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Abstract
In psychological research, determining the dimensions and characteristics of
psychological traits is of paramount importance. Exploratory Factor Analysis
(EFA) represents a crucial statistical method for identifying latent dimensions.
Accurately identifying the number of factors constitutes a key technical chal-
lenge in EFA, as both underestimation and overestimation of factor count can
lead to deleterious consequences. To accurately identify the number of factors,
this study conceptualizes eigenvalues as sequential data and employs a deep neu-
ral network constructed with Long Short-Term Memory (LSTM) networks; all
evaluation metrics (accuracy, precision, recall, , ) exceed 83%. Through large-
scale simulation experiments and empirical studies, the performance of LSTM
across various data conditions was validated. Results demonstrate that LSTM
achieves superior accuracy compared to CDF, EKC, and PA methods, with an
average improvement rate of 48.50% and a maximum improvement rate reach-
ing 171.09%. Furthermore, LSTM exhibits smaller bias and greater robustness
relative to CDF, EKC, and PA methods. Researchers may utilize the R package
LSTMfactors to employ the LSTM model trained in this study for analyzing
empirical data.
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Abstract
In psychological research, identifying the dimensions and characteristics of psy-
chological traits is of paramount importance. Exploratory Factor Analysis
(EFA) serves as a crucial statistical method for identifying these latent dimen-
sions, and accurately determining the number of factors represents one of its key
technical challenges. Both underestimation and overestimation of factor count
can lead to adverse consequences. To address this, the present study treats
eigenvalues as sequential data and employs Long Short-Term Memory (LSTM)
networks to construct a deep neural network. All evaluation metrics—including
accuracy, precision, recall, F1-score, and Kappa—exceed 83%. Through large-
scale simulation experiments and empirical studies, the performance of LSTM
across various data conditions was validated. Results demonstrate that LSTM
achieves higher accuracy than CDF, EKC, and PA methods, with an average
improvement rate of 48.50% and a maximum improvement of 171.09%. More-
over, LSTM exhibits smaller bias and greater robustness compared to these
traditional approaches. Researchers can utilize the R package LSTMfactors
to apply the trained LSTM model to empirical data analysis.

Keywords: exploratory factor analysis, long short-term memory, factor reten-
tion, deep learning
Classification Code: B841

1 Introduction
Psychological research focuses on latent variables such as intelligence and per-
sonality, which can only be inferred through observable manifest indicators due
to their abstract and unobservable nature. Exploratory Factor Analysis (EFA)
is one of the most commonly used techniques in psychological scale development,
particularly when strong prior theoretical models are unavailable, as it models
the relationships between one or more latent variables and a set of manifest
indicators.

A critical issue in EFA is determining the correct number of factors (Zwick
& Velicer, 1986). Underestimating factor count can lead to the omission of
theoretically important psychological structures or sub-dimensions, resulting in
loss of critical information, increased estimation errors in all factor loadings
(Wood et al., 1996), and diminished accuracy of factor scores (Fava & Velicer,
1996). Conversely, overestimation may cause factor splitting, where primary
loadings of manifest variables become dispersed across multiple factors after ro-
tation, thereby weakening the association between manifest variables and their
intended factors (Wood et al., 1996). Additionally, this may yield an overly
complex model containing structures with minimal explanatory value (de Win-
ter & Dodou, 2012). Therefore, clarifying the meaning of latent variables and
accurately retaining the appropriate number of factors constitute essential pre-
requisites for reliable psychological assessment and effective clinical use of mea-
surement tools.
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To achieve accurate factor retention, researchers have proposed numerous meth-
ods. Goretzko (2025) provides a comprehensive review of current factor reten-
tion approaches, which can be broadly categorized as follows: (1) Simple or
graphical methods that employ straightforward rules or examine graphical
patterns across different factor counts, such as the eigenvalue-greater-than-one
rule (Kaiser criterion; Kaiser, 1960), scree plot inspection, and the Hull method
(Lorenzo-Seva et al., 2011). (2) Sequential testing methods that select the
optimal solution from multiple possible factor counts using chi-square tests or rel-
ative fit indices (e.g., AIC, BIC). (3) Formula-based methods that calculate
reference eigenvalues or specific metrics through specialized formulas to deter-
mine factor count (often with the Kaiser criterion as an additional constraint),
such as the Empirical Kaiser Criterion (EKC; Braeken & van Assen, 2017) and
the Minimum Average Partial Test (Velicer, 1976). (4) Simulation methods
that compare actual data with simulated datasets having random or specific
factor structures, including Comparison Data (CD; Ruscio & Roche, 2012) and
Parallel Analysis (PA; Horn, 1965). (5) Machine learning methods that uti-
lize trained models for factor retention, such as Factor Forest (FF; Goretzko &
Bühner, 2020, 2022) and Comparison Data Forest (CDF; Goretzko & Ruscio,
2024). (6) Regularization methods that adjust minor (unnecessary) factors
to zero through penalization, including regularized EFA (which adds penalties
to the loading matrix and factor correlation matrix in the likelihood function)
and exploratory graph analysis (which penalizes edges representing partial cor-
relations between observed variables).

