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Abstract 
Research on emotion fluctuation is of significant importance for understand-
ing human behavior and mental health. This study explores the application of 
time series analysis methods in emotion fluctuation research. The research first 
reviews the developmental history of emotion dynamics studies, highlighting 
the limitations of traditional cross-sectional research methods. Subsequently, 
it introduces the main techniques of time series analysis, including autoregres-
sive models, moving average models, and ARIMA models. Through compara-
tive analysis, the study evaluates the strengths and weaknesses of these methods 
in capturing patterns, periodicity, and trends of emotional changes. The re-
search demonstrates how time series methods reveal the patterns of emotion 
fluctuation at both individual and group levels. The study also discusses the 
application of multivariate time series analysis in investigating the interactions 
between emotions and other psychological and physiological variables. How-
ever, the research also points out the challenges faced by time series analysis in 
emotion research, such as the continuity of data collection and the handling of 
measurement errors. To address these issues, the study proposes innovative data 
collection methods combining ecological momentary assessment and wearable 
devices. This research provides a new methodological perspective for interdis-
ciplinary studies in psychology and data science, contributing to a deeper un-
derstanding of emotion dynamic mechanisms. 
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1. Introduction 

Emotion fluctuation is one of the core characteristics of human psychology and 
behavior, profoundly impacting individual mental health and social functioning. 
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Emotion fluctuation can be defined as the process of change in an individual’s 
emotional states over time, including dynamic changes in emotional intensity, fre-
quency, and duration (Davidson, 2015). This fluctuation may manifest as short-
term emotional variations or long-term emotional change patterns. Understand-
ing the characteristics and patterns of emotion fluctuation is crucial for psycho-
logical health research and clinical practice. 

In recent years, with the advancement of psychological research methods and 
the development of data science technologies, scholars have increasingly recog-
nized the dynamic nature of emotions and begun to explore more refined and 
dynamic research methods. For instance, the development of Ecological Momen-
tary Assessment (EMA) has enabled researchers to collect high-frequency emo-
tion data in natural environments (Shiffman et al., 2008). The widespread adop-
tion of wearable devices and smartphone applications has created new possibilities 
for continuous emotion monitoring (Harari et al., 2016). Meanwhile, advances in 
machine learning and advanced statistical methods have provided powerful tools 
for processing these complex time series data (Jaques et al., 2015). 

Traditional emotion research predominantly employed cross-sectional designs. 
While this approach provided important insights into the basic characteristics of 
emotions, it struggled to capture patterns of emotional changes over time. Re-
search has shown that cross-sectional studies may overlook important temporal 
characteristics of emotional changes, leading to incomplete understanding of emo-
tion regulation mechanisms (Kuppens & Verduyn, 2017). Time series analysis, as 
a powerful statistical tool, offers a new methodological perspective for studying 
emotion dynamics. The selection of time series analysis as the research method is 
based on the following reasons: 

1) Time series analysis can capture the temporal structure of emotions, includ-
ing trends, periodicity, and volatility, thereby deepening our understanding of emo-
tion regulation mechanisms (Kuppens et al., 2010). 

2) This method can reveal temporal dependencies between emotional states, 
which is crucial for understanding mechanisms of emotion maintenance and tran-
sition (Bringmann et al., 2016). 

3) Time series analysis provides a statistical framework for handling continuous 
longitudinal data, suitable for analyzing high-frequency emotion data from new 
data collection methods such as EMA. 

Existing research has demonstrated the broad application value of time series 
analysis in emotion research. For example, researchers using autoregressive mod-
els to analyze daily emotion ratings of depression patients found that patients’ 
negative emotions had stronger autocorrelation, meaning that once negative emo-
tions arise, they are more difficult to dissipate (Bonsall et al., 2012). Another study 
using Vector Autoregression models examined the dynamic relationship between 
positive and negative emotions, finding that positive emotions had a buffering 
effect on negative emotions. These findings provide new perspectives for under-
standing emotional regulation disorders. 
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This study aims to systematically explore the application prospects of time se-
ries analysis in emotion fluctuation research, assess its methodological advantages, 
and discuss the challenges faced in practice. We will review the basic principles of 
time series analysis, discuss its applications in univariate and multivariate emotion 
research, and introduce the latest research progress combining innovative data col-
lection methods such as EMA. Through reviewing and synthesizing existing re-
search, we hope to provide methodological guidance for future emotion dynamics 
research and promote the deep integration of psychology and data science. This 
interdisciplinary research approach not only helps to deepen our understanding 
of emotion dynamic mechanisms but may also provide empirical foundations for 
individualized intervention strategies in clinical practice. 

