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Abstract 

Intensive longitudinal data allow researchers to ask whether individuals form subgroups 

with different within-person dynamics. This thesis compared five parameter-based, feature-

based, and convolutional neural network representations for clustering in two Monte Carlo 

studies, robustness analyses and extensions, and an empirical demonstration. In order-

homogeneous autoregressive populations, direct coefficient estimates produced the strongest 

subgroup recovery. In mixed-order populations, deep learning representations were more 

competitive for shorter series, whereas direct estimation gained ground as series lengthened. In 

Study 1, series length accounted for 50.7% of the variation in Model-Based recovery and sample 

size for 0.1%. In extensions where scale or volatility defined membership, representations 

sensitive to those properties performed best. Cluster-number selection was a separate problem: 

re-expressing the same fitted autoregressive information in redundant, strongly dependent 

coordinates markedly changed the selected count. In an empirical demonstration adapting the 

procedure of Li et al. (2025) to affect data, the Bayesian information criterion with a Gaussian 

mixture selected two clusters for three representations and one for three others, whereas the gap 

statistic with k-means selected one for every representation. Overall, recovery depended on 

alignment between the representation and the subgroup-defining signal, within-series 

information, and the geometry presented to the clustering algorithm. Membership recovery and 

subgroup enumeration should therefore be evaluated separately, as properties of the whole 

representation-and-algorithm pipeline. 

Keywords: intensive longitudinal data, time-series clustering, subgroup recovery, 

representation learning, vector autoregressive models, cluster-number selection
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1 Introduction 

Psychological research often characterizes individuals using measurements collected at a 

single occasion or at a few widely spaced occasions. Such measurements establish differences 

between people but provide limited information about how an individual’s experience unfolds. 

Intensive longitudinal data make that unfolding process observable. Ecological momentary 

assessment and experience sampling methodology repeatedly prompt participants to report their 

current experiences in everyday settings, often several times per day over several weeks 

(Shiffman et al., 2008). Passive sensing complements these reports with behavioral and 

physiological records from phones and wearable devices. Together, these approaches support the 

study of psychological processes in the environments where they occur (Trull & Ebner-Priemer, 

2013). 

The resulting series distinguish a person’s typical level from the dynamics around that 

level. In affect research, these dynamics include inertia (persistence across occasions), variability 

(the extent of fluctuation), reactivity to events, and recovery following a disturbance (Hamaker 

& Wichers, 2017; Kuppens & Verduyn, 2017). Two people with the same average mood may 

differ in how long distress lasts or how strongly their emotions respond to daily events. These 

distinctions have psychological relevance: Kuppens et al. (2010), for example, found greater 

emotional inertia among participants experiencing depression. 

Whether such dynamic indices add information beyond mean level is contested. 

Conventional two-step estimates of person-level inertia can have only moderate reliability, which 

attenuates their apparent predictive validity. Modeling that unreliability directly recovers part of 

the association (Wenzel & Brose, 2023). A cross-validated single-cohort study reports a similar 

limitation: no complex affect-dynamic measure improved out-of-sample prediction of any of 117 
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psychological and behavioral variables by more than 5.3 percentage points of cross-validated R² 

beyond the mean and standard deviation of positive and negative affect (Shu et al., 2026), 

extending the pooled finding of Dejonckheere et al. (2019). These results do not identify whether 

the limitation originates in the reliability of the indices or in the constructs themselves. The 

present thesis does not assume that dynamic indices are broadly incrementally predictive. Rather, 

it distinguishes temporal properties from mean level and treats their estimation, use in 

subgrouping, and validation as empirical questions. 

Studying temporal properties requires methods that preserve the ordering of observations 

and distinguish variation within people from variation between them. Reactivity additionally 

requires information about events or contexts, because affect reports alone do not identify what 

produced a change. These requirements link measurement design to the choice of temporal 

model. 

The methodological toolkit begins with models of an individual’s series. An 

autoregressive (AR) model predicts a current observation from earlier observations of the same 

variable. In a first-order affect model, the lagged coefficient summarizes persistence at the 

interval being studied. A vector autoregressive (VAR) model extends this approach to several 

variables, allowing each to depend on its own past and the past of the others. Fitting these 

models separately for each person allows coefficients to differ across individuals, although 

estimates from short series can be uncertain. Multilevel AR and VAR models share information 

across individuals by representing person-specific coefficients through a population distribution. 

Bringmann et al. (2013) demonstrate this approach for affect dynamics. Random coefficient and 

multilevel dynamic factor models extend this approach to the dynamics of latent factors 

measured by several indicators (Song & Ferrer, 2012; Song & Zhang, 2014). Dynamic structural 
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equation modeling integrates time-series and multilevel structures with structural equation 

modeling, including latent variables and explicit measurement models (Asparouhov et al., 2018). 

In conventional random-effects formulations, individuals vary around population relations rather 

than being assigned discrete memberships. 

Network approaches offer a way to interpret these relations as connections among 

psychological variables. In a temporal VAR network, edges summarize conditional lagged 

associations and do not by themselves establish causal influence. Networks can be estimated for 

individuals, populations, or subgroups, so a network perspective does not dictate a single 

assumption about individual differences. Idiographic approaches emphasize person-specific 

structure. Group iterative multiple model estimation (GIMME), for example, first identifies 

relations supported across many individuals, which then guide person-specific model searches 

(Gates & Molenaar, 2012; Beltz et al., 2016). 

Subgrouping methods make shared structure explicit at a level between population-wide 

and person-specific models. Clusterwise VAR estimates subgroup models together with 

assignments of individuals to those models (Bulteel et al., 2016). Two-stage approaches estimate 

individual coefficients first and then cluster the estimates (Ernst et al., 2021). Mixture multilevel 

VAR permits continuous individual variation within discrete subgroups (Ernst, Timmerman, et 

al., 2024), while penalized subgrouping distinguishes common, subgroup-specific, and person-

specific dynamics (Crawford et al., 2026). For two-stage approaches, a central question is how 

individual differences in dynamics should be represented: alternative summaries of the same 

time series may yield different subgroup assignments and selected numbers of clusters. 

Interpreting these groupings connects to the longstanding debate over categories and 

dimensions in personality and psychopathology (Haslam et al., 2012). Intensive longitudinal 
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research extends that debate to temporal processes. A dimensional account describes continuous 

differences in persistence, variability, or relations among experiences, as represented through 

distributions of individual parameters in conventional multilevel models. A categorical account 

instead describes subgroups with distinct dynamic profiles, evaluated through clusterwise models 

and clustering procedures. The question is whether a continuous description is sufficient or 

discrete memberships provide a useful account of individual differences. 

Statistical groupings can separate parameter magnitudes without establishing 

fundamentally different psychological kinds. Their interpretation depends on what the clusters 

describe and whether those distinctions persist beyond the original analysis. Dimensional and 

categorical analyses may therefore use the same coefficients while asking different questions: 

how individuals vary in dynamics, or whether they share distinguishable profiles. This thesis 

examines the latter while retaining continuous variation as a plausible account when evidence for 

discrete subgroups is weak. 

A hybrid account allows both discrete memberships and continuous differences within 

subgroups, as in mixture multilevel VAR (Ernst, Timmerman, et al., 2024). That account 

supplies a further hypothesis to evaluate rather than a conclusion that every population must 

contain both forms of variation. Liu et al. (2024) sharpen the discussion by distinguishing four 

assumptions about what individuals share. Strict homogeneity assumes common patterns of 

relations and common parameter values. Pattern homogeneity allows parameter values to differ 

while preserving the pattern. Weak homogeneity allows only some processes to generalize across 

individuals, and no homogeneity assumes no population-level commonalities in those dynamic 

processes. These assumptions complement the dimensional–categorical distinction: one concerns 

which relations are shared, and the other concerns how variation across people is organized. 
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Together, they reframe subgrouping as an issue of generalization scope, rather than a simple 

choice between estimating one model or many. 

The practical consequence is a pooling problem: which observations and individuals 

should inform a common description? Molenaar (2004) explains why between-person 

associations cannot automatically be interpreted as within-person processes, identifying 

restrictive ergodicity conditions for relating population variation to individual temporal variation. 

A. J. Fisher et al. (2018) provide empirical examples of differences between group-level and 

person-specific relationships. Neither continuous nor categorical heterogeneity alone determines 

whether pooling is appropriate. That decision depends on the research target, model 

specification, and variation accommodated. Multilevel estimation addresses this problem by 

separating population relations from individual deviations and borrowing information under its 

assumptions. 

Separate models preserve individual variation but can leave substantial estimation 

uncertainty and require an additional account of how findings generalize. Subgrouping offers an 

intermediate strategy when common dynamic structure exists within parts of a population. Its 

value depends on identifying that structure reliably. 

Psychological research already uses longitudinal data to identify subgroups, often 

through differences in trajectories. Group-based trajectory modeling and growth mixture 

modeling identify latent classes differing in a variable’s level and shape over study time (Nagin 

& Odgers, 2010). These targets differ from grouping by temporal dependence, but the modeling 

approaches are not mutually exclusive. Ernst, Albers, et al. (2024) place growth curve, growth 

mixture, and vector-autoregressive models within a framework combining within-person 

attributes, including growth, cycles, and dynamic interrelations, with continuous and categorical 
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between-person heterogeneity. The relevant distinction is what defines subgroup membership. In 

the primary simulations here, within-person standardization removes level and scale as grouping 

information, leaving temporal dependence as the grouping target. 

This choice does not resolve the interpretive risks of extracted classes. Bauer and Curran 

(2003) showed that growth mixture models could extract additional classes from nonnormal data 

generated by a single population. Shader and Beauchaine (2022) likewise found in a Monte 

Carlo evaluation that common class-enumeration statistics frequently failed to recover the 

generating number of classes under unfavorable separation, sample size, or distributional 

conditions, and that a single skewed population could be represented by several extracted 

classes. Multiple components can therefore approximate a distribution without identifying 

distinct substantive populations. Successful recovery when subgroups exist and restraint when 

they do not are complementary requirements. Null-based cluster validation addresses the latter 

(Hennig & Lin, 2015), and this thesis evaluates both for dynamic representations. 

Recent psychological research has expanded the approaches to dynamic subgrouping. Li 

et al. (2025) show that the temporal order specified for person-level VAR models affects 

membership recovery differently from estimation of subgroup dynamics. Kreienkamp et al. 

(2025) present feature-based clustering as an accessible framework for comparing psychological 

series, while Park et al. (2024) examine subgrouping based on lagged and contemporaneous 

relations. This thesis extends these questions by comparing how selected parameter-based, 

feature-based, and deep learning representations affect evidence for dynamic subgroup structure. 

In the two-stage pipelines evaluated here, each person’s series is first represented as a 

vector, which is then supplied to a clustering algorithm. Model-based representations use fitted 

parameters, such as autoregressive coefficients. Feature-based representations summarize 
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properties such as autocorrelations or broader engineered descriptors. Deep learning 

representations use neural networks to construct coordinates optimized for a training objective. 

These families differ in the information they preserve, how estimation uncertainty enters their 

coordinates, and the distances and dependence structure presented to the clustering algorithm. 

Expanding a scalar estimate into related coordinates can change distances and distributional 

shape without adding information about that estimate. Comparing representations within and 

across clustering algorithms reveals whether their relative performance depends on the clustering 

procedure. 

The flexibility of neural representations motivates comparing them with classical 

approaches, but existing benchmarks do not establish a general advantage. Classification studies 

identify competitive classical and deep alternatives (Middlehurst et al., 2024), and Paparrizos 

and Bogireddy (2025) found that no method significantly outperformed k-Shape in their broad 

clustering evaluation. These comparisons motivate evaluating specific representations against the 

intended grouping target. 

Many clustering benchmarks reuse classification datasets and supply the class count. 

Their findings do not directly establish how well representations recover subgroups defined by 

temporal dynamics or select the number of subgroups. The present thesis addresses these 

questions under common dynamic grouping targets and controlled conditions relevant to 

psychological data. It also examines how alternative coordinates interact with a fixed cluster-

number selection procedure, including transformations that preserve the same estimated 

information. 

Clustering individuals by their dynamics serves three goals: identifying the number of 

clusters, assigning individuals to clusters, and estimating the dynamics of each cluster. These 
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goals organize the present thesis. The primary simulations evaluate membership when the 

number of clusters is supplied, the Unknown-K analysis evaluates selection of the number, and 

the empirical demonstration shows all three in real data. 

The primary objective of this thesis is to determine how time-series representation affects 

the recovery of subgroups defined by within-person temporal dynamics and the selection of the 

number of subgroups. Two Monte Carlo studies, robustness analyses and extensions, and an 

empirical demonstration address these questions. The simulations compare Model-Based, ACF-

Empirical, Feature-PCA, CNN-Pred, and CNN-Latent. These five representations use fitted 

autoregressive coefficients, the autocorrelation function (ACF), principal component analysis 

(PCA) of engineered features, or a convolutional neural network (CNN), and are evaluated with 

diagonal-covariance Gaussian-mixture and k-means clustering. 

Study 1 uses populations with a common temporal order. Study 2 varies order within 

each subgroup while defining membership in a shared persistence space. Both train CNNs to 

predict ordinary least squares (OLS) coefficient estimates from independently generated series 

rather than subgroup labels. The studies also differ in population structure, fitting specification, 

engineered features, and series-length range, so their comparison does not isolate order 

heterogeneity. 

The separate Unknown-K analysis shares Study 1’s factor structure and evaluates cluster-

number selection, including how different representations of the same fitted information affect 

that selection. Robustness analyses and extensions vary the number of generating subgroups, the 

fitting strategy applied before clustering, and the property that defines membership, including 

scale- and volatility-defined subgroups. The empirical demonstration adapts the procedure of Li 

et al. (2025) to How Nuts Are the Dutch experience-sampling data, adding the five 
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representations to Li et al.’s VAR(1) and VAR(3) representations of positive and negative affect. 

It reports the number of clusters selected by two selection procedures, the agreement between the 

resulting memberships, and the dynamics and pre-diary characteristics of the clusters. The 

simulations evaluate recovery against known memberships, whereas the demonstration shows 

how the pipelines behave in real data, where memberships are unknown. 

2 Literature Review 

2.1 Representations for Clustering Psychological Time Series 

Time-series clustering requires a definition of similarity suited to the research question, 

whether it concerns trajectories, temporal dependence, distributional properties, or their 

combination. Classical surveys distinguish approaches using raw series, extracted features, or 

fitted models (Liao, 2005; Aghabozorgi et al., 2015). These categories overlap: a fitted 

coefficient is also a feature, and a network can learn to estimate it. The useful distinction is 

therefore how a representation is constructed and what information it preserves (Van Mechelen 

et al., 2024; Paparrizos et al., 2024). Representation choice is especially consequential for short, 

noisy, heterogeneous psychological series, whose clustering must be evaluated against a 

scientific goal rather than a single notion of true clusters (Hennig, 2015). 

This thesis evaluates two-stage pipelines that represent each series as a vector before 

clustering. Methods that jointly estimate temporal models and memberships are reviewed as 

context, because they use information differently. For each representation family, the review 

explains its rationale and limitations relevant to the simulation design. 
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2.2 Model-Based Representations 

Model-based approaches represent each series through fitted time-series parameters. In 

the low-order autoregressive settings examined here, coefficients compactly summarize the 

specified dynamics. Piccolo (1990) compared invertible autoregressive integrated moving 

average processes using distances between their autoregressive expansions. Maharaj (2000) 

treated similarity as an inferential question, testing whether two series plausibly share a 

generating model. Xiong and Yeung (2004) fitted mixtures of autoregressive moving-average 

models using expectation–maximization. Ren and Barnett (2022) instead cluster through a 

probabilistic autoregressive mixture over autocovariance structures, rather than separately 

clustering individual coefficient estimates. These methods share a modeling rationale but differ 

in implementation. 

Psychological applications of VAR models include several approaches to subgrouping. 

Bulteel et al. (2016) introduced clusterwise VAR modeling, which jointly estimates subgroup 

dynamics and memberships. Ernst et al. (2021) compared a two-stage approach that clusters 

individually estimated VAR coefficients using Gaussian mixtures with an alternating-least-

squares procedure. Their comparison included simulations and Dutch experience-sampling data, 

where the number of clusters was selected empirically. Ernst, Timmerman, et al. (2024) 

developed mixture multilevel VAR modeling to accommodate discrete subgroups and 

continuous individual variation within them. Li et al. (2025) compared higher- and lower-order 

representations under Gaussian-mixture and k-means clustering. In their simulations, lower order 

favored membership recovery, whereas higher order favored estimation of subgroup dynamics. 

