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Analysis of experiments with high
frequency time series responses
and the implications for power and
sample size
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Given more accessible non-invasive measuring devices, experimental response can now be observed

as high-dimensional and high-frequency time series. Amidst the complex dependence structure in

the data analysis, sample size determination and power analysis remain to be the key thematic focus
of statistical inference. The issue is confounded with the complexity of time lag structure and phase
shift usually observed in a non-uniform but normal process typically present in medical imaging

data. To address these issues in case-control studies, responses can be analyzed to obtain evidence

of group differences through time series clustering based on dynamic time warping. The warping of
multiple time series provides a flexible distance measure robust to time point concurrence. Time series
clustering partitions experimental units into groups, enabling the computation of distances to measure
effect size through sum of squares of pairwise distances in warped time series.Time series clustering
provides an alternative to analysis of variance when experimental responses are high-frequency time
series data. Kernel regression is formulated to link sample size, effect size, power of the test, and level
of significance accounting for the structure of the data generating process of the time series responses.
This provides a strategy for clinicians to optimize the power of the test that can be achieved with a
minimal sample size for this experimental setup. Time series clustering method is able to differentiate
case and control groups in the simulated data and in the ADHD-200 fMRI dataset. The distance
measured between two or more groups of time series can be used to determine sample size for a target
power.

Keywords Multiple time series, Time series clustering, Dynamic time warping, Power analysis, Functional
magnetic resonance imaging

Brain functionality is driven by acomplex symphony of neural activity, with its spatially distributed, yet functionally
interconnected regions continuously sharing information through efficient networks'. Understanding and
measuring these brain dynamics has advanced significantly in recent decades, as the landscape of experimental
psychology and neuroscience research has been transformed by modern high-frequency measurement
devices. Various forms of advanced brain imaging technologies and wearable biosensors have become valuable
instruments for collecting continuous physiological data. Within this technological array, functional magnetic
resonance imaging (fMRI) has revolutionized our understanding of brain function by non-invasively mapping
neural activity without contrast agents?, serving multiple crucial objectives from localizing activated brain
regions during specific tasks to determining distributed functional networks®>. Among many fMRI experimental
paradigms, resting state f/MRI (rs-fMRI) has emerged a powerful tool for advancing precision medicine?, offering
unprecedented insights into disrupted brain networks underlying neuropsychiatric disorders without requiring
patients to perform any experimental tasks®. Capitalizing on this potential, researchers have systematically
employed rs-fMRI in case-control studies to compare brain function between patients and healthy controls
across various psychiatric disorders classified in diagnostic manuals such as DSM-5 and ICD-11°. However,
translating these advances into clinical practice requires careful consideration of the balance between high
cost of imaging and the need for adequate sample sizes to ensure both precise results and cost-efficient data
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collection’. Addressing this critical methodological challenge, this study develops a novel approach for sample
size calculation and power analysis for distance-based multivariate fMRI time series, focusing specifically on
group-level time series characteristics in case-control rs-fMRI studies.

Despite these neuroimaging technological advances, recent analyses have revealed methodological problems
that are particularly evident in studies of disorders such as Attention-Deficit/Hyperactivity Disorder (ADHD).
Classification accuracy in these studies show alarming variability, ranging from chance-level to near-perfect
predictions®. A comprehensive review of 69 ADHD neuroimaging studies by® revealed that this inconsistency
stems from methodological issues. In particular, they found a negative correlation between accuracy and sample
size, suggesting that smaller samples may introduce bias and artificially inflate reported accuracies. Their analysis
concluded that the remarkably high classification accuracies reported in some ADHD neuroimaging studies
likely result from both circular analysis and inadequate sample sizes. Thus, while neuroimaging techniques have
grown increasingly sophisticated, the fundamental yet crucial aspect of determining appropriate sample sizes
remains inadequately addressed.

On the other hand, power calculations are often underrepresented and underutilized, despite their critical
importance in determining the appropriate sample size to detect hypothesized effects'’. No standardized best
practices for power analysis in fMRI studies have emerged!!. The conventional method for calculating sample
size, based on linear models, is still widely used despite its limitations in reproducibility and reusability. These
methods are sensitive to the high dimensionality of neuroimaging data and are often limited to specific study
designs'!. As a result, these methods cannot easily be applied to related studies, even when there are minor
changes in the phenotype or the subject inclusion criteria.

The convergence of these challenges makes it imperative to develop more robust methodologies for sample
size determination and power analysis. The field urgently needs more sophisticated approaches that can properly
account for both the temporal and spatial complexities of fMRI data while optimizing resource utilization.
Without proper methods to account for these various sources of variance in sample size calculations, researchers
risk either conducting underpowered studies that fail to detect true effects or overestimating required sample
sizes, leading to wasteful resource allocation. This methodological crisis is further exacerbated by the increasing
complexity of research designs and the growing demand for reliable biomarkers in clinical practice.

The contributions of our work are threefold. First, we introduce a novel framework for sample size calculation
specifically designed for testing the distances (or discrepancies) between multivariate fMRI time series using
dynamic time warping (DTW). This framework aims to equip clinicians and researchers with practical tools to
determine appropriate sample sizes for experiments with multivariate time series responses, ensuring sufficient
statistical power. Our proposed statistical test based on DTW distances effectively addresses challenges such
as temporal misalignment, variable sequence lengths, and non-linear distortions in the data. This approach
is particularly valuable in clinical research, where non-linear methods such as DTW can uncover functional
connectivity patterns related to behavior and symptomatology'2. Second, we explore the properties of DTW
distance-based tests, evaluating their power, Type I error rate, and robustness against noise and variability in
fMRI time series data. Our analysis includes a detailed examination of the assumptions and limitations of DTW
in various time series structures. Third, we derive theoretical formulas for calculating sample sizes based on
different levels of statistical power and significance thresholds. These formulas incorporate key factors such as
expected DTW distances, variance, and dependence both within a time series and between components of the
multivariate time series. Our method offers a flexible and generalizable approach to sample size calculation that
can be adapted to similar studies, reducing implementation complexity and cost while improving efficiency and
reusability. Ultimately, our goal is to provide a robust method for determining the required sample size in real-
world applications.

Our work has significant implications for the neuroimaging community. The proposed framework
enables more efficient resource allocation while maintaining statistical rigor, particularly valuable for clinical
applications where accurate detection of group differences is crucial for diagnostic and treatment purposes.
From a methodological perspective, our work establishes a foundation for future developments in the analysis
of high-dimensional and high-frequency time series data, demonstrating how traditional statistical concepts
can be extended to address contemporary challenges in complex data analysis. This approach may serve as a
template for developing similar methods in other fields where high-dimensional time series data are prevalent.
Ultimately, these advancements contribute to the broader goal of enhancing our understanding of brain function
and dysfunction through more robust and well-designed neuroimaging research, bringing us closer to the
realization of precision medicine in neurological and psychiatric care.

There are some limitations on the kind of high-frequency time series the clustering method will be useful.
DTW assumes that some patterns (e.g., dependence structure like autoregression) are contained in the data. If the
time series is a white noise or possesses a complex form of nonlinearity like those in threshold autoregression, it
will be challenging for DTW to measure cluster distances. However, the distance measure proposed to quantify
the treatment effect will still work even with conditional heteroskedasticity present. Furthermore, the method
will not work if the time series is count since the measure of cluster distances might be at the boundaries, either
it is very large or nearly zero. Thus, it is imperative to consider the real-world application and the features of
the real dataset when deciding to apply the method. For instance, there are research findings that the clustering
algorithm has less influence than the distance measure on some classification problems'* and that when the
complexity of the time series structure significantly distinguishes one from another, other distance methods such
as the Complexity Invariance Distance (CID) maybe more effective!* .

The rest of the paper is organized as follows. In section “Dynamic time warping (DTW)’, we discuss existing
methods in time series clustering. The details of the proposed sample size calculation are presented in section
“Methodology”. We evaluate the performance of the proposed method through simulation studies and real-
world datasets, demonstrating the accuracy and practicality of the method in various fields in section “Results
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and discussion”. Finally, we summarize our contributions including our key findings, limitations, and future
directions in section “Conclusions and future research”.

Existing methods in time series clustering
Although advanced high-frequency measurement equipment provides detailed insights into physiological
and behavioral patterns, it also presents analytical challenges when working with multiple participants and
measurement types. Time series clustering offers a powerful solution by grouping similar temporal patterns
and identifying underlying structures that may reflect disorder-specific characteristics'. This approach not
only helps to understand the synchrony and similarity across multiple time series but also uncovers underlying
patterns that can be leveraged for pattern discovery, information retrieval, and outlier detection'®, thus providing
a systematic approach to detect meaningful differences between cases and controls.

Outside the neuroimaging field, more complex forms of multiple high-frequency time series are considered.
As an example, cyclostationary (processes that are not necessarily periodic but vary periodically over time)'” is
assumed in clustering spectral densities'®. A fuzzy clustering method was also proposed!®, assuming that the
time series is a fractional Brownian motion.