2. Application of Time Series Analysis Methods in Emotion  
Research 

2.1. Basic Principles of Time Series Analysis 

Time series analysis is a statistical method specifically used to study data sequences 
that change over time. In emotion research, this method can capture continuous 
changes in emotional states, revealing patterns and regularities within them. The 
core assumption of time series analysis is that the current emotional state is influ-
enced not only by the current environment but also by past emotional states. This 
temporal dependency can be quantified and described through autocorrelation 
functions (ACF) and partial autocorrelation functions (PACF). The basic models 
of time series analysis include autoregressive (AR) models, moving average (MA) 
models, and their combination form, ARMA models. AR models assume that the 
current emotional state can be predicted by emotional states over a certain period 
in the past, while MA models focus on the persistent impact of random disturb-
ances on emotions. ARIMA models, by introducing differencing operations, can 
also handle non-stationary time series data, which is particularly useful for stud-
ying long-term emotional trends. These models provide us with a mathematical 
framework for describing and predicting the temporal dynamics of emotions. In 
emotion research, time series analysis can help us answer a series of important 
questions: How persistent are emotions? What are the differences in emotion fluc-
tuation patterns among different individuals? How do external events affect short-
term and long-term changes in emotions? By establishing appropriate time series 
models, researchers can quantify these characteristics and explore their relation-
ships with mental health outcomes. For instance, research has found that emo-
tional instability (i.e., rapid changes in emotional states) is associated with bor-
derline personality disorder, while a decrease in emotional inertia (i.e., the persis-
tence of emotional states) may be an early indicator of depression (Trull et al., 
2015). Time series analysis also provides methods for handling missing data and 
irregular sampling, which are often encountered in practical emotion research. 
Techniques such as state-space models and Kalman filtering can be used to esti-
mate missing observations, making the analysis more robust. Furthermore, 
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methods like spectral analysis and wavelet analysis can reveal periodic patterns in 
emotion fluctuations, which is important for understanding the relationship be-
tween emotions and physiological rhythms (such as circadian rhythms). 

2.2. Application of Univariate Time Series Analysis in Emotion  
Research 

Univariate time series analysis primarily focuses on the patterns of change in a 
single emotion dimension over time. This method can reveal the intrinsic regu-
larities of individual emotion fluctuations, such as the inertia, periodicity, and am-
plitude of emotions. By analyzing time series of daily emotion ratings, researchers 
can quantify the autoregressive properties of emotions, that is, the predictive abil-
ity of current emotional states for future emotions. This analysis can help identify 
individual differences in emotion regulation abilities, providing a basis for early 
diagnosis of emotional disorders. In practice, researchers often use Autoregressive 
Integrated Moving Average (ARIMA) models to describe the temporal dynamics 
of emotions. For example, a study on depression patients using ARIMA models 
to analyze daily emotion ratings found that patients’ negative emotions had stronger 
autocorrelation, meaning that once negative emotions arise, they are more diffi-
cult to dissipate. This finding provides a new perspective for understanding the 
maintenance mechanisms of depression. Another important application is the 
study of emotional variability. By calculating the standard deviation or root mean 
square successive difference (RMSSD) of the time series, researchers can quantify 
the amplitude of emotion fluctuations. Studies have shown that higher emotional 
variability may be associated with certain psychopathologies, such as borderline 
personality disorder (Houben et al., 2016). However, moderate emotional varia-
bility may also reflect healthy emotion regulation abilities, highlighting the com-
plexity of understanding emotion dynamics. 