Park et al. (2024) examined chain graphical VAR models incorporating lagged and 

contemporaneous relations. Crawford et al. (2026) extended the penalized multi-VAR 
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framework of Z. F. Fisher et al. (2022) to common, subgroup-specific, and person-specific 

dynamics. These developments illustrate ongoing model-based subgrouping research. The 

present thesis compares selected two-stage representations rather than benchmarking joint and 

penalized procedures. 

These methods differ along two dimensions: whether parameters and memberships are 

estimated jointly or sequentially, and whether individuals within a subgroup share parameters or 

vary around subgroup-level relations. These distinctions cross, because joint models can allow 

individual variation and two-stage methods can represent differences among individual 

estimates. Clusterwise modeling, multilevel mixtures, and two-stage clustering therefore concern 

different aspects of the analysis. Joint estimation can share information across people, but 

parameter and membership uncertainty still depend on the number of observations. Two-stage 

representations inherit estimation uncertainty directly: autoregressive estimates have finite-

sample bias and sampling variability that decrease with series length (Cheang & Reinsel, 2000; 

Kilian, 1998; Shaman & Stine, 1988). Short series can therefore obscure subgroup separation 

before clustering begins. 

Coefficient representations align directly with the grouping target when subgroups differ 

in autoregressive dynamics. Their limitations concern estimation precision and the properties 

they represent. Short series yield uncertain coefficients, while coefficient-only vectors do not 

explicitly represent innovation variance, distributional shape, or other omitted properties. Such 

properties may nevertheless affect the estimates’ sampling behavior and influence the resulting 

partition. Longer series reduce sampling uncertainty but do not resolve misspecification. 

Performance therefore depends on whether the selected coefficients preserve the subgroup-

defining distinctions accurately enough for the downstream clustering algorithm. 
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2.3 Feature-Based Representations 

Feature-based approaches summarize descriptive properties without committing to a 

single model. X. Wang et al. (2006) developed characteristic-based clustering using measures of 

trend, seasonality, serial correlation, skewness, and nonlinearity. Later resources broadened this 

approach: hctsa extracts thousands of features across methodological traditions (Fulcher et al., 

2013; Fulcher & Jones, 2017), catch22 provides a compact set selected for informativeness and 

minimal redundancy (Lubba et al., 2019), and tsfresh automates extraction with relevance 

assessment (Christ et al., 2018). Feature spaces also characterize conditions favoring different 

forecasting methods (Kang et al., 2017) and, after principal component reduction, identify 

unusual series in large collections (Hyndman et al., 2015). These resources illustrate the family’s 

scope but are not the pipelines evaluated here. 

Kreienkamp et al. (2025) provide a practical framework for feature-based clustering of 

psychological time series. Features specify the properties used to compare participants, but their 

interpretability depends on selection and subsequent transformation. Dimension reduction can 

obscure otherwise interpretable summaries, while a small feature set may omit relevant 

distinctions. Feature selection is therefore a substantive modeling decision rather than merely a 

preprocessing step. 

Autocorrelation representations summarize associations at selected lags and are 

established tools for time-series clustering (Galeano & Peña, 2000; Montero & Vilar, 2014). 

Empirical ACF features are sample autocorrelations computed from observed series. Model-

implied ACF features are derived from fitted parameters: for a stationary AR(1) process, ρₖ = φᵏ, 

giving the estimated vector (𝜑̂, 𝜑̂2, … , 𝜑̂10). Sample autocorrelations need not satisfy this 

relation and are not deterministic transformations of the fitted coefficient. 
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This distinction separates comparisons of estimators from comparisons of representations 

of fixed estimated information. Empirical autocorrelations are multiple statistics with a joint 

sampling distribution. The implied vector retains the fitted estimate in its first coordinate and 

adds deterministic functions of it, contributing no further information about that estimate. 

However, the transformation changes distances and distributions and need not preserve the 

clustering algorithm’s assumptions or resulting partition. Both approaches require choosing a lag 

window. In short series, unstable higher-lag estimates can add noise faster than signal. 

Feature count can exceed the amount of distinct information represented. Henderson and 

Fulcher (2021) found substantial redundancy within and overlap between seven feature sets. 

Across fifteen experience-sampling studies, Dejonckheere et al. (2019) found that common 

affect-dynamic measures were highly interdependent and added little to prediction of the 

examined well-being outcomes beyond affect means and variances. 

Predicting well-being and recovering dynamic subgroups are different objectives, so 

these findings do not establish that feature representations are unsuitable for clustering. They 

motivate examining distinct information, coordinate dependence, and conditioning in feature 

spaces. Their implications for cluster-number selection are considered below. Dimension 

reduction can address redundancy, but principal components preserve directions of variance that 

need not distinguish subgroup memberships. 

The simulations evaluate two feature representations: ten empirical autocorrelations and 

study-specific engineered features transformed by principal components analysis. The 

comparisons therefore concern these implementations and their scaling and reduction steps, not 

catch22, hctsa, or the workflow of Kreienkamp et al. (2025). Moreover, several engineered 
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features come from fitted models, so “feature-based” describes their construction without 

implying an absence of model assumptions. 

2.4 Deep Learning Representations 

Deep learning representations use neural networks to map time series into coordinates 

optimized for a training objective. Their flexibility is constrained by the architecture, input 

processing, objective, and training population. Consequently, a representation useful for one task 

may preserve little information relevant to another. Convolutional networks detect local temporal 

patterns and combine them into higher-level features, providing strong time-series classification 

baselines (Z. Wang et al., 2017). Ismail Fawaz et al. (2019) review their architectures and 

training regimes, while much benchmarking uses the University of California, Riverside (UCR) 

archive (Dau et al., 2019). For psychological subgrouping, the question is whether learned 

coordinates preserve relevant between-person differences in dynamics. Three approaches are 

considered here. 

The first approach trains networks on estimated coefficient targets. Both simulation 

studies use convolutional networks trained on OLS estimates from independently generated 

series. Each network supplies predicted coefficients, CNN-Pred, and an internal embedding, 

CNN-Latent. These are two representations from the same network within each study. 

Supervision targets coefficient estimates rather than subgroup memberships, so the 

learned mapping may reproduce, contract, or otherwise transform the estimator’s properties. The 

loss directly constrains predicted coefficients. In contrast, the embedding supports those 

predictions but may retain additional variation and lacks a coordinate-wise parameter 

interpretation. Its distances therefore need not correspond to distances between generating 

parameters. Evaluating both representations distinguishes the usefulness of explicit predictions 



 15 

from that of internal coordinates. Cross-study differences reflect changes in data generation and 

representation construction rather than supervision type. 

The second approach uses self-supervised objectives derived from the series. Franceschi 

et al. (2019) combine a causal dilated convolutional encoder with a triplet objective, Zerveas et 

al. (2021) use masked reconstruction in a transformer, and Yue et al. (2022) develop hierarchical 

contrastive learning in TS2Vec using augmented views. Reconstruction, contrastive 

discrimination, and forecasting reward different relationships among observations. Unlike fitted 

coefficients, these representations do not directly parameterize dynamics, and whether they 

preserve between-person differences in persistence requires empirical evaluation. 

The third approach, deep clustering, jointly learns representations and partitions. 

Examples combine an autoencoder with a clustering loss (Madiraju et al., 2018), and Lafabregue 

et al. (2022) comparatively review the broader family. Large-scale pretraining is a separate 

design choice rather than a further kind of objective: foundation models such as Chronos (Ansari 

et al., 2024) and MOMENT (Goswami et al., 2024) are pretrained on separate collections of 

series and applied or adapted downstream. These approaches differ in whether the target sample 

contributes to training and whether learning explicitly optimizes a partition. The present thesis 

evaluates coefficient-targeted representations, with self-supervised learning, deep clustering, and 

foundation models providing context. 

Deep learning representations offer flexibility by estimating features within a chosen 

architecture and objective rather than specifying each feature individually. However, the 

objective may not align with the subgroup-defining property, and training typically requires 

more series than a psychological study provides. Representation dimensionality and geometry 

also depend on the architecture, objective, and training distribution, not solely on the generating 
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process. Thus, learning useful features does not guarantee that their coordinate structure suits the 

downstream clustering procedure. 

2.5 Current Comparisons and Their Limits 

Comparisons among time-series methods must be interpreted relative to the task being 

evaluated. Forecasting concerns prediction of future observations, classification evaluates 

recovery of supplied labels, and clustering seeks a partition under a selected notion of similarity. 

A representation that performs well for one objective therefore need not provide a useful 

geometry for another. The point matters here because the target is not generic time-series 

similarity but recovery of subgroups defined by latent temporal dynamics. 

Large classification benchmarks show that both classical and deep learning 

representations can be competitive and provide little support for universal deep-learning 

superiority (Bagnall et al., 2017; Middlehurst et al., 2024). Clustering comparisons point in the 

same direction. Lafabregue et al. (2022) reviewed deep representation-learning approaches 

across architectures and objectives, and Paparrizos and Bogireddy (2025) compared classical, 

deep-learning, and foundation-model approaches across a large collection of datasets, finding no 

general dominance of the learned alternatives. These studies establish the importance of 

comparing concrete implementations under common conditions, but their external class labels 

and supplied cluster counts do not determine which representation best recovers subgroups 

defined by autoregressive dynamics. 

Psychological research addresses a problem closer to the present one. Ernst et al. (2021) 

compared model-based subgrouping strategies and examined cluster-number decisions in 

empirical emotion data. Li et al. (2025) showed that temporal-order specification can affect 

membership recovery differently from estimation of subgroup dynamics and applied their 
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methods to experience-sampling affect data. Related work has examined feature-based 

psychological time-series clustering and heterogeneous multivariate dynamics (Kreienkamp et 

al., 2025; Park et al., 2024; Crawford et al., 2026). Collectively, this literature demonstrates that 

representation choice, model specification, and subgroup enumeration are consequential, but it 

does not provide a common comparison of the parameter-based, engineered, and CNN-derived 

representations evaluated here under the same dynamic grouping targets. 

The present studies provide that comparison. Series length varies the within-person 

information available for estimating dynamics, sample size the number of individuals available 

for clustering, subgroup separation the distinctiveness of the generating subgroups, and 

observation noise the clarity with which the latent process is observed. Study 1 evaluates these 

representations when temporal order is common within a dataset. Study 2 allows order to vary 

within every subgroup while defining membership in a shared persistence space, which separates 

recovery of the intended subgroup structure from recovery of temporal order. Because the studies 

also differ in population structure, autoregressive fitting specification, Feature-PCA construction, 

CNN training-sample size, and the series-length range evaluated, cross-study differences cannot 

be attributed to mixed temporal order alone. 

2.6 Cluster-Number Selection and Empirical Validation 

Recovering memberships with a supplied cluster count differs from deciding whether 

multiple clusters are warranted. Fixed-count recovery can be scored against known memberships 

but cannot assess selection of additional clusters under a no-subgroup population. Hennig and 

Lin (2015) use a parametric-bootstrap framework to assess homogeneity and cluster number, 

emphasizing that the null must specify which population structure is retained. 
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Two controls are used here. A constant-parameter population assigns identical dynamics 

to everyone, whereas a continuously heterogeneous population allows variation without discrete 

subgroups. These controls address different forms of no-subgroup structure. A Gaussian mixture 

may approximate a continuous non-Gaussian distribution using several components. 

Consequently, a selected component count does not establish the number of psychological types, 

and selecting one component does not prove identical individual dynamics. 

Representation structure requires distinguishing four concepts. Ambient dimension 

counts the coordinates supplied to the clustering algorithm, whereas intrinsic dimension 

describes the dimension of the structure supporting the observations. Covariance rank concerns 

linearly independent covariance directions, while effective rank summarizes how variance is 

distributed across those directions, for example by the participation ratio. A curved one-

dimensional structure can have full covariance rank. Coordinate dependence can therefore matter 

for diagonal-covariance Gaussian mixtures even without exact rank deficiency. The Unknown-K 

analysis, which used full-covariance mixtures, examines how one such transformation interacts 

with Gaussian-mixture selection by the Bayesian information criterion (BIC), without assuming 

that dimension alone determines the selected component count. 

Deterministic transformations such as model-implied ACF change the coordinates of an 

original estimate without adding estimated dynamic information. Comparing such a 

transformation with the original estimate therefore examines representation structure while 

holding the estimated information fixed. 

Empirical validation must then address what can be learned without generating 

memberships. Agreement across representations measures consistency between analyses, not 

accuracy against a partition. Replication across disjoint temporal blocks assesses whether a 
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grouping persists across portions of the observation period, whereas agreement between nested 

windows partly reflects their shared observations. External associations address links with other 

measured characteristics. Ullmann et al. (2022) systematize these validation aims. Each provides 

complementary evidence, and failure on one can reflect limited information as readily as an 

unsuitable grouping. 

Positive and null controls help interpret such validation results. Positive controls indicate 

which separations the implemented pipeline can detect under the evaluated conditions, whereas 

null controls characterize apparent structure in the absence of target subgroups. In this thesis, 

both kinds of condition are part of the simulated Unknown-K analysis; the empirical 

demonstration does not include them. Irregular observation intervals, missing reports, and 

imputation also determine which temporal information enters an empirical representation. Such a 

representation must therefore be distinguished from complete simulated observations, and 

preprocessing and eligibility decisions are part of the interpretation. This framework allows both 

positive and limited evidence to be reported without treating either a partition or a one-cluster 

solution as a definitive description of the population. 

2.7 The Present Study 

The two main simulations compare five representations drawn from four pipelines. 

Model-Based uses fitted autoregressive coefficients. ACF-Empirical uses sample 

autocorrelations at ten lags. Feature-PCA uses study-specific engineered feature sets transformed 

using principal components analysis, with two components retained in Study 1 and ten in Study 

2. CNN-Pred uses the predicted coefficients of a coefficient-targeted convolutional network, and 

CNN-Latent uses that network’s internal embedding, so the CNN pipeline supplies two 

representations. Each is evaluated with diagonal-covariance Gaussian-mixture and k-means 
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clustering, so comparisons are made within each downstream procedure. The networks use OLS-

estimated coefficient targets obtained from independently generated training series and are not 

trained as classifiers of the generating subgroup labels. 

Study 1 provides a baseline in which individuals within a dataset share a temporal order, 

while coefficients vary across subgroups and individuals. Study 2 defines subgroups in a shared 

persistence space and includes both temporal orders within each subgroup. Order is therefore not 

the subgroup label. The empirical demonstration applies the five representations, together with 

the VAR(1) and VAR(3) representations of Li et al. (2025), to positive- and negative-affect 

reports from the How Nuts Are the Dutch project. 

2.8 What Remains Unanswered 

The literature motivates five questions at the intersection of representation construction, 

the information available in individual series, and subgroup validation. The contribution of the 

thesis is threefold. First, model-based, feature-based, and deep learning representations are 

compared side by side on the same subgroups. Second, the comparison uses conditions common 

in psychological data: short, noisy series and, in Study 2, mixed temporal order within 

subgroups. Third, an empirical demonstration adds these representations to the procedure of Li et 

al. (2025) and reports the number of clusters, the memberships, and the cluster-level dynamics in 

real data. In this way, the thesis builds on prior work comparing methods and examining 

empirical clusters. 

Gap 1: Comparison under a shared dynamic grouping target. Extensive 

methodological alternatives exist, but directly comparable evidence remains limited for the 

selected parameter-based, feature-based, and CNN-derived representations under common 

autoregressive grouping conditions. A shared evaluation within each clustering algorithm is 
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needed to assess their dependence on series length, sample size, separation, and observation 

noise. 

Gap 2: Mixed temporal order within subgroups. Temporal-order selection is an 

established concern, but comparative evidence remains limited when order varies within each 

subgroup defined by a shared persistence target. This design separates recovery of the intended 

subgroups from identification of temporal order. 

Gap 3: Recovery and cluster-number calibration. Performance with a supplied cluster 

count does not resolve performance when the count must be selected. The representations require 

joint evaluation of recovery under a specified number of clusters and of selection behavior under 

the homogeneous or continuously heterogeneous controls appropriate to each analysis. 

Gap 4: Representation structure under a fixed selection procedure. Additional 

coordinates can introduce information, repeat it, or transform its distribution. Controlled 

comparisons are needed to distinguish these possibilities and to examine how redundancy and 

covariance structure interact with Gaussian-mixture selection by the Bayesian information 

criterion. 

Gap 5: Representations in empirical data without known memberships. Existing 

experience-sampling applications establish the relevance of subgrouping. Li et al. (2025) applied 

VAR-based clustering to affect data from the How Nuts Are the Dutch project, but their 

application did not include the parameter-based, feature-based, and CNN-derived representations 

evaluated here. Adding them to the same procedure shows whether the selected number of 

clusters, the resulting memberships, and the cluster-level dynamics depend on the representation 

and the selection procedure in real data. 
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3 Research Questions 

RQ1 and RQ2 are the primary questions and are addressed by Studies 1 and 2. RQ3 and 

RQ4 concern selection of the number of subgroups and are addressed mainly by the Unknown-K 

analysis, and RQ5 is addressed by the empirical demonstration. 