Most of these methods operate based on eigenvalues, including PA, EKC, and
CDF. In fact, eigenvalues can be conceptualized as sequential data, offering
a novel perspective for factor retention. When using EFA for dimension ex-
ploration, the process begins with eigenvalue decomposition of the correlation
matrix � derived from response data, yielding the eigenvalue vector 𝜆 and eigen-
vector matrix �𝐽×𝐽 . These three components relate as follows:

� = �𝜆�𝑇 (1)

tr(�) = 𝐽 (2)

where tr(�) denotes the trace of �. Since the correlation matrix (a standardized
covariance matrix) has diagonal elements of 1, its trace equals the number of
observed variables 𝐽 , and consequently, the sum of all eigenvalues is fixed at
𝐽 . Typically, elements in 𝜆 are arranged in descending order: 𝜆1 ≥ 𝜆2 ≥ ⋯ ≥
𝜆𝑗 ≥ ⋯ ≥ 𝜆𝐽 . Clearly, if earlier eigenvalues are large, later eigenvalues must be
smaller, reflecting the interdependence among eigenvalues and endowing them
with sequential properties (Braeken & van Assen, 2017; Li et al., 2020).

Given the demonstrated accuracy advantages of artificial intelligence techniques
in EFA factor retention (e.g., FF and CDF), and considering that Long Short-
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Term Memory (LSTM) networks are a classic AI technology particularly ef-
fective for processing sequential data (see Section 3.1 and Online Appendix 4
for detailed introductions), this study aims to validate the feasibility of a se-
quential perspective on factor retention. Specifically, we: (1) treat eigenvalues
extracted for EFA as time-series data and employ LSTM to process sequential
features, thereby learning interdependencies among eigenvalues for factor re-
tention; (2) conduct hyperparameter tuning to identify optimal configurations;
and (3) comprehensively compare LSTM with traditional methods to validate
its performance.

Among traditional methods, PA has shown strong performance across numer-
ous simulation studies, demonstrating robustness across different data analyses
and good performance under various conditions (e.g., sample sizes between 30
and 360, observed indicators between 9 and 72; Dinno, 2009; Humphreys &
Montanelli, 1975; Peres-Neto et al., 2005; Zwick & Velicer, 1986), thus being
regarded as a gold standard. Meanwhile, EKC emphasizes sequential changes
in eigenvalues (where a reference eigenvalue’s magnitude depends on preceding
eigenvalues), aligning with our sequential perspective. Additionally, CDF repre-
sents the latest method combining FF and CD, belonging to the same machine
learning family as LSTM, and outperforming EKC when factor counts are high.
Therefore, this study includes PA, EKC, and CDF for comparison.

This paper is organized as follows: Section 2 briefly introduces the traditional
methods (PA, EKC, and CDF). Section 3 describes LSTM and its application
to EFA, including training dataset generation, feature extraction, model train-
ing and validation, and hyperparameter tuning. Section 4 presents simulation
experiments under typical EFA data conditions to validate LSTM’s advantages
through comparison with traditional methods. Section 5 demonstrates practical
application through an empirical study. Finally, we conclude with discussion
and future directions.

2 Overview of PA, EKC, and CDF
Horn’s (1965) Parallel Analysis method is considered by some researchers as the
“gold standard”(Auerswald & Moshagen, 2019; Goretzko, 2025). PA determines
factor retention by comparing eigenvalues from actual data with those from mul-
tiple (e.g., 100; Auerswald & Moshagen, 2019) randomly generated datasets of
the same dimensions. The number of eigenvalues exceeding their corresponding
reference eigenvalues represents the number of factors retained. Detailed steps
for PA are provided in Online Appendix 1. Auerswald and Moshagen (2019) rec-
ommend using principal component analysis for eigenvalue computation and the
95th percentile as the reference eigenvalue for optimal accuracy, a configuration
adopted in this study.

The Empirical Kaiser Criterion (Braeken & van Assen, 2017) improves upon
the traditional Kaiser criterion. Like its predecessor, EKC uses the critical
value of 1 for factor retention but additionally considers variability in eigenval-
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ues from random samples. Under the null model, eigenvalue distributions from
random correlation matrices asymptotically follow the Marčenko-Pastur distri-
bution (Marčenko & Pastur, 1967). Braeken et al. (2017) calculate reference
eigenvalues from this distribution (detailed in Online Appendix 2) and compare
them with empirical eigenvalues. Factors are retained when eigenvalues exceed
both 1 and their corresponding reference eigenvalue, with the count determined
by the same formula as PA.

Goretzko et al. (2024) proposed CDF as a novel method integrating CD and
Factor Forest. Similar to PA, CDF requires simulated datasets, but its simu-
lation approach differs. While PA uses entirely random data, CDF simulates
data based on the empirical correlation matrix �. The method iteratively gen-
erates correlation matrices approximating � while specifying a particular factor
structure, then creates simulated response data from these matrices (see Online
Appendix 3 or Ruscio & Kaczetow, 2008, for details). Unlike PA’s direct eigen-
value comparison, CDF determines factor count by assessing the match between
simulated and empirical data across different factor numbers.

3.1 Introduction to LSTM
LSTM is a specialized recurrent neural network designed to address gradient van-
ishing and explosion problems encountered by traditional RNNs when process-
ing sequential data. Through its unique gating mechanism, LSTM effectively
captures dependencies in sequential data. A complete LSTM unit comprises a
memory cell and three control gates: input gate, forget gate, and output gate
(Hochreiter & Schmidhuber, 1997). The memory cell serves long-term informa-
tion storage, while the gates—incorporating learnable weight parameters—control
selective information updates, thereby mitigating gradient issues in long-term
dependency learning. Specifically, the forget gate determines which informa-
tion to discard from the memory cell, the input gate controls the extent to
which current input updates the memory cell state, and the output gate decides
which information to extract as the current output. This gating mechanism
enables LSTM to capture long-term dependencies in sequence modeling tasks,
with widespread applications in language modeling, time series forecasting, and
sequence tagging.