Dynamic time warping (DTW)

Central to the effectiveness of time series clustering is the quantification of similarity between temporal
patterns. The choice of similarity metric can significantly impact the performance of clustering algorithms. For
two time series x, y taking values in a feature space F, comparing x,y € F requires a local distance measure
D(x,y) : F x F — R*. This measure D(x,y) assigns small values to similar sequence elements and large
values to dissimilar ones. One of the most popular metrics is the Minkowski distance of order p?°, defined as

N 1/p
Dy(x,y) = Ilx=ylp = [ D |z —wl”]

=1

forinputx,y € F = RY andp € Z.In particular, when p = 1, it is called Manhattan distance, and when p = 2
, it is the Euclidean distance. Another popular measure is the Mahalanobis distance, which can be viewed as the
scaled Euclidean distance, and is defined as D(x,y) = ((x —y) =7 ! (x — y))/2, where & € RV*V js the
covariance matrix.

Although these geometrically intuitive distance measures provide a foundation for quantifying similarity
between time series, they show significant limitations when utilized on multivariate time series that exhibit
phase perturbations (such as phase shifts and time warps), thus necessitating more sophisticated approaches
for temporal pattern analysis. This limitation is particularly evident in sequence data analysis, where both
Minkowski and Mahalanobis distances fail to capture true temporal similarities between signals. Dynamic
Time Warping (DTW)?!-2 resolves these challenges. Unlike conventional distance measures, DTW is invariant
to temporal distortions, including time-axis shifting, scaling, and Doppler effects. This robustness to signal
warping has established DTW as an optimal metric for pattern matching applications?*. Consider, for example,
two signals recorded at different sampling rates, where one signal essentially represents a compressed version of
the other. In this scenario, traditional Euclidean distance calculations would indicate substantial dissimilarity,
providing misleading results. In contrast, DTW recognizes the inherent relationship between these signals by
accommodating temporal scaling, resulting in a very small distance between them. More importantly, a key
feature of DTW is that it not only measures sequence similarity, but also maps out how patterns “align” in time,
with this alignment information often proving more valuable than the distance measure itself?>. Moreover, DTW
serves as an effective feature extraction tool, enabling the identification of predefined patterns within temporal
data. This capability has proven particularly valuable in classification tasks, where researchers have successfully
leveraged DTW-based pattern recognition to categorize temporal data into meaningful groups?.

To formally define the DTW framework, consider two time series with lengths M, N € N denoted by
x = (z1,22,...,2n) and v = (y1,Y2,...,ynm). These sequences can represent either discrete values or
vertices of continuous curves, with the fundamental requirement being uniform temporal sampling. Although
non-uniform sampling scenarios do arise in practice, they can be effectively handled through appropriate
resampling techniques. At its foundation, DTW employs a local cost matrix that captures the fundamental
relationships between sequence elements. This matrix, denoted as C € RN %™ comprises all pairwise distances
between elements of the input sequences x and y. Each matrix element is computed as c(z;, y;) = ||zi — y;lp
fori € [N] and j € [M], where [N] ={1,2,...,N}, [M] ={1,2,..., M}, and the norm ||z; — y;||, can
be chosen as any p-norm (typically with p = 1,2, or co) depending on the application requirements?’. Using
this matrix, the algorithm identifies an optimal alignment path that traverses through the low-cost regions,
establishing correspondences between elements while preserving temporal relationships.

Thealignment path in DTW, formally called the warping path, is defined asa sequence w = (w1, wo, . .., Wk)
, where each element wy = (ng,my) represents a mapping between points in the two sequences such
that wy € [N] x [M] for all k € [K], max{N,M} < K < M+ N — 1. Also, let Ny = {ng}r_; and

w = {mr}r—1. This path must satisfy three fundamental constraints that ensure meaningful temporal
alignment®®. First, the boundary condition requires that w1 = (1,1) and wx = (N, M), ensuring complete
sequence coverage. Second, the monotonicity condition preserves temporal ordering through the requirements
l=n1<n2<---<ng=Nand 1 =m; <my <--- <mg = M. Third, the continuity or step size
condition prevents excessive temporal distortion by requiring that wi41 — wi € {(1,1),(1,0), (0,1)}. The
quality of a warping path w is quantified through a cost function that aggregates the local costs along the path,
defined as
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Theoretically, obtaining the optimal warping path w* require testing all possible paths that minimizes the total
warping cost, Cw+ (X, y) = miny {CW(X, y),w € PVx M} where PV *M represents the set of all valid warping

paths satisfying the conditions in?®. This could be computationally challenging due to the exponential growth of
the number of optimal paths as M and N grow linearly?. Instead, DTW employs Dynamic Programming (DP)
to efficiently compute the optimal alignment?. The algorithm constructs an accumulated cost matrix and the
optimal warping path can be found by using the recursive formula given by

Dyxy) = Cur(y) = D D dyl@iyy), M

PEN x JEM ox

where dp(zi,y;) = ||z — yjllp + min{d(xi—1,y;-1),d(zs,yj—1),d(xi—1,y;)} is the cumulative distance
with initialization conditions

dy(@1,y5) anl—ykup and dy(wi,y1) an—ylup

k=1

for the first row and first column, respectively. This approach reduces the computational complexity to O(M N)
.If M = N, this simplifies to O(NQ)

The DTW distance measure satisfies the basic properties of a distance function defined in*’. Given that a and
b are vectors, the DTW distance measure conforms with non-negativity property (D(a,b) > 0), definiteness
property (D(a,b) = 0 < a = b), symmetry property (D(a,b) = D(b,a)), and triangle inequality property
(D(a,c) < D(a,b) + D(b,c)).

The proposed method will use DTW which has been demonstrated to excel at calculating distances
between time series data while handling phase shifts and time lag differences. There are some challenges that
we will address. Its computational complexity poses significant challenges due to the sequential nature of
dynamic programming which limits parallelization opportunities. Although researchers have explored various
optimization approaches including lower bounds techniques®!, DP parallelization®?, and GPU acceleration®?,
the complexity remains partlcularly challengmg for higher-dimensional applications. Notably, two-dimensional
DTW for image matching can reach O(N®) complexity, making it impractical for large datasets. To address
these limitations, MiniDTW was proposed by'® as an efficient alternative that summarizes time series data
into natural-shaped seed clusters using norm distance, which are then merged through a Sparse Symmetric
Non-negative Matrix Factorization (SSNMF) algorithm that factorizes the cluster centers’ distance matrix.
This approach demonstrated remarkable efficiency improvements, avoiding 97.90% of DTW computations
and achieving a speed that is 10 times faster than the TADPole baseline method, which only reduced DTW
utilization by 75.73%!1°.

Partition around medoids (PAM)
Our proposed framework utilizes the Partition Around Medoids (PAM) which offers distinct advantages
for time series clustering compared to traditional centroid-based methods. Unlike algorithms that compute
centroids as abstract points in multidimensional space, PAM selects actual data points (medoids) as cluster
centers. This ensures that cluster centers are always valid time series from the dataset, making them interpretable
and robust to outliers or data near the boundaries®>*¢. The PAM algorithm addresses the clustering optimization
problem through an iterative process that minimizes within-cluster dissimilarity. This dissimilarity is quantified
by calculating the sum of distances between each observation and its assigned medoid, utilizing DTW as the
distance metric. Although PAM is considered as computationally more intensive than K-means, especially
for large datasets®®, the optimization procedure follows the efficient implementation developed by*’, which
significantly reduces computational complexity compared to traditional PAM implementations.

To initialize the algorithm, M samples are randomly selected from the complete dataset
Z = (z1,22,...,2n5)" € RV*T These M samples serve as the initial medoids. Let m € {1,2,..., M} = [M]
represent the med01d index. The set of medoids Q comprises individual medoids q,, € R'* where each medoid
is a time series vector of length T. The set Q is formally defined as Q = (q;,qs,-..,9q ) € RMXT 7 This
notation emphasizes that medoids are always actual time series sequences drawn from the original dataset Z
. Meanwhile, define D as the N x N DTW distance matrix between all pairs of time series in Z. The iterative
optimization procedure then proceeds as follows.

1. Using D, associate the non-medoid samples from the set (Z — Q) into the closest medoid q,,, € Q when
min D(zy, q,,), Zn 7 Q,, is satisfied, n € [N],m € [M].

2. Let P,, be the set containing the mth medoid and the associated samples to it i.e., Zn # q,,,,2n,q,, € Pm
Calculate the total distance cost
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3. Perform the swap as follows:

(a) Ineach P, randomly select a sample z,, € P, to be the new temporary medoid q;,,. This temporarily
updates the medoids and the set of medoids q;,, € Q*.
(b) Using D, associate the non-medoid samples from the set (Z — Q™) into the closest medoid ¢, € Q*

when min D(z,, q),), zn # qJ, is satisfied.
m

n,
(c) Let P}, be the temporary set containing the new mth medoid and the associated samples to it i.e.,

Zn # q:n7z7’baq:n € P:n
(d) Calculate the temporary total distance cost as

M

=31 > Dld)

m=1 Zn A €P,

(e) Compare the total distance cost C and the temporary cost C"*.