RQ1. Within common temporal-order conditions with known subgroup memberships, 

how accurately do the five representations recover membership, and how does their relative 

performance depend on series length, sample size, subgroup separation, observation-noise level, 

and the downstream clustering algorithm? 

RQ2. How does the relative performance of the representations change when subgroups 

are defined in a shared persistence space and each subgroup contains individuals with different 

temporal orders? 

RQ3. When the number of subgroups must be selected, how do the representations 

perform in recovering the generating count and in avoiding additional clusters under the no-

subgroup controls specified for each analysis? 

RQ4. When estimated dynamic information is held fixed, how do changes in its 

representation, including redundant coordinates and their dependence structure, affect cluster-

number selection by the Bayesian information criterion for Gaussian mixtures? 

RQ5. In empirical experience-sampling affect data without known memberships, how do 

the selected number of clusters, the resulting memberships, and the cluster-level dynamics 

depend on the representation and the selection procedure when the five representations are added 

to the procedure of Li et al. (2025)? 
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4 Analysis Plan 

4.1 Simulation Framework and Evaluation Target 

Both studies used Monte Carlo simulation to evaluate subgroup recovery under known 

data-generating conditions. Simulation provided generating memberships against which 

recovered partitions could be compared while systematically varying properties of the data and 

clustering problem. The studies followed the simulation framework of Morris et al. (2019), 

covering aims, data-generating mechanisms, estimands, methods, and performance measures. 

4.2 Subgroup Recovery 

The primary performance measure was the adjusted Rand index (ARI; Hubert & Arabie, 

1985), which quantifies agreement between two partitions while adjusting for chance agreement 

under its reference model. In the simulations, ARI compared recovered memberships with the 

generating subgroup labels. ARI equals 1 for identical partitions, is near zero when agreement 

approaches its reference expectation, and can be negative when agreement is below that 

expectation. Because ARI is invariant to permutations of cluster labels, label alignment was 

unnecessary for the primary recovery analyses. When cluster-specific diagnostics required 

correspondence between recovered clusters and generating subgroups, labels were aligned using 

the Hungarian algorithm (Kuhn, 1955). 

Interpretation emphasized the magnitude and pattern of ARI rather than categorical 

thresholds. Small differences among methods near the floor were distinguished from differences 

producing substantively greater recovery, and no published ARI value was treated as a universal 

criterion for adequate clustering (Milligan & Cooper, 1986; Steinley, 2004). The Discussion uses 

Steinley’s (2004) recovery bands only as descriptive reference points. 
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4.3 Monte Carlo Summaries and Training-Seed Variation 

For each condition, representation, and clustering algorithm, performance was 

summarized using the mean and standard deviation of replication-level ARI. The Monte Carlo 

standard error (MCSE) of each condition mean was calculated as 

MCSE(mean ARI) = s(ARI)/√R, 

where s(ARI) is the standard deviation of replication-level scores and R is the number of 

replications. MCSE therefore quantifies uncertainty arising from the finite number of Monte 

Carlo replications rather than variation across experimental conditions (Morris et al., 2019). 

CNN-derived representations were evaluated using five independently trained networks 

per condition. Each network generated CNN-Pred and CNN-Latent representations for every 

evaluation dataset. These were clustered and scored separately, and the five resulting ARI values 

were averaged within each replication before condition-level aggregation. Performance scores, 

rather than latent coordinates, were averaged because independently trained latent spaces need 

not share aligned coordinates. This procedure incorporated performance across networks without 

treating repeated evaluations of the same dataset as independent replications. 

4.4 Clustering Procedures and Performance Summaries 

Each primary representation was evaluated using two downstream clustering procedures: 

a diagonal-covariance Gaussian mixture model (GMM) and k-means. Both were supplied with K 

= 3 for the primary recovery analyses. The diagonal GMM estimated coordinate-specific 

component variances but no within-component covariance terms, making its performance 

potentially sensitive to dependence and orientation within the representation. The k-means 

algorithm instead formed partitions by minimizing within-cluster squared Euclidean distances. 

Evaluating both procedures allowed representation effects to be examined within a common 
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clustering algorithm while also testing whether relative performance depended on the 

downstream clustering procedure. 

Two complementary summaries described representation performance. First, pooled 

mean ARI summarized average performance across each study’s conditions. When a single 

clustering algorithm is reported for a representation, it is the pooled-best clustering algorithm, 

defined by the higher pooled mean ARI across conditions. Results for the GMM and k-means 

were also reported separately. 

Second, condition-level counts described how often each representation achieved the 

highest available mean ARI. Each representation used its within-condition best clustering 

algorithm, defined as the clustering algorithm with the higher mean ARI for that representation 

and condition, before the representation with the highest mean ARI was identified. Thus, pooled 

means used one clustering algorithm per representation across a study, whereas the condition-

level counts allowed that choice to vary by condition. The two rules are distinguished when 

reporting these counts. Both summaries are retrospective evaluations based on known 

memberships, not empirical algorithm-selection procedures. 

4.5 Factor Decomposition and Condition-Level Comparisons 

Descriptive analysis of variance (ANOVA) models summarized how condition-level 

mean ARI varied across the manipulated factors. Interpretation focused on η², expressed as each 

term’s sum of squares relative to the total used in the decomposition, rather than on conventional 

significance testing (Langsrud, 2003; Richardson, 2011). Main effects were interpreted in 

conjunction with interactions when the latter were substantively important. 

Because Study 1 used 1,000 replications per condition and Study 2 used 500, replication-

level tests could detect differences too small to be substantively meaningful. Inferential 
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comparisons therefore used simulation conditions as the unit of analysis. Within each study, a 

Friedman test (Friedman, 1937) compared the five representations, followed by two-sided 

Wilcoxon signed-rank comparisons (Wilcoxon, 1945) of Model-Based with each competitor. 

The four comparisons were Holm-corrected (Holm, 1979) within each study, with matched-pairs 

rank-biserial correlations reported as effect sizes. These analyses assessed whether differences 

were consistent across conditions rather than concentrated in a few. 

The inferential comparisons used each representation’s pooled-best clustering algorithm, 

as did the pooled means. Condition-level counts instead allowed the better clustering algorithm 

to vary by condition. These aggregation rules are not interchangeable. 

4.6 Secondary Diagnostics and Cluster-Number Selection 

Secondary diagnostics examined parameter prediction, mixture-model convergence, and 

characteristics of recovered memberships to distinguish retention of relevant temporal 

information from successful subgroup recovery. 

The primary recovery analyses fixed K = 3 to isolate membership recovery from cluster-

number estimation. The Unknown-K analysis addressed the separate problem of selecting the 

number of components, evaluating both recovery of the generating count when discrete 

subgroups were present and additional-component selection under no-subgroup conditions. 

Forced K = 3 null conditions were not interpreted as false-positive cluster-selection tests because 

any nontrivial forced partition of a single generating class yields ARI of zero under the scoring 

setup. Conclusions about selection of additional clusters therefore came from analyses in which 

the number of components was allowed to vary. 
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5 Computational Implementation 

The analyses were implemented in Python. NumPy (Harris et al., 2020) provided 

numerical operations, scikit-learn (Pedregosa et al., 2011) provided preprocessing and clustering, 

and PyTorch (Paszke et al., 2019) provided neural-network training and evaluation. 

Autoregressive estimation used statsmodels (Seabold & Perktold, 2010) for Study 1 Model-

Based fits, a separate vectorized least-squares routine for Study 1 CNN targets, and NumPy least 

squares for the common AR(2) fits in Study 2. Neural computations used available accelerator 

hardware, with CPU execution when no accelerator was available. 

Training data, diagnostic data, and Monte Carlo evaluation data were generated using 

distinct seed assignments. The separation between these datasets was maintained throughout the 

primary comparisons. Networks were trained on independently generated series rather than on 

the datasets used to calculate subgroup recovery. 

In the primary analyses, the five networks trained for each condition were reused across 

that condition’s evaluation replications, keeping network weights fixed while the evaluation 

datasets changed. 

Both primary simulation studies trained their CNNs on OLS coefficient estimates 

obtained from independently generated training series. Study 1 used coefficient targets 

corresponding to the temporal order of the condition, whereas Study 2 used estimates from the 

common AR(2) specification employed for its mixed-order design. The true generating 

coefficients available in simulation were retained for diagnostic evaluation but were not used as 

CNN training targets. Thus, the neural supervision incorporated properties of OLS estimation in 

both primary studies. 
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For AR(2) generation, coefficient draws were checked against stationarity constraints, 

and invalid draws were rejected and resampled. The two studies handled exhaustion of that loop 

differently. Study 1 assigned the subgroup centroid to any individual for whom no admissible 

pair was obtained within 1,000 attempts, whereas Study 2 raised an error rather than substituting 

a value. AR(1) coefficients were not rejected. Each drawn coefficient was instead clipped to the 

interval [−0.99, 0.99] in both studies. The accepted coefficient distributions therefore reflected 

these restrictions in addition to the initial perturbation distributions. 

Each network was trained for 100 epochs using the Adam optimizer (learning rate .001), 

mean squared error loss, Xavier initialization, mini-batches of 32, and a reduce-on-plateau 

learning-rate schedule (factor 0.5, patience 15 epochs) driven by mean training loss. No early 

stopping or validation split was used, so every network completed the full training budget. 

Held-out coefficient-prediction diagnostics used 10,002 independently generated series 

per condition. Subgroup-recovery analyses used the condition-specific sample sizes and 

replication counts. Gaussian mixtures used 10 initializations and covariance regularization of 1e-

4, while k-means also used 10 initializations. Within each replication, all representations were 

evaluated on the same dataset, making comparisons paired. Seeds for the clustering algorithms 

were reproducible, although identical seed values did not imply identical initializations across 

different feature spaces. 

6 Study 1: Common Temporal Order 

6.1 Method 

Experimental Design. Study 1 evaluated subgroup recovery in order-homogeneous 

populations using a fully crossed Monte Carlo design. Within each simulated dataset, all 
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individuals followed the same autoregressive family, either AR(1) or AR(2). This provided a 

baseline before introducing mixed-order populations in Study 2. 

The design crossed sample size (N ∈ {100, 300}), series length (T ∈ {15, 50, 100, 200}; 

Hamaker & Wichers, 2017), temporal order {AR(1), AR(2)}, and signal-to-noise ratio (SNR ∈ 

{1, 2, 4}). Subgroup separation varied across Easy, Medium, and Hard levels. A clean-baseline 

diagnostic (N = 300, T = 100, AR(1), Easy separation) contained neither within-subgroup 

coefficient variation nor measurement noise. It provided a recovery benchmark under favorable 

conditions and was excluded from pooled summaries. 

No-subgroup conditions were excluded from this fixed-K design because forcing K = 3 

on a single generating class produces an ARI of zero by construction and cannot test false-

positive subgroup detection. The separate Unknown-K analysis evaluated null behavior with a 

variable component count. Study 1 therefore contained 145 conditions: 144 K = 3 clustering 

conditions and one clean-baseline diagnostic. Each condition was replicated 1,000 times. 

Conditions and Data Generation. Latent time series were generated from stationary 

AR(1) and AR(2) processes (Brockwell & Davis, 1991). The AR(1) process was defined as 

zₜ = φ zₜ₋₁ + εₜ,  εₜ ∼ N(0, σ²ε), 

and the AR(2) process was defined as 

zₜ = φ₁ zₜ₋₁ + φ₂ zₜ₋₂ + εₜ. 

For AR(2) conditions, stationarity was enforced by requiring each sampled parameter 

pair to satisfy the standard triangle constraints, 

φ₂ + φ₁ < 1,  φ₂ − φ₁ < 1,  |φ₂| < 1. 

Invalid AR(2) parameter pairs were rejected and redrawn. The fallback and AR(1) 

clipping procedures are described in Section 5. For the clustering conditions, person-specific 
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autoregressive parameters were sampled around subgroup centroids with a perturbation standard 

deviation of τ = 0.10. Because clipping and stationarity restrictions affected the accepted 

coefficients, τ describes the perturbation distribution before those restrictions rather than the 

realized within-subgroup dispersion. Cluster sizes were balanced as closely as possible, with 

exact balance at N = 300 and near-balance at N = 100. 

For AR(1), subgroup separation was operationalized through a separation-to-spread ratio 

defined as 

SSR = |μₖ₊₁ − μₖ| / (2τ), 

where μₖ is the cluster centroid and τ = 0.10 is the perturbation standard deviation. Easy, 

Medium, and Hard separation corresponded to SSR values of 2.0, 1.5, and 1.0, with AR(1) 

centroid sets {0.1, 0.5, 0.9}, {0.2, 0.5, 0.8}, and {0.3, 0.5, 0.7}, respectively. For AR(2), 

separation was defined analogously in two-dimensional parameter space using a bivariate 

separation-to-spread ratio, 

SSR2D = minⱼ≠ₖ ‖μⱼ − μₖ‖ / (2τ√2), 

where ‖μⱼ − μₖ‖ is the Euclidean distance between the nearest pair of centroids in (φ₁, φ₂) 

space and the denominator uses the perturbation standard deviation scaled for two dimensions. 

Easy, Medium, and Hard AR(2) centroid triplets were {(0.0, 0.0), (0.5, 0.2), (0.8, −0.3)}, {(0.2, 

0.1), (0.5, 0.3), (0.2, 0.5)}, and {(0.3, 0.2), (0.5, 0.3), (0.25, 0.5)}, respectively. Under this 

definition, the Easy, Medium, and Hard AR(2) triplets give SSR2D values of approximately 1.9, 

1.3, and 0.8. These levels are author-chosen design values, selected to span a practical range 

from clearly recoverable subgroup structure to substantial within-population overlap. Prior work 

motivates manipulating separation and sample size in cluster-recovery simulations (Steinley, 

2004; Dalmaijer et al., 2022) but does not establish these particular values. 
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The no-subgroup conditions of the separate Unknown-K analysis used the same sample-

size, series-length, temporal-order, and SNR levels but had no subgroup-separation factor. They 

were generated from a one-component solution centered at φ = 0.50 for AR(1) and (φ₁, φ₂) = 

(0.50, 0.20) for AR(2). 

Signal-to-noise ratio was imposed by combining the z-normalized latent series with 

additive Gaussian measurement error. The observed series was modeled as 

yₜ = α zₜ + eₜ, 

where α = √(SNR / (1 + SNR)) and eₜ ∼ N(0, 1 / (1 + SNR)). The signal fraction was 

SNR / (1 + SNR), the noise fraction was 1 / (1 + SNR), and the observed series had unit variance 

by construction up to finite-sample drift. SNR levels of 1, 2, and 4 corresponded to 

measurement-error variances of 0.50, 0.33, and 0.20, respectively. A burn-in period of 200 

observations was discarded before retaining the series of length T. Each retained series was then 

z-normalized before feature extraction so that clustering emphasized temporal structure rather 

than raw mean or variance differences. The design allowed recovery to be examined across 

series information, subgroup separation, measurement quality, and autoregressive complexity. 

Representations Compared. Study 1 compared five representations. Each was 

constructed from the same observed series within a replication and evaluated using both 

clustering procedures. 

Model-Based. The Model-Based representation consisted of OLS estimates from the 

autoregressive model matching the generating order. In AR(1) conditions, each individual was 

represented by 

𝑥𝑖 = (𝜑̂𝑖). 

In AR(2) conditions, the representation was 
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𝑥𝑖 = (𝜑̂1𝑖 , 𝜑̂2𝑖). 

Model-Based therefore used one or two coordinates corresponding directly to the 

parameters that define the subgroups, subject to finite-series bias and sampling variability in their 

estimation (Shaman & Stine, 1988). These estimates were obtained from autoregressive models 

fitted without an intercept to the standardized series. In AR(1) conditions the fitted coefficient 

was clipped to the interval [−0.99, 0.99] before clustering, whereas in AR(2) conditions both 

fitted coefficients were retained without componentwise clipping, because a first coefficient 

greater than one can be admissible within the stationarity triangle. 

ACF-Empirical. ACF-Empirical represented each individual through sample 

autocorrelations at lags 1 through 10, 

𝑥𝑖 = (𝜌̂𝑖(1), 𝜌̂𝑖(2),… , 𝜌̂𝑖(10)). 

It summarized observed serial dependence without fitting an autoregressive order. Its 

coordinates differ in estimation precision and are not independent. In later analyses it is 

distinguished from model-implied and residual autocorrelations. 

