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Abstract

Short-term Heart Rate Variability (HRV) forecasting
could provide clinicians with actionable lead time for de-
tecting autonomic dysfunction and adverse cardiac events.
Consumer wearable devices generate fragmented, artifact-
rich HRV signals that challenge conventional forecast-
ing approaches. In this study, we evaluated the fore-
casting ability of three Time Series Foundation Models
(TSFMs), TimesFM, Chronos, and MOIRAI against tra-
ditional baselines (Mean, Exponential Smoothing, and
Exponentially Weighted Moving Average) on real-world
wearable data collected from 49 healthy individuals. To
address data fragmentation, we introduce a variability-
preserving imputation method that augments linear in-
terpolation with locally adaptive stochastic noise, retain-
ing physiological dynamics essential for accurate forecast-
ing. The results show that TSFMs outperformed all base-
lines without fine-tuning, achieving average Mean Abso-
lute Scaled Error (MASE) between 0.81 and 0.87 across
TSFMs and both context lengths (32 and 64 time steps),
with Chronos and TimesFM as the top models, though
MOIRAI showed limited gains over baselines. With up to a
2-hour forecast horizon, the results establish a baseline for
TSFMs’ performance on a real-world dataset, highlight-
ing domain-specific fine-tuning as a promising direction
for clinical deployment.

1. Introduction

Health care wearables, from smartwatches to biosen-
sors, enable continuous and real-time physiological moni-
toring, tracking heart rate, sleep, and stress among other
metrics, supporting personalized treatments, and can be
used for the detection of diseases, such as atrial fibrilla-
tion [I]. A promising direction within this space is the
tracking of Heart Rate Variability (HRV) as a non-invasive
tool to improve personal health outcomes [2]. HRV re-
flects autonomic nervous system function and cardiovascu-

lar health, with higher HRV associated with better physio-
logical adaptability and lower HRV indicating elevated risk
[3L4]]. Accurate short-term HRV forecasting could there-
fore enable early alerting of autonomic dysfunction and
adverse cardiac conditions, providing clinicians and mon-
itoring systems with additional time for intervention [3].

The clinical value of HRV as a predictive signal is well
established. Classifiers evaluating extracted HRV features
have been shown to anticipate acute clinical events prior
to symptom onset, such as paroxysmal atrial fibrillation
[S] and ventricular fibrillation [6]. Using non-linear HRV
features such as multiscale entropy, machine learning clas-
sifiers have successfully distinguished asymptomatic pa-
tients in the preclinical stages of cardiac autonomic neu-
ropathy from healthy individuals [7]. Previous work has
also validated deep learning on wearable data for detecting
a broader range of medical conditions, including diabetes,
high cholesterol, high blood pressure, and sleep apnea []].

However, these studies largely rely on high-fidelity,
continuous clinical electrocardiogram (ECG) recordings
rather than consumer-grade wearable signals. Translating
HRV-based prediction to remote monitoring settings intro-
duces significant challenges: data is inherently irregular
and noisy due to device charging, motion artifacts, and
non-wear periods, while limited continuous recording win-
dows constrain the available context. Robust wearable-
derived HRV can successfully predict major adverse car-
diovascular events [9]], and continuous photoplethysmog-
raphy (PPG) measurements allow for real-time ischemic
risk assessment, though mitigating signal noise remains a
hurdle for these task-specific models [10].

To overcome the limitations of task-specific, single-
modality approaches, generalized Time Series Forecast-
ing Models (TSFMs) provide an architecture explicitly
designed to process heterogeneous, multivariate physio-
logical signals generated by modern consumer devices
[11]. Models such as TimesFM [12]], Chronos [13]], and
MOIRALI [14]] are designed for robust zero-shot general-
ization across diverse domains without task-specific fine-
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Figure 1: Data preprocessing pipeline for HRV time series, showing segmentation, gap handling, and imputation steps used

to generate the final dataset for modelling.

tuning, making them natural candidates for wearable HRV
forecasting. This study investigates whether these mod-
els can accurately forecast wearable HRV without fine-
tuning, how context and horizon length affect forecasting
accuracy, and whether they outperform classical statistical
baselines on real-world data.