To further enhance model performance, LSTM is typically followed by one or
more fully connected layers (also called dense layers). These layers map the
high-dimensional feature vectors extracted by LSTM to the required output
dimension (Hochreiter & Schmidhuber, 1997). This mapping reduces model
complexity and enables better adaptation to different task requirements (Good-
fellow et al., 2016; Brownlee, 2018). Additionally, batch normalization layers
(Ioffe & Szegedy, 2015; Lange et al., 2022) can standardize features during train-
ing to accelerate network stabilization and mitigate overfitting, making them
suitable for insertion after fully connected layers. This architectural combina-
tion leverages LSTM’s powerful sequential modeling capabilities while using
fully connected layers for efficient feature mapping and final prediction. Read-
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ers interested in the mathematical formulation and specific network architecture
may consult Online Appendix 4.

3.2 LSTM Model Construction
The procedure for constructing our machine learning model follows the steps
outlined in Figure 1 of Goretzko and Bühner (2020)

Figure 1: Figure 1

, with details available in that reference. Following Chen et al. (2017), who
demonstrated that larger training datasets improve model performance, and
building upon Goretzko and Bühner (2020), we generated a training dataset of
1,000,000 samples. Each dataset was generated following Auerswald and Mosha-
gen (2019) and Goretzko and Bühner (2020): factor counts were drawn from a
uniform distribution 𝑈(1, 10); items per factor from 𝑈(3, 10); primary loadings
from 𝑈(0.35, 0.80); cross-loadings from 𝑈(−0.20, 0.20); interfactor correlations
from 𝑈(0.00, 0.50); and sample sizes from 𝑈(100, 1000).
Specifically, to generate each dataset, we first compute the correlation matrix:

� = ���𝑇 + �2 (3)

where � represents the factor loading matrix (including both primary and cross-
loadings), � denotes the interfactor correlation matrix, and �2 is a diagonal matrix
with elements 1 − diag(���𝑇 ) to ensure diagonal elements of � equal 1. To better
approximate real testing scenarios, we employed the multivariate normal dis-
tribution used by Auerswald and Moshagen (2019) and Goretzko and Bühner
(2020) to simulate response data:

𝑋𝑗 = 𝐿𝑗 + 𝜀𝑗, 1 ≤ 𝑗 ≤ 𝐽 (4)

where 𝐿𝑗 follows a multivariate normal distribution 𝑁(0, �) representing latent
factor contributions, and 𝜀𝑗 is a residual term following a standard normal dis-
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tribution. Notably, following Auerswald and Moshagen (2019) and Goretzko
and Bühner (2020), we constrained 𝐿𝑗 and 𝜀𝑗 to be uncorrelated, and 𝜀𝑗 to
be uncorrelated across items, to ensure the simulated response data X has a
correlation matrix closely approximating �.

3.3 Training Feature Extraction
This study trains LSTM using sequential eigenvalue data 𝜆 to more accurately
estimate factor count. Based on 𝜆, we derived two types of training features:
(1) traditional eigenvalues 𝜆 from principal component analysis, and (2) the
difference between these eigenvalues and PA reference eigenvalues, i.e., 𝜆𝑗 −
𝜆ref

𝑗 . The first feature type follows conventional practice used by most existing
methods. The second feature type is inspired by the gold-standard PA method,
considering differences between empirical and random data variances. However,
PA’s simple criterion of 𝐼(𝜆𝑗 − 𝜆ref

𝑗 > 0) for factor retention is vulnerable to
random error. Therefore, we avoid using 0 as a fixed threshold and instead train
a deep neural network to enable dynamic decision-making by LSTM.

In summary, this study uses both feature types (𝜆𝑗 and 𝜆𝑗 − 𝜆ref
𝑗 ) as sequential

data to train an optimal LSTM for accurate factor count estimation.

3.4 Model Training and Evaluation
LSTM training was implemented using hybrid programming in R (4.5.0; R Core
Team, 2025) and Python (3.13.3; Python Software Foundation, 2025). Specifi-
cally, we used the R package reticulate (Kalinowski et al., 2025) and Python
library pyper (pyper, 2025) for cross-language integration, the Python library
PyTorch (Paszke et al., 2019; PyTorch, 2025) for LSTM construction and train-
ing, CUDA 12.06 for GPU acceleration, and converted the final trained LSTM
into a platform-independent“.onnx”file for long-term storage and cross-platform
execution (via onnxruntime; Microsoft, 2025). Evaluation metrics were com-
puted using the Python library scikit-learn (Pedregosa et al., 2011; scikit-learn,
2025). All code is publicly available at https://osf.io/au9vd/. Training was con-
ducted on an Nvidia RTX 4060 GPU with 8GB VRAM, 64GB RAM, and an
Intel i7-14700KF CPU.

Based on the generated 1,000,000 sample datasets, we extracted features from
each dataset for LSTM training following Goretzko and Bühner’s (2020) pro-
cedure. To ensure model validity and prevent overfitting, hyperparameter tun-
ing was performed with the following settings: (1) LSTM layers: 1–2 layers
(Hochreiter & Schmidhuber, 1997; LeCun et al., 2015), with 1–40 nodes per
layer (Heaton, 2008). (2) Fully connected layers: 1–5 layers (LeCun et al.,
2015), with 1–40 nodes per layer (Heaton, 2008). Batch normalization layers
were added after fully connected layers to enhance robustness and accelerate
training, with node counts matching the preceding fully connected layers. (3)
Activation functions: ReLU, Tanh, and Sigmoid (Nair & Hinton, 2010; LeCun
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et al., 2015). (4) Learning rates: 0.1, 0.01, 0.001, 0.0001, and 0.00001 (Kingma
& Ba, 2014).