Feature-PCA. Feature-PCA applied principal components analysis to a prespecified set 

of 14 engineered features: the mean, standard deviation, skewness, excess kurtosis, and 25th, 

50th, and 75th percentiles; sample autocorrelations at lags 1 through 5; the slope of a linear time 

trend; and the dominant frequency index from a fast Fourier transform. PCA reduced these 

features to two retained components. 

Because series were z-normalized before feature extraction, the mean was zero and the 

standard deviation was one to within numerical precision. Thus, two features carried no 

discriminating information by construction. Features were standardized before PCA, and retained 

component scores were standardized again before clustering. This was the thesis’s 
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implementation rather than a general recommendation. PCA retains directions of feature variance 

without using subgroup labels (Jolliffe & Cadima, 2016), so those directions need not support 

recovery. This construction represents one implementation of the feature-based family (Fulcher 

& Jones, 2017). 

CNN-Pred. CNN-Pred used the autoregressive coefficients predicted by a convolutional 

network. It had one coordinate in AR(1) conditions and two in AR(2) conditions, 

𝑥𝑖 = (𝜑̂𝑖
CNN) 

or 

𝑥𝑖 = (𝜑̂1𝑖
CNN, 𝜑̂2𝑖

CNN). 

Its dimension matched Model-Based, but its estimates came from a learned mapping. 

CNN-Latent. CNN-Latent used the 32-dimensional penultimate-layer activations of the 

same network, which support coefficient prediction without a parameter interpretation for each 

coordinate. CNN-Pred and CNN-Latent are therefore two representations from one coefficient-

targeted architecture. They differ in both information retained and feature-space geometry, 

because the output layer compresses the latent representation. 

CNN Architecture and Training. The CNN used two one-dimensional convolutional 

blocks. The first applied 32 filters with kernel width 7 and padding 3. The second applied 64 

filters with kernel width 5 and padding 2. Each block included rectified linear unit activation, 

max pooling by a factor of two, and dropout with probability .50. 

The resulting activations were flattened and passed to a fully connected layer with 32 

units, followed by a rectified linear unit activation and dropout with probability .50. These 

activations formed the latent representation. A final output layer predicted one coefficient for 

AR(1) or two for AR(2), using a hyperbolic tangent activation. This architecture followed the 



 34 

general use of convolutional feature extraction for sequential inputs described in the neural-

network and time-series learning literature (LeCun et al., 1998; Ismail Fawaz et al., 2019). 

The hyperbolic tangent activation constrained each predicted coefficient to (−1, 1). This 

bound was an architectural choice rather than a complete stationarity constraint. In particular, 

stationary AR(2) processes can have a first coefficient outside that interval, and independently 

bounded coefficient predictions need not jointly satisfy the AR(2) stationarity conditions. The 

restriction could therefore affect both prediction and the distribution supplied to the clustering 

algorithm. 

Training followed the settings described in Section 5. Five independently seeded 

networks were trained per condition. 

Training series were generated separately from the Monte Carlo evaluation datasets using 

the same condition-specific process and subgroup-centroid configuration. CNN targets were 

estimated by OLS from the observed training series using a vectorized least-squares routine 

rather than the statsmodels fit used for Model-Based. Targets were bounded to [−0.999, 0.999] in 

AR(1) conditions and [−1.5, 1.5] in AR(2) conditions. Model-Based and CNN-target estimates 

therefore differed in implementation and bounds. True generating coefficients were retained for 

diagnostics but were not training targets. Membership labels were not supplied as classification 

targets, although the training distribution reflected the generating population. 

Each Study 1 network was trained on the number of series specified by its condition, so 

training-sample size varied with N. Study 2 networks instead used 500 training series each. 

Training-sample size therefore differed between studies, but supervision type did not. 

This was therefore a supervised coefficient-estimation benchmark using estimated rather 

than generating coefficients as training targets. The network learned a mapping from observed 
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time series to OLS-estimated dynamic parameters using independent simulated training data. Its 

performance remained specific to the evaluated architecture, optimization procedure, training 

distribution, and coefficient estimator. 

Once trained, network weights remained fixed and dropout was disabled during 

evaluation. For each replication, the observed series were passed through each trained network to 

obtain CNN-Pred and CNN-Latent. Each representation was clustered independently under the 

GMM and k-means procedures, scored against the generating memberships, and included in the 

within-replication seed average described in the Analysis Plan. 

6.2 Results 

Overall Method Comparison. Study 1 produced a clear overall ranking across the 144 

clustering conditions. Model-Based achieved the highest pooled mean ARI (M = .290, MCSE = 

.001; k-means), followed by CNN-Pred (M = .212, MCSE < .001; GMM), CNN-Latent (M = 

.204, MCSE < .001; GMM), ACF-Empirical (M = .165; k-means), and Feature-PCA (M = .153; 

GMM). Under the primary within-condition best-algorithm definition, Model-Based had the 

highest ARI in 114 of 144 conditions (79.2%). This share was 76.4% under the diagonal GMM 

alone and 93.1% under k-means alone, showing that the magnitude of its advantage depended 

partly on the downstream procedure. Table 1 summarizes pooled performance and the condition-

level counts. 

A clean diagnostic condition examined whether the implemented pipelines could recover 

clearly separated structure under favorable conditions. That condition used AR(1), N = 300, T = 

100, and Easy separation, with no within-subgroup coefficient spread and no observation noise. 

Model-Based attained an ARI of .94, followed by CNN-Pred (.90), CNN-Latent (.70), Feature-

PCA (.45), and ACF-Empirical (.40). These results demonstrate that some pipelines achieved 
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high recovery under favorable conditions, although the diagnostic does not establish why 

performance was lower across the broader factorial design. 

Although CNN-Pred learned to predict OLS estimates from independent, condition-

matched training series, Model-Based achieved higher pooled recovery through direct coefficient 

estimation. This finding remains specific to the evaluated neural architecture, optimization 

procedure, and training distribution. 

Condition-Level Performance. Condition-level counts allowed each representation its 

better clustering algorithm within each condition. Model-Based had the highest ARI in all 72 

conditions with N = 100. The 30 conditions in which it did not have the highest ARI occurred 

entirely at N = 300 and became less frequent as series length increased: 13 at T = 15, 11 at T = 

50, four at T = 100, and two at T = 200. CNN-Latent had the highest ARI in 22 of these 

conditions, and CNN-Pred and ACF-Empirical in four each. This pattern is consistent with larger 

samples providing more training information for the deep learning representations while direct 

coefficient estimation depends primarily on the information available within each person’s 

series. Because bias and variance were not separately decomposed, this interpretation is treated 

as a plausible mechanism rather than a demonstrated explanation. 

Condition-level inferential comparisons supported the overall ranking. The Friedman test 

rejected equal performance across the five representations, χ²(4) = 289.57, p < .001, Kendall’s W 

= .50. Model-Based had the best mean rank (1.22), and Holm-corrected Wilcoxon signed-rank 

comparisons showed that it exceeded each competitor across the evaluated conditions (all p < 

.001). Median per-condition advantages were .068 over ACF-Empirical, .056 over CNN-Pred, 

.062 over CNN-Latent, and .090 over Feature-PCA, with matched-pairs rank-biserial correlations 

ranging from .88 to 1.00. 
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Effects of the Experimental Factors. The descriptive factor decomposition showed that 

Model-Based recovery was governed primarily by within-person information and subgroup 

distinctiveness. Under the diagonal GMM, series length accounted for 50.7% of the variation in 

condition-level mean ARI, subgroup separation for 31.4%, and signal-to-noise ratio for 7.4%. 

Sample size and temporal order contributed comparatively little, accounting for 0.1% and 0.3%, 

respectively. The largest interaction was T × Separation, which accounted for 6.7% of the 

variation. The remaining reported two-way interactions were approximately 1% or less. The full 

hierarchy is reported in Table 2. 

Recovery improved strongly with series length. Under k-means, its pooled-best clustering 

algorithm, mean Model-Based ARI increased from .065 at T = 15 to .236 at T = 50, .369 at T = 

100, and .490 at T = 200. At T = 15, all representations were near the floor, indicating that 

representation choice had limited value when individual series contained very little temporal 

information. 

Subgroup separation and observation noise produced the expected ordering. Under the 

same algorithm, mean Model-Based ARI was .441 under Easy separation, .279 under Medium, 

and .150 under Hard. It increased from .213 at SNR = 1 to .298 at SNR = 2 and .359 at SNR = 4. 

The T × Separation interaction reflects that the benefit of longer series was largest when 

subgroups were well separated and smallest when they were not. 

Representation Form and Recovery. CNN-Pred and CNN-Latent were derived from 

the same coefficient-targeted network but presented its learned information to the clustering 

algorithm differently. CNN-Pred operated in the same one- or two-dimensional coefficient space 

as Model-Based, whereas CNN-Latent used a 32-dimensional internal representation. Their 
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pooled means were similar (.212 and .204), but CNN-Latent accounted for most of the 

conditions in which Model-Based did not have the highest ARI. 

This comparison illustrates a distinction that becomes more important in the Unknown-K 

analysis and the empirical demonstration: the information retained by a representation and the 

coordinate structure through which that information is presented to the clustering algorithm are 

separate properties. 

Unknown-K Behavior. The primary Study 1 analysis fixed K = 3 to evaluate 

representation quality independently of cluster-number estimation. The separate Unknown-K 

analysis allowed the number of components to vary from 1 to 4. It retained Study 1’s factor 

structure and included 192 conditions: 48 no-subgroup conditions and 144 three-subgroup 

conditions. The analysis differed from Study 1 in four respects: 500 rather than 1,000 

replications per condition; convolutional networks trained against generating coefficients rather 

than OLS estimates; one trained network per condition rather than five; and full-covariance 

rather than diagonal-covariance Gaussian mixtures. Consequently, the Unknown-K findings 

characterize a separate analysis rather than isolating the effect of allowing K to vary. 

Cluster number was selected using the Bayesian information criterion (BIC) with the 

Gaussian mixture model for Model-Based, ACF-Empirical, ACF-Implied (the ten model-implied 

autocorrelations computed from the Model-Based coefficient estimate), Feature-PCA, and CNN-

Pred. For CNN-Latent, it was selected using the gap statistic (Tibshirani et al., 2001). Each 

selection procedure therefore pairs a criterion with a clustering algorithm. 

False-positive rates under the 48 no-subgroup conditions differed sharply across 

representations. Model-Based had the lowest rate at 6.0%, followed by CNN-Latent at 8.1%, 

ACF-Empirical at 18.4%, CNN-Pred at 54.4%, Feature-PCA at 64.6%, and ACF-Implied at 
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100.0%. The contrast between Model-Based and ACF-Implied is especially informative because 

both were constructed from the same fitted autoregressive information. ACF-Implied 

transformed that information into ten model-implied autocorrelations and selected more than one 

component in every null replication. Thus, adding deterministic coordinates without adding fitted 

dynamic information substantially changed cluster-number calibration under the evaluated full-

covariance mixture and BIC. 

The gap statistic reduced, but did not remove, ACF-Implied’s inflation, yielding a false-

positive rate of 67.7%. CNN-Pred showed a different calibration problem: its BIC false-positive 

rate increased from 12.5% at N = 100 to 96.2% at N = 300. Using the gap statistic reduced this 

false-positive rate to 14.7%, but its correct K = 3 selection rate fell to 4.1%, illustrating a trade-

off between false-positive control and sensitivity. 

Correct K = 3 selection rates varied across representations under their primary selection 

procedures: 3.9% for Model-Based, 2.7% for ACF-Empirical, 21.7% for ACF-Implied, 12.2% 

for Feature-PCA, 8.9% for CNN-Latent, and 38.8% for CNN-Pred. No evaluated representation 

combined consistently low null false-positive rates with high correct-count selection. Table 3 

reports the complete comparison. 

These findings reinforce the distinction between recovering memberships when K is 

supplied and determining how many components should be selected. They also support retaining 

fixed K = 3 for the primary recovery comparisons, where the objective was to isolate 

representation quality rather than combine it with representation-specific cluster-number 

calibration. 
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7 Study 2: Mixed Temporal Order 

7.1 Method 

Changes From Study 1. Study 2 extended the comparison to populations containing 

individuals with different temporal orders. Whereas every individual within a Study 1 dataset 

followed the same autoregressive family, Study 2 included both AR(1) and AR(2) individuals 

within every generating subgroup. The objective was to evaluate subgroup recovery when the 

intended subgroups shared a persistence-based distinction that crossed temporal order. 

Study 2 also introduced changes in representation construction that affect how its results 

can be compared with Study 1. As in Study 1, the CNN was trained on OLS-estimated 

coefficients from independently generated training series. However, Study 2 used targets from 

the common AR(2) fitting specification applied across its mixed-order population. Feature-PCA 

also used post-fit characteristics rather than the descriptive features used in Study 1 and retained 

ten principal components rather than two. 

The studies additionally differed in population structure, subgroup definition, 

autoregressive fitting specification, CNN training-sample size, the evaluated range of series 

lengths, and replication count. Consequently, cross-study differences cannot be attributed to 

temporal-order heterogeneity alone. 

The general evaluation procedures remained unchanged. Each representation was applied 

to the same evaluation datasets, both the diagonal-covariance GMM and k-means were supplied 

with K = 3, and ARI measured agreement with generating memberships. Five independently 

trained networks were evaluated per condition, with their ARI scores averaged within each 

replication. 
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Persistence-Space Construction. A mixed-order design must distinguish recovery of the 

intended subgroups from recognition of temporal order. If AR(1) individuals formed one 

subgroup and AR(2) individuals another, a representation could recover memberships by 

identifying order alone. Study 2 avoided that construction by including both orders within each 

subgroup and defining subgroup differences through shared persistence targets. 

For a stationary AR(1) process, the lag-1 autocorrelation equals its autoregressive 

coefficient, 

ρ₁ = φ₁. 

For a stationary AR(2) process, the corresponding relationship is 

ρ₁ = φ₁ / (1 − φ₂). 

This relationship allows processes with different temporal orders to have a common 

target for one-step persistence while differing in their second-lag structure. 

Each subgroup k was assigned a persistence target ρ₁ₖ and a second-coefficient target φ₂ₖ 

for its AR(2) members. For an AR(1) individual i assigned to subgroup k, the generating 

coefficient was 

φ₁ᵢ = ρ₁ₖ + u₁ᵢ. 

For an AR(2) individual in the same subgroup, coefficients were generated as 

φ₂ᵢ = φ₂ₖ + u₂ᵢ, 

and 

φ₁ᵢ = ρ₁ₖ(1 − φ₂ᵢ) + u₁ᵢ, 

where the independent perturbations followed 

u₁ᵢ, u₂ᵢ ∼ N(0, τ²),  τ = 0.10. 
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The construction aligned subgroup persistence centers across orders without requiring 

identical within-subgroup persistence distributions. Substituting the AR(2) coefficient 

construction into the autocorrelation identity gives 

ρ₁ᵢ = ρ₁ₖ + u₁ᵢ / (1 − φ₂ᵢ). 

Thus, the realized persistence spread among AR(2) members depended on their second 

coefficients. The perturbation standard deviation τ did not imply a common persistence standard 

deviation across orders. Stationarity restrictions further affected the accepted coefficient 

distributions. In generation, AR(1) coefficients were clipped to the interval [−0.99, 0.99], 

whereas AR(2) coefficient pairs were obtained by rejection sampling under the stationarity 

constraints, with an error raised if no admissible pair was found within 1,000 attempts. 

Subgroup Separation and Order Composition. The Easy, Medium, and Hard 

conditions used the following sets of (ρ₁, φ₂) target pairs, respectively: {(0.10, 0.00), (0.50, 0.20), 

(0.75, −0.10)}, {(0.20, 0.00), (0.50, 0.20), (0.70, −0.10)}, and {(0.30, 0.00), (0.50, 0.20), (0.65, 

−0.10)}. 

The first coordinate defined the shared persistence target. The second specified additional 

dynamics for AR(2) members, while AR(1) members retained φ₂ = 0. Subgroup membership 

therefore represented a persistence-centered distinction across orders rather than membership in 

a single autoregressive family. 

Three order compositions were evaluated: AR1-Dominant, containing 70% AR(1) 

individuals; Mixed, containing equal proportions of AR(1) and AR(2) individuals; and AR2-

Dominant, containing 30% AR(1) individuals. The condition-specific composition was applied 

within every subgroup, subject to integer allocation. Generating subgroups were therefore not 

distinguished by their intended order proportions. 
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Experimental Design. Study 2 crossed order composition, subgroup separation, series 

length (T ∈ {50, 100, 200}), signal-to-noise ratio (SNR ∈ {1, 2, 4}), and sample size (N ∈ {100, 

300}). 

The resulting design contained 162 conditions, each replicated 500 times. Subgroup sizes 

were balanced as closely as integer allocation permitted. 