As shown in Figure 1, the time series of emotion intensity (blue line) exhibits 
clear fluctuation patterns, while the autocorrelation function (red line) reflects the 
temporal dependency of emotional states. This analytical method can quantify the 
persistence and rate of change of emotions, providing a basis for individualized 
emotion regulation strategies. Univariate time series analysis can also be used to 
study the periodic patterns of emotions. Through spectral analysis or wavelet 
analysis, researchers can identify periodic components in emotional changes, such 
as daily or weekly emotion fluctuations. These periodic patterns may reflect the 
regular influences of physiological rhythms or social life. For example, one study 
found significant differences in emotion patterns between workdays and week-
ends, a finding that is important for understanding the impact of work-life balance 
on emotional health (Ryan et al., 2010). Univariate time series analysis can also 
explore the immediate and delayed effects of external events on emotions. By in-
troducing intervention analysis or transfer function models, researchers can quan-
tify the impact of specific life events (such as stressors) on emotional trajectories. 
This method provides a new perspective for understanding emotional resilience 
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and vulnerability, helping to design more targeted psychological intervention 
strategies. 

 

 
Figure 1. Emotion time series and its autocorrelation function. 

2.3. Application of Multivariate Time Series Analysis in Emotion  
Research 

Multivariate time series analysis extends univariate methods, allowing the study 
of dynamic relationships between multiple emotion dimensions or between emo-
tions and other variables. This method can capture the complexity of emotional 
systems, revealing the interactions between different emotional components and 
the associations between emotions and other psychological or physiological pro-
cesses. Vector Autoregression (VAR) models are commonly used tools in multi-
variate time series analysis. They can simultaneously consider the mutual influ-
ences of multiple variables, providing a systematic perspective for understanding 
emotion dynamics. For example, researchers can use VAR models to analyze the 
interactive dynamics between positive and negative emotions, exploring how they 
influence and regulate each other. This analysis can reveal the micro-processes of 
emotion regulation, such as the buffering effect of positive emotions on negative 
emotions. Granger causality testing is an important application of VAR models, 
which can reveal predictive relationships between variables. In emotion research, 
this method can be used to explore time series relationships between different 
emotional components, or the mutual influences between emotions and other 
psychophysiological variables (such as cognitive function, sleep quality). For in-
stance, a study using Granger causality testing found that changes in sleep quality 
could predict emotional states the next day, while emotional states could also pre-
dict subsequent sleep quality, revealing a bidirectional relationship between emo-
tions and sleep (Bouwmans et al., 2017). 

As shown in Figure 2, positive emotions (blue line), negative emotions (red 
line), and stress levels (green line) exhibit complex interaction patterns over time. 
Through multivariate analysis, we can quantify the dynamic relationships be-
tween these variables, such as the impact of rising stress levels on subsequent emo-
tional changes. Dynamic Factor Analysis (DFA) is another useful multivariate 
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time series method that can be used to explore potential emotion dimensions. 
DFA combines the advantages of factor analysis and time series analysis, capable 
of revealing the potential structure of emotional experiences and their changes 
over time. This method is particularly valuable for understanding the structural 
and dynamic characteristics of emotions, capturing temporal patterns that tradi-
tional static analysis methods might overlook (Bringmann et al., 2016). Multivar-
iate time series analysis can also be applied to study the relationship between emo-
tions and physiological indicators. For example, by simultaneously analyzing time 
series of emotion ratings and heart rate variability, researchers can explore the 
dynamic associations between emotional states and autonomic nervous system 
activity. This type of research is significant for understanding the psychosomatic 
interaction mechanisms of emotions and may provide a theoretical basis for bio-
feedback and other intervention techniques. 

 

 
Figure 2. Multivariate emotion time series analysis. 