(i) If C > C™*, assign the following variables and repeat the swap steps:
(A)q,, ==q,, Vm.

B)Q :=Q".
(C) P,y :=P%, ¥V m.
(D) C = C*.

(ii) Else, undo the swap i.e., the values of q,,,, Q, P, C stay as is and repeat the swap steps. The algorithm con-
verges when membership of P, stabilizes or after an arbitrary maximum iteration specified by the analyst is
reached.

While medoids and centroids both represent cluster centers, they differ fundamentally in their construction:
medoids are actual observations selected from within the cluster, whereas centroids are abstract points computed
as the geometric center of the cluster. The PAM algorithm iteratively optimizes cluster assignments by selecting
M medoids and associating samples to them based on DTW distances. The optimization objective is to minimize
the total distance C, defined as the sum of distances between each observation and its assigned medoid. This total
distance C serves as a quantitative measure of clustering quality. During each iteration, the algorithm performs
swap steps to refine both medoid selection and cluster memberships, aiming to reduce the total distance C.
When a medoid q,,, is replaced, the cluster memberships in P, are automatically reevaluated since samples z,
may become closer (in terms of DTW distance) to different medoids, necessitating reassignment. The algorithm
generates several essential outputs for the dataset Z: the metadata of Z, the final selected medoids q,,,, cluster
assignments for each sample z,, and the complete DTW distance matrix D. These outputs collectively provide
an extensive representation of the clustering solution and its underlying distance structure.

Methodology

This study presents a methodological framework for analyzing time series responses in case-control experiments,
the methods is then illustrated using the ADHD-200 fMRI data. In neuroimaging studies, multivarate time
series (e.g., fMRI) may be recorded multiple times (across multiple trials). Given the high-dimensional nature of
multiple time series data, we implement a pre-processing algorithm prior to clustering. The between-cluster time
series distances are then computed to quantify effect sizes, which inform subsequent power analyses. While our
primary focus is the analysis of multivariate time series responses in case-control experiments, we extend our
framework to include power analysis for sample size (number of participants) determination. This is particularly
valuable when cases are relatively rare or experimental conditions are difficult to control, making optimal sample
size planning crucial for detecting meaningful differences (effect size) between groups.

Analysis of experiments with time series responses

A typical experimental data often employ analysis of variance (ANOVA) to analyze treatment effects through
comparison of group means and variances. However, when working with high-frequency, high-dimensional
time series responses, we require a parallel analytical framework that preserves the temporal structure of the
data while maintaining the fundamental goal of detecting and quantifying treatment effects. The responses in
our framework consist of multiple high-frequency time series, where each observation represents a trajectory
through time rather than a single point measurement.

To formulate this framework mathematically, suppose there are G groups, the dataset is represented as N x T’
matrix X = (X1, Xa,...,Xg) ", where Xy = (Xg1,%Xg2,...,Xg,n,)  isthe Ng x T matrix of observations in
the gth group, and Xgn = (Tgn(t1), Tgn(t2), ..., Tgn(tr)) is the 1 X T vector of time series measurements
from the nth subject in the gth group, with g € {1,2,...,G} = [G] and n € {1,2,..., Ny} = [Ng]. This
structure indicates that the data X, from N subjects, can be partitioned into G hypothesized groups, each subject
has T time points of measurements (response). This representation allows us to maintain parallel representation
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with the group-wise comparisons in ANOVA while accommodating the temporal nature of our data. In a typical
experimental setup, responses within each treatment group are assumed to come from similar distributions.
For time series responses, subjects belonging to the same treatment groups are expected to exhibit comparable
temporal dependencies, characterized by features such as autocorrelation functions, cross-correlations,
periodograms, and coherence.

The analytical framework begins with data pre-processing, analyst needs to determine how to manage
multiple time series per subject or gro up. The complexity of this decision is well illustrated in fMRI studies,
where each subject generates at least 10” Blood Oxygen Level Dependent (BOLD) time series measurements.
These BOLD measurements, initially available at the voxel level, can be aggregated at various scales: region,
network, hemisphere, or even at the whole-subject level. The selection of an appropriate aggregation level is
driven by the objectives of the study, specifically the scale at which treatment effects would be most informative
for the experiment. To manage complexity and enhance signal detection, each subject is typically represented by
a single summarized vector of time series measurements. This aggregation step is crucial, as the absence of such
dimensionality reduction could lead to high-dimensional time series responses that can potentially mask the
treatment effects the experimenter aims to observe. Additionally, standard pre-processing steps such as outlier
detection, handling missing values, spatial and temporal alignment are performed to ensure data quality and
compatibility for subsequent analysis steps. Note further that too much aggregation could lead in missing out
valuable signals present in the multiple time series.

Following  pre-processing, the second step is distance computation and similarity
assessment. In a typical experimental data, this reduces to computation of group
means and variances. The N X7 matrix X = (X1,Xo,... ,XG)T can be expressed as
(X11y ey X1, Nyse ey XG1y-- - ,XG’NG)T = (21, ZNys s ZNg_14+1,- - - ,2n)| =7, where Z represents
the concatenation of the observations in Xi, Xz, until Xg and N = N; + N2 + - - - + Ng. Dynamic Time
Warping (DTW) distances are then computed between all pairs of time series in Z, resultinginan N x N distance
matrix D. By construction, D is symmetric with zero diagonal elements D(z;,2;) = Dy = 0, i.e., distance of
a time series with itself is zero. The non-negative elements of D are in fact Euclidean distances between data
points in one-dimension, D(z,z;) = Dy = ||z — zi]|2, where k, [ € [N]. These pairwise distances quantify
both between-group and within-group variations in temporal patterns, providing a foundation for subsequent
analysis steps. Our method leverages on a key advantage of DTW which is its ability to handle time series of
varying lengths, though its computational complexity necessitates optimized implementation as the size of Z
increases further.

The third step implements time series clustering for group identification, applying Partition Around Medoids
(PAM) clustering while leveraging on a priori knowledge of number of groups G. For the case where G = 2,
we employ the previously computed DTW distance matrix D within a hypothesis testing framework based on
the Welch t-statistic developed by®. This approach innovatively reformulates group comparisons in terms of
aggregated pairwise differences across all time points of the series. The Welch #-statistic is given by

N1 N1 N N1+N2 Ni+N2 2
T2, — Zk 1Zk<l Dkl N1 k=1 k<lD Ny k=Nj+1 Lak<l Dia 2
w= N1N2 Z 1 p2 oy NiN2 ZN1+N2 N1+N2 D2 : 2)
NZ(N1-1) k<l kl N2(N2 1) k=Ni+1 k<l

where N1 and N- represent the sample sizes of each group, and Dy; represents the DTW distance between time
series from subjects k and I. The numerator captures the overall variability in the combined sample relative to
within-group variations, while the denominator accounts for the uncertainty in these estimates, equivalent to
the partial sum of squares ratio in ANOVA. While this is formulated for two groups, the framework naturally
generalizes to multiple groups, G > 2, allowing for the analysis of more complex experimental designs parallel to
the traditional ANOVA approaches. The DTW distances and the resulting Welch ¢-statistic serve as quantitative
measures for evaluating clustering quality (i.e., similarity with and differences between clusters) and estimating
effect sizes needed for power calculations. For example, in the fMRI dataset, these measures help assess the
separation between control and ADHD groups while also providing the numerical basis for determining
required sample sizes in future neuroimaging studies for similar subjects.

The fourth step is to optimize the output of clustering algorithm, focusing on the selection of optimal cluster
configurations to minimize the effect of the choice of initial medoids. This step includes validation of cluster
stability and robustness, as well as the assessment of cluster separation as a measure of treatment effect. The
optimization process is important as it directly impacts the quality of subsequent power analysis. Finally, the
fifth step is power analysis and sample size determination, where traditional power analysis is modified to adapt
specifically for the time series data. Adaptation process utilizes cluster distances as effect size measures and
develops simulation-based power estimation procedures, providing researchers with practical guidance for
future study design.

To demonstrate the practical implementation of this methodology, we utilize the ADHD-200 fMRI dataset™®.
This neuroimaging dataset exemplifies the challenges of analyzing high-dimensional, high-frequency time series
in case-control studies. The pre-processing step addresses the substantial dimensionality of fMRI data, where
the BOLD time series measurements from each subject must be appropriately aggregated, e.g., across different
voxels. Following aggregation, the DTW distances are computed between the temporal patterns of brain activity
between subjects, capturing the complex neurological dynamics that distinguish ADHD from control groups.
The PAM clustering algorithm then leverages these DTW distances to identify distinct patterns in brain activity,
while the Welch t-statistic framework quantifies the significance of these group differences. The methodology
culminates in power calculations that translate observed effect sizes into practical guidelines for sample size
determination in future neuroimaging studies.
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This methodological framework extends traditional ANOVA concepts to accommodate the complex nature
of modern experimental data, where responses are captured as high-dimensional (in space), high-frequency
time series rather than single measurements. By carefully preserving temporal dependencies while maintaining
statistical rigor, the approach enables robust detection of treatment effects in diverse applications, from
neuroimaging studies to other fields generating rich temporal data. The ability of this framework to handle such
complex data structures, while providing clear guidance for future experimental design through power analysis,
makes it particularly valuable for contemporary case-control studies where traditional analysis methods may be
insufficient.