The burn-in procedure, observation-noise construction, and general preprocessing 

followed Study 1. The shortest Study 1 series length, T = 15, was not included. Study 2 therefore 

evaluated the mixed-order comparison over the longer series lengths rather than extending the 

comparison to every Study 1 condition. 

A common AR(2) model was fitted to every individual for representations requiring 

estimated coefficients. At the latent-process level, this specification accommodates AR(1) as the 

special case φ₂ = 0. It nevertheless requires estimation of an additional coefficient for true AR(1) 

individuals. The common specification therefore avoids switching coefficient dimensions across 

people while introducing an estimation cost when the second coefficient is unnecessary. As in 

Study 1, additive observation noise can affect the relationship between fitted and generating 

coefficients. 

Representations Compared. Study 2 compared the same five representations, 

constructed as follows.  

Model-Based. Every individual was represented by the OLS coefficient pair from the 

common AR(2) fit, 

𝑥𝑖 = (𝜑̂1𝑖 , 𝜑̂2𝑖). 

The representation had two coordinates regardless of generating order. True AR(1) 

individuals were not assigned a second coefficient of zero by construction. Instead, their second 
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coefficient was estimated from the observed series. The common AR(2) model was fitted by 

least squares on the lagged design matrix without an intercept term. 

ACF-Empirical. Each individual was represented by the sample autocorrelations at lags 

1 through 10. This was the same empirical-autocorrelation construction used in Study 1. It did 

not require selecting a temporal order for each person. 

Feature-PCA. The engineered representation was constructed from ten post-fit features: 

the two estimated AR coefficients, the residual mean square, the Akaike information criterion 

(Akaike, 1974), the Bayesian information criterion (Schwarz, 1978), the Gaussian log-likelihood, 

and the mean, standard deviation, skewness, and excess kurtosis of the residuals. Nonfinite 

feature values were replaced with the corresponding feature median across individuals within the 

dataset. The features were standardized before principal components analysis, and the retained 

component scores were standardized again before clustering. Study 2 inherited the configured 

default of ten components and therefore retained ten component scores rather than reducing the 

ten engineered features to a smaller number. 

This study-specific implementation combined fitted temporal information with 

characteristics of model fit and residual behavior, unlike Study 1’s descriptive feature set. Study 

1 retained two principal components, whereas Study 2 retained the configured default of ten. 

Because the feature sets and retained dimensions differed without an isolated dimensionality 

manipulation, the Feature-PCA results should not be compared across studies as though 

dimensionality alone had been varied experimentally. 

CNN-Pred. The CNN used the architecture described in Study 1 but predicted the two 

OLS AR(2) coefficients. Its training targets were obtained by fitting the common AR(2) model 

to independently generated training series. Each network was trained on 500 series per condition, 
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so increasing the evaluation sample from N = 100 to N = 300 did not increase its training-sample 

size. 

The network therefore learned a mapping to estimated coefficients rather than to the 

generating parameters. This provided a target available without knowledge of true coefficients, 

while incorporating the properties of OLS estimation into the supervision. 

CNN-Latent. The 32-dimensional penultimate layer of the same trained network 

provided CNN-Latent. As in Study 1, CNN-Pred and CNN-Latent were evaluated separately. 

Network weights remained fixed during Monte Carlo evaluation, and scores were averaged 

across the five training seeds within each replication. 

Order-Decoupling and Prediction Diagnostics. Two diagnostics assessed whether 

recovered partitions primarily distinguished temporal order rather than the intended subgroups. 

Order-ARI compared recovered memberships with the generating AR(1)/AR(2) labels. A second 

diagnostic summarized the largest deviation between a recovered cluster’s AR(1) proportion and 

the population composition. 

These diagnostics addressed alignment between the partition and order. Low order-ARI 

would support interpreting subgroup ARI against the intended grouping target, but it would not 

demonstrate that the representation contained no information about temporal order. 

Held-out CNN diagnostics also compared predicted coefficients with their OLS targets. 

Correlations described association with the targets, while ratios of predicted to target standard 

deviations described the spread of the predictions. These quantities were used to characterize the 

learned mapping rather than to establish unbiasedness or recovery of true coefficients. 
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7.2 Results 

Order-Decoupling Results. The recovered partitions showed little evidence of primarily 

separating individuals by temporal order. Pooled order-ARI values were within ±.003 of zero for 

every representation under both clustering algorithms, and the largest reported condition-level 

mean was .036. Deviations in recovered-cluster order composition ranged from .08 to .15. These 

diagnostics support evaluating recovery against the intended persistence-based memberships, 

although they do not imply that the representations contained no information about temporal 

order. 

Overall Method Comparison. Model-Based and the two CNN-derived representations 

performed much more similarly in Study 2 than in Study 1. Under the diagonal GMM, pooled 

mean ARI was .2515 for CNN-Latent, .2458 for CNN-Pred, and .2391 for Model-Based, a range 

of only .0124. Under k-means, the ordering changed: CNN-Pred led at .2417, followed by 

Model-Based at .2384 and CNN-Latent at .2352, a range of .0065. ACF-Empirical and Feature-

PCA trailed the leading three under both clustering algorithms. Monte Carlo standard errors of 

these pooled means were .0004 or smaller, so the .0124 range among the leading three exceeds 

Monte Carlo error, although the differences are small. Feature-PCA’s low recovery may partly 

reflect that all ten standardized component scores were retained, so components carrying little 

subgroup information received the same weight as those carrying most of it; this explanation was 

not isolated. Table 4 reports the complete comparison. 

Under the within-condition best-algorithm definition, CNN-Latent had the highest ARI in 

75 of 162 conditions (46.3%), Model-Based in 47 (29.0%), and CNN-Pred in 40 (24.7%). 

Neither ACF-Empirical nor Feature-PCA had the highest ARI in any condition. Thus, in Study 2 

the three leading representations performed similarly, and their ordering depended on the 
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clustering algorithm and the information available in each condition rather than on a single 

representation that dominated the design. 

The Friedman test rejected equal performance, χ²(4) = 509.07, p < .001, Kendall’s W = 

.79. Mean ranks placed CNN-Latent first (1.67), CNN-Pred second (2.05), and Model-Based 

third (2.39), ahead of ACF-Empirical (3.90) and Feature-PCA (5.00). Holm-corrected Wilcoxon 

comparisons showed that Model-Based trailed CNN-Latent by a median .016 per condition and 

CNN-Pred by .007, while exceeding ACF-Empirical by .060 and Feature-PCA by .167. The 

differences among the leading three were therefore statistically consistent across the design but 

modest in absolute magnitude and sensitive to the downstream clustering algorithm. 

Effects of the Experimental Factors. For Model-Based under the diagonal GMM, series 

length and subgroup separation dominated the descriptive factor decomposition, accounting for 

43.5% and 40.6% of variation in condition-level mean ARI, respectively. Signal-to-noise ratio 

accounted for another 12.1%, whereas order composition and sample size accounted for only 

0.9% and 0.6%. The reported interactions were small: T × Separation accounted for 0.8%, 

Separation × SNR for 0.3%, and T × Composition for 0.1%. Table 5 reports the full 

decomposition. 

These percentages should not be compared directly with Study 1 because the designs 

span different ranges of T. In particular, Study 2 excludes T = 15, where Study 1 recovery was 

near the floor. Within Study 2, series length, subgroup separation, and observation noise 

accounted for substantially more variation in Model-Based recovery than order composition or 

sample size. 

Series length also changed the relative ranking of the leading representations. Model-

Based had the highest ARI in 11 of 54 conditions at T = 50, 13 at T = 100, and 23 at T = 200, 
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corresponding to shares of 20.4%, 24.1%, and 42.6%. CNN-Latent showed the opposite pattern, 

having the highest ARI in 53.7%, 51.9%, and 33.3% of conditions at the three series lengths. 

CNN-Pred’s share was comparatively stable across T. Even at T = 200, however, the two deep 

learning representations together had the highest ARI in 57.4% of conditions. Longer series 

therefore made direct coefficient estimation increasingly competitive without producing a 

complete reversal in favor of Model-Based. Figure 1 plots these shares across series lengths. 

The size of this longer-series advantage depended on the clustering algorithm. At T = 

200, Model-Based had the highest ARI in 30 of 54 conditions under k-means but 21 under the 

diagonal GMM. This information-regime pattern, in which the leading representation depends on 

how much information each series carries, should therefore be interpreted as a property of 

representation-and-algorithm combinations rather than of representation alone. 

Coefficient Prediction and Representation Contraction. Held-out CNN diagnostics 

showed that predicted coefficients closely tracked the OLS targets while being substantially less 

dispersed. Correlations with the first- and second-coefficient targets were .944 and .834, whereas 

the standard deviations of the predictions were only 0.52 and 0.40 times those of the 

corresponding targets. 

This contraction provides one plausible explanation for the deep learning representations’ 

relative advantage in shorter-series conditions. Shrinking noisy person-level estimates toward the 

training distribution may reduce sampling variation presented to the clustering algorithm. 

However, contraction can also remove meaningful between-person variation, and these 

diagnostics compared predictions with estimated rather than true coefficients. The results 

therefore suggest, but do not establish, a bias-variance or regularization mechanism. Direct 

comparison with explicitly regularized estimators would be required to test that explanation. 
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8 Robustness Analyses, Extensions, and Diagnostics 

The primary studies evaluated subgroup recovery when membership was defined by 

autoregressive dynamics. This section reports three kinds of additional analysis. Robustness 

analyses examined whether the representation ordering held when the number of generating 

subgroups or the latent width of the network changed. Extensions addressed further questions: 

how the model-fitting strategy applied before clustering affects recovery, and how the ranking 

changes when scale or conditional volatility rather than persistence defines subgroup 

membership. A diagnostic examined recovery once within-subgroup coefficient spread and 

additive observation noise were removed. Because several analyses changed the scientific target 

rather than merely perturbing the primary design, their results are interpreted as boundary 

conditions rather than as a single extended ranking. 

8.1 Extension: Selection of Temporal Order 

This extension used a separate mixed-order design to examine three fitting strategies: a 

common AR(1) fit, a common AR(2) fit, and person-specific BIC-based order selection. In this 

design, subgroups differed in the first autoregressive coefficient, with the same centroids as 

Study 1’s AR(1) conditions ({0.1, 0.5, 0.9}, {0.2, 0.5, 0.8}, and {0.3, 0.5, 0.7} for Easy, 

Medium, and Hard separation) and a perturbation standard deviation of τ = 0.10. Within each 

subgroup, 70%, 50%, or 30% of individuals followed an AR(1) process, and the rest followed an 

AR(2) process whose second coefficient was drawn around −0.30 (τ = 0.10, subject to 

stationarity). Six representations were evaluated with a Gaussian mixture: Model-Based, ACF-

Implied, ACF-Residual, Feature-PCA, CNN-Pred, and CNN-Latent. The producing script 

specifies a full-covariance mixture, which applies to at least 126 of the 162 conditions; the 

setting used for the remaining 36, which were run with an earlier version of the script, is not 
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recorded. It is an extension rather than a robustness analysis of the primary Study 2, because it 

used a different subgroup definition. The primary Study 2 remains the mixed-order persistence-

space design reported above. 

Under the common AR(1) strategy, Model-Based achieved the highest pooled mean ARI 

(.314) and had the highest ARI in 138 of 162 conditions (85.2%), followed by ACF-Implied 

(.243), CNN-Pred (.228), Feature-PCA (.223), CNN-Latent (.178), and ACF-Residual (.059). 

Under the common AR(2) strategy, Model-Based again had the highest pooled mean (.239), 

although CNN-Pred (.216) led more frequently than under AR1-fit. These results show that a 

simpler common representation can yield better subgroup recovery in this design even when it is 

misspecified for some individuals. One plausible explanation is that estimating additional 

person-specific parameters introduces variation that describes individual dynamics without 

improving separation of the generating subgroups. However, the comparison does not isolate this 

mechanism. 

The factor decomposition for Model-Based under AR1-fit (Table 6) placed subgroup 

separation first (η² = .589), followed by series length (.227) and signal-to-noise ratio (.148). This 

ordering differs from the persistence-space decomposition in Table 5 because the two analyses 

use different subgroup definitions and representations rather than repeated estimates of one 

design. 

Person-specific BIC-based order selection performed substantially worse. Under BIC-

Adaptive, the highest pooled mean ARI among the six representations was only .078. For Model-

Based, mean ARI fell from .314 under AR1-fit to .064 under BIC-Adaptive. The adaptive 

pipeline combined errors in order selection with a mixed-dimensional representation in which 

AR(1)-selected individuals were zero-padded in the second coefficient. Distances could therefore 
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reflect the routing decision as well as the subgroup-defining dynamics. This finding applies to 

the implemented BIC-Adaptive pipeline rather than to adaptive modeling in general, but it 

demonstrates that the fitting strategy used before clustering can fundamentally alter the recovery 

problem. 

The contrast between ACF-Implied and ACF-Residual further showed that representation 

usefulness depended on where subgroup-relevant information remained after fitting. Under AR1-

fit, ACF-Implied exceeded ACF-Residual by .184 ARI on average, indicating that the fitted 

dynamics carried considerably more of the generating subgroup information than residual 

dependence in this design. 

8.2 Robustness to Subgroup Count 

A matched subset of Study 2 conditions was rerun with K = 2 and K = 4 and compared 

with K = 3 while supplying the true count to the clustering algorithm. Under the diagonal GMM, 

recovery of the four representations other than Feature-PCA decreased as the number of 

subgroups increased (Feature-PCA stayed low, .018 to .051), but the ordering of the five primary 

representations remained unchanged across K. The information-regime pattern also persisted: at 

K = 2, CNN-Latent exceeded Model-Based at T = 50, whereas Model-Based exceeded CNN-

Latent at T = 200. These results indicate that the primary ranking pattern was not unique to three 

generating subgroups, while remaining specific to the matched subset examined and to the 

diagonal Gaussian mixture. 

8.3 Subgroup-Defining Signal as a Boundary Condition 

Two analyses changed the property defining subgroup membership. In the scale-shift 

analysis, subgroups differed in series scale while persistence was held constant and within-

person standardization was disabled. A scale-retaining Feature-PCA representation achieved the 
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highest pooled mean ARI (.560) and had the highest ARI in 67% of conditions, whereas Model-

Based and ACF-Empirical were approximately zero. Thus, the advantage of direct autoregressive 

representations did not extend to subgroups defined by information those representations do not 

retain. 

An eight-condition volatility pilot produced the same conceptual result for conditional 

variance. A volatility-specific generalized autoregressive conditional heteroskedasticity 

(GARCH) representation attained the highest recovery in all eight conditions, with pooled mean 

ARI .185, whereas Model-Based and ACF-Empirical were near zero. Absolute recovery 

remained modest, so the pilot should not be interpreted as a general comparison of volatility 

methods. Together, the scale and volatility analyses show that representation performance 

depends fundamentally on alignment between the representation and the property defining 

subgroup membership. 

8.4 Reduced-Noise Diagnostic and Latent-Width Robustness Check 

A reduced diagnostic crossed 24 base conditions with four data-generating variants, 

yielding 96 condition–variant combinations. The variants included a baseline retaining both 

sources of variation and three alternatives that removed within-subgroup coefficient variation, 

additive observation noise, or both. Under the common AR(1) fitting strategy, Model-Based was 

the strongest representation under every variant, and its mean ARI increased from .401 in the 

reduced design’s baseline to .685 when both sources were removed. That comparison is internal 

to the reduced diagnostic and should not be read as a change from the fitting-strategy extension’s 

pooled mean of .314, which comes from a different design. The remaining gap from perfect 

recovery may reflect finite-series sampling variation, stochastic innovations, model fitting, and 

clustering error. The diagnostic does not identify their separate contributions. 
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Implementation checks also indicated that the CNN findings were not driven by one 

uniquely favorable latent width. CNN-Pred performance varied more at smaller widths but was 

comparatively similar across widths from 32 to 40, while CNN-Latent achieved its highest 

reported mean at width 32. These checks support robustness to the evaluated architectural 

variation without establishing optimization adequacy or general robustness across neural 

architectures. 

9 Empirical Demonstration: How Nuts Are the Dutch 

The empirical demonstration applied the representations from the simulations to 

experience-sampling affect data from the How Nuts Are the Dutch project. It adapted the 

procedure that Li et al. (2025) used with data from this project, in which person-specific vector 

autoregressive (VAR) models of positive and negative affect are estimated, their coefficients are 

clustered, the number of clusters is selected, and the resulting clusters are described by their 

dynamics and by external measures. The five representations from the simulations were added to 

Li et al.’s two VAR representations and analyzed with the same steps. 