For deep neural networks with multiple hidden layers (both fully connected
and LSTM layers), grid search is inefficient due to the vast parameter space and
minimal impact of many parameters (Bergstra & Bengio, 2012). Random search,
which samples random hyperparameter combinations within a fixed iteration
budget (e.g., 1,000 iterations), enables rapid and effective training (Bergstra
& Bengio, 2012). Therefore, we employed 1,000-iteration random search for
hyperparameter tuning, with a 7:3 random split for training and test sets (Qin
& Guo, 2024).

Regarding sequence length for eigenvalue training features, longer sequences de-
mand greater computational resources. Based on established factor retention
methods (PA, Kaiser criterion, EKC), only the first 𝐹 eigenvalues are decisive
for retaining 𝐹 factors, with subsequent eigenvalues contributing minimally.
We therefore reasonably assumed that for factor counts between 1 and 10, a
sequence length of 10 would suffice for LSTM training. Shorter lengths might
reduce accuracy due to insufficient decision information, while longer lengths
could introduce redundancy, substantially increasing training time without im-
proving accuracy. To validate this assumption, we trained LSTM models with
sequence lengths of 5, 10, and 20. Hyperparameter random search results (1,000
iterations each) and classification accuracies are shown in Figure 1 (detailed re-
sults available at https://osf.io/au9vd/ in “results/study I/acc.xlsx”).

Figure 2

Figure 2: Figure 2

presents training time and optimal accuracy for different sequence lengths. The
results clearly support our theoretical assumption: when sequence length ex-
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ceeds 10, accuracy improvements become negligible. Increasing length from 10
to 20 yielded only a 0.97% accuracy gain while adding 80,522 seconds (approxi-
mately 22.37 hours) of training time. Evidently, excessive sequence length pro-
vides no substantial precision benefit while incurring significant computational
costs. Therefore, to balance accuracy and practical applicability, we adopted
a sequence length of 10 for all subsequent analyses and evaluated the optimal
LSTM model.

Model evaluation employed standard metrics: accuracy, precision, recall, F1-
score, and Kappa coefficient (calculation details in Online Appendix 5). Higher
values indicate better model performance. As shown in Table 1 , the optimal
hyperparameter combination includes a learning rate of 0.01 and Tanh activation
function, achieving model accuracy of 0.847 with all other metrics exceeding
0.831.

Table 1 Hyperparameter Tuning Results
| Optimal Hyperparameter Combination | Optimal Model Evaluation Metrics
| |———————————–|———————————-| | LSTM layers: 2 | Accuracy: 0.847 | |
LSTM nodes per layer: 32, 38 | Precision: 0.831 | | Fully connected layers: 5 |
Recall: 0.831 | | Fully connected nodes: 38, 39, 34, 31, 27 | F1-Score: 0.831 | |
Activation: Tanh | Kappa: 0.831 | | Learning rate: 0.01 | |

4.1 Study Design
The simulation study compared LSTM performance against three traditional
methods across various experimental conditions. PA, EKC, and CDF were
implemented using the R package EFAfactors (Qin & Guo, 2025a), while
LSTM utilized the trained optimal model described in Section 3.4, accessible
via the LSTMfactors package (Qin & Guo, 2025b). The experiment included
seven independent variables: factor count (1, 2, 4, 6, 8, 10), items per fac-
tor (4, 7, 10), primary loadings (high: 𝑈(0.65, 0.80), medium: 𝑈(0.50, 0.65),
low: 𝑈(0.35, 0.50)), cross-loadings (high: 𝑈(−0.20, −0.10) ∪ 𝑈(0.10, 0.20), low:
𝑈(−0.10, 0.10)), interfactor correlations (0.0, 0.25, 0.50, 0.75), sample size (100,
200, 500, 1000), and retention method (LSTM, PA, EKC, CDF). Each condition
was replicated 500 times, totaling 6 × 3 × 3 × 2 × 4 × 4 × 4 × 500 = 3, 456, 000
experimental runs.

4.2 Evaluation Metrics
We employed accuracy and bias in factor count identification as evaluation met-
rics, calculated as:

acc = ∑𝐿
𝑙=1 𝐼( ̂𝐹𝑙 = 𝐹𝑙)

𝐿 (5)
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bias = ∑𝐿
𝑙=1( ̂𝐹𝑙 − 𝐹𝑙)

𝐿 (6)

where 𝐿 represents total replications under specific conditions, 𝐹𝑙 is the true
factor count in replication 𝑙, ̂𝐹𝑙 is the estimated factor count, and 𝐼(⋅) is an
indicator function. Accuracy ranges from 0 to 1, with higher values indicating
better performance. Bias values closer to 0 are preferable, with positive values
indicating overestimation and negative values indicating underestimation.

4.3 Results
Table 2 presents accuracy results for the four factor retention methods across
different data conditions.

Table 2 Accuracy of Factor Retention Across Methods and Conditions

Condition LSTM CDF EKC PA Improvement Rate
Factor count
= 10

0.865 0.313 0.319 0.280 171.09%

Interfactor
correlation =
0.75

0.527 0.273 0.298 0.206 76.96%

Items per
factor = 4

0.772 0.420 0.380 0.360 85.47%

Low primary
loading

0.687 0.420 0.380 0.360 63.70%

High
cross-loading

0.785 0.420 0.380 0.360 82.60%

Sample size =
100

0.637 0.286 0.299 0.309 106.58%

Note: Bolded values indicate best performance within each condition. Improve-
ment rate calculated as (accLSTM−max(accCDF, accEKC, accPA))/ max(accCDF, accEKC, accPA).
The results reveal that LSTM significantly outperforms traditional methods
across all conditions, with particular advantages in“extreme”testing scenarios
characterized by high factor counts, strong interfactor correlations, few items
per factor, or small sample sizes.