Selection of time series clustering outcome
The PAM clustering results based on the DTW distance matrix can vary depending on the initial selection of
medoids. Since the iterative clustering process uses DTW to determine medoids, the final clusters are influenced
by which time series are initially grouped together. To assess the stability of these clusters and the reliability of the
cluster distances (which represent the treatment effect), we perform the clustering process multiple times on each
time series dataset Z. Although the algorithm typically converges in fewer than 12 iterations, the computational
time remains challenging. However, these multiple clustering replications help establish consistency in the
resulting clusters, particularly in the composition of P, across replicates. Selection of the optimal clustering
replicate is crucial, as it enables more reliable sample size calculations in the subsequent power analysis since the
effect of initialization in clustering has been mitigated.

The algorithm consists of two parts. The first part processes each replicate from the time series clustering of
dataset Z, with the following steps:

1. Let Ny, be the count of samples z,, # q,,, and medoid q,,, in the mth cluster P,,.
2. Calculate the average DTW distance of the mth medoid to the associated samples z,, of the mth cluster P,
and the sum of average distances within clusters given by

M
D, — ﬁ > Y D@na,). MD=Y D, 3)
m VZn A EPm m=1

3. Obtain the sum of distances between all pairs of medoids given by

M M
Z Z D(q,,, Q= )- (4)

m=1m*=1

The second part of the algorithm focuses on analyzing the aggregated results to determine the optimal clustering
outcome, proceeding with these steps:

1. Eliminate result of replicates that satisfies {3 m € [M] | D, = 0}.
2. Calculate the selection criteria value given by

MM M
T:a—z Z D(qm,qm*)—kzﬁm. (5)
m=1m*=1 m=1

3. Define the rank of the selection criteria value in ascending order as Rank(7).
4. Choose the result of replicate with the lowest value of 7. i.e., the lowest Rank(7).

The tuning parameter a € R was incorporated into Eq. (5) to establish a threshold for determining the optimal
clustering replicate. In our empirical studies, we set a = 1000. Thus, the selection criteria value 7 balances two
equally important components. The first component measures the tightness of the clustered samples are around
their representative centers (medoids) by summing the average distances within each cluster as shown in (3).
The second component measures the separation between the clusters by calculating the distance between their
representative centers in (4). Since both components use the same type of distance measure (DTW), they are
naturally comparable without any need for scaling or rank-based combinations. Thus, one advantage of our
proposed method is the direct comparability which allows for a straightforward assessment of clustering quality
that considers both within-cluster compactness between-clusters separation. Moreover, in low-dimensional
cases, this can be visualized as forming clusters where members are close to each other while maintaining
maximum separation between units that belong to different clusters.

An important constraint in selecting the optimal clustering outcome is that no cluster should contain only
its medoid. When D,,, = 0, it indicates that cluster P,,, contains only one member, the medoid q,,,. While such
singleton clusters might occasionally be justified by the data structure, they can artificially lower the sum of the
average distances within clusters in (3), leading to potentially misleading optimization results. Therefore, each
cluster m must contain at least two samples. To illustrate this concept, consider the clustering result in Table 1
where we consider the case when M = 2. It shows the comparison of using outright ranking compared to that
of the selection criteria value. This was implemented on simulated dataset with N = 12 and T" = 100.
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Replicate D, 4 D, R; |D(d1,92) |R2 |R1+ Rz |+ (=R
3 124.0 2 80.6 1 3 1043.4 | 2
11 112.0 1 79.2 2 3 1032.8

—

Table 1. Illustration of optimized time series cluster rankings: within-cluster and between-cluster distance
metrics (lower ranks indicate better performance).

Method | Assignment Description

Method 1 | Random The samples are allocated randomly and equally into G groups

Method 2 | Model-based The samples are systematically allocated into G groups based on the model to which the sample was generated from
Method 3 | Clustering Based | The samples are allocated to the groups based on the result of the aggregated time series clustering using DTW

Table 2. Comparison of subject allocation methods for statistical power determination.

When comparing replicates using simple rank-based methods (R: and R3), two different clustering outcomes
might receive the same overall ranking because each has distributed advantage in different criteria. However, this
ranking method fails to capture the actual magnitude of their advantages. This limitation led to developing a
more nuanced criteria value 7 that better aligns with our definition of optimal clustering. The arbitrary value of
a € R was included in the equation so that both terms are on the same direction such that the lower combined
value, the better. This supports the selection process by picking the result with the least value of 7 because this is
the optimal clustering replicate.

Furthermore, calculating 7 across replicates may yield identical values, indicating that these replicates have
produced exactly the same clusters, i.e., the same representative centers (medoids) and identical groupings of
samples. This duplicate clustering outcome occurs more frequently in two cases: when analyzing smaller datasets
and when working with data generated from heterogeneous processes, as observed in our empirical studies. In
cases where multiple clustering results share the lowest 7 value, any of these equivalent solutions can be chosen
and as a convention, the first replicate from the list is selected.

Sample size and power

Sample size determination represents a critical foundation of robust experimental design, requiring careful
consideration of statistical power. Conventionally set at 80%, this power is influenced by a complex interplay
of factors including sample size, absolute group difference magnitude, intrinsic measurement variability, and
the nominal level of significance a*’. Our investigation focuses on high-dimensional time series data that
extends beyond traditional fMRI BOLD measurements to include diverse high-frequency signals acquired
through advanced neuroimaging techniques and wearable sensor technologies. We propose that the DTW
clustering algorithm, when applied to these temporal response patterns, can effectively reveal meaningful group
distinctions. This approach operates on the fundamental premise that observed pattern variations reflect actual
treatment effects rather than random fluctuations — particularly in neurological contexts where signal patterns
correspond to functional brain responses. The strength of between-group differences can be rigorously quantified
by calculating distance metrics between time series clusters derived from different experimental conditions. This
quantification provides an empirical foundation for subsequent statistical analyses and interpretation of results.

Our methodological framework for determining optimal sample size comprises two sequential phases:
initially, participants are categorized into G distinct groups using one of several grouping approaches;
subsequently, sample size requirements are calculated based on the measured magnitude of between and
within group differences, while adhering to predetermined Type I («) and Type II () error thresholds. We
evaluate three distinct grouping methodologies (detailed in Table 2), with particular emphasis on Dynamic
Time Warping (DTW) for time series clustering. This technique offers valuable perspectives on how different
participant grouping strategies influence power analysis outcomes. To establish methodological validity, we
compare our DTW-based clustering approach against conventional random assignment and traditional model-
based classification methods, which serve as comparative benchmarks.

In Method 1, participants were systematically allocated into G equal-sized groups using a pure randomization
approach. This methodological procedure guarantees that each subject maintains an identical probability of
assighment to any experimental group, effectively eliminating potential selection bias while establishing
statistically independent groupings. The random allocation serves as a foundational baseline condition that
preserves both group size equivalence and the inherent stochastic properties essential for robust statistical
inference and comparison. This random assignment method was deliberately incorporated into our empirical
evaluation framework because it provides critical insights into power analysis dynamics under conditions where
no a priori grouping structure exists among the samples. This approach is particularly valuable in exploratory
contexts where underlying grouping mechanisms remain undefined or when researchers need to establish a
reference distribution against which other allocation strategies can be meaningfully compared.

On the other hand, the model-based assignment method employed a structured allocation approach,
systematically taking the | N/G | samples and associating them into G — 1 distinct groups while allocating the
remaining samples to Group G. Unlike random assignment, this method leverages a priori knowledge of the
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underlying data generation models, thereby creating groups that reflect theoretical constructs or experimental
conditions. This approach is particularly valuable when investigating phenomena with well-established
taxonomies or when evaluating the sensitivity of statistical power calculations to structured group differences.

Lastly, the clustering-based assignment method represents a data-driven approach that dynamically forms
groups based on inherent patterns within the time series data. Specifically, this method employs DTW as a
distance metric to quantify similarities between temporal patterns following an aggregation procedure. By
identifying natural clusters in the multidimensional time series space, this approach transcends predetermined
categorizations and instead reveals emergent groupings based on functional or behavioral similarities. The
DTW algorithm accommodates temporal shifts and varying progression rates, making it ideally suited for
neurophysiological and behavioral time series that often exhibit complex alignment challenges. This method
offers particular advantages when investigating heterogeneous populations where subgroup characteristics may
not be apparent through conventional clustering approaches.

