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Abstract

Forecasting in biological systems presents different considerations and difficulties
from traditional time-series settings, most notably the high-dimensionality associ-
ated with modern biological assays. A comprehensive analysis of the performance
of modern forecasting methods on biological datasets is currently missing from the
literature, in particular one that evaluates potential gains from larger model sizes
and their increased complexity. Here, we assess 14 models spanning 4 complexity
scales (Baseline, Statistical, Neural, and LLM-based) on 5 time-series datasets. We
show that model scale and complexity does not uniformly improve performance
across biological datasets, and that in some cases, highly complex models fail to
outperform common baselines.

1 Introduction

Time series forecasting has historically been developed and applied by statisticians and econome-
tricians. In recent years, the machine learning community has made strides in developing models
that leverage increasing amounts of available longitudinal data. Forecasting problems native to
biology however do not take advantage of pre-existing models, opting instead to develop bespoke
predictive algorithms [9, [8]]. Out-of-the-box forecasting models could reduce time spent creating
highly specialized models allowing researchers to focus on understanding biological phenomena.
Evaluation of general forecasting models in biological settings has, to our knowledge, not yet been
rigorously studied: Of particular interest is the effect model size and complexity has on performance
as larger and more elaborate models become available. As such, we evaluate 4 classic baselines, 3
statistical, 6 neural, and one LLM model across 5 domains: The 4 Electric Transformer Temperature
(ETT) datasets, 3 selected Chaotic Attractors, 4 Microbiome datasets, 7 single cell Ribonucleic
Acid (scRNA) sequencing datasets, and an epidemiological dataset. See table[I]in Appendix A for
quantitative descriptions of each.

Non-biological datasets were chosen to give a baseline perspective on model performance, as the
ETT and Chaotic Attractor datasets are better understood systems than their biological counterparts.
The three biological datasets were selected for their diverse representation of biological scales and
high dimensionality. While not a complete view of biology, they provide a sample of contexts in
which forecasting models can be applied.

To give a robust assessment of model performance, we use multiple commonly used evaluation metrics,
namely: Mean Absolute Error (MAE), Mean Squared Error (MSE), Mean Absolute Percentage Error
(MAPE), and symmetric MAPE (sMAPE). While giving a qualitative description of results would help
contextualize model performance, what constitutes "good" or "bad" in biology is highly varied and
nuanced. For instance, a computational biologist may consider a small error relative to a benchmark
model sufficiently good whereas a medical doctor may require that a model be accurate enough to
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inform their diagnostic decisions. Consequently, we avoid making any qualitative claims for any
specific dataset, instead opting only to discuss models in terms of the evaluation metrics and their
performance across different datasets.

Since many datasets are non-standard we select a wide variety of models to generate as thorough an
evaluation as possible. We include four classic baselines: the Naive forecast, a Random Walk with
Drift (RWD), a Window Average, and the Historic Average. Three well established hyper-parameter
optimized statistical models: the Auto Regressive Integrated Moving Average (ARIMA), Error-Trend-
Seasonality (ETS), and Theta models. Six modern deep-learning based models: the Autoformer,
Informer, N-Beats, N-HiTs, TSMixer, and TimeMixer models [20} 22, 14} |2, 13 [19]. Along with
Time-LLM using the Gemma?2-2B as the largest model we investigate [ 11} [18]].

2 Methodology

2.1 Data collection & background

Chaotic Attractors have been proposed by Gilpin [[10] as a benchmark for forecasting since they are
well understood systems which are notoriously difficult to predict. There is also some evidence that
chemical kinetics operate as a chaotic system making them a potential surrogate for cell-signalling in
lieu of available data [[17]. While Gilpin provides dozens of options, we arbitrarily selected 3 (Aizawa,
Blasius, and Lorenz) to not remove the biological focus and better evaluate a smaller number of
chaotic systems. ETT, the other non-biological dataset, measures the load and oil temperature of two
electrical transformers at two stations from a single Chinese province [22].

scRNA seq data was originally collected to infer gene regulatory networks from single-cell transcrip-
tomics [[15)]. Experimental data included is from human and mouse cell lines, specifically human
Embryonic Stem Cells (hESC), human Hepatocyte-like cells (HEPs), mouse Embryonic Stem Cells
(mESC), mouse Dendritic Cells (mDC), and mouse Hematopoietic Stem Cells (mHSC-E, mHSC-GM,
mHSC-L) from three lineages Erythroid, Granulocyte-Monocyte, and Lymphoid like. While used in
cell-fate prediction and gene-regulatory inference, these transcriptional measures do not explicitly
include time. Instead a "pseudotime” is inferred using an ordering of cells by similarity of gene
expression computed using Slingshot [[16]. We filter the psuedotime measure to remove duplicates
and convert it to date-time for use with general forecasters.