2. Methodology

This section describes the dataset, preprocessing
pipeline, and experimental setup used to evaluate the fore-
casting models. We first outline the characteristics of the
wearable HRV data and the imputation strategy used to
handle missingness, followed by the models and evalua-
tion protocol.

2.1. Data and Imputation

We evaluated models on a public real-world HRV
dataset comprising wearable-based measurements from
49 healthy individuals collected over four weeks using
Samsung Galaxy Watch Active 2 devices [15]. The de-
vice uses Photoplethysmography (PPG), a common but
noise-susceptible method for digital biomarker measure-
ment [2]. Among HRV time-domain metrics, the Root
Mean Square of Successive Differences (RMSSD) ro-
bustly captures short-term parasympathetic activity and is
particularly suited for short, PPG-derived wearable record-
ings [3,4]]. Only pre-filtered (missingness score < 0.35)
RMSSD data was used, computed from 5-minute PPG seg-
ments.

The dataset reflects the highly fragmented nature of
real-world consumer wearable data. After applying a 15-
minute gap threshold, participants contributed a mean of
109 continuous segments each, with longest continuous
recordings averaging 4.4 hours and a maximum of approxi-
mately 14.75 hours, driven by nightly charging cycles, mo-
tion artifacts, and non-wear periods [15]. The chosen con-
text lengths of 32 and 64 steps (2.7 and 5.3 hours) reflect
these real-world recording limitations rather than arbitrary
design choices.

To generate regularly sampled time series suitable for
the models, smaller gaps were imputed. Standard impu-
tation methods (linear interpolation, KNN, cubic splines,
and forward-fill) can produce unrealistically smooth se-
quences that affect both metrics and model learning. To
address this, we augmented linear interpolation with lo-
cally adaptive stochastic noise:

P (1)
linear

Here £, is the imputed value at time #, x,"**" is the linearly
interpolated value, and ¢, is zero-mean Gaussian noise
with standard deviation oocar (1 + |B]). Local standard de-
viation oeca1 1S computed from a 5-step window, S repre-
sents the local slope, and noise is clipped at 30ocal to pre-
vent outliers. The multiplicative term (1 + |B|) adaptively
modulates noise variance based on local slope magnitude,
preserving physiological variability structure essential for
accurate forecasting. The preprocessing pipeline is illus-
trated in Figure|T]
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Figure 2: MASE across forecast horizons for context length 32 (left) and 64 (right). The dashed line denotes the naive
forecasting threshold (MASE = 1.0). ETS exceeds the plot range at longer horizons in context 32.

2.2. Models and Experimental Setup

Three foundation models were evaluated without fine-
tuning: TimesFM-1.0-200m [12], Chronos-bolt-base [[13]],
and MOIRAI-1.0-R-base [14]. These were bench-
marked against traditional baselines: Mean, Exponentially
Weighted Moving Average (EWMA, a=0.3) [16], and Ex-
ponential Smoothing (ETS) with additive damped trend.
Two context lengths were tested: 32 steps (2.7 hours) and
64 steps (5.3 hours), each step representing a 5-minute
RMSSD average. Forecast horizons ranged from 1 to
24 steps (up to 2 hours ahead). Probabilistic model out-
puts (Chronos, MOIRAI) were reduced to the median for
point-forecast comparability with TimesFM. Evaluation
metrics were Mean Absolute Error (MAE), Root Mean
Square Error (RMSE) [16], and Mean Absolute Scaled Er-
ror (MASE) [17].

As this is a zero-shot evaluation, no training or fine-
tuning was performed on any subset of this dataset; the
entire dataset serves as the evaluation set for all founda-
tion models. The classical baselines require no training:
EWMA uses a fixed smoothing factor of @« = 0.3 cho-
sen a priori. ETS smoothing parameters are fitted inde-
pendently on each context window with no shared training
across subjects, ensuring no cross-subject data leakage.