Because the data provide neither known memberships nor known generating parameters, 

the demonstration does not evaluate recovery accuracy, and agreement between solutions is not 

interpreted as accuracy. Its purpose is to show how the selected number of clusters, the resulting 

memberships, and the cluster-level dynamics depend on the representation and the selection 

procedure when the pipelines are applied to real data. It does not aim to establish subgroups in 

this population. 

9.1 Method 

Data and Sample. The data came from the diary study of the How Nuts Are the Dutch 

project, a Dutch crowdsourcing study of mental symptoms and strengths in which participants 
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from the general population reported their momentary affect three times a day (morning, midday, 

and evening) for 30 days, giving 90 scheduled occasions (van der Krieke et al., 2016, 2017). 

Data from this project have been used in previously published studies, including the VAR-based 

clustering application of Li et al. (2025). The file available for this thesis contained 115,386 rows 

from 1,396 participants (Li et al. report 1,393) and 1,550 diary episodes. Each episode was 

restricted to its first 90 scheduled occasions, and episodes without the complete 90-row record 

were excluded (1,165 episodes remained). For each participant, the episode with the most 

occasions at which all 12 affect items were answered was retained (1,072 participants), and at 

least 81 such occasions were required. The final sample comprised 178 participants with a mean 

of 83.9 completed occasions (range 81 to 90). The sample therefore represents participants with 

nearly complete diaries rather than the full study population. 

Measures. At each occasion, participants rated 12 affect adjectives from 0 to 100: six 

positive (enthusiastic, energetic, cheerful, relaxed, content, and calm) and six negative (irritable, 

nervous, anxious, tired, dull, and gloomy; Li et al., 2025). Following the original analysis as 

coded, positive affect (PA) and negative affect (NA) were each represented by a single diary 

item: item 5 for PA and item 8 for NA. Both items were answered at 14,935 occasions (M = 83.9 

per participant). Before the diary, participants completed measures of depression (the Quick 

Inventory of Depressive Symptomatology [QIDS] and the depression scale of the Depression 

Anxiety Stress Scales [DASS-21]), anxiety and panic, and positive and negative affect. These 

pre-diary measures were used only to describe the resulting clusters, as Li et al. described their 

clusters with external measures. The DASS-21 was available for 103 participants and the other 

measures for all 178. 
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Time Grid and Imputation. Occasions were scheduled roughly six hours apart during 

the day and twelve hours apart overnight. As in Li et al. (2025), each participant’s reports were 

placed on a six-hour grid with an empty position after each evening report, so that the overnight 

interval counted as two steps. This gave 120 grid positions per participant, 90 of them scheduled 

occasions. About 30% of the 21,360 grid positions were missing, including all 5,340 overnight 

positions. Missing values were multiply imputed (m = 10) with a single imputation model fitted 

to all participants together. The model used PA, NA, their preceding and following values, and 

the position within the day, and it drew imputed values from its predictive distribution (the 

iterative imputer of scikit-learn; Pedregosa et al., 2011). Li et al. used a different imputation 

program. Imputed values were not restricted to the response scale. Each participant’s series was 

centered on that participant’s mean before models were fitted. 

Person-Level Dynamics. For each participant and imputed data set, VAR(1) and 

VAR(3) models of PA and NA without intercepts were estimated by least squares, and the 

coefficients were averaged over the 10 imputations. By the Akaike information criterion 

(Akaike, 1974), VAR(1) was the best-fitting order for 121 participants, VAR(2) for 31, and 

VAR(3) for 26 (Li et al., 2025, reported 144, 46, and 37 of 227). As in Li et al., VAR(1) and 

VAR(3) were then fitted to every participant as the lower- and higher-order representations, with 

4 and 12 coefficients per participant. The mean person-specific VAR(1) coefficients were 0.245 

(SD = 0.099) for PA on preceding PA, −0.023 (SD = 0.118) for PA on preceding NA, −0.012 

(SD = 0.057) for NA on preceding PA, and 0.238 (SD = 0.165) for NA on preceding NA. 

Representations. The five representations from the simulations were constructed from 

the same imputed series and averaged over imputations in the same way. Model-Based was the 

AR(1) coefficient of each affect, two values per participant; unlike VAR(1), it omits the cross-
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lagged coefficients through which each affect predicts the other. ACF-Empirical was the sample 

autocorrelations at lags 1 to 10 of each affect (20 values). Feature-PCA used 13 engineered 

features of each affect (standard deviation, skewness, kurtosis, three quartiles, autocorrelations at 

lags 1 to 5, linear slope, and dominant frequency), standardized and reduced to two principal 

components that accounted for 43.8% of the variance. For CNN-Pred and CNN-Latent, the 

convolutional architecture used in the simulations, with PA and NA as two input channels, was 

trained to predict each participant’s four VAR(1) coefficients from that participant’s within-

person standardized series (1,780 series, 178 participants × 10 imputations; 150 epochs; Adam 

optimizer, learning rate .001; mean squared error loss). CNN-Pred was the four predicted 

coefficients and CNN-Latent the 32-unit internal embedding, of which five units were zero for 

every participant, leaving 27 values. The predicted coefficients correlated .89 to .96 with the 

estimated VAR(1) coefficients. Unlike in the simulations, the network was trained on the same 

participants it then represented. As in Li et al. (2025), the VAR coefficients were clustered as 

estimated; the five representations were standardized before clustering. 

Number of Clusters, Membership, and Cluster-Level Dynamics. Following Li et al. 

(2025), the number of clusters was selected from 1 to 8 with two selection procedures, each 

pairing a criterion with a clustering algorithm. The first used the Bayesian information criterion 

(BIC; Schwarz, 1978) with the Gaussian mixture model (GMM). BIC chose both the number of 

clusters and the covariance structure among spherical, diagonal, tied, and full structures, and 

each mixture was fitted from 20 random starts and one start from hierarchical clustering. The 

second used the gap statistic (Tibshirani et al., 2001) with average-linkage hierarchical clustering 

and 500 uniform reference data sets, selecting the number of clusters with the largest gap; k-

means, started from the hierarchical clusters, then assigned memberships. Agreement between 
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the solutions of different representations was summarized by the adjusted Rand index (ARI; 

Hubert & Arabie, 1985). As in Li et al., memberships were taken from the VAR(1) solution 

under BIC with the GMM. The clusters were described by their size, age, and percentage of 

women; momentary PA and NA; the correlation between participant-mean PA and NA; the 

cluster means of the participants’ VAR(3) coefficients; and the pre-diary measures. Differences 

in the pre-diary measures were tested with one-way analyses of variance and a Holm (1979) 

correction across the five measures. 

9.2 Results 

Number of Clusters. Table 7 reports the number of clusters selected for each 

representation. With BIC and the GMM, two clusters were selected for VAR(1) (93 and 85 

participants), VAR(3) (89 and 89), and CNN-Pred (98 and 80). In each of these solutions BIC 

preferred diagonal covariance matrices, and the selected number led the next-best number by 19 

to 41 BIC points. One cluster was selected for Model-Based, ACF-Empirical, and Feature-PCA, 

although for Feature-PCA one and two clusters differed by only 0.2 BIC points. Model-Based 

omits the cross-lagged coefficients that VAR(1) and CNN-Pred include, which is one plausible 

reason it selected one cluster where they selected two. For CNN-Latent, BIC selected seven 

clusters, but this count is not interpretable: because many latent values were exactly zero, BIC 

continued to improve as tight components were added. With the gap statistic and k-means, one 

cluster was selected for every representation. The selected number of clusters therefore depended 

on both the representation and the selection procedure. 

Agreement Across Representations. The three two-cluster solutions largely grouped the 

same participants. CNN-Pred agreed with VAR(1) at ARI = .77 and with VAR(3) at .65, and the 

two VAR solutions agreed at .56. CNN-Pred’s closest match was therefore VAR(1), the 
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representation whose coefficients the network was trained to predict, so part of this agreement is 

expected by construction. The cluster profiles were also similar. In both the VAR(1) and the 

CNN-Pred solution, one cluster reported more momentary NA (22.2 and 21.6 vs. 6.0 and 5.8 on 

the 0–100 scale), stronger carry-over of NA in the cluster-mean VAR(3) coefficients (0.36 and 

0.35 vs. 0.10 and 0.10), and higher pre-diary depression on the QIDS (8.20 and 7.90 vs. 4.76 and 

4.92). 

Cluster Characteristics. Table 8 describes the two VAR(1) clusters. They were similar 

in size (93 and 85 participants) and in the percentage of women (82.8% and 81.2%), and Cluster 

1 was somewhat younger (M = 40.1 vs. 45.1 years). During the diary, Cluster 1 reported more 

NA (M = 22.2 vs. 6.0) and somewhat less PA (M = 56.9 vs. 63.3). Within Cluster 1, participants 

with higher mean PA had clearly lower mean NA (r = −.52, p < .001), whereas this association 

was weak in Cluster 2 (r = −.19, p = .077). 

Cluster-Level Dynamics. Table 9 reports the cluster means of the participants’ VAR(3) 

coefficients; one step corresponds to six hours on the grid. In Cluster 1, NA carried over strongly 

from one occasion to the next (0.36), and higher NA predicted lower PA at the next occasion 

(−0.10). In Cluster 2, NA carried over weakly (0.10), and its lagged association with PA was 

small and positive (0.06). Carry-over of PA was similar in the two clusters (0.23 and 0.26), and 

all coefficients at lags 2 and 3 were small (|b| ≤ 0.05). 

Pre-Diary Measures. Table 10 compares the clusters on the pre-diary measures. Cluster 

1 reported more depression on the QIDS (M = 8.20 vs. 4.76) and the DASS-21 (M = 12.58 vs. 

9.67), more anxiety and panic (M = 1.19 vs. 0.51), more negative affect (M = 23.70 vs. 17.12), 

and less positive affect (M = 30.58 vs. 34.09). All five differences remained significant after 
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Holm correction (all p < .001). As in Li et al. (2025), the cluster with the more persistent NA 

also reported more depression and anxiety. 

Sensitivity Checks. Two further runs bear on interpretation. With diagonal covariance 

structures only, the three two-cluster solutions were unchanged, whereas ACF-Empirical then 

selected five clusters and Feature-PCA two. In a run that represented PA and NA by the mean of 

their six items instead of single items (one diary per participant under a slightly broader 

eligibility rule, N = 184), BIC with the GMM selected one cluster for VAR(1), VAR(3), Model-

Based, ACF-Empirical, and Feature-PCA, and the gap statistic selected one for every 

representation; CNN-Pred’s four-cluster solution included a cluster of one participant, and CNN-

Latent’s BIC again kept improving. With single items under the same broader rule, two clusters 

were again selected for VAR(1) and VAR(3). The two-cluster solutions therefore depended on 

representing affect by single items. 

Summary. The demonstration showed in real data a practical point of the thesis: the 

number of clusters found depended on the representation and on the selection procedure. BIC 

with the GMM selected two clusters for the two VAR representations and CNN-Pred but one for 

Model-Based, ACF-Empirical, and Feature-PCA, and the gap statistic with k-means selected one 

for every representation. Li et al. (2025) found the same contrast between procedures: more than 

one cluster with BIC and the GMM, and one with the gap statistic and k-means. The results 

therefore show that the count depends on the representation and the selection procedure, not that 

the population contains two subgroups. 

Several features limit interpretation. No null controls were run for the demonstration; in 

the separate Unknown-K analysis, with its own settings, CNN-Pred with BIC selected more than 

one component in 54.4% of no-subgroup data sets (Table 3). The network was trained on the 
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same participants it represented, so its agreement with VAR(1) is partly by construction. In 

Cluster 2, momentary NA was near the floor of the scale, so its weak NA carry-over may partly 

reflect having little NA to carry over, and the pre-diary differences may partly reflect the 

clusters’ difference in NA level rather than in dynamics. PA and NA were each measured by a 

single item, and the two-cluster solutions did not appear with six-item averages. Finally, the 

sample comprised participants with nearly complete diaries, and about 30% of grid positions, 

including every overnight position, were imputed. 

10 Cross-Study Synthesis 

Across the two primary studies, the robustness analyses and extensions, and the empirical 

demonstration, five conclusions emerge. 

First, direct parameter estimation provided the strongest recovery when subgroup 

membership was defined by autoregressive dynamics and individuals shared a common temporal 

order. Model-Based led Study 1 despite comparison with CNN representations trained to predict 

OLS-estimated autoregressive coefficients from independent, condition-matched training series. 

This favors direct use of a compact coefficient representation in the evaluated order-

homogeneous setting while remaining specific to the estimator, architecture, training procedure, 

and clustering methods examined here. 

Second, mixed-order populations produced a more conditional ranking. In Study 2, 

Model-Based, CNN-Pred, and CNN-Latent performed similarly, with the deep learning 

representations performing better more often when individual series were shorter and Model-

Based becoming increasingly competitive as series length increased. Because Study 1 and Study 

2 also differed in the other respects set out in the Study 2 Method, this change cannot be 

attributed to order heterogeneity alone. 
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Third, the combined pattern is consistent with an information-regime account. When 

person-level temporal information is limited, deep learning representations may benefit from 

contracting noisy individual estimates toward patterns supported by the training distribution. As 

within-person information increases, direct estimation becomes more competitive because its 

sampling variability decreases. The present studies support this explanation as a plausible 

mechanism rather than a demonstrated bias-variance decomposition. 

Fourth, the form in which information is presented to the clustering algorithm can matter 

even when the underlying fitted information is unchanged. Model-Based and ACF-Implied were 

deterministic representations of the same fitted autoregressive information but exhibited sharply 

different cluster-number behavior in the Unknown-K analysis under a full-covariance mixture, 

and the analysis did not establish the mechanism producing it. In the empirical demonstration, 

the selected number of clusters likewise differed across representations of the same affect series 

and across selection procedures. Representation geometry affects not only membership recovery 

but also calibration of subgroup enumeration. 

Fifth, no representation family was uniformly superior because performance depended on 

what property defined subgroup membership. Autoregressive representations performed well 

when subgroups differed in persistence-related dynamics but failed when the subgroup-defining 

information was scale or conditional volatility that those representations did not preserve. The 

broader conclusion is therefore one of representation alignment: the useful representation is the 

one that captures the hypothesized subgroup-defining process in a form that can be estimated 

reliably and used appropriately by the downstream clustering procedure. 
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11 Discussion 

The Cross-Study Synthesis identified the main empirical pattern across the two 

simulations: subgroup recovery was strongest when the feature representation preserved the 

relevant autoregressive signal in a compact and common-dimensional form. The Discussion 

interprets that pattern in terms of representation geometry, finite-sample information, fitting 

strategy, and implications for intensive longitudinal research. The central point is not that one 

method should be preferred in all time-series clustering problems, but that method performance 

depends on whether the constructed feature space aligns with the dynamic structure that defines 

the subgroups. 

In order-homogeneous populations, and in the high-information regime of mixed-order 

populations, direct parameter-space representations provided the most stable basis for subgroup 

recovery. Alternative feature spaces and the network’s internal embedding often retained useful 

dynamic information, and in the low-information regime of Study 2 the embedding led; but 

across the design, that information was less consistently organized in a way that supported 

mixture recovery, and (as the Unknown-K analysis shows) some ways of organizing the same 

information can induce additional mixture components that need not correspond to distinct 

generating populations. The fitting-strategy extension adds that the fitting strategy shared by all 

representations can alter the recovery problem itself. These findings suggest that time-series 

clustering should be evaluated as a full pipeline, including model fitting, representation 

construction, rank structure, scaling, and the clustering algorithm, rather than as a comparison of 

clustering algorithms alone. 
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11.1 Recovery Levels and Boundary Conditions 

A useful way to interpret the simulation results is to distinguish conditions in which 

subgroup recovery was at least moderate from conditions in which the clustering problem was 

essentially unrecoverable. For this purpose, the bands Steinley (2004) describes for the adjusted 

Rand index serve as reference points: .90 or above indicates excellent recovery, .80 or above 

good, .65 or above moderate, and below .65 poor recovery (see also Li et al., 2025). The bands 

are descriptive conventions rather than tests. By them, the pooled Study 1 mean for Model-Based 

(.290) indicates poor recovery, whereas the clean baseline (.94) indicates excellent recovery, 

which underlines that recovery across the broader design was modest. 

In Study 1, Model-Based exceeded .65 in 12 condition cells, all under Easy separation at 

T = 200 (SNR 2 and 4) or T = 100 (SNR 4 only), across both AR orders and sample sizes, with a 

maximum of .825. CNN-Pred did so in three cells and CNN-Latent in one, all at T = 200, Easy, 

SNR = 4, and the two feature-based representations never did. In Study 2, no condition reached 

.65 for any representation. The highest condition means were .521 for CNN-Latent and .511 for 

Model-Based, both at T = 200 under Easy separation and SNR = 4. Mixed-order populations 

with subgroups defined in a shared persistence space did not reach even moderate recovery 

anywhere in the design examined. 

