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Background

Deficits in affective forecasting are closely associated with the development and maintenance of depression. While previous research has shown that emotional fluctuations and future thinking are prevalent in daily life, little is known about the psycho-physiological mechanisms of affective forecasting deficits in relation to specific daily events in depression. Methods: Dysphoric (N = 40) and non-dysphoric (N = 60) individuals completed assessments of their anticipatory emotions, experienced emotions, and consummatory emotions for specific daily events 3 times a day for consecutive 14 days. Heart rate variability (HRV) data was collected using customized smartwatches. Temporal network analysis was used to estimate time-lagged associations among anticipatory, experienced and consummatory emotions.





Results

Dysphoric individuals reported significantly lower levels of anticipatory, experienced, and consummatory valence compared to non-dysphoric individuals. Furthermore, distinct patterns emerged in the temporal networks of anticipatory, experienced, and consummatory emotions between the dysphoric and non-dysphoric groups. Network density was considerably higher in dysphoric individuals than in non-dysphoric individuals. In addition, HRV was predictive of anticipatory valence across all participants. Moreover, the dynamic associations between anticipatory and experienced emotions predicted subsequent depression, even after accounting for baseline depressive symptoms.





Conclusion

Our findings reveal provide novel insights into the psycho-physiological mechanisms of affective forecasting deficits in depression, with several clinical implications: (1) dysfunctional affective forecasting dynamics may serve as salient early warning signs and sensitive predictors of depression; and (2) improving the flexibility of affective forecasting may be a promising target for addressing depression.
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Introduction

The predictive processing model posits that the human brain functions not merely as a stimulus-driven machine; rather, it actively anticipates and predicts information in advance (1). This ability is crucial for decision making and future coping (2). Consistent with this framework, the influential cognitive triad suggests that negative views of future constitute a fundamental aspect of depression (3). Substantial evidence supports the existence of negative biases in affective forecasting (e.g., blunted positive emotion prediction bias; 4) among both individuals with subclinical depression and patients with major depressive disorders (MDD). These biases are closely linked to the severity of depressive symptoms (5). Consequently, they may lead to anhedonia/amotivation (6), hopelessness (5), and even suicide (7). Thus, biased affective forecasting may serve as a salient early warning sign of depression and a pivotal target for early intervention.

In the literature, affective forecasting has been primarily measured by anticipatory emotions (predictions of emotional experiences during future events), experienced emotions (emotional experiences in relation to a predicted event occurring) and prediction bias (comparisons between antipatory and experienced emotions; 4). Previous experimental studies have consistently found blunted anticipatory pleasure and a lack of optimistic prediction bias in both individuals with subclinical depression and MDD patients (4, 8). However, whether anticipatory negative emotions enhance or not in depressed people remains a matter of debate (9). One possible explanation for these conflicting findings may lie in methodological limitations. Future thinking and anticipatory emotions have been found to be highly personally relevant and frequently occur in daily life (10). The majority of prior studies applied standardized laboratory tasks and measured only one or two time points. Therefore, they may fail to accurately capture the dynamic nature of anticipatory emotions in everyday contexts.

The experience sampling method (ESM) is a technique involving repeated sampling of real-time cognition and emotion in daily life (11). Its advantages include high ecological validity and minimal recall bias. The ESM has been regarded as a “gold standard” to efficiently capture fluctuations in emotional experience (12). Several ESM studies have investigated affective forecasting in depression (4, 13, 14). A stronger negative prediction bias and a blunt positive prediction bias towards general affect over the upcoming week has been found in dysphoric individuals and MDD patients (15, 16). However, these studies failed to capture fluctuations in anticipatory emotions towards daily events, which may offer specific targets for future interventions. Several studies have suggested that both individuals with MDD (14) and those with dysphoria exhibit blunted anticipatory pleasure for daily. Nevertheless, these studies have only measured the intensity of pleasure experiences. To provide a more comprehensive understanding toward affective forecasting deficits in depression, the present study examined two dimensions—valence (positive, negative) and arousal (low, high)—of both anticipatory emotions and experienced emotions related to specific daily events.

Moreover, the temporal dynamics of affective forecasting are not well-understood. Most prior studies have assessed forecasting accuracy at the between-subject level (4). Nevertheless, such a focus overlooks within-subject fluctuations that may be crucial for detecting subtle changes in subclinical or clinical samples. Li (13) found predictive associations between anticipatory pleasure and subsequent consummatory pleasure (pleasure experience during current events) in both dysphoric individuals and controls using multilevel modeling. However, it is important to note that anticipatory and consummatory pleasure may not necessarily reflect hedonic responses to identical events within this study.