Microbiome data were collected from 4 individuals across two publications [1} 6], both studying
the long term dynamics of microbial communities. Here each measurement represents the size of
closely related microbial populations called Operational Taxonomic Units (OTUs) and the time-series
represents a complex ecology of microorganisms.

Epidemiological data was aggregated across Chinese provinces following China’s exit from strict
zero-COVID policy for approximately three years by [21]. Measures focus on different respiratory
and cardiological ailments aggregated across seven hospitals.

2.2 Model fitting

All data was split with a 70% train, 10% validation, and 20% test ratio. Classic baselines, statistical,
and neural models were optimized and fit using the NIXTLA suite of tools [[7,[13]]. For Time-LLM
we used its original implementation. MAE was used as the loss metric for fitting and optimizing deep
learning based models except for Time-LLM which used MSE. Each dataset fit models to a short and
a long horizon to also investigate sensitivity to prediction size. All models were fit with a maximum
compute budget of 5 days on a single Nvidia A6000 GPU, except for Time-LLM which used 6
GPUs in order to fit the Gemma2-2B LLM in memory. Microbiome and scRNA data also frequently
exceeded the practical maximum number of dimensions for application of TSMixer, TimeMixer, and
Time-LLM models and as such data exceeding 524 dimensions were sub-sampled to include the
highest variance 524 features.

3 Results

A total of 2,128 trained model evaluations across each dataset, model, prediction horizon, and
evaluation metrics were recorded for both training and test data. To reduce complexity, we will focus



on test set MAE and sMAPE forecast evaluations for the longer time horizon task across all models
and datasets (Fig 1). All evaluation metrics are calculated on predictions in the data’s original scale
prior to any pre-processing done by the model. If a model predicts a scaled forecast they are un-scaled
prior to evaluation which may lead to larger reported metrics than previous publications.

Since MAE summarizes errors directly calculated from observations while sSMAPE summarizes rela-
tive errors the two metrics can, at times, be discordant. For instance, many OTUs in the microbiome
dataset exist at a level difficult to detect (ergo measured as zero) or are introduced to the microbial
ecology rather disruptively, leading to long periods of dormancy followed by high levels of activity.
This in turn can cause MAE values to accumulate errors from outliers more aggressively than SMAPE,
as the latter is bounded by being a proportion, resulting in a more pessimistic MAE assessment of
microbiome data for baseline and statistical models. A similar, but less pronounced, phenomenon is
visible within the human scRNA sequencing data.

Improved model performance for Chaotic Attractors, ETT, and COVID was associated with an
increase in model complexity while Microbiome and scRNA seq data failed to see such gains. This
lack of difference in model performance for biological datasets could stem from similar data not being
used during model development. Epidemiological data is an exception among biological datasets as
its forecasting was very recently a matter of international safety and models perform well on this task.
Alternatively the variables, exogenous or otherwise, needed to indicate the observed dynamics may
not be available to the models.
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Figure 1: Test set MAE and SsMAPE model evaluation on the longest prediction horizon task for each
dataset (Lower is better for both).