The complementary pattern is equally important. Several design regions produced poor 

subgroup recovery across all methods, indicating that method choice could not compensate for 

insufficient recoverable signal under those conditions. In Study 1, the clearest boundary 

conditions were Hard separation and T = 15. AR(2) conditions with Hard separation produced 

near-chance ARI for all methods across the evaluated series lengths and sample sizes. At T = 15, 

condition means ranged from .002 to .165 across representations and clustering algorithms, 
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indicating limited recovery across methods and reducing the substantive importance of their 

relative differences. These findings identify Hard separation as a practical limitation for the 

clustering pipelines and conditions examined, rather than establishing a universal boundary 

beyond which clustering is not viable. Similarly, Hard separation combined with low SNR 

produced near-floor recovery for every representation in Study 2. In the fitting-strategy 

extension, the highest pooled mean ARI across representations under the BIC-Adaptive strategy 

was .078. 

Together, the high-performance and poor-performance conditions sharpen the substantive 

interpretation of the simulation. The main question is not simply which method had the highest 

average ARI, but when subgroup recovery became feasible at all. High recovery required both 

informative data and an appropriate representation of the dynamic signal. Conversely, when 

temporal information, subgroup separation, or representation coherence was insufficient, all 

methods deteriorated, and differences among methods became less substantively meaningful. 

These recovery levels are lower than those Li et al. (2025) reported for VAR-based 

clustering, where the average ARI was .80 under the lower-order and .55 under the higher-order 

specification. Their simulations differed in ways that favor recovery: individuals within a cluster 

shared identical coefficients, so within-cluster variation came only from the innovations; no 

measurement noise was added; and series ranged from 50 to 1,000 occasions. The closest 

condition here is the clean baseline, which removed coefficient spread and observation noise and 

gave .94 for Model-Based. Li et al. also found the Gaussian mixture better than k-means under 

the lower-order specification (.88 vs. .73), whereas in Study 1 Model-Based was slightly higher 

under k-means (.290 vs. .280); their BIC also chose the covariance structure, whereas the 

mixtures here used a fixed diagonal structure. 
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11.2 Representation Structure and Subgroup Recovery 

A central implication of the present findings is that successful time-series clustering 

depends as much on the geometry of the feature representation as on the clustering algorithm 

itself. All representations were evaluated under the same two clustering algorithms, so 

differences in recovery within either clustering algorithm reflect how each pipeline represented 

the individual time series before clustering, and differences between clustering algorithms show 

how much the representation’s advantage depends on the downstream procedure. The strongest 

representation in order-homogeneous populations was the simplest one: estimated autoregressive 

coefficients. By contrast, empirical ACF vectors, engineered Feature-PCA representations, and 

the network’s internal embedding represented the series through alternative coordinate systems 

that differed in both the information retained and the dependence among coordinates. ACF-

Implied provides the clearest controlled case in which the fitted dynamic information was held 

fixed while its coordinate representation changed. 

It would be natural to read this pattern through the classical account of finite-sample 

dimensionality, in which discrimination deteriorates as the number of coordinates grows relative 

to the information available (Hughes, 1968; Trunk, 1979). The present results locate the harm 

more specifically. Ambient dimension alone did not explain the pattern: in Study 1 the 32-

dimensional CNN-Latent recovered memberships about as well as the one- or two-dimensional 

CNN-Pred (pooled means .204 and .212), and in Study 2 it had the highest pooled mean, whereas 

in the Unknown-K analysis the ten-dimensional ACF-Implied, which added no fitted information 

to the one- or two-dimensional Model-Based estimate, selected additional components in every 

no-subgroup replication. 
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A representation whose coordinates are deterministic functions of the fitted coefficients, 

as ACF-Implied’s are, has the intrinsic dimension of those coefficients (one or two) inside 

whatever ambient dimension it occupies, and its coordinates are strongly dependent. Intrinsic 

dimension, covariance rank, and effective rank describe different aspects of that structure, and 

the present studies did not measure them separately. The Unknown-K contrast used full-

covariance mixtures and varied the representation rather than the covariance specification, so it 

does not identify the mechanism. The practical consequence is that ambient dimension alone is 

insufficient to diagnose clustering difficulty. In the evaluated pipelines, coordinate dependence 

remains a candidate explanation for cluster-number calibration, while sample-size effects 

depended on how each representation was constructed and, for the deep learning representations, 

how the training sample was defined. 

The Unknown-K analysis provided the clearest controlled demonstration of 

representation-dependent cluster-number selection in the present studies. ACF-Implied and 

Model-Based were derived from the same fitted autoregressive information. For AR(1), ACF-

Implied expressed that information as a 10-dimensional model-implied autocorrelation vector, 

whereas Model-Based retained the original 1-dimensional coefficient. Under the null (no true 

subgroup structure, K = 1), ACF-Implied produced a false-positive rate of 100.0%, compared 

with 6.0% for Model-Based. Because the underlying fitted information was held constant across 

both representations, this difference cannot be attributed to estimation quality, training 

procedure, or alignment with the data-generating process. It is a property of how the same 

information was expressed as coordinates. The present analyses do not establish the mechanism 

linking coordinate structure to the selected component count. Representation choice is a 

structural determinant of clustering calibration, not only of condition-level ARI. 
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The CNN results are therefore not best interpreted as a simple failure of neural networks. 

Instead, they show that deep learning representations must be evaluated according to the 

downstream task. In Study 1 the network learned meaningful dynamic information, and 

clustering was somewhat more successful when that information was expressed as predicted 

coefficients than as the 32-dimensional embedding; in Study 2’s low-information regime the 

embedding led, and both deep learning representations led direct estimation. The deep learning 

representations’ value was conditional on the information available, not absent. This distinction 

is important because much of the deep-learning literature emphasizes predictive performance, 

whereas clustering requires the learned space to preserve between-person geometry in a way that 

supports unsupervised recovery (Ismail Fawaz et al., 2019; LeCun et al., 1998). For 

psychological time-series applications, this suggests that neural networks may be most useful 

when they produce interpretable low-dimensional summaries or when their latent spaces are 

explicitly trained for cluster separation rather than only for parameter prediction. 

11.3 The Role of Series Length, Separation, and Observation Noise 

Across both studies, subgroup recovery was strongly constrained by the amount and 

clarity of information available in the data. In Study 1, series length was the dominant factor: 

longer time series improved estimation precision and produced better subgroup recovery across 

methods. This finding is consistent with the basic intuition that autoregressive dynamics require 

adequate within-person observations to estimate reliably. Very short series provided too little 

temporal information for any method to recover subgroup structure well, regardless of 

representation. This has direct relevance for intensive longitudinal designs, where the number of 

observations per person is often limited by participant burden, compliance, and study duration 

(Hamaker & Wichers, 2017). 
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The dependence on series length also has a measurement interpretation. Wenzel and 

Brose (2023) report a variance-decomposition reliability estimate of approximately .52 for 

conventional two-step estimates of person-level emotional inertia, with reliability increasing 

substantially when unreliability is modeled directly. Although this estimate does not characterize 

the representations evaluated in the present simulations, it illustrates how measurement error in 

person-level dynamic estimates can obscure individual differences. Model-Based and ACF-

Empirical similarly rely on person-level summaries estimated from finite series. Consistent with 

this concern, series length accounted for roughly half the variance in Model-Based recovery, 

whereas sample size accounted for almost none. For representations estimated separately for 

each individual, adding individuals does not directly improve the precision of each person’s 

coordinates, whereas adding occasions provides more information for estimating them. 

Beyond its effect on recovery accuracy, series length also changed the relative 

performance of the representations. In Study 1, longer series improved recovery across methods 

and widened the advantage of direct parameter estimation. In Study 2, however, increasing series 

length changed which representation led. At T = 50, the deep learning representations had the 

highest ARI in most conditions. At T = 200, Model-Based had the largest share among individual 

representations (42.6%), although the two deep learning representations together accounted for 

57.4%. Thus, longer series increased the relative competitiveness of direct estimation without 

giving it a majority under the primary comparison rule. One plausible explanation is that deep 

learning representations can reduce the effects of noisy person-level estimates when temporal 

information is limited, whereas direct estimation becomes more competitive as additional 

observations improve coefficient precision. However, the present analyses did not independently 

decompose the bias and variance contributions to this pattern. 
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Observation noise, manipulated as signal-to-noise ratio, also played an important role. 

The manipulation is a specific operationalization of data quality and does not stand in for every 

form of psychological measurement reliability. Lower observation noise improved subgroup 

recovery, but its effects depended on the broader difficulty of the condition. When subgroup 

separation was favorable, improved signal quality sharpened the clustering structure. When 

separation was weak, however, reducing observation noise could not fully compensate for the 

lack of distinct subgroup dynamics. This point is practically important for psychological 

measurement. Intensive longitudinal data are often noisy, and increasing the number of 

observations cannot fully solve the problem if the measured process does not contain clear 

between-person dynamic structure. Good clustering therefore requires both adequate temporal 

sampling and low-noise measurement of the construct whose dynamics define the intended 

subgroups. 

11.4 Fitting Strategy and the Construction of the Representation 

The fitting-strategy finding reported in Section 8.1, that person-specific order selection 

before clustering produced a mixed-dimensional representation and near-chance recovery, has 

important implications for clustering workflows. In many applied settings, researchers may be 

tempted to estimate the “best” model separately for each individual and then cluster the resulting 

parameters. The present results suggest that such a strategy can be risky when selected models 

differ in dimensionality. Even if the model-selection procedure performs above chance, the 

resulting feature space may no longer reflect the grouping construct of interest. Instead, it may 

reflect the mechanics of model selection and feature padding. The relevant warning is therefore 

not that adaptive modeling is always inappropriate, but that adaptive feature construction must 

preserve a common and substantively meaningful geometry across individuals. 
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The persistence-space design of the primary Study 2 avoided the mixed-dimensional 

representation problem by fitting every individual with a common AR(2) specification, which 

contains AR(1) as the special case φ₂ = 0 at the latent-process level while requiring estimation of 

an additional coefficient for true AR(1) series. The broader lesson of both designs is the same: 

the fitted model should be chosen not only for individual-level adequacy but for whether the 

representation it yields has a common and substantively meaningful geometry across individuals. 

Where higher-order dynamics are substantively central, a common higher-order representation 

may be appropriate. Where subgroups are defined primarily by one-step persistence, however, 

estimating the extra coefficient can be costly, as the comparison of common AR(1) and AR(2) 

fitting in Section 8.1 suggests. 

11.5 When Deep Learning Representations Helped 

The deep learning representations earned their place in the low-information regime. In 

Study 2 they led on average, dominated the shortest series, and lost ground to direct estimation 

only as series lengthened. In Study 1 they had the highest ARI in 26 of the 30 conditions in 

which Model-Based did not, all at N = 300, where they had the most individuals to learn from. 

ACF-Empirical did in the other four. A plausible explanation is the bias–variance trade-off 

described in the Cross-Study Synthesis: OLS reproduces the sampling variability of each 

person’s estimate, which blurs subgroup separation, whereas the network’s predictions shrink 

toward the training distribution (standard-deviation ratios of 0.52 and 0.40 for the two 

coefficients in Study 2) and yield a more compact representation of the same individuals. 

This interpretation should be treated as a mechanism suggested by the simulation results 

rather than as a definitive account of the CNNs’ behavior. Both primary CNNs were trained on 

OLS-estimated coefficient targets, so the learned mapping could in principle regularize sampling 
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variability present in those targets rather than merely reproduce it. The Study 2 diagnostics are 

consistent with such contraction, but they do not isolate whether the effect arose from the neural 

architecture, the training distribution, the bounded output mapping, or another aspect of 

estimation. Future work could test this explanation directly by comparing OLS estimates, 

explicitly regularized estimators, hierarchical or Bayesian shrinkage estimates, and supervised 

predicted-parameter representations under matched generating conditions and targets. 

11.6 Subgroup Recovery and Subgroup Enumeration Require Separate Evaluation 

Recovering memberships when the number of clusters is supplied and determining how 

many clusters should be selected are distinct problems. A representation can recover 

memberships reasonably well at fixed K while frequently selecting additional components when 

no discrete subgroups exist. Conversely, a conservative selection procedure can control false 

positives while rarely recovering the correct count when discrete subgroups are present. 

This distinction is especially important under continuous heterogeneity. A finite mixture 

may use several components to approximate a continuously varying population even when no 

discrete psychological types exist. The selected component count therefore reflects the mixture 

model preferred by the selection criterion for the evaluated representation. It does not establish 

the number of substantive populations. 

Subgrouping analyses should consequently distinguish among membership recovery, 

correct-count selection, detection of any multicomponent solution, and evidence for 

substantively interpretable categorical structure. Evidence about one of these outcomes should 

not be treated as evidence about all of them. 
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11.7 Implications for Intensive Longitudinal Research 

The present findings have several implications for researchers using intensive 

longitudinal data to identify latent subgroups. First, clustering should be guided by a clear theory 

of what distinguishes individuals dynamically. If subgroups are hypothesized to differ in inertia, 

persistence, or autoregressive feedback, then features that directly represent those dynamics may 

be preferable to broad feature sets that summarize many aspects of the series simultaneously. 

This is consistent with long-standing concerns in intensive longitudinal research that person-

level dynamics should be modeled in ways that preserve within-person temporal structure rather 

than reducing repeated measures to static summaries (Hamaker & Wichers, 2017; Molenaar, 

2004). 

Second, researchers should be cautious when interpreting clusters recovered from 

redundant or strongly dependent feature spaces, regardless of dimension. Rich feature sets may 

obscure the dynamic signal defining subgroup membership. Internal clustering indices and visual 

separation do not guarantee meaningful dynamic subgroups when features contain noise, 

redundancy, or preprocessing artifacts. In the Unknown-K analysis, changing the coordinates of 

the same estimated information changed the selected component count without adding new 

person-level information, and in the empirical demonstration the selected number of clusters 

differed across representations of the same two affect series. Because dimensionality, coordinate 

dependence, and geometry changed together, the mechanism was not isolated. When external 

validation is limited, simulations help characterize how clustering pipelines behave under known 

conditions. 

Third, model-selection decisions should be treated as part of the clustering pipeline rather 

than as neutral preprocessing. The fitting-strategy extension reported in Section 8.1, which is 
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distinct from the primary persistence-space Study 2, showed that strategy choice can change the 

entire recovery landscape. In applied work, this means that researchers should report not only the 

clustering algorithm, but also the model-fitting strategy, parameterization, feature-padding rules, 

scaling decisions, and any order-selection procedure used to construct the clustering input. 

Without those details, it is difficult to determine whether recovered clusters reflect psychological 

dynamics or artifacts of the feature-construction process. 

Fourth, selected cluster counts should be interpreted alongside controls that clarify what 

selection means. In the empirical demonstration, BIC with the GMM selected two clusters for 

three representations, whereas the gap statistic with k-means selected one for every 

representation, and no null controls were run. In the separate Unknown-K analysis, with its own 

settings, CNN-Pred with BIC selected more than one component in 54.4% of no-subgroup data 

sets. More generally, matched null controls can reveal whether a selection procedure tends to 

favor additional components in the absence of discrete subgroups. 

Li et al. (2025) reported three clusters with BIC and the Gaussian mixture under both 

temporal orders, and one with the gap statistic and k-means, for 227 participants from this 

project. The demonstration selected two and one for 178 participants defined by a different 

eligibility rule, so the two counts are not directly comparable and do not contradict each other. In 

both analyses, the cluster with more persistent negative affect also reported more depression. 

Neither count alone establishes substantive population structure. 

Taken together, the simulations suggest practical guidance, with the caveat that no 

representation performed best in every condition. When individuals share a temporal order, 

Model-Based is a reasonable starting point: in Study 1 it had the highest ARI in 114 of 144 

conditions, including all 72 with N = 100, and its advantage was clearest with long series and 
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well-separated subgroups; with larger samples and short series, CNN-Latent is also worth 

considering. When temporal order varies within subgroups, the deep learning representations and 

Model-Based performed similarly, with CNN-Latent more often highest for shorter series and 

Model-Based for longer series, and the differences between them were small. Across conditions, 

researchers should collect longer series where possible and not expect recovery from about 15 

occasions, prefer model-based or deep learning representations over the feature-based 

representations evaluated here, fit one common temporal order and report it, and check the 

selected number of clusters against null controls. 

11.8 Limitations 

Several limitations bound the conclusions of this thesis. First, the simulations focused 

primarily on stationary univariate AR(1) and AR(2) processes. This controlled benchmark helped 

evaluate representation choice, temporal information, and fitting strategy, but psychological time 

series may also contain nonstationarity, nonlinear dynamics, regime changes, multivariate 

coupling, irregular spacing, missingness, and measurement reactivity. The findings therefore 

apply to the evaluated autoregressive settings rather than establishing a general ranking across 

intensive longitudinal data. 