Evidence indicates that when the occurrence of the predicted event either precedes or follows the current event, consummatory emotions may serve as significant contextual factors impacting anticipatory and experienced emotions (17, 18). A critical distinction was made between consummatory emotions and experienced emotions. Consummatory emotions refer to the in-the-moment affective state individuals experience while engaged in any current activity. In contrast, experienced emotions specifically capture the affective response to a particular event that was previously anticipated. This distinction is crucial for isolating affective forecasting (anticipatory vs. experienced emotions for the same event) from current mood states (consummatory emotions). In present study, ESM was combined with temporal network analysis to provide a more accurate estimation of dynamic interactions between anticipatory emotions, experienced emotions and consummatory emotions in dysphoric and non-dysphoric individuals. On the other hand, prior research has inadequately explored the longitudinal relationship between affective forecasting and depressive symptoms. In this study, we further investigated whether these daily emotions and the temporal network could predict subsequent levels of depression. Our findings might shed a light on the mechanism of affective forecasting deficits in depression and facilitate future early interventions.

In addition, although heart rate variability (HRV) has been shown to be closely related to emotional experience (19, 20), the relationship between HRV and affective forecasting remains largely unexplored. Therefore, another objective of our study was to examine associations between fluctuations in HRV and the dynamics of anticipatory emotions in daily life. This investigation could contribute to better understanding of the physiological underpinnings of affective forecasting deficits in depression and potentially identify biomarkers for early intervention.

The present study aimed to examine the dynamics of affective forecasting by employing ESM in conjunction with temporal network analysis among dysphoric individuals. Investigating these at-risk individuals may elucidate the mechanisms underlying the future development of MDD episodes. This pre-onset research design also excludes the confounding influences of factors such as medication and episode frequency. A further objective of this study was to investigate the predictive impact of anticipatory emotion dynamics on subsequent changes in depressive symptoms. Additionally, we preliminarily explored the physiological mechanisms underlying affective forecasting deficits by assessing correlations between anticipatory emotions and HRV. It was hypothesized that dysphoric individuals would report more negative anticipatory and experienced emotions compared to non-dysphoric individuals. Furthermore, it was anticipated that dysphoric individuals would exhibit altered affective forecasting dynamics, which would serve as significant predictors of depressive symptoms at follow-up. Our findings might provide novel insights into the mechanisms of affective forecasting deficits in depression and boost early detection and intervention.





Materials and methods




Participants

First, we invited college students (N = 403) from Chongqing, China complete the BDI and the MDQ via online links. The BDI-II was adopted to assess depressive symptoms (cutoff: < 14 minimal depression; 14–19 mild depression; 20–28 moderate depression; 28–63 severe depression; 21, 22). While the Mood Disorder Questionnaire (MDQ) was widely used to screen for bipolar disorder (23, 24). Participants who scored 7 or higher on the MDQ were excluded (25). Then participants scoring 20 or above on the BDI were classified into the dysphoric group. In contrast, those scoring below 14 constituted the control group. This classification criterion aligns with previous studies that utilized college student samples (13, 26). Potential participants were further screened by phone according to the following exclusion criteria: a history of brain injury, substance use or psychiatric disorders. Finally, 40 dysphoric individuals (age: 20.19 ± 1.45; gender: 84.91% female) and 60 controls (age: 19.76 ± 1.58; gender: 86.84% female) were included in the current study (Table 1). This study was approved by the Ethics Committee of the Army Medical University. Written informed consent was obtained from participants at the beginning of the baseline assessment.


Table 1 | Sample characteristics.
	Sample characteristics
	Control group (N = 53)
	Dysphoric group (N = 38)
	t/χ2
	p


	(M ± SD)
	(M ± SD)



	Age
	20.19 ± 1.45
	19.76 ± 1.58
	1.29
	0.20


	Gender (M/F)
	8/45
	5/33
	0.07
	0.80


	BDI_T1
	2.74 ± 3.75
	24.76 ± 4.15
	-26.42
	<0.001


	MDQ
	2.68 ± 2.13
	3.16 ± 1.35
	-1.31
	0.19


	TEPS_total
	87.53 ± 12.38
	81.53 ± 18.88
	1.83
	0.07


	TEPS_ANTI
	39.81 ± 5.90
	37.19 ± 6.87
	1.94
	0.06


	TEPS_CON
	47.72 ± 7.55
	46.54 ± 7.51
	0.73
	0.47


	NBPS
	42.70 ± 4.79
	41.73 ± 5.14
	0.92
	0.36


	PHQ_T1
	3.09 ± 3.73
	11.35 ± 3.66
	-10.41
	<0.001


	PHQ_T2
	4.11 ± 4.06
	11.57 ± 4.89
	-7.63
	<0.001


	BDI_T2
	10.81 ± 11.04
	14.76 ± 11.33
	-1.67
	0.09





BDI, Beck Depression Inventory; MDQ, The Mood Disorder Questionnaire; TEPS, The Temporal Experience of Pleasure Scale; ANTI, Anticipatory pleasure; CON, Consummatory pleasure; NBPS, The Negative Bias in Prospection Scale; PHQ, The Patient Health Questionnaire-9; T1, baseline measurement point; T2, follow-up measurement point.



We used the pilot data (10 participants per group) to estimate the sample size. A power analysis was conducted using the Monte Carlo simulation (the SIMR 1.0.2 package; 27) to determine the sample size for detecting significant between-group differences, which was a major focus of this study. The power reached 0.80 when the sample size was 89. Therefore, this study ultimately included 100 participants.