Starting with the N x T matrix Z = (z1,...,zn) ', we compute DTW distances between all pairs of time
series in Z, yielding an N x N distance matrix D with elements:

D(z1,21) = Dy = { gzk ~allz, I]z i ifkjl € V]

These pairwise distances capture both between-group and within-group variations in temporal patterns,
establishing the foundation for subsequent analysis. Each sample z,, € Z,n € [N] is assigned to its respective
group g € [G] according to the specified sample grouping method in Table 2. In the clustering-based method,
the mth cluster P, corresponds to the gth group. Using any of the three methods, the dataset Z is partitioned
into G distinct groups, with each group g containing N, samples and N1 + N2 + --- Ng = N.

After the assignment of samples to G groups, the DTW matrix D is rearranged to form distinct group
partitions given by

Du Dz -+ Dig

N1 XNy N1 XNg NiXNg

D2z D2z -+ Dag

No X N- No X N- No X N,
D — 2 1 2 2 2 G (6)
NXxXN

Dei Doz -+ Dee

NgxNi  NgxNs NgxNg

where Dy, represent the between-group distances across groups g and h when g # h while it corresponds to
within-group distances when g = h. Each submatrix Dy, contains the pairwise distances

Xh1 Xh2 cee thﬁh
Xg1 D(x41,%p1) D(x41,%n2) D(x41,%, 5,)

Xg2 D(ng, Xhl) D(ng, th) .D(Xg27 Xh 1\7h) 7
D,, = : 7)
Ng X]’\v/v},, . . .
X, ¥, D(xgﬁg,xhl) D(xgﬁg,xhg) D(Xg,ﬁg’xh,ﬁ,,,)
The following quantities can be computed using the DTW matrix:

Ny N,
Dgn = Z Z Dz(xgk, Xhi) (8)

k=1 1>k

Ny N,
Dy = Z Z D?(xgky Xg1) )

k=1 I>k

D

Sy = £ (10)

7 Ng(Ng—1)

The sum of squares specified in (8) pertains to the sum of squares of the pairwise distances of samples

between groups g and h, g # h. These corresponds to the sum of squares of the upper triangular elements

{D(xgk,xni) } k<1 of the partition Dyp,. Likewise, (9) is the sum of squares of the pairwise distances of samples

within group g which is the sum of squares of the upper triangular elements { D(x g, Xq1) }x<: of the partition
99-

When there are two groups (G = 2), such as in case-control studies, researchers compare individuals with
specific neurological or psychiatric conditions to healthy controls by examining differences in their time series
patterns. For this comparison to be meaningful, researchers must establish that time series patterns are similar
within each group (cases similar to other cases, controls similar to other controls) while showing clear differences
between the groups. After establishing these pattern distinctions, we can use (8) and (9) to calculate the distance-
based effect size 6 from3® given by
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G G G
g= < gh _ g=1 g
Z 1 Zh>q Dy Z Ng ZG D
G Hj=1 Ny g=1 Ny
s ¥

> (Ng—1)

Ng

bg= |0 =

(11)

The process of sample size determination relies on the power function relationship defined as
1— (Fr(t*) — Fr(—t*)) = 1 — 3, where Fr(-) represents the cumulative distribution function of the test
statistic. In this formulation, t* = ¢4 /2, (A) denotes the critical value from the non-central t-distribution with
non-centrality parameter A\ = 5G\/]%; /2, Ny is the required sample size, and v¢ is the degrees of freedom
associated with the linear combination of the sample variances in (10) approximated by the Welch-Satterthwaite
equation as follows

(=)
=1 N,
vorn —~——— ) (12)

PO
g=1 m

This power function has no closed-form solution for the sample size N,. Consequently, when designing a
study with pre-specified values of significance level o and power 1 — 3, we must solve for N,, numerically. The
procedure involves systematically evaluating the power function for different values of N, until we identify
the minimum sample size that achieves the desired power for a given effect size d¢. This numerical approach
generates a collection of discrete sample size determinations across various effect sizes. To transform these
discrete solutions into a continuous and practically applicable tool, we apply kernel regression smoothing.
The expected sample size given an effect size is modeled as E(N,|0c¢) = m(dg), where the function m(9) is
estimated using a Nadaraya-Watson kernel estimator defined as

~ 25:1 Kb(dG 75u)Nu
mb(ég) = T .
Y us Ko(da — 6u)

In this estimator, K (-) represents the kernel function with bandwidth parameter b that controls the smoothness
of the regression curve, and U denotes the number of data points (pairs of effect sizes 6., and corresponding
sample sizes N, ) used in the estimation. The kernel function assigns weights to observations based on the
proximity of their effect sizes to the target effect size, with greater weight given to closer observations. This
approach enables us to generate a continuous function that maps any effect size within the estimation range
to an appropriate sample size recommendation. By applying this methodology across various combinations of
significance levels, power values, and other relevant study parameters, we create a comprehensive sample size
planning framework. The resulting kernel function m;(8¢) serves as a statistical tool that provides immediate
sample size recommendations for researchers, eliminating the need for repeated numerical calculations when
planning studies across different effect size scenarios.

Simulation studies

Empirical experiments were conducted to assess both our proposed clustering algorithms and power analysis
methodology for sample size determination. To establish realistic simulation parameters, we analyzed the ADHD-
200 fMRI dataset’s characteristics, which informed our Data Generating Process (DGP) design, particularly
regarding time point quantities (T) and source model specifications. In addition, the simulation framework was
designed to examine hypothesis testing in a case-control context following the two-sample setting of the ADHD
200 data.

Our simulated datasets fall into two primary categories based on their source model derivation: single group
datasets where G = 1, and multigroup datasets where G > 1. Table 3 presents a comprehensive overview of the
various DGP scenarios across both dataset classifications. While some sample size values (100 and 1000) were
selected arbitrarily, others (12 and 50) reflect the median sample sizes reported in the literature for fMRI single

Dataset parameter Parameter values for single group dataset | Parameter values for multigroup dataset
Dataset replicates 100 100

Sample size N =12, 50, 100, 1000 N =12,50, 100, 1000

Time points T =100, 150, 200 T = 100, 150, 200

G =2, 3, 4, 8 A multigroup dataset can only have one of the
Number of groups G=1 above options. The number of hypothesized groups applied
on specific dataset are presented in the succeeding tables

Equal proportions with some small adjustments done to

Proportion of samples per group g | Not applicable match target total sample size

Table 3. Data generating process scenarios for single group and multigroup dataset.
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group and structural MRI studies, respectively*!. The time point values T were derived from the most frequently
occurring counts in valid BOLD time series from the ADHD-200 dataset, rounded to the nearest 50.

The simulated data generated through our DGP framework also enables a extensive evaluation of time series
clustering methods employing DTW, with detailed implementation parameters presented in Table 4. For each
dataset, we executed 100 clustering replicates to ensure statistical robustness and reliability of our findings. An
important methodological consideration is that while DTW consistently produces identical distance matrices
when calculating pairwise distances between samples within a given dataset, the final clustering solutions exhibit
natural variation across replicates. This variability stems from inherent stochastic elements in the clustering
algorithm’s implementation — specifically, the random initialization of medoids and subsequent centroid
calculations. These randomized starting conditions, despite operating on identical underlying distance measures,
introduce controlled variability that allows for a more thorough assessment of the clustering method’s stability
and performance characteristics.

Our DGP settings incorporated additional scenarios to reflect various group characteristics that might
influence clustering performance. The time series models with their respective parameters used in generating
both single-group and multi-group datasets are documented in Appendix C. These model specifications were
not arbitrarily chosen but were based on empirical findings from the ADHD-200 dataset analysis, where
subject-level BOLD time series were best modeled by AR(5) processes in 33% of cases and AR(1) processes in
21% of cases. To ensure coverage of potential temporal dynamics, we also included MA and ARMA models in
our simulation framework, which effectively account for the higher-order autoregressive structures observed
in neuroimaging data. All the time series model settings among the DGP scenarios have fixed mean yu = 0
and error variance o2 = 1. This standardization is justified by our preliminary exploratory simulations, which
demonstrated that variations in these particular parameters exert only marginal effects on clustering outcomes.
The mean parameter 1 merely induces a vertical shift in the location of the time series without altering its
fundamental pattern or temporal dynamics. Similarly, the error variance o2 simply modifies the scale of the
time series through contraction or expansion, preserving the underlying temporal structure that is critical for
clustering performance. By holding these parameters constant, we effectively isolate and evaluate the impact of
other model characteristics that more significantly influence cluster formation and hypothesis testing results.

For single group datasets, all generated samples adhere consistently to their specified model parameters. In
contrast, the multigroup datasets implement a structured allocation strategy wherein each model specification
initially receives an equal distribution of samples, with any remaining samples (when N is not perfectly divisible
by the number of models) being systematically allocated to the first model(s) in the sequence presented in
the reference tables. Critically, each generated sample retains metadata identifying its originating model — a
design choice essential for our research objective of examining how clustering outcomes are influenced by the
underlying time series generating mechanisms.