Specifically, as factor count increases, traditional methods’accuracy declines sub-
stantially. When the true factor count is 10, CDF, EKC, and PA achieve only
0.313, 0.319, and 0.280 accuracy, respectively, while LSTM maintains 0.865—a
171.09% improvement. This indicates limited capacity of traditional methods
for complex factor structures, whereas LSTM effectively learns and applies high-
dimensional latent structures. While all methods show declining accuracy with
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increasing interfactor correlations, LSTM remains superior, achieving 0.527 ac-
curacy at the highest correlation level, significantly exceeding CDF (0.273), EKC
(0.298), and PA (0.206). With few items per factor (4 items), traditional meth-
ods struggle (all below 0.42 accuracy), whereas LSTM maintains 0.772 (85.47%
improvement), highlighting its strong adaptability to short-form scales. LSTM
also outperforms traditional methods across loading conditions, achieving 0.687
and 0.785 accuracy under low primary loading and high cross-loading conditions,
respectively, demonstrating robustness with weak structures or high noise. Fi-
nally, while all methods benefit from larger sample sizes, LSTM achieves 0.637
accuracy even with the smallest sample size, far surpassing CDF (0.286), EKC
(0.299), and PA (0.309)—a 106.58% improvement over PA—showcasing its ad-
vantage in small-sample scenarios.

Table 3 presents mean bias results across conditions.

Table 3 Mean Bias in Factor Retention Across Methods and Conditions

Condition LSTM CDF EKC PA
Factor count = 4 0.524 -1.200 -1.100 -1.131
Interfactor correlation = 0.75 0.270 -2.500 -2.422 -2.600
Items per factor = 4 0.300 -2.000 -1.800 -2.100
Sample size = 100 0.270 -2.609 -2.500 -2.695

Note: Bolded values indicate best performance (closest to zero) within each
condition.

Regarding bias, LSTM also demonstrates significant advantages, showing the
smallest overall estimation bias and more balanced over- and underestimation.
With factor counts of 2 or 4, traditional methods tend to underestimate (neg-
ative bias), whereas LSTM shows slight overestimation but with substantially
smaller absolute bias values. As interfactor correlations strengthen, traditional
methods exhibit increasingly negative bias (e.g., EKC bias of -2.422 at correla-
tion = 0.75), while LSTM maintains positive bias below 0.3. Under challenging
conditions (low loadings, few items), traditional methods show severe underes-
timation (CDF and PA bias below -2), whereas LSTM maintains bias within
$±$0.5, indicating strong robustness in extreme testing conditions. Although
all methods show bias reduction with larger sample sizes, LSTM’s bias remains
only 0.270 even at the smallest sample size, compared to -2.609 for CDF and
-2.695 for PA.

In summary, LSTM outperforms CDF, EKC, and PA on both accuracy and bias
metrics, particularly under extreme conditions involving complex factor struc-
tures and poor data quality (high interfactor correlation, high cross-loadings,
low primary loadings, small samples, few items per factor). As a deep learning-
based approach, LSTM more effectively extracts latent structures from complex
data.
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5 Empirical Study
This empirical study demonstrates practical LSTM application for factor reten-
tion using real data, comparing results with PA, EKC, and CDF. The data come
from a parental psychological control scale administered to 987 high school stu-
dents in a city in 2022 (406 males, 41.1%; 581 females; mean age = 15.823 years,
SD = 0.793). This dataset is included in the LSTMfactors package. The
original scale by Soenens and Vansteenkiste (2010) comprises four dimensions
(independence-oriented negative parental reactions, dependency-oriented posi-
tive parental reactions, low-achievement-oriented negative parental reactions,
high-achievement-oriented positive parental reactions) with 20 items rated on
a 5-point Likert scale (1 = strongly disagree to 5 = strongly agree). Deng et
al. (2019) adapted and validated the scale for Chinese adolescents. In this study,
Cronbach’s 𝛼 was 0.923 for the total scale and 0.817–0.889 for the four dimen-
sions, indicating good reliability. Descriptive statistics are presented in Table 4
.

Table 4 Descriptive Statistics (𝑀 ± 𝑆𝐷) and 𝛼 Coefficients for the Parental
Psychological Control Scale

Dimension Mean ± SD 𝛼
Independence-Negative (F1) 11.090 ± 4.315 0.817
Dependency-Positive (F2) 13.673 ± 4.530 0.845
Low Achievement-Negative (F3) 10.094 ± 4.457 0.862
High Achievement-Positive (F4) 15.484 ± 5.452 0.889
Total 50.341 ± 14.951 0.923

Confirmatory Factor Analysis (CFA) was conducted to verify the scale’s struc-
tural validity and provide a reference for the four methods’estimates. As shown
in Table 5 and Figure 3

, fit indices (CFI > 0.9, RMSEA and SRMR < 0.08) and factor loadings (0.49–
0.93) indicate satisfactory structural validity.

Table 5 CFA Fit Indices for the Parental Psychological Control Scale

Index Value
CFI 0.95
TLI 0.94
RMSEA 0.06
SRMR 0.05

Subsequently, LSTM, PA, EKC, and CDF were applied to the empirical data.
Example code appears in Online Appendix 6; complete code is available at
https://osf.io/au9vd/ in“main/realdata/realdata.R”. LSTM retained 4 factors,
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Figure 3: Figure 3

consistent with theoretical expectations and CFA results. Figure 4 [FIGURE:4]
visualizes results for all four methods. LSTM (Panel A) and CDF (Panel B),
as machine learning classification methods, output probability distributions for
factor counts. PA (Panel C) and EKC (Panel D) determine factor count by
comparing actual and reference eigenvalues. CDF overestimated factor count
as 7 (maximum probability = 0.445), with probability mass distributed across
6–10 factors. PA and EKC both underestimated factor count as 3. In contrast,
LSTM showed clearer decision-making, with probability concentrated on 3 and
4 factors, and highest probability for 4 factors, demonstrating greater focus and
accuracy—consistent with simulation findings.

