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1. Introduction 

Forecasting long-term health trajectories from inten-sive 

longitudinal data (ILD) is essential for timely interventions. 

Growth Curve Models (GCMs) provide a conventional 

multilevel framework that offers inter-pretable and sample-

efficient forecasts when trajecto-ries exhibit smooth 

structural change. However, when trajectories show 

nonlinear or idiosyncratic departures from assumed 

functional forms, they require extensive specification of 

interactions or nonlinearities. In con-trast, deep learning (DL) 

models offer an assumption-light approach. By learning 

temporal dynamics through nonlinear transformations, DL 

models can capture complex, emergent patterns without 

prespeci-fying functional structures (Kontopoulou et al., 

2023) and thus, have impact on advancing early and person-

alized interventions in health sciences. 

The present study evaluated whether, and in what ways, DL 

offers practical advantages in behavioral forecasting with 

ILD compared to GCMs. We com-pared approaches across 

two datasets. In Healthy-Mom-Zone (HMZ) 1.0 study 

(Downs et al., 2018), we forecasted 2nd and 3rd trimester 

weights with 1st tri-mester data. These trajectories show a 

gradual increase over pregnancy with small day-to-day 

fluctuations and individual differences in overall patterns. The 

partici-pant sample is relatively small (N  25) despite the 

dense time series (T  200). In the second dataset, 

Healthy-Aging-in-Industrial-Environment (4HAIE) study (N 

197, T 250) (Elavsky et al., 2021), pre-lockdown ILD were 

used to forecast daily step counts during and after the COVID-

19 lockdown. Daily steps show high day-to-day variability 

and between-person heterogeneity, Limited theory exists on 

which factors drove severe declines in physical activity during 

and after the lockdown. 

Two modeling families were compared: (1) quadratic GCMs 

and (2) sequence-to-sequence (Seq2Seq) neural networks with 

either LSTM (Long Short-Term Memory) or Transformer 

encoder–decoder cells, which capture nonlinear and long-

range temporal dependencies. Seq2Seqs were adopted to 

incorporate person-level covariates into the decoder’s initial 

state to prevent individual information from fading during 

long-term forecasts and to capture individual-by-tra-jectory 

interactions. Performance was assessed by fore-casting 

accuracy. As baseline forecasts, HMZ used the Institute of 

Medicine’s mean recommended weight gain based on pre-

pregnancy Body Mass Index cat-egory, and 4HAIE used the 

pre-lockdown median step count. We used a cross-individual 
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forecasting para-digm: models were trained on full 

trajectories from training participants and then forecasted 

outcomes for new individuals using their early data, 

leveraging shared population-level patterns. 

Overall, GCMs excelled when trajectories followed stable, 

smooth growth with limited heterogeneity, whereas DL 

models, particularly Transformers, gained advantage under 

abrupt changes, heterogeneous responses, and high-variance 

temporal patterns. In HMZ, GCM outperformed LSTM. For 

third-trimester weight, GCM achieved a mean absolute error 

(MAE) of 3.46 lbs, compared with 7.04 for the baseline and 

5.18 for LSTM. Transformers were not tested in HMZ due to 

the small sample. In 4HAIE, forecasting during lockdown 

was more difficult than post-lockdown. During lockdown, 

LSTM (MAE: 3224) and Transformer (3254) outperformed 

GCM (3417), reflecting their ability to model abrupt and 

heteroge-neous shifts. Post-lockdown, Transformers (2818) 

matched or exceeded GCM (2824), followed by the median 

baseline (3083) and LSTM (3161). Due to high day-to-day 

variability, the Transformer’s atten-tion mechanism handled 

volatility best. GCM showed competitive MAE but weaker 

trajectory tracking. 
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