Our simulation study incorporates 4 distinct sample size levels (N), 3 different time point dimensions
(T), 34 diverse model specifications, and 100 replicate datasets for each unique parameter combination. This
extensive design framework has yielded a total of 40,800 unique datasets, providing a robust foundation for
our investigation into time series clustering sensitivity and performance. This large-scale simulation approach
ensures that our findings regarding the effectiveness of DTW-based clustering are generalizable across a wide
spectrum of data characteristics commonly encountered in neuroimaging research.

Results and discussion

In this section, estimates of the treatment effect following time series clustering procedures are presented for
both our simulated datasets and the ADHD-200 fMRI data. These estimates provide crucial insights into the
performance and efficacy of our clustering methodology across different data structures. Additionally, this
section includes a detailed analysis of the sample size-power relationship after the application of time series
clustering. This analysis highlights the statistical implications of our clustering approach, quantifying how the
clustering process affects the statistical power of subsequent analyses at various sample sizes. Through this dual
presentation of treatment effect estimates and sample size-power analysis, we establish a complete statistical
framework for researchers applying time series clustering to neuroimaging data.

Empirical studies

Estimates of treatment effect

The time series clustering algorithm successfully converged across all simulation study scenarios, demonstrating
its computational reliability. The processing time required for implementing time series clustering based on
DTW exhibits a proportional relationship to the product of sample size and time points (NT), as illustrated in
Fig. 1. Generally, the processing time increases linearly with sample size N. This relationship becomes particularly

Simulation parameter Parameter values

No. of time series clustering replicates | 100

No. of clusters to be formed M=2

Distance calculation method DTW

Clustering method Partitional

Centroid calculation Partition around medoids (PAM)

Table 4. Simulation settings for empirical evaluation of proposed method.
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Fig. 1. Visual representation of computational processing times across different dataset configurations. The
plot demonstrates how processing time scales with both sample size N and time points T. Higher Nand T
generally result in increased processing times, with particularly notable increases for N = 1000.

evident in simulations with larger sample sizes, such as N = 1000, where the impact of varying time point
dimensions T on processing time becomes more pronounced. Specifically, larger values of T consistently result
in notably higher processing times, reflecting the increased computational demands associated with comparing
longer time series sequences during the DTW calculation process.

Moreover, datasets with smaller sample sizes N, such as 12, demonstrate a distinctive multi-modal
distribution in the occurrence of cluster sizes. In these cases, the clustering algorithm behaves in a manner
that produces nearly all possible combinations of cluster sizes with relatively equal frequency. This pattern is
consistently observed across all dataset groups, suggesting that with limited samples, the clustering solution
space is more uniformly explored. Meanwhile, the first-order autocorrelation coefficient p1 exerts a notable
influence on cluster membership distribution. As time series approach non-stationarity, they tend to drift
collectively in the same direction, resulting in reduced distances between series after DTW processing. This
phenomenon becomes particularly pronounced in single group datasets generated from the same model family,
such as AR(1), as visualized in Fig. 2. Multigroup datasets exhibit a distinct clustering tendency when both
groups are characterized by high autocorrelation values. As shown in Fig. 3, these datasets frequently produce
results where the majority of samples are consolidated into a single dominant cluster. This imbalanced allocation
occurs because high autocorrelation in multiple groups creates similar drift patterns across different underlying
models, effectively reducing the discriminatory power of DTW despite theoretical differences in the generating
processes. The time series from different groups with high autocorrelation values develop comparable temporal
trajectories that the clustering algorithm interprets as belonging to the same underlying pattern, despite their
different generative origins.
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Fig. 2. Distribution of cluster sizes in single group dataset: violin plots showing the distribution of cluster sizes
across different time series models, lengths of time series T, and fixed N = 100. Panels A-C compare cluster
size distributions for AR(1), ARMA(1,1) and AR(5) models with varying autocorrelation values, respectively.
This displays how autocorrelation strength influences cluster formation patterns.

As the number of time points T increases, we observe that the average distance between clusters tends to
increase as well. This suggests that distance is more strongly influenced by T than by the sample size N. Figure 4
illustrates this relationship, showing a consistent upward trend in the distance between cluster centroids as
time progresses. This pattern is not limited to between-cluster distances; a similar increasing trend appears in
the within-cluster average distances, regardless of cluster size. Both smaller clusters (Fig. 5) and larger clusters
(Fig. 6) demonstrate this same time-dependent behavior in their internal distance metrics.

It is also important to note that time series data generated from higher-order AR models, such as AR(5),
consistently exhibit greater average distance spreads compared to other models. This finding is intuitive, as
models with more parameters can capture subtle differences between time series (and consequently between
clusters) that simpler models might miss. Upon closer examination of each model family, we find that the first-
order autocorrelation coefficient p; emerges as the key factor influencing cluster distances. Specifically, higher
autocorrelation values correspond to larger average distances in both smaller and larger clusters. The data reveals
a particularly notable pattern: time series generated from AR(1) and ARMA(1,1) models display significantly
larger average cluster distances compared to those generated from MA(1) models.

The primary goal of aggregating time series clustering results across replicates is to identify the optimal
clustering solution for each simulation scenario, as measured by our chosen metric 7. This aggregation process
ensures that we select only those replicates that most effectively differentiate between samples and optimize
cluster assignments. Figure 7 compares the clustering results before and after aggregation, specifically examining
the average distances within both smaller and larger clusters. The figure demonstrates that our aggregation
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Fig. 3. Distribution of cluster sizes in multigroup dataset: violin plots showing how cluster sizes are distributed

across different time series models when analyzing multi-group time series data for fixed NV = 100. The plot

reveals patterns in how samples are partitioned between clusters across different model specifications and

lengths of time series. Higher autocorrelation in both groups tends to produce more balanced cluster sizes.

procedure successfully selects replicates that minimize within-cluster distances while maximizing the distances
between cluster centroids. This dual optimization precisely embodies the definition of our selection criterion .

In addition, Fig. 8 presents the post-aggregation results, revealing distinct patterns across different time series
models. For datasets generated from AR(1) and ARMA(1,1) models with higher autocorrelation, the distribution
of samples across clusters maintained its original shape, with a tendency toward equal-sized clusters. In contrast,
datasets from MA(1) models and those from AR(1) and ARMA(1,1) models with lower autocorrelation showed
a different pattern after aggregation. In these cases, the retained replicates favored an uneven distribution
where the larger cluster contained the majority of samples, despite this not being characteristic of the original
distribution patterns.

Power and sample size
Distances between clusters are taken as treatment effect and subsequently used in the computation of the sample
size. The range of values of effects size  are also computed for each scenario (for all dataset replicates). Assuming
the level of significance a and power 1 — 3, we compute the sample size N from a power function constructed by
kernel regression. A more flexible power function is necessary because the inputs are based on simulated data.
However, given an effect size, one can easily use the nonparametric power function to compute the sample size.
The sample sizes computed from the method aligns with the statistical convention on power analysis and
sample size calculation, i.e., given the probability of Type I error at « , power 1 — /3, and degrees of freedom,
the sample size requirement increases for dataset scenarios with lower values of effect size § and increases with
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Fig. 4. Comparison of DTW distances between cluster centroids across different dataset configurations

and temporal resolutions under fixed N = 100. The plot presents an increasing trend of centroid distances
with larger T values, demonstrating how temporal resolution affects cluster separation. This relationship is
particularly pronounced in datasets with high autocorrelation, where longer time series lead to more distinct
cluster formations. The systematic increase in distances across time points suggests that longer temporal
sequences provide better discrimination between cluster centers.
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Fig. 5. Comparison of the average DTW distances within smaller clusters across dataset groups and temporal
scales under fixed N = 100. The visualization demonstrates how cohesion within smaller clusters varies

with both data characteristics and temporal resolution. Higher T values consistently result in larger within-
cluster distances, indicating that longer time series tend to form more dispersed clusters. This pattern provides
insights into cluster stability and the impact of temporal resolution on cluster formation in smaller groupings.

larger effect size. An example is shown in Fig. Al in the Appendix for the dataset simulated from AR(1) with
high autocorrelation value p = 0.99 and an input sample size of 100.

Upon closer examination, we noted that for time series data generated from AR(1) model, larger values of
p1 requires lower sample size to achieve the desired power. Larger autocorrelation (but still stationary) implies
more prominent (similar) time series patterns, closer to each other, resulting in larger effect size when compared
to another group. It is obvious from Fig. A2 in the Appendix that the effect size computed from the data with
high p; is higher than that of the lower p;. The MA(1) generated data shows no significant difference on sample
size requirement even for varying p1 as shown in Fig. A3 in the Appendix. Recall however, that the maximum
value for p; (autocorrelation at lag 1) in MA(1) is approximately 0.50 which is far from non-invertibility of the
time series.