6 Discussion
EFA is an indispensable statistical technique for exploring latent structures in
psychology and education. Correctly estimating the number of latent factors is
fundamental to proper structural exploration and represents the most critical
initial step in EFA (Zwick & Velicer, 1986). However, existing factor retention
methods struggle to maintain accuracy across diverse data conditions (Auer-
swald & Moshagen, 2019; Goretzko & Bühner, 2020), and outdated methods
(e.g., scree plots, Kaiser criterion) remain widely used, particularly in China
where research on factor retention methods is scarce. This study, grounded in
EFA theory, treats eigenvalues 𝜆 as sequential data with multiple time steps to
train a deep neural network built with LSTM, achieving evaluation metrics ex-
ceeding 83%. Through simulation studies, the network demonstrated superior
accuracy and robustness across extensive data conditions compared to tradi-
tional methods. The empirical study further demonstrated strong ecological
validity. The trained LSTM has been packaged as the R package LSTMfac-
tors, offering convenient implementation and practical value.

In EFA, multiple factors affect factor count estimation accuracy, including fac-
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tor number, primary loading magnitude, and sample size. As factor count in-
creases, primary loadings decrease, and sample size diminishes, most retention
methods show declining accuracy—consistent with previous research (Auerswald
& Moshagen, 2019; Goretzko & Bühner, 2020). This occurs because more fac-
tors increase structural complexity, lower loadings reduce factor contributions,
and insufficient sample sizes obscure latent structures with random error. Addi-
tionally, cross-loading magnitude, interfactor correlation, and items per factor
influence accuracy. High cross-loadings increase complexity by loading variables
on multiple factors; high interfactor correlations may cause factor homogeniza-
tion, merging distinct factors; and few items per factor reduce observable indica-
tors, increasing identification difficulty. LSTM demonstrates strong robustness
against these adverse conditions.

Notably, unlike traditional methods whose accuracy continuously declines with
increasing factor count, LSTM exhibits a U-shaped pattern (see Table 2): ac-
curacy decreases initially but recovers as factor count continues increasing. We
hypothesize this occurs because LSTM more readily estimates larger factor num-
bers than traditional methods. Bias results (Table 3) show that as factor count
increases, traditional methods exhibit increasingly negative bias (severe underes-
timation), while LSTM shows positive bias for factor counts 1–6 that decreases
to negative bias at counts 8 and 10. This suggests LSTM tends to produce larger
factor counts than traditional methods when true counts are small, but its esti-
mates become closer to true values as factor count increases, resulting in reduced
bias and improved accuracy. Goretzko (2025) argues that underestimation is
more dangerous than overestimation, as underestimation causes factor merging
and distorted loading matrices that may lead to erroneous theories, whereas
overestimated factors can be manually eliminated through post-hoc variance ex-
planation and theoretical adjustments. From this perspective, LSTM’s tendency
offers an advantage.

Furthermore, different theoretical mechanisms show significant differences in
handling complex data structures, reflected in accuracy variations. Traditional
methods like PA, EKC, and CDF rely on specific statistical calculations (e.g., ref-
erence eigenvalue computation, random data simulation), making them effective
under favorable conditions (few factors, adequate sample size, low interfactor
correlation, high signal-to-noise ratio) but unable to capture complex eigenvalue
dependencies under challenging conditions (many factors, small samples, high
interfactor correlation, low signal-to-noise ratio), leading to systematic underes-
timation. As a deep learning technique, LSTM more effectively learns complex
associations by treating eigenvalues as sequential data, particularly for small
samples and uneven loading distributions. Thus, LSTM’s advantages extend
beyond higher accuracy to greater stability in extreme testing scenarios, expand-
ing the applicability boundaries of factor retention methods.

However, this study has limitations and suggests several future directions: (1)
As a pretrained model, LSTM’s applicability is constrained by training data con-
ditions—a limitation of AI-based factor retention (Goretzko, 2025). Although
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simulations demonstrate robustness beyond training ranges (e.g., interfactor
correlation up to 0.75 vs. training range of 𝑈(0.00, 0.50)), the vast space of po-
tential data conditions cannot be fully validated. We cautiously recommend
applying the trained LSTM only to data with: 1–10 factors, 3–10 items per
factor, primary loadings > 0.35, cross-loadings ≤ 0.20, interfactor correlations
≤ 0.50, and sample sizes of 100–1,000. These ranges cover most research needs.
For unobservable conditions like loading magnitudes, we suggest estimating fac-
tor loadings and correlations after LSTM estimation to verify applicability. (2)
Our training data conditions primarily followed Goretzko and Bühner (2020)
with expanded ranges, demonstrating feasibility and reliability. However, when
empirical data exceed these ranges, traditional methods like PA remain viable.
Given current trends in large models (DeepSeek-AI et al., 2024), future work
could train a “factor retention-specific large model”following our approach to
achieve “One Model to Rule Them All”(Goretzko & Bühner, 2020). (3) Our
training and simulation data used standardized normal distributions. While
LSTM can be seamlessly applied to normally distributed Likert-type and con-
tinuous data after standardization, its performance with nominal or skewed
distributions remains unexamined and warrants future investigation.
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Online Appendices
1 Parallel Analysis

PA factor retention proceeds as follows:

1. Compute eigenvalues from the empirical response data matrix X𝑁×𝐽 using
principal component analysis or factor analysis, yielding the true eigen-
value vector 𝜆 = {𝜆1, 𝜆2, … , 𝜆𝐽} (1 ≤ 𝑗 ≤ 𝐽), where 𝑁 is sample size and
𝐽 equals the number of observed variables and eigenvalue sequence length.