The empirical demonstration only partly relaxed this univariate focus. VAR(1), VAR(3), 

and the network used positive and negative affect together, but Model-Based, ACF-Empirical, 

and Feature-PCA summarized each affect separately and therefore omitted the cross-lagged 

relationships between them. Model-Based’s selection of one cluster where VAR(1) and CNN-

Pred selected two may partly reflect that omission. 

Second, the primary subgroup structures were defined through autoregressive dynamics. 

This design favors representations that preserve the same information used to generate 
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membership. The scale-shift and volatility analyses demonstrate the resulting boundary clearly: 

when membership was instead defined by scale or conditional volatility, representations 

retaining those properties outperformed the autoregressive representations. The general 

conclusion is therefore not that parameter-based clustering is universally preferable, but that 

representation performance depends on alignment with the subgroup-defining signal. 

Third, the analysis covered only a limited set of clustering and cluster-selection 

procedures. The primary recovery comparisons used diagonal-covariance Gaussian mixtures and 

k-means, while cluster-number analyses relied primarily on BIC or the gap statistic. Unlike the 

primary recovery comparisons, the Unknown-K analysis used full-covariance mixtures, as did 

the fitting-strategy extension for at least 126 of its 162 conditions. Shape-based approaches such 

as dynamic time warping and k-Shape were not evaluated. Other procedures, including 

hierarchical clustering, Bayesian approaches, and alternative selection criteria, may respond 

differently to representation dependence and dimensionality. Likewise, the BIC-Adaptive failure 

applies to the implemented zero-padding and routing procedure rather than to adaptive order 

selection in general. 

Fourth, the neural results should not be generalized to all deep learning representations. 

Both primary simulations used one supervised convolutional architecture trained on OLS-

estimated autoregressive coefficients from independently generated training series. The studies 

nevertheless differed in the other respects described in the Study 2 Method, so changes in 

relative performance cannot be attributed to population heterogeneity alone. In the empirical 

demonstration, the same architecture was trained on the participants it then represented, so its 

agreement with VAR(1) partly reflects its training target. 
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Finally, the empirical demonstration used one data set, single items for positive and 

negative affect, and 178 participants with nearly complete diaries, who may not represent the 

broader sample. About 30% of grid positions, including every overnight position, were imputed, 

so the results also rest on the imputation model. No null controls were run, the network was 

trained on the participants it represented, and one cluster’s negative affect was near the floor of 

the scale, so its weak carry-over and the clusters’ pre-diary differences may partly reflect level 

rather than dynamics. With six-item averages, the two-cluster solutions did not appear. The 

demonstration therefore shows how the pipelines behave in real data; it does not establish 

general subgroups. 

11.9 Future Directions 

Future work should extend the present benchmark in three main directions. First, the 

range of dynamic processes and subgroup targets should be broadened. Nonstationary, regime-

switching, nonlinear, and multivariate processes may require representations that capture 

changing regimes, cross-variable relations, or other dynamics not summarized adequately by 

univariate autoregressive coefficients. Evaluating these settings would test whether the present 

findings about representation alignment and person-level information generalize to richer 

psychological processes. 

Extending the evaluated representations and clustering procedures to multivariate series, 

including VAR-based representations, would incorporate within-variable and cross-variable 

lagged relationships in a common framework. Such representations could carry additional 

dynamic information, although whether they improve the resulting groupings, their stability, or 

their interpretability remains an empirical question. Multivariate models also require estimating 
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more parameters per person and therefore more within-person information. Their cross-lagged 

associations should not be interpreted causally. 

Second, future studies should examine whether the advantages of deep learning 

representations in low-information settings reflect a broader benefit of regularization. Direct 

OLS estimates could be compared with penalized estimators, hierarchical or empirical Bayes 

shrinkage, and supervised parameter prediction under identical data-generating conditions. A 

deliberately controlled comparison of OLS-targeted and true-parameter-targeted networks could 

separately test the consequences of target noise, while holding architecture and population 

structure fixed. Such designs would clarify whether the observed contraction is a specifically 

neural effect or an instance of a more general shrinkage advantage. 

Third, representation structure and cluster-number calibration warrant direct study. 

Adaptive strategies should be developed that preserve a common-dimensional representation 

without introducing artificial order axes, and the relationship among coordinate dependence, 

effective rank, covariance specification, and selected cluster count should be evaluated 

systematically across clustering algorithms. These analyses should be paired with additional 

empirical cohorts and calibrated null and positive controls to determine which diagnostics 

generalize beyond the present demonstration. 

12 Conclusion 

Across two Monte Carlo studies, robustness analyses and extensions, and an empirical 

demonstration, subgroup recovery depended on three closely related features of the analysis: 

what information the representation retained, how that information was organized for clustering, 

and how much temporal information was available for each individual. Direct autoregressive 

parameter estimates performed especially well when the subgroup-defining structure matched 
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those parameters and the individual series provided sufficient information. Deep learning 

representations were most competitive in lower-information settings, where their transformation 

of noisy person-level estimates could provide an advantage. 

The results also show that membership recovery and subgroup enumeration cannot be 

treated as the same problem. Representations containing the same fitted dynamic information 

produced markedly different cluster-number behavior when that information was expressed 

through different coordinate structures, and in the empirical demonstration the selected number 

of clusters depended on both the representation and the selection procedure. Empirical subgroup 

claims therefore require attention not only to clustering performance but also to representation 

dependence, the clustering algorithm’s covariance assumptions, and calibration against 

appropriate null and positive controls. 

Most importantly, the findings do not identify a universally superior representation 

family. When subgroups were defined by autoregressive persistence, parameter-based and deep 

learning representations aligned with that signal performed best. When subgroups were defined 

by scale or volatility, representations retaining those properties were favored instead. The 

practical implication is to begin with a substantive hypothesis about what distinguishes 

individuals dynamically, construct a representation that preserves that information, and evaluate 

the resulting representation-and-algorithm pipeline under conditions that test both recovery and 

calibration. 
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Table 1 

Study 1 Subgroup Recovery by Representation Across 144 Conditions 

Representation M MCSE Pooled-best 

clustering 

algorithm 

GMM 

only 

k-means 

only 

Highest 

ARI 

Share 

Model-Based .290 .001 k-means .280 .290 114 79.2% 

CNN-Pred .212 <.001 GMM .212 .203 4 2.8% 

CNN-Latent .204 <.001 GMM .204 .179 22 15.3% 

ACF-Empirical .165 <.001 k-means .153 .165 4 2.8% 

Feature-PCA .153 <.001 GMM .153 .133 0 0.0% 

Note. M is the pooled mean adjusted Rand index across the 144 K = 3 clustering conditions, each 

representation under its pooled-best clustering algorithm. Highest ARI uses the within-condition 

best-algorithm rule; under this rule Model-Based had the highest ARI in 114 of 144 (79.2%), 

compared with 110 of 144 (76.4%) under the diagonal Gaussian mixture alone and 134 of 144 

(93.1%) under k-means alone. Single-algorithm means are reported to show that the ranking does 

not depend on the assignment. Head-to-head counts use each representation under its globally 

pooled-best clustering algorithm, the same basis as the inferential tests: Model-Based leads 

CNN-Pred in 142 conditions, ACF-Empirical in 139, CNN-Latent in 119, and Feature-PCA in all 

144. Outright and pairwise counts differ because a third representation can have the highest ARI 

in a cell. 
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Table 2 

Study 1 ANOVA Factor Hierarchy for Model-Based ARI 

Rank Factor / interaction η² Interpretation 

1 Series length (T) 50.7% Largest share 

2 Separation 31.4% Second-largest share 

3 Signal-to-noise ratio 7.4% Moderate observation-noise effect 

4 T × Separation 6.7% T matters most when separation is 

favorable 

5 AR order 0.3% Modest AR(2) penalty 

6 Sample size (N) 0.1% Minimal for Model-Based 

Note. Values are from a descriptive factorial ANOVA on Model-Based condition-level mean 

ARI under the diagonal Gaussian mixture, across the 144 K = 3 clustering conditions. The design 

is balanced, so one-way and Type II decompositions coincide. Under k-means the same 

hierarchy holds with T at 53.2% and separation at 30.4%. 
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Table 3 

Cluster-Number Selection Across 48 Null Conditions and 144 Three-Subgroup Conditions 

Representation Selection procedure Null false-positive rate Correct selection of K = 3 

Model-Based GMM-BIC 6.0% 3.9% 

CNN-Latent Gap statistic 8.1% 8.9% 

ACF-Empirical GMM-BIC 18.4% 2.7% 

CNN-Pred GMM-BIC 54.4% 38.8% 

Feature-PCA GMM-BIC 64.6% 12.2% 

ACF-Implied GMM-BIC 100.0% 21.7% 

Note. The false-positive rate is the proportion of simulation replications selecting more than one 

component under the 48 null conditions. Correct-count selection is the proportion selecting K = 3 

under the 144 three-subgroup conditions. Each condition contained 500 replications. The 

selection procedure is identified separately because CNN-Latent used the gap statistic in the 

primary summary, whereas the other representations used GMM-BIC. ACF-Implied carries the 

same fitted coefficient information as Model-Based, expressed in ten deterministic coordinates 

rather than one or two. CNN-Pred showed a sample-size dependence not visible in the pooled 

rate, rising from 12.5% at N = 100 to 96.2% at N = 300, whereas Model-Based moved from 2.6% 

to 9.4%. Under the gap statistic, CNN-Pred false-positive selection falls to 14.7% and correct-

count selection to 4.1%. No representation combined a low false-positive rate with a high 

correct-count rate. 
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Table 4 

Study 2 Subgroup Recovery and Distribution of the Highest ARI Across 162 Conditions 

Representation GMM 

M 

k-means 

M 

Highest 

ARI 

Share % at T = 50 % at T = 100 % at T = 200 

CNN-Latent .2515 .2352 75 46.3% 53.7 51.9 33.3 

CNN-Pred .2458 .2417 40 24.7% 25.9 24.1 24.1 

Model-Based .2391 .2384 47 29.0% 20.4 24.1 42.6 

ACF-Empirical .1560 .1712 0 0.0% 0.0 0.0 0.0 

Feature-PCA .0507 .0743 0 0.0% 0.0 0.0 0.0 

Note. Pooled mean adjusted Rand index under each clustering algorithm across the 162 

persistence-space conditions. Highest ARI uses the within-condition best-algorithm rule. The 

three rightmost columns give each representation’s share of the 54 conditions at each series 

length, the underlying counts being 29, 28, and 18 for CNN-Latent, 14, 13, and 13 for CNN-

Pred, and 11, 13, and 23 for Model-Based out of 54 conditions at each length; the rise in the 

Model-Based share and the fall in the CNN-Latent share across T is the information-regime 

pattern discussed in the text. Monte Carlo standard errors of the pooled means were .0002 to 

.0004. 
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Table 5 

Study 2 ANOVA Factor Hierarchy for Model-Based ARI (Persistence-Space Design) 

Rank Factor / interaction η² Interpretation 

1 Series length (T) 43.5% Largest share, closely followed by 

separation 

2 Separation 40.6% Nearly equal to series length 

3 Signal-to-noise ratio 12.1% Third, well below the first two 

4 Order composition 0.9% Minimal for Model-Based 

5 T × Separation 0.8% Largest interaction, but small 

6 Sample size (N) 0.6% Minimal for Model-Based 

7 Separation × SNR 0.3% Negligible 

8 T × Composition 0.1% Negligible 

Note. Values are from a descriptive Type II ANOVA on Model-Based condition-level mean ARI 

under the diagonal Gaussian mixture across the 162 persistence-space conditions of Study 2. 

Residual = 1.0%. 
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Table 6 

Fitting-Strategy Extension: AR1-Fit ANOVA Factor Hierarchy for Model-Based ARI 

Rank Factor / interaction η² Interpretation 

1 Separation 58.9% Dominant under heterogeneity 

2 Series length (T) 22.7% Important, but secondary 

3 Signal-to-noise ratio 14.8% Third, after separation and series 

length 

4 T × Separation 1.6% T benefits depend on separation 

5 Separation × SNR 1.2% SNR benefits depend on separation 

6 Sample size (N) 0.2% Minimal for Model-Based 

7 Order composition 0.2% Minimal for Model-Based 

Note. η² values are from a descriptive Type II ANOVA on condition-level mean ARI under 

AR1-fit across the 162 conditions of the fitting-strategy extension reported in Section 8.1. This 

table belongs to that extension, not to the primary persistence-space Study 2. 
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Table 7 

Number of Clusters Selected for Each Representation 

Representation Values per 

participant 

GMM (BIC) 

K 

ΔBIC Cluster sizes Gap statistic 

K 

VAR models      

VAR(1) 4 2 24.3 93, 85 1 

VAR(3) 12 2 40.6 89, 89 1 

Five representations      

Model-Based 2 1 8.7 178 1 

CNN-Pred 4 2 19.3 98, 80 1 

CNN-Latent 27 7a — — 1 

ACF-Empirical 20 1 17.8 178 1 

Feature-PCA 2 1 0.2 178 1 

Note. N = 178; 1 to 8 clusters compared. GMM (BIC) = Bayesian information criterion with the 

Gaussian mixture model, which also chose the covariance structure; ΔBIC = lead of the selected 

number of clusters over the next-best number; cluster sizes are for the GMM solution; gap 

statistic = gap statistic with k-means. Model-Based is one AR(1) coefficient per affect, without 

the cross-lagged coefficients of VAR(1). 

a BIC kept improving because many latent values were exactly zero; the count is not 

interpretable. 
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Table 8 

Characteristics of the Two VAR(1) Clusters 

Characteristic Cluster 1 Cluster 2 

n (%) 93 (52.2) 85 (47.8) 

Age, M (SD) 40.1 (12.9) 45.1 (15.4) 

Female, % 82.8 81.2 

Momentary PA, M (SD) 56.9 (20.3) 63.3 (17.8) 

Momentary NA, M (SD) 22.2 (22.0) 6.0 (9.8) 

Correlation of PA and NA −.52*** −.19 

Note. Clusters from VAR(1) with the GMM (Table 7). Momentary PA and NA are items 5 and 8 

(0–100) over all completed occasions. Correlation = correlation of participant-mean PA with 

participant-mean NA within the cluster. PA = positive affect; NA = negative affect. 

***p < .001. 
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Table 9 

Cluster-Specific VAR(3) Coefficients 

Cluster Outcome PA t − 1 NA t − 1 PA t − 2 NA t − 2 PA t − 3 NA t − 3 

Cluster 1 PA t 0.23 −0.10 −0.02 0.00 0.03 −0.01 

 NA t −0.02 0.36 0.00 0.00 −0.01 0.05 

Cluster 2 PA t 0.26 0.06 −0.02 0.00 0.05 0.02 

 NA t 0.00 0.10 0.00 0.01 −0.01 0.02 

Note. Cluster means of participant-specific VAR(3) coefficients (Li et al., 2025); clusters as in 

Table 8. Rows are outcomes at time t; columns are predictors one to three steps earlier (one step 

= 6 hours). PA = positive affect; NA = negative affect. 
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Table 10 

Pre-Diary Measures by Cluster 

Measure Cluster 1 M (SD) Cluster 2 M (SD) F p 

Depression (QIDS) 8.20 (5.00) 4.76 (3.43) 28.09 < .001 

Depression (DASS-21)a 12.58 (4.34) 9.67 (2.68) 16.25 < .001 

Anxiety/panic 1.19 (0.89) 0.51 (0.67) 33.67 < .001 

Positive affect 30.58 (7.38) 34.09 (6.26) 11.63 < .001 

Negative affect 23.70 (7.37) 17.12 (4.69) 49.46 < .001 

Note. One-way analyses of variance, df = 1, 176; all five differences remain significant after 

Holm correction. Clusters as in Table 8. QIDS = Quick Inventory of Depressive 

Symptomatology; DASS-21 = Depression Anxiety Stress Scales, depression scale. 

a n = 103 (df = 1, 101). 
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Figure 1 

Share of Study 2 Conditions in Which Each Leading Representation Had the Highest ARI Across 

Series Lengths 

 
Note. Each point is the percentage of the 54 conditions at that series length in which the 

representation achieved the highest mean adjusted Rand index, using the within-condition best-

algorithm rule. ACF-Empirical and Feature-PCA did not have the highest ARI in any condition 

at any series length and are omitted. The crossing of the Model-Based and CNN-Latent series 

between T = 100 and T = 200 is the information-regime pattern described in the text; the pooled 

means in Table 4 do not show it. 
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