The ARMA(1,1) datasets also exhibits similar behavior to AR(1) datasets, i.e., higher p1 results in lower
sample size requirement as shown in Fig. A4 in the Appendix. This observation also extends to higher order AR
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Fig. 6. Comparison of the average DTW distances within larger clusters across dataset groups and temporal
scales under fixed N = 100. The plot reveals generally lower and more stable within-cluster distances
compared to smaller clusters, suggesting stronger cohesion in larger groupings. The relationship between
temporal resolution and within-cluster distance remains evident but shows less variation than in smaller
clusters, indicating more robust cluster formation in larger groups. This pattern holds particular significance
for understanding the stability of cluster assignments in time series analysis.
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Fig. 7. Comparative scatter plot visualization demonstrating the difference between raw clustering results

and post-aggregation outcomes for average cluster distances in a selected dataset sourced from AR(1) model
with high autocorrelation and a fixed N = 100. Panel A displays the raw clustering distribution while

Panel B shows the results after optimization through the 7 metric. The reduced scatter and more focused
distribution in Panel B demonstrates the effectiveness of the aggregation procedure in selecting optimal
clustering outcomes that minimize within-cluster distances while maximizing between-cluster separation. This
visualization provides clear evidence that the aggregation process successfully identifies clustering solutions
that better align with the theoretical goals of cluster analysis, showing how the 7 metric effectively filters out
suboptimal clustering results while preserving those that achieve both strong cluster cohesion and separation.

model data as shown in Fig. A5 in the Appendix. Autocorrelation is the more influential feature of the time series
to the sample size requirement and not the order of model.

Other methods for calculating the sample size from Table 4 are also explored as a reference. In Method
1 (Random Assignment Method), samples are assigned randomly and equally to both groups, while Method
2 (Model-based Assignment Method) assigns samples into groups according to the model where they were
generated from, applicable for multigroup datasets. Sample sizes computed from the Random Assignment
Method are presented in Fig. A6 in the Appendix while Model-based Assignment Method are in Fig. A7 in the
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Fig. 8. Violin plots showing the results after aggregating multiple clustering replicates for N = 100. The
visualization demonstrates how cluster size distributions stabilize after optimization using the 7 metric. The
plot reveals that models with higher autocorrelation in AR(1) and ARMA(1,1) maintain more balanced cluster
size distributions even after aggregation.

Appendix. It is clear that Method 3 (Clustering-based Assignment Method) is more efficient in distinguishing
similarities and differences among samples from different groups, resulting to sample size requirement that is
more reasonable (conservative) compared to the other methods.

The sample size computed from various scenarios in the empirical studies are generalized into a nonparametric
OC curve estimated through kernel regression. Figure A8 in the Appendix illustrates the sample size calculated
over various values of the bandwidth of the OC curve. For the second column (derived from AR(1) with high
autocorrelation), the sample size requirement was calculated for all scenarios for the bandwidth that was selected
for the model. Just like in any other power analysis cases, the effect size needs to be approximated from existing
data, whether this is a past study or based on pilot studies. The data used to calculate the effect size can also be
used in computing the optimal bandwidth through the cross-validation method.

Application to ADHD-200

ADHD-200 dataset

The ADHD-200 dataset® is a product of the collaborative effort across eight international neuroimaging sites,
and provides an open-access resource designed to facilitate research into Attention-Deficit/Hyperactivity
Disorder (ADHD). This dataset is composed of various neuroimaging modalities, output from standardized
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preprocessing pipelines, and detailed phenotypic information, offering a large-scale] and reproducible research
for studying brain structure and function. The contributing sites include Bradley Hospital/Brown University
(BU), Kennedy Krieger Institute (KKI), NeuroIMAGE, New York University Child Study Center (NYU), Oregon
Health and Science University (OHSU), Peking University (PU), University of Pittsburgh (UP), and Washington
University in St. Louis (WU)*2.

This study focused specifically on one of the imaging modalities available in the dataset: the resting-state
functional MRI (rs-fMRI). The dataset includes both fMRI scans and phenotype information from 973 subjects,
comprising 585 typically developing children (controls) and 362 children diagnosed with ADHD, while 26
subjects had an unknown diagnostic status*>.

The raw fMRI scans from the cohort of 947 participants were processed through the Athena Neuroimaging
Preprocessing Pipeline*, utilizing tools such as the Analysis of Functional NeuroImages (AFNI) and FMRIB’s
Software Library (FSL). This preprocessing was performed on Virginia Tech’s High Performance Computing
(HPC) cluster®. The preprocessing pipeline of the fMRI data followed a series of well-established steps to
ensure data quality and consistency. First, the initial four Echo Planar Imaging (EPI) volumes were removed to
allow magnetization stabilization. When a scan begins, the MRI scanner takes a few seconds to reach a steady-
state signal due to initial fluctuations in the magnetization field. These early volumes can contain artifacts or
inconsistent signal intensity, which could negatively impact the quality of the data. By discarding these volumes,
we ensure that the data used in the analysis reflects a stable and consistent signal, improving the overall reliability
and accuracy of the subsequent analysis steps. Next, slice timing correction was then applied to account for
temporal differences in slice acquisition. The dataset was then deobliqued and reoriented into the Right-
Posterior-Inferior (RPI) orientation, ensuring the right hemisphere of the brain is on the right side of the image.

To correct for motion artifacts, the EPI volumes were aligned to the first image of the time series, followed
by brain masking to exclude non-brain regions. A mean image was generated by averaging the volumes and
subsequently co-registered with the corresponding anatomical image. Both the fMRI data and the mean image
were then written into template space with a resolution of 4 mm X 4 mm X 4 mm. Next, white matter (WM)
and cerebrospinal fluid (CSF) masks, derived from anatomical preprocessing, were downsampled to match the
EPI resolution. The time courses for WM and CSF were extracted from the EPI volumes using the respective
masks. To further refine the data, WM, CSE and motion time courses derived from the motion correction step,
along with a low-order polynomial for detrending, were regressed from the EPI data. Finally, a band-pass filter
(0.009 Hz < f < 0.08 Hz) was applied to the voxel time courses to exclude frequencies that are widely believed
to be unrelated to resting-state functional connectivity. Both the filtered and unfiltered data were then spatially
smoothed using a 6-mm Full Width at Half Maximum (FWHM) Gaussian filter. The detailed description of
each step is accessible on the NITRC website®. Certain filtering steps were applied further to fit the goal of the
analysis. The number of qualifying subjects are also shown on Table 5 as the selected subjects.

The fMRI images produced from the Athena pipeline were standardized in the Montreal Neurological
Institute (MNI) space, with a voxel resolution of 4 mm?®. Across all subjects, the three spatial dimensions
remained consistent, with uniform measurements (d, = 49 units, dy = 58 units, d. = 47 units), yielding an
overall image size of 196 mm X 232 mm X 188 mm. Figure 9 presents the processing and analysis pipeline
for the ADHD-200 dataset. In the illustration, the green box indicates the data source, while the yellow circles
highlight the different data types. The icons, primarily sourced from flaticon.com, along with the arrows, depict
the sequential steps involved.

To extract individual images of regions of interest (ROIs), a brain atlas is used to assign each voxel to a
specific region, network, and hemisphere. In this study, the 2018 Schaefer 17-network, 100-region parcellation
atlas®® was used. This atlas is derived from and aligned with Thomas Yeo’s 2011 17-network parcellation of the
cerebral cortex*, providing a fine-grained mapping of the brain’s functional networks. Figure 10 illustrates the
inflated brain image based on the 2018 Schaefer 17-network, 100-region atlas?’. The atlas, initially available at a
voxel resolution of 1 mm?®, was resampled using AFNI to a resolution of 4 mm?® to match the voxel size of the
subjects’ fMRI images. This resampling ensured that the atlas and fMRI data shared identical spatial dimensions.
Subsequently, each of the 100 regions was extracted and saved as an individual image file. These region-specific
masks were then used to generate BOLD time series for each voxel, across all regions and subjects, facilitating
region-wise analysis of the fMRI data.

Finally, only the fMRI BOLD time series data from the most recent valid scan of each subject were used,
ensuring that each subject contributed only one scan dataset. Additionally, instead of using all 100 regions in the

Imaging site | No. of subjects downloaded | Dimension measure (units) | Unitlength (s) | No. of selected subjects
KKI 83 148 2.50 78

NeuroIMAGE | 48 257 1.96 -

NYU 222 172 2.00 126

OHSU 79 74 2.50 63

PU 194 232 2.00 191

UpP 89 192 1.50 -

wuU 61 129 2.50 -

Total 776 458

Table 5. No. of subjects downloaded and selected.
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Fig. 9. Comprehensive flowchart illustrating the complete data processing workflow, from raw fMRI data
acquisition through preprocessing steps to final analysis. Key components include the Athena Neuroimaging
Preprocessing Pipeline, phenotype data integration, and ROI extraction using the Schaefer Atlas. Icons and
arrows clearly indicate the sequential flow of data processing steps.
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Fig. 10. Brain surface visualization showing the 17-network, 100-region parcellation scheme used for ROI
definition. Different colors represent distinct functional networks, demonstrating how the brain is divided into
functionally-related regions. This parcellation provides the anatomical framework for subsequent time series
analysis.

atlas, only a subset of 82 regions that have a corresponding counterpart in the opposite hemisphere were selected
for analysis. As a result, each of the 458 participants had a total of 13,658 time series curves measured across the
82 regions, with each curve containing up to 232 time points.