3. Results

Tables|[T]and [ summarise average forecast performance
across all horizons. Chronos-bolt-base achieves the low-
est MAE, RMSE, and MASE at context length 32, while
TimesFM-200m achieves the best MAE and MASE at
context length 64. Increasing context length from 32 to
64 improves performance for all foundation models, with

TimesFM gaining the largest improvement and surpass-
ing Chronos at the longer context. Among traditional
baselines, EWMA remains competitive at short horizons
but is consistently outperformed by foundation models for
longer predictions. MOIRALI did not significantly outper-
form the Mean baseline at either context length (p=0.953
and p=0.794 respectively), which may reflect sensitivity to
the short, highly fragmented segment lengths characteristic
of consumer wearable data, where its patch-based architec-
ture may not have sufficient continuous context to operate
effectively.

Table 1: Average performance for context length 32, over
all forecast horizons (1-24).

Model MAE | RMSE | MASE
Mean 16.74 26.04 0.87
EWMA 16.19 26.18 0.84
ETS 18.37 34.80 0.95

MOIRAI 16.73 26.68 0.87
TimesFM | 16.16 26.55 0.84
Chronos 15.74 25.64 0.82

Table 2: Average performance for context length 64, over
all forecast horizons (1-24).

Model MAE | RMSE | MASE
Mean 15.99 25.80 0.85
EWMA 15.77 26.34 0.84
ETS 16.15 27.88 0.86

MOIRAI 15.94 26.34 0.85
TimesFM | 15.32 26.41 0.81
Chronos 15.44 26.24 0.82

Figure 2] illustrates performance trends across all hori-
zons, confirming that foundation models maintain their



advantage throughout and remain below the MASE 1.0
threshold relative to naive forecasting. Forecasting accu-
racy decreased only modestly with longer horizons, likely
because the maximum horizon of 24 steps remains short
relative to HRV’s chaotic dynamics, and because averaging
error metrics over more forecast points reduces the impact
of individual outliers.

Paired t-tests (Table[3) confirm that differences between
foundation models and traditional baselines are statisti-
cally significant for most comparisons. Chronos outper-
forms EWMA across both contexts (p<0.001). Differ-
ences between TimesFM and Chronos are significant only
at context 32, with the two models becoming compara-
ble at context 64 as TimesFM leverages the longer history
more effectively.

Table 3: Statistical significance of key model comparisons
(paired t-test, n=24 horizons, @=0.05). AMAE is used as
the test statistic; negative values indicate Model 1 is better.

Model 1 Model 2 Context 32 Context 64

AMAE p-val AMAE p-val
TimesFM Chronos 0.42 < 0.001% -0.12 0.057
TimesFM EWMA -0.03 0.450 -0.46 < 0.001*
TimesFM Mean -0.58 < 0.001* -0.67 < 0.001*
Chronos EWMA -0.45 < 0.001* -0.33 < 0.001*
Chronos Mean -0.99 < 0.001* -0.55 0.001*
MOIRAI EWMA 0.54 < 0.001* 0.17 0.121
MOIRAI Mean -0.01 0.953 -0.04 0.794
EWMA Mean -0.54 < 0.001* -0.21 0.141

4. Conclusions

HRYV is a valuable non-invasive indicator of autonomic
function and cardiovascular health, increasingly accessi-
ble through consumer wearable devices. In this study, we
evaluated the zero-shot forecasting capability of TSFMs
on real-world wearable HRV data, benchmarking them
against traditional statistical models. Our results demon-
strate that foundation models outperform traditional base-
lines, with Chronos-bolt-base excelling at shorter contexts
and TimesFM-200m at longer contexts. Importantly, foun-
dation models maintain superior accuracy at longer fore-
cast horizons, enabling earlier prediction of adverse au-
tonomic events and providing greater lead time for clin-
ical intervention. These results suggest Chronos and
TimesFM are viable candidates for deployment in con-
sumer cardiac monitoring pipelines with domain-specific
fine-tuning, while MOIRAT’s sensitivity to data fragmen-
tation warrants further investigation. A key limitation is
that the evaluation was restricted to healthy individuals.
The primary remaining step is validation on patient cohorts
with known cardiac conditions, which this study’s baseline
performance on healthy individuals is designed to support.
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