3. Innovative Applications of Time Series Analysis in Emotion  
Research 

3.1. Integration of Ecological Momentary Assessment and Time  
Series Analysis 

Ecological Momentary Assessment (EMA) is a method of collecting real-time data 
in daily life environments, providing high-quality emotion data for time series 
analysis. EMA allows participants to record their immediate emotional experi-
ences multiple times through smartphone applications or wearable devices, thus 
capturing natural fluctuations in emotions. This method overcomes the limita-
tions of traditional retrospective reports and improves the ecological validity of 
data. Combining EMA with time series analysis, researchers can construct more 
refined models of emotion dynamics. For example, by analyzing the time series 
characteristics of EMA data, individual differences in emotion fluctuations can be 
identified, which is important for understanding and preventing emotional disor-
ders. A study using EMA to collect daily emotion data from depression patients 
and healthy control groups found through time series analysis that depression 
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patients had higher emotional variability and longer duration of negative emo-
tions (Wichers et al., 2010). This finding provides new insights for early diagnosis 
and personalized treatment of depression. EMA also allows researchers to explore 
the immediate impact of contextual factors on emotions. By including environ-
mental assessments (such as social interactions, work pressure) in EMA, research-
ers can use multilevel time series models to analyze how contextual factors mod-
erate emotion dynamics. This method provides a unique perspective for under-
standing the context-dependency of emotion regulation. For example, one study 
found that the quality of social interactions could significantly predict subse-
quent levels of positive emotions, but this effect varied significantly among in-
dividuals. 

As shown in Figure 3, EMA data captures subtle changes in positive emotions 
(blue line) and negative emotions (red line) throughout the day, as well as related 
contextual factors (green line). This high temporal resolution data allows research-
ers to conduct more refined time series analysis, revealing the complex relation-
ships between emotion dynamics and contextual factors. The combination of EMA 
and time series analysis also provides a basis for personalized interventions. By 
analyzing an individual’s emotion time series characteristics, researchers can iden-
tify early signals of emotional dysregulation and design targeted intervention strat-
egies. For example, a study using dynamic time series models to analyze daily emo-
tion data of depression patients discovered specific emotion patterns that predicted 
worsening of depression symptoms, providing possibilities for timely interven-
tion. However, the analysis of EMA data also faces some challenges, such as han-
dling irregular sampling and missing data. To address these issues, researchers 
have developed specialized time series methods, such as Continuous Time Ran-
dom Walk models, which can better handle EMA data with irregular intervals (de 
Haan-Rietdijk et al., 2017). 

 

 

Figure 3. Analysis of emotion fluctuation patterns based on 
EMA data. 

3.2. Integration of Network Analysis and Time Series Methods 

Network analysis is a new method that has emerged in psychological research in 
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recent years, conceptualizing psychological phenomena as networks of interrelated 
symptoms or features. Combining network analysis with time series methods pro-
vides a new perspective for understanding emotion dynamics. This approach not 
only reveals static relationships between emotional components but also captures 
how these relationships change over time. A major application of time series net-
work analysis is the construction of dynamic emotion networks. In this analysis, 
network nodes represent different emotional states or components, while edges 
represent temporal dependencies between these states. By estimating time-vary-
ing network structures, researchers can explore the dynamic characteristics of 
emotional systems, such as how certain emotional states trigger or inhibit other 
states. 

As shown in Figure 4, this dynamic emotion network depicts the temporal 
dependencies among three emotional states: anger, sadness, and fear. The thick-
ness of the arrows indicates the strength of the relationship, while the color might 
represent the nature of the relationship (such as positive or negative correlation). 
This visualization method intuitively demonstrates the dynamic interactions be-
tween emotional states, aiding in understanding the complex processes of emo-
tion regulation. An important application of time series network analysis is stud-
ying the stability and vulnerability of emotion networks. By analyzing changes in 
network structure over time, researchers can identify key nodes or pathways that 
may lead to imbalances in the emotional system. For example, a study using 
dynamic network analysis found that the connection strength between negative 
emotion nodes in depression patients increased over time, which may reflect the 
process of worsening depression symptoms (Snippe et al., 2017). Time series net-
work analysis can also be used to study the effects of emotion regulation strategies. 
By comparing changes in network structure before and after interventions, re-
searchers can assess the impact of specific intervention strategies on the dynamics  

 

 

Figure 4. Dynamic emotion network based on time series data. 
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of the emotional system. For instance, a study using this method to evaluate the 
impact of mindfulness training on emotion networks found that after training, the 
centrality of positive emotion nodes increased, while connections between nega-
tive emotion nodes weakened (Hoorelbeke et al., 2019). However, time series net-
work analysis also faces some challenges, such as how to handle heterogeneity be-
tween individuals, and how to capture complex temporal dynamics while main-
taining model parsimony. To address these issues, researchers are developing new 
methods, such as multilayer temporal network models and individualized net-
work analysis methods (Epskamp et al., 2018). 