Inspecting a selection of models on the Lorenz chaotic attractor gives some insights into where these
models may be struggling in the biological contexts [12]]. Evident from Fig. 2, neural models tend
to do well within the basin of each attractor but struggle in the transition between these two modes.
Many biological systems of interest exhibit similar structural changes. The microbiome datasets have
known non-stationarities, with donorA traveling abroad introducing new microbial communities and
donorB experiencing salmonella. Such dynamics can cause rapid but temporary shifts to different
modes for each time-series.
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Figure 2: Test set prediction on Lorenz Attractor for a selection of models.
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4 Discussion

COVID was the one biological dataset to exhibit performance characteristics similar to non-biological
data. Its relatively large MAE is to be expected as respiratory diseases and related ailments measured
were during a respiratory disease pandemic in a population of roughly 1.4 billion. More interesting is
where model size and complexity failed to provide performance gains, as it could provide insights
into future research directions. Forecasting in both microbiome and scRNA data fail to outperform the
baseline models in most cases. These biological data offer a new test bed for future models to evaluate
performance on what appears to be an out-of-distribution (ood) task compared to more standard
datasets like ETT. We believe that the choice of benchmark datasets directly guide model development
(ImageNet, CIFAR-100, and Enron Datasets for example). Inclusion of more biologically relevant
time series could lead to more powerful general purpose forecasters in biology. Biological data
and foundation models also present a novel intersection, both as an ood evaluation of foundation
model performance and as diverse data sources. Complimentary to this, quantification of exogenous
variables impact on performance in these biological forecasters could lead to novel discoveries of
upstream dependencies of the systems’ dynamics.

While foundation models offer an exciting research avenue, their potential for inadvertent data leakage
given the large amount of training data raises some concern, especially in biological and medical
applications. For instance, Time-LLM performance shows an improvement using the Gemma2-2B
LLM. However, from these results alone we cannot conclusively attribute this gain to genuine model
improvements from the LLamal-7B and GPT2 models as Gemma2-2B may have memorized ETT
data (they were published prior to Gemma2-2B’s publication). Extending this to biological and
healthcare contexts, the potential for data leakage could falsely indicate improved understanding of
biological principles or overestimate the performance of clinical predictors.

A noticeable omission from our biological datasets is cell signalling data, a prominent domain of study
involving molecular interactions which facilitate cell-to-cell communication and gene regulation. This
is due to the way in which cell-signalling data is collected, predomi-tly by flow or mass cytometry.
The latter being a destructive measure of the cell making it difficult to track through time. Regardless
of whether cell viability is maintained, measurements are often collected in a non-uniform manner as
early dynamics tend to be more relevant to the specific phenomena being studied.

As biological assays continue to improve and decrease in cost, a proactive approach to high-
dimensional model development would facilitate rapid application to biological domains with the
potential for impactful results in both biology and healthcare. One technique of particular interest is
LiveSEQ, it measures single cell transcription of genes while preserving their viability allowing for
repeated measurements [5]. Models that can capture the whole genome (approximately 20 thousand
genes) to facilitate a systems-level perspective of biology are of particular interest. Many biological
systems presented here have classically been studied using extensions of basic dynamical systems,
such as the Lotka-Voltaire predator prey model applied to microbial ecology. Application of Neural
ODEs either as a standalone forecasting model or a component in a foundation time-series model
may alleviate some of the issues native to biological data discussed here [4].
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A Appendix

A.1 Data availability

All  data and scripts for reproduction of results can be found @ at
https://figshare.com/s/34a486f130bb8c4aee2b,

A.2 Supplemental tables

Dataset Dimension Total Trajectory Length Long Horizon = Short Horizon = Frequency
All Dynamical Systems 3 2000 64 32 Second
ETTh1/ETTh2 7 14400 192 96 Hour
ETTm1/ETTm2 7 57600 192 96 15 Min
COVID 36 955 30 14 Day
Microbiome - donorA 524 (1570) 365 8 4 Day
Microbiome - donorB 524 (1525) 253 8 4 Day
Microbiome - female 524 (552) 185 8 4 Day
Microbiome - male 524 (1254) 443 8 4 Day
scRNA - hESC 524 (17745) 758 16 8 Second
scRNA - hHep 524 (11515) 425 16 8 Second
scRNA - mDC 524 (7371) 383 16 8 Second
scRNA - mESC 524 (18385) 421 16 8 Second
scRNA - mHSC-L 524 (4762) 847 16 8 Second
scRNA -mHSC-E 524 (4762) 1071 16 8 Second
scRNA -mHSC-GM 524 (4762) 889 16 8 Second

Table 1: Summary of datasets used for this work, note that when subsampling was done actual
dimensionality is shown in parenthesis.
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