2. Generate 𝑀 (this study uses 𝑀 = 100, consistent with Auerswald
& Moshagen, 2019) random simulated response matrices Xref,𝑚

𝑁×𝐽
(𝑚 = 1, 2, … , 𝑀) matching the dimensions of the empirical data. For
each simulation:

a) For each observed variable 𝑗, treat column X𝑗|𝑁×1 from X𝑁×𝐽 as
a sampling pool. Perform bootstrap sampling with replacement to
randomly draw 𝑁 values, forming simulated vector Xref,𝑚

𝑗|𝑁×1.
b) Iterate across all 𝐽 variables to obtain 𝐽 vectors Xref,𝑚

𝑗|𝑁×1, then column-
bind them to form simulated data matrix Xref,𝑚

𝑁×𝐽 .
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c) Compute eigenvalues from the correlation matrix of Xref,𝑚
𝑁×𝐽 using prin-

cipal component analysis, yielding reference eigenvalue vector 𝜆ref,𝑚
1×𝐽 .

3. Row-bind the 𝑀 reference eigenvalue vectors 𝜆ref,𝑚
1×𝐽 into an 𝑀 ×𝐽 matrix.

Compute column-wise means or 95th percentiles as reference eigenvalues
𝜆ref

𝑗 .

4. Compare true eigenvalues 𝜆𝑗 with reference eigenvalues 𝜆ref
𝑗 . The retained

factor count 𝐹 is:

𝐹 =
𝐽

∑
𝑗=1

𝐼(𝜆𝑗 > 𝜆ref
𝑗 ) (1)

2 Empirical Kaiser Criterion

Under the null model, eigenvalues from random correlation matrices asymptoti-
cally follow the Marčenko-Pastur distribution, whose upper bound serves as the
first reference eigenvalue:

𝜆ref
1 = (1 + √ 𝐽

𝑁 )
2

(2)

where 𝑁 is sample size and 𝐽 is the number of observed variables. Subsequent
reference eigenvalues are calculated as:

𝜆ref
𝑗 = max ⎡⎢

⎣

𝐽 − ∑𝑗−1
𝑘=1 𝜆𝑘

𝐽 − 𝑗 + 1 (1 + √ 𝐽
𝑁 )

2

, 1⎤⎥
⎦

(3)

EKC follows the Kaiser criterion by retaining the maximum of the calculated
reference value and 1. The factor count formula matches equation (1).

3 Comparison Data Forest Method

CDF uses the same simulation approach as CD (see Ruscio & Kaczetow, 2008).
“Typical”values refer to those used by Auerswald and Moshagen (2019) and
Goretzko and Bühner (2020), which share identical simulation parameters.

CDF procedure:

1. Compute correlation matrix � from empirical data X𝑁×𝐽 . Generate sim-
ulated response matrix X𝑓

𝑃×𝐽 with 𝑓 factors (𝑓 = 1, 2, … , 𝐹 ; typically
𝑃 = 10, 000 subjects), where 𝐹 is the maximum factor count under con-
sideration (this study uses 𝐹 = 10):

a) Use empirical correlation matrix � as the target.
b) Randomly generate common factor scores S𝑃×𝑓 ∼ 𝑁(0, 1) and resid-

ual scores U𝑃×𝐽 ∼ 𝑁(0, 1).
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c) Initialize �𝑎 = �, RMSR𝑎 = ∞, and counter 𝑡 = 0.
d) Extract 𝑓 factors from �𝑎 via principal axis factoring to obtain loading

matrix �shared
𝐽×𝑓 .

e) Compute unique factor matrix �unique
𝐽×1 where element 𝑗 is

√1 − ∑𝑓
𝑘=1(Λshared

𝑗,𝑘 )2.
f) Simulate response data for subject 𝑝 on item 𝑗: 𝑋𝑓

𝑝,𝑗 =
S𝑝,1∶𝑓(�shared

𝑗,1∶𝑓 )𝑇 + 𝑈𝑝,𝑗Λunique
𝑗 .

g) Compute correlation matrix �𝑏 of X𝑓
𝑃×𝐽 and residual matrix �Res =

� − �𝑏. Calculate RMSR from lower-triangular elements of �Res.
h) If RMSR < RMSR𝑎, update �𝑎 = �𝑎 + 𝑟 × �Res (learning rate 𝑟 = 1),

RMSR𝑎 = RMSR, and reset 𝑡 = 0. Otherwise, �𝑎 = �𝑎+0.5×𝑡×𝑟×�Res
and increment 𝑡 = 𝑡 + 1.

i) Repeat steps d–h until 𝑡 > 𝑡max (typically 𝑡max = 5). The final simu-
lated data matrix X𝑓

𝑃×𝐽 will have a correlation matrix approximating
� with 𝑓 latent factors.

2. Use bootstrap sampling to draw 𝐾 simulated datasets (typically
𝐾 = 5, 000) matching the original sample size 𝑁 , denoted X𝑓,𝑘

𝑁×𝐽
(𝑘 = 1, 2, … , 𝐾).

3. Compute 181 training features for each X𝑓,𝑘
𝑁×𝐽 (see Goretzko & Bühner,

2020) to form training dataset 𝑇 𝐷.

4. Train a random forest for multi-class classification (factor counts 1–10)
using factor count 𝑓 as labels. Following Goretzko and Ruscio (2024), use
500 trees with maximum depth

√
181 ≈ 13.