3.3. Combination of Machine Learning and Time Series Analysis 

The combination of machine learning techniques and time series analysis brings 
new opportunities for emotion research. This fusion not only improves the pre-
dictive power of time series models but can also discover complex patterns that 
traditional methods might overlook. In emotion research, machine learning 
methods can be used for predicting emotional states, identifying abnormal pat-
terns in emotional trajectories, and recommending personalized emotion regula-
tion strategies. Recurrent Neural Networks (RNN), especially Long Short-Term 
Memory (LSTM) networks, are widely used in time series analysis due to their 
ability to capture long-term dependencies. In emotion research, LSTM can be 
used to model complex emotion dynamics and predict future emotional states. 
For example, a study using LSTM networks to analyze daily emotion data of de-
pression patients successfully predicted the worsening of depression symptoms, 
with accuracy significantly higher than traditional time series models (Taylor et 
al., 2017). 

As shown in Figure 5, the LSTM model can predict future emotional states (red 
dashed line) based on historical emotion data (blue line). This predictive capabil-
ity not only aids in individual emotion management but may also provide timely 
decision support for clinical interventions. In addition to prediction, machine 
learning methods can also be used to extract meaningful features from complex 
time series data. For example, autoencoders can be used to reduce the dimension-
ality of emotion time series data and extract potential emotion dynamic features. 
These features may represent an individual’s unique emotion regulation patterns, 
providing a basis for personalized interventions. A study using autoencoders to 
analyze daily emotion data from a large number of individuals successfully iden-
tified several typical emotion trajectory patterns, which were associated with dif-
ferent mental health outcomes (Jaques et al., 2015). Reinforcement learning tech-
niques are also beginning to be applied in emotion research, especially in design-
ing personalized emotion regulation strategies. By treating an individual’s emo-
tional state as the environment and emotion regulation behaviors as actions, re-
searchers can train reinforcement learning algorithms to optimize emotion regu-
lation strategies. This approach has the potential to develop dynamic intervention 
systems that can adapt to individual needs and environmental changes (Paredes 
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et al., 2014). However, the application of machine learning methods in emotion 
research also faces some challenges. The first is the issue of model interpretability, 
which is particularly crucial in clinical applications where understanding the deci-
sion-making process of the model is essential. To address this issue, researchers are 
exploring explainable AI techniques, such as attention mechanisms and local inter-
pretability methods. The second challenge is how to integrate domain knowledge and 
data-driven approaches to ensure that models not only have high accuracy but 
also reflect core concepts of emotion theory. A promising direction in this area is 
hybrid modeling, which combines theory-driven model structures with data-
driven parameter estimation (Schultzberg & Muthén, 2018). 

 

 

Figure 5. LSTM-based emotion prediction model. 

4. Conclusion 

Time series analysis, as a powerful statistical tool, offers a new methodological 
perspective for studying emotion fluctuations. By capturing the dynamic charac-
teristics of emotions, this method has not only deepened our understanding of 
emotion regulation mechanisms but also provided an empirical foundation for 
designing personalized intervention strategies. The future applications of this 
method in emotion research can be expanded through integrating multimodal 
data (such as physiological indicators and behavioral data) to construct more 
comprehensive emotion dynamics models, developing advanced time series meth-
ods capable of capturing nonlinear and non-stationary dynamics to better reflect 
the complexity of emotional systems, and combining time series analysis with 
causal inference methods to more accurately identify causal mechanisms of emo-
tional changes. With the advancement of data collection technologies such as 
wearable devices and continuous innovation in analytical methods, this research 
paradigm shows promise in promoting precise mental health interventions. 
Moreover, the integration of artificial intelligence technologies like deep learning 
with time series analysis may provide new solutions for emotion prediction and 
early warning. These technological innovations have not only promoted a shift 
from static, average-level research paradigms to dynamic, personalized research 
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paradigms but also created new possibilities for the development of psychological 
theory and the advancement of clinical practice. 

Conflicts of Interest 

The author declares no conflicts of interest regarding the publication of this paper. 

References 
Bonsall, M. B., Wallace-Hadrill, S. M. A., Geddes, J. R., Goodwin, G. M., & Holmes, E. A. 