Estimates of treatment effect
We also applied our proposed method to analyze the ADHD-200 dataset. This dataset contains BOLD
measurements from subjects across various imaging sites, with each subject’s time series having a different
length. To maintain consistency with our simulation setup presented in Table 3, we standardized the analysis by
truncating each subject’s time series to lengths of 7" = 100, 150, and 200 time points. For visual representation
of the data, Fig. 11 displays the BOLD signals grouped by diagnosis, while Fig. 12 provides a more detailed
visualization that categorizes the signals by both imaging site and diagnosis.

Itis important to note that the Dynamic Time Warping (DTW) procedure described in section “Methodology”
offers considerable flexibility, as it can be applied to time series pairs of different lengths. This adaptability is a key
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Fig. 11. BOLD signal fluctuations across different diagnostic groups demonstrating temporal patterns and
variations in brain activity.
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Fig. 12. BOLD signal fluctuations across different diagnostic groups and imaging sites. The plots demonstrate
temporal variations, with potential diagnostic group differences visible in signal characteristics.
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factor contributing to the robustness of our proposed method. To gain additional insights from our empirical
experiments, we estimated statistical models for each subject’s BOLD data to identify the most appropriate
model structure. Figure 13 summarizes these findings, revealing that most subjects’ data are best characterized
by AR(1), AR(4), or AR(5) models. This distribution of model types closely aligns with the settings used in
our simulation study. The results from our time series clustering analysis match the characteristics observed in
the simulated datasets generated from AR(1) and AR(5) models, which typically produce clusters of roughly
equal size. Figures 14 and 15 illustrate this pattern, showing the frequency of different cluster sizes and their
distribution.

Power and sample size experiments

Given the unique characteristics of the ADHD-200 dataset, we chose to include all time series clustering results
in our analysis rather than aggregating them. This approach allowed us to use the complete set of distinct
clustering outputs for sample size calculations, applying kernel regression to estimate sample sizes from these
varied results. The sample size calculation results are presented in Figures B9 and B10 in the Appendix, showing
patterns that closely align with our findings from simulated data. Among the methods tested, the Clustering-
based Assignment Method, which employs DTW-based time series clustering, most effectively characterizes the
logical sample size requirements. This method’s strength lies in its ability to establish a robust distance-based
approximation of effect size while providing clear differentiation between sampling distributions. In contrast, the
model-based assignment method, which uses the source model of the data as the grouping factor, consistently
produced the highest sample size estimates among all approaches-even exceeding those from the random
assignment method. This suggests that the source model of a sample does not necessarily serve as an effective
distance-based discriminating factor when comparing samples from multiple model sources. Consequently,
this translates to higher calculated sample size requirements when considering treatment effects. These patterns
remained consistent across all significance levels and power values examined.

Our sample size calculation results also confirm classical statistical principles: higher desired power
corresponds to larger required sample sizes, and lower significance levels necessitate larger sample sizes. As
expected, we observed that larger effect sizes (calculated from the distance between sample groups) correspond
to smaller required sample sizes. Among the three methods evaluated, the clustering-based assignment method
generally yielded the highest effect sizes, indicating that it achieves the most effective grouping through its
clustering approach.

ADHD Diagnosed . Typically Developing Children

100

| I I

0

Number of Subjects

ARIMA(1-0-0) ARIMA(1-0-5)  ARIMA{2-0-0)  ARIMA(3-0-0) ARIMA(4-0-0) ARIMA(5-0-0) ARIMA(O-0-4) ARIMA(D-0-5)
ARIMA Order (p—d—q)

Fig. 13. Stacked bar plot showing the distribution of best-fitting ARIMA models across diagnostic groups.
This visualization reveals that the majority of subjects’ BOLD signals are best characterized by specific ARIMA
models, particularly AR(1), AR(4), and AR(5), providing crucial insights for subsequent analysis approaches.
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Fig. 14. ADHD-200 time series clustering results on cluster size: scatter plot displaying cluster size patterns
from the ADHD-200 dataset analysis, with point sizes indicating occurrence frequency. Different colors
represent different lengths of time series T, demonstrating how temporal resolution affects clustering outcomes
in real neuroimaging data.
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Fig. 15. Violin plot representation of cluster size distributions across different time points in the ADHD-200
Dataset. This visualization helps understand the stability and balance of cluster assignments across different
temporal resolutions.
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Conclusions and future research

We proposed sample size determination methods based on time series clustering that compute distances
between two groups of experimental units with high-dimensional and high-frequency time series responses.
The efficiency of our algorithms in both time series clustering and sample size computation is demonstrated
using simulated data and the ADHD-200 fMRI dataset.

By employing DTW distance in our time series clustering approach, we successfully partition samples into
control and treatment groups. This partitioning allows us to compute a measure of treatment effect based on the
ratio of quantities related to the differences in sum of squares of pairwise DTW distances between and within
groups, along with their respective variances. This methodology effectively approximates the treatment effect
that distinguishes the sampling distributions of responses between control and treatment groups.

Our simulations demonstrate that the method produces consistent outcomes that directly relate to the
underlying data generating processes. Notably, we identified that time series autocorrelation is a critical
characteristic influencing both clustering results and subsequent sample size calculations. High autocorrelation
leads to a more balanced distribution of input samples and greater average distances between formed clusters.
This translates to enhanced discrimination between groups, highlighting treatment effects more clearly and
ultimately requiring smaller sample sizes to achieve desired statistical power.

The method has proven particularly robust when applied to real-world data. Using DTW to establish distance
matrices among samples enables effective time series clustering even when time series responses vary in length.
The warping capability of DTW resolves challenges associated with non-uniform time intervals in the data.
This adaptability is especially valuable when working with real datasets such as BOLD measurements, which
frequently exhibit these characteristics due to variations in measurement protocols and equipment settings across
imaging sites-a concept analogous to covariates that can influence clinical trials. Additionally, our approach
successfully addresses common challenges in high-frequency time series data, including response spikes and
shifts that might otherwise compromise analysis.

Future studies can build upon our work by leveraging our estimated sample size requirements based on
prior knowledge of data characteristics-specifically, by matching the model fit of experimental samples to our
simulated datasets. However, these results should be interpreted with caution, as they are specifically applicable
to datasets that conform to the models specified in our simulation design. Any deviation from these dataset
definitions will naturally yield different outcomes in sample size calculation and power analysis. For cases where
prior datasets do not resemble our simulated data, researchers can adapt our methodology by using their study’s
existing data from previous experiments or pre-collected samples. They can perform multiple iterations of time
series clustering using DTW as the distance measure following our specified algorithm. Once these clustering
results are available, researchers should optimize the selection of results for sample size calculation using our
proposed methodologies, and then apply kernel regression to estimate the sample size requirements.

While our research has addressed a broad spectrum of analytical challenges related to high-dimensional and
high-frequency time series clustering, several related problems remain to be resolved. Future work in this area
will further enhance and extend the contributions presented in this study, potentially expanding the application
of these methods to other domains and data types.

1. Vertical aggregation of time series data. One of the assumptions of the methodology is that each prior sam-
ple, or subject, has a single time series data to be used as input for the steps beginning from the time series
clustering. The preprocessing of ADHD-200 data underwent vertical aggregation prior to time series cluster-
ing. The BOLD time series measure is extracted on a V' x T voxel level information. To present this at the
subject level, the BOLD measurements were averaged. The use of average may not be the most optimal way
to perform vertical aggregation, especially for high-dimensional setup. A more robust method that preserves
the inherent characteristics of the data and minimal loss of features will be needed.

2. Effects of varying time points T of the time series data of observations. This study has made discussions and
remarks about the robustness of the proposed method even for cases of varying T in calculating sample size.
One interesting problem to look for is the effects of the varying T and its scales on the analysis of multiple
time series. One potential practical application is on functional connectivity analysis.

3. Potential use of a subset of the time series data of observations. This pertains to the use of a non-uniform
T;" C T; of each sample for analysis. This recommendation roots from the hypothesis that in clustering sam-
ples with time series data, the use of 7} is a better discriminant feature than using full 7; which may have
noise or that T; — ;" shows inherent similarities across phenotype grouping. This has been demonstrated in
this study where some subjects within the same group has non-harmonious BOLD measure.

4. Implementation of the proposed method for problems where hypothesized groups G > 2. This scenario
is yet to be explored, but equally interesting. Although the proposed method can theoretically be extended
into multigroup problem using similar univariate techniques, further evaluation is needed to understand the
implementation behavior of the method.

Data availability
The datasets (ADHD-200 fMRI) that stimulates the research problem of the current study are available in the
NITRC: Neuroimaging Tools and Resources Collaboratory, https://www.nitrc.org.
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