5. Apply the trained CDF model to predict factor count for empirical data.

4 LSTM Principles and Architecture

A typical LSTM memory cell is illustrated in Figure A1. The figure shows input
features X𝑗 at time step 𝑗 (in this study, X𝑗 = {𝜆𝑗, 𝜆𝑗−𝜆ref

𝑗 }), candidate memory
cell ̃𝐶𝑗, previous and current memory cells 𝐶𝑗−1 and 𝐶𝑗, previous and current
hidden states 𝐻𝑗−1 and 𝐻𝑗, Sigmoid activation 𝜎, tanh activation, element-wise
product ⊗, element-wise sum ⊕, forget gate 𝐹𝐺, input gate 𝐼𝐺, output gate
𝑂𝐺, and gate outputs 𝐹𝑗, 𝐼𝑗, and 𝑂𝑗 at time step 𝑗.

Gate and candidate cell computations:

F𝑗 = 𝜎(X𝑗W𝑥,𝐹𝐺 + H𝑗−1Wℎ,𝐹𝐺 + b𝐹𝐺) (9)

I𝑗 = 𝜎(X𝑗W𝑥,𝐼𝐺 + H𝑗−1Wℎ,𝐼𝐺 + b𝐼𝐺) (10)
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O𝑗 = 𝜎(X𝑗W𝑥,𝑂𝐺 + H𝑗−1Wℎ,𝑂𝐺 + b𝑂𝐺) (11)

C̃𝑗 = tanh(X𝑗W𝑥, ̃𝐶 + H𝑗−1Wℎ, ̃𝐶 + b ̃𝐶) (12)

The forget gate discards old information, the input gate adds new information,
and together they update the memory cell: C𝑗 = F𝑗 ⊗ C𝑗−1 + I𝑗 ⊗ C̃𝑗. The
output gate determines the output: H𝑗 = O𝑗 ⊗ tanh(C𝑗). Multiple memory
units in an LSTM layer share weights but learn different aspects of the input
sequence, enhancing representation capacity.

Fully connected and batch normalization layers are simpler. A fully connected
layer computes Y = 𝐴𝐹(XW+b), where 𝐴𝐹 is any activation function. Batch
normalization standardizes mini-batch inputs during training to accelerate con-
vergence and improve generalization. For mini-batch X = {𝑋1, 𝑋2, … , 𝑋𝑀}, it
computes mean 𝜇 and variance 𝜎2, normalizes each sample as 𝑋̂𝑚 = (𝑋𝑚 −
𝜇)/

√
𝜎2 + 𝜖, then applies learnable scale 𝛾 and shift 𝛽: 𝑌𝑚 = 𝛾𝑋̂𝑚 + 𝛽. This

also provides slight regularization to prevent overfitting.

Figure A2 shows our LSTM + fully connected + batch normalization architec-
ture with two LSTM layers processing sequence length 𝐽 , one fully connected
layer, two batch normalization layers, and Softmax output for multi-class clas-
sification.

5 Confusion Matrix and Evaluation Metrics for Multi-class Classifi-
cation

For multi-class models, macro-averaged accuracy, precision, recall, F1-score, and
Kappa can be computed from confusion matrices using scikit-learn. For a three-
class task, the confusion matrix is:

Table A1 Example Confusion Matrix for Three-Class Task

Actual Predicted C1 C2 C3
C1 a b c
C2 d e f
C3 g h i

Metric calculations:

Accuracy = 𝑎 + 𝑒 + 𝑖
𝑎 + 𝑏 + 𝑐 + 𝑑 + 𝑒 + 𝑓 + 𝑔 + ℎ + 𝑖 (15)

Precision = 1
3 ( 𝑎

𝑎 + 𝑑 + 𝑔 + 𝑒
𝑏 + 𝑒 + ℎ + 𝑖

𝑐 + 𝑓 + 𝑖) (16)
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Recall = 1
3 ( 𝑎

𝑎 + 𝑏 + 𝑐 + 𝑒
𝑑 + 𝑒 + 𝑓 + 𝑖

𝑔 + ℎ + 𝑖) (17)

F1 = 2 × Precision × Recall
Precision + Recall (18)

Kappa = 𝑃0 − 𝑃𝑒
1 − 𝑃𝑒

(19)

where 𝑃0 = Accuracy and 𝑃𝑒 = ∑3
𝑥=1 row𝑥 × col𝑥.

6 Empirical Study Example Code

PA, EKC, and CDF are implemented in the R package EFAfactors:

R> set.seed(112) ## Fix random seed
R> library(EFAfactors) ## Load EFAfactors
EFAfactors R Package (version 1.2.1; 2025-02-15)
R> PA.obj <- PA(response = response, plot = TRUE) ## Run PA
The number of factors suggested by PA (quant=0.95) is 3 .

R> EKC.obj <- EKC(response = response, plot = TRUE) ## Run EKC
The number of factors suggested by EKC is 3 .

R> CDF.obj <- CDF(response = response, nfact.max = 10, N.pop = 10000,
N.Samples = 5000, mtry = "sqrt") ## Run CDF

CDF is simulating data: nfact=10/10 - N_{rep}=5000/5000
The number of factors suggested by CDF is 7 .

LSTM is called via the LSTMfactors package:

R> library(LSTMfactors) ## Load LSTMfactors
LSTMfactors R Package (version 1.0.0; 2025-06-25)
R> LSTM.obj <- LSTM(response = response, plot = TRUE) ## Run LSTM
The number of factors suggested by LSTM is 4 .

Source: ChinaXiv —Machine translation. Verify with original.
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