(2012). Nonlinear Time-Series Approaches in Characterizing Mood Stability and Mood 
Instability in Bipolar Disorder. Proceedings of the Royal Society B: Biological Sciences, 
279, 916-924. https://doi.org/10.1098/rspb.2011.1246 

Bouwmans, M. E. J., Bos, E. H., Hoenders, H. J. R., Oldehinkel, A. J., & de Jonge, P. (2017). 
Sleep Quality Predicts Positive and Negative Affect but Not Vice Versa. An Electronic 
Diary Study in Depressed and Healthy Individuals. Journal of Affective Disorders, 207, 
260-267. https://doi.org/10.1016/j.jad.2016.09.046 

Bringmann, L. F., Hamaker, E. L., Vigo, D. E., Aubert, A., Borsboom, D., & Tuerlinckx, F. 
(2016). Changing Dynamics: Time-Varying Autoregressive Models Using Generalized 
Additive Modeling. Psychological Methods, 22, 409-425.  
https://doi.org/10.1037/met0000085 

Davidson, R. J. (2015). Time Courses of Emotion: Evidence from Psychological and Neu-
roscience Paradigms. Biological Psychology, 108, 1-13. 

de Haan-Rietdijk, S., Voelkle, M. C., Keijsers, L., & Hamaker, E. L. (2017). Discrete- Vs. 
Continuous-Time Modeling of Unequally Spaced Experience Sampling Method Data. 
Frontiers in Psychology, 8, Article 1849. https://doi.org/10.3389/fpsyg.2017.01849 

Epskamp, S., Waldorp, L. J., Mõttus, R., & Borsboom, D. (2018). The Gaussian Graphical 
Model in Cross-Sectional and Time-Series Data. Multivariate Behavioral Research, 53, 
453-480. https://doi.org/10.1080/00273171.2018.1454823 

Harari, G. M., Lane, N. D., Wang, R., Crosier, B. S., Campbell, A. T., & Gosling, S. D. (2016). 
Using Smartphones to Collect Behavioral Data in Psychological Science: Opportunities, 
Practical Considerations, and Challenges. Perspectives on Psychological Science, 11, 
838-854. https://doi.org/10.1177/1745691616650285 

Hoorelbeke, K., Van den Bergh, N., Wichers, M., & Koster, E. H. W. (2019). Between Vul-
nerability and Resilience: A Network Analysis of Fluctuations in Cognitive Risk and Pro-
tective Factors Following Remission from Depression. Behaviour Research and Therapy, 
116, 1-9. https://doi.org/10.1016/j.brat.2019.01.007 

Houben, M., Van Den Noortgate, W., & Kuppens, P. (2016). The Relation between Short-
Term Emotion Dynamics and Psychological Well-Being: A Meta-Analysis. Psychologi-
cal Bulletin, 141, 901-930. https://doi.org/10.1037/a0038822 

Jaques, N., Taylor, S., Azaria, A., Ghandeharioun, A., Sano, A., & Picard, R. (2015). Pre-
dicting Students’ Happiness from Physiology, Phone, Mobility, and Behavioral Data. In 
IEEE Computer Society (Ed.), 2015 International Conference on Affective Computing 
and Intelligent Interaction (ACII) (pp. 222-228). IEEE.  
https://doi.org/10.1109/acii.2015.7344575 

Kuppens, P., & Verduyn, P. (2017). Emotion Dynamics. Current Opinion in Psychology, 
17, 22-26. https://doi.org/10.1016/j.copsyc.2017.06.004 

Kuppens, P., Oravecz, Z., & Tuerlinckx, F. (2010). Feelings Change: Accounting for Indi-
vidual Differences in the Temporal Dynamics of Affect. Journal of Personality and Social 

https://doi.org/10.4236/jss.2024.1211045
https://doi.org/10.1098/rspb.2011.1246
https://doi.org/10.1016/j.jad.2016.09.046
https://doi.org/10.1037/met0000085
https://doi.org/10.3389/fpsyg.2017.01849
https://doi.org/10.1080/00273171.2018.1454823
https://doi.org/10.1177/1745691616650285
https://doi.org/10.1016/j.brat.2019.01.007
https://doi.org/10.1037/a0038822
https://doi.org/10.1109/acii.2015.7344575
https://doi.org/10.1016/j.copsyc.2017.06.004


