictly enforces inde-855

pendence for the reported p-values.856

Appendix B. Additional Sparsity857

Tables858

Table 3: CGM+Carbs sparsity analysis. Per-
formance of the two-channel CGM+Carbs
Transformer vs. the Univariate baseline
(N = 64,381).

Regime N Uni Carbs+ ∆ Safe U Safe C+

Quiet 35,215 18.78 18.85 +0.07 82.7% 80.9%
Low 14,538 22.52 22.99 +0.46 78.5% 75.9%
High 14,628 22.71 24.58 +1.87 75.1% 70.4%

Table 4: GBM performance by clinical activ-
ity. Gradient boosting regressor at the 120-
minute horizon.

Regime N GBM RMSE GBM Safe

Quiet 35,215 36.83 64.7%
Low 14,538 40.26 58.9%
High 14,628 37.26 55.7%
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