J. Y. Zhao 
 

 

DOI: 10.4236/jss.2024.1211045 675 Open Journal of Social Sciences 
 

Psychology, 99, 1042-1060. https://doi.org/10.1037/a0020962 

Paredes, P., & Wang, D. (2014). Designing Motivational Strategies for Sustainable Behavior 
Change Using Reinforcement Learning. In A. J. Brush (Ed.), Proceedings of the 2014 
ACM International Joint Conference on Pervasive and Ubiquitous Computing (pp. 65-
76). Association for Computing Machinery. 

Ryan, R. M., Bernstein, J. H., & Brown, K. W. (2010). Weekends, Work, and Well-Being: 
Psychological Need Satisfactions and Day of the Week Effects on Mood, Vitality, and 
Physical Symptoms. Journal of Social and Clinical Psychology, 29, 95-122.  
https://doi.org/10.1521/jscp.2010.29.1.95 

Schultzberg, M., & Muthén, B. (2018). Number of Subjects and Time Points Needed for 
Multilevel Time-Series Analysis: A Simulation Study of Dynamic Structural Equation 
Modeling. Structural Equation Modeling: A Multidisciplinary Journal, 25, 495-515.  
https://doi.org/10.1080/10705511.2017.1392862 

Shiffman, S., Stone, A. A., & Hufford, M. R. (2008). Ecological Momentary Assessment. 
Annual Review of Clinical Psychology, 4, 1-32.  
https://doi.org/10.1146/annurev.clinpsy.3.022806.091415 

Snippe, E., Viechtbauer, W., Geschwind, N., Klippel, A., de Jonge, P., & Wichers, M. (2017). 
The Impact of Treatments for Depression on the Dynamic Network Structure of Mental 
States: Two Randomized Controlled Trials. Scientific Reports, 7, Article No. 46523.  
https://doi.org/10.1038/srep46523 

Taylor, S., Jaques, N., Nosakhare, E., Sano, A., & Picard, R. (2017). Personalized Multitask 
Learning for Predicting Tomorrow’s Mood, Stress, and Health. IEEE Transactions on 
Affective Computing, 11, 200-213. https://doi.org/10.1109/taffc.2017.2784832 

Trull, T. J., Lane, S. P., Koval, P., & Ebner-Priemer, U. W. (2015). Affective Dynamics in 
Psychopathology. Emotion Review, 7, 355-361.  
https://doi.org/10.1177/1754073915590617 

Wichers, M., Peeters, F., Geschwind, N., Jacobs, N., Simons, C. J. P., Derom, C. et al. (2010). 
Unveiling Patterns of Affective Responses in Daily Life May Improve Outcome Predic-
tion in Depression: A Momentary Assessment Study. Journal of Affective Disorders, 124, 
191-195. https://doi.org/10.1016/j.jad.2009.11.010 

 
 
 

https://doi.org/10.4236/jss.2024.1211045
https://doi.org/10.1037/a0020962
https://doi.org/10.1521/jscp.2010.29.1.95
https://doi.org/10.1080/10705511.2017.1392862
https://doi.org/10.1146/annurev.clinpsy.3.022806.091415
https://doi.org/10.1038/srep46523
https://doi.org/10.1109/taffc.2017.2784832
https://doi.org/10.1177/1754073915590617
https://doi.org/10.1016/j.jad.2009.11.010

	Application of Time Series Analysis in Emotion Fluctuation Research
	Abstract
	Keywords
	1. Introduction
	2. Application of Time Series Analysis Methods in Emotion Research
	2.1. Basic Principles of Time Series Analysis
	2.2. Application of Univariate Time Series Analysis in Emotion Research
	2.3. Application of Multivariate Time Series Analysis in Emotion Research

	3. Innovative Applications of Time Series Analysis in Emotion Research
	3.1. Integration of Ecological Momentary Assessment and Time Series Analysis
	3.2. Integration of Network Analysis and Time Series Methods
	3.3. Combination of Machine Learning and Time Series Analysis

	4. Conclusion
	Conflicts of Interest
	References