Baseline and following-up assessment

Participants completed several self-report scales within one week before the beginning of the ESM procedure. The Patient Health Questionnaire-9 (PHQ-9; 28)was used to measure depressive symptoms before and after the ESM procedure. Frequencies of depressive symptoms were rated on a 4-point Likert scale from 0 (“not at all”) to 3 (“nearly every day”). The Chinese version of the PHQ has good reliability and validity (29). The Temporal Experience of Pleasure Scale (TEPS; 30, 31) was adopted to assess trait anticipatory and consummatory pleasure. It is scored on a 6-point Likert scale from 1(“very false for me”) to 6 (“very true for me”), with higher scores indicating greater hedonic capacity. The Chinese version of the TEPS has been shown to possess good internal consistency (Cronbach’sα = 0.759). The Negative Bias in Prospection Scale (NBPS; 32) was a 14-item self-report instrument used to measure prospection bias. It consists of three factors, namely increased negativity, reduced positivity, and overgeneralization. The NBPS is rated on a 5-point Likert scale (1= totally disagree to 5 = totally agree). Higher scores indicate higher levels of negative bias in prospection. The NBPS has demonstrated to have good psychometric properties (Cronbach’sα = 0.86; 32). Within one week after the ESM procedure, all participants were administered the BDI and the PHQ again.





ESM procedure

An online link containing the set of ESM assessments was sent to each participant’s smart phone 3 times a day (first 07:30 a.m.- 08:30 a.m., second 1:40 p.m.- 2:40 p.m., and third 8:00 p.m.- 9:00 p.m.) for 14 consecutive days. This schedule was implemented for several important reasons: (1) to capture affective experiences across key periods of the day; (2) to enhance participant compliance by aligning with daily routines; and (3) to ensure a comparable distribution of data points for the temporal network analysis (33). This yielded a maximum of 42 events per participants. They were asked to complete the ESM assessments as soon as they received the message. Prompts were sent if no response was given for 1 hour. And the data were considered missing if no response was given for more than 3 hours. Two participants from the control group dropped out at the first day due to scheduling problems.

At the beginning of each survey, participants indicated their ongoing activity by selecting from a list of options (work/study, sleep, eating, daydreaming, sports, cleaning, playing games, watching videos, chatting online, shopping, watching movie, going on a date, group activities, others). Then they were asked to report consummatory emotions (question: “what’s your feeling at this moment?”; two ratings: valence from -7 “very unpleasant” to 7 “very pleasant”; arousal from -7 “very calm” to 7 “very excited”). They were also asked to select what activity they would be engaged in next and predict emotion experience during the future activity (question: “How do you think you will feel?”; anticipatory emotions: both valence and arousal). To assess experienced emotions, participants were instructed to rate two additional items from the second ESM survey: (1) “Have the activity planned last time been completed?” (1 “yes”, 0 “no”); if the response was “Yes”, they continued to answer the second question “What was your feeling during that activity?” (both valence and arousal). If the response was “No” to the first question, this measurement point was excluded in the following analysis (Figure 1). In this way, experienced emotions would not overlap with consummatory emotions. This design explicitly ties experienced emotions to a prediction-experience loop, whereas consummatory emotions represent current mood states. Figure 1 schematically depicts the temporal sequence of the ESM measurements. For quality control, an attention item (e.g., “please choose ‘3’ for the answer.”) was randomly presented in every ESM survey. The data was deleted if the answer was wrong. Finally, seven participants were removed from the final analysis because their valid response rates were below 50%. Fifty-three controls (valid measurement points = 40.96 ± 1.72) and 38 dysphoric individuals (valid measurement points = 40.45 ± 1.93) remained in the final sample pool. Records containing missing values were deleted in the following analyses.
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Figure 1 | A flowchart schematically depicting the temporal sequence of a typical ESM survey.





Physiological recording and analysis

R-R intervals (RRI) were collected using the same customized smartwatches as those in Li et al. (34)’s study. Huawei band 8 was adopted, and the sampling frequency of PPG was set at 25 Hz (34). Each of participants was asked to wear the smartwatch on the non-dominant hand side. RRI data was collected continuously for 14 days during the whole ESM procedure and was sent out to the cloud server via a smartphone application as soon as possible. To control the influence of behavioral factors on the HRV data, the ESM assessments comprised also several items, such as the body posture, social activity, eating, drinking and physical activity (see Supplementary Table S1). The preprocessing pipeline for HRV analysis relied on built-in algorithms of the Huawei smartwatches (34, 35). They are designed to assess signal quality for reliable heart rate derivation. Specifically, these algorithms involve peak detection, physiological feasibility rules (e.g., heart rate range checks), and adaptive template matching to compute correlation coefficients for quality assessment.

For data analysis, 30 min of continuous recording prior to the ESM assessments were parsed. And the R-R Intervals (RRI) data were mapped on to the time periods just prior to the ESM surveys. This 30-minute window was applied to mitigate random noise caused by factors like posture changes, eating or movement, thereby yielding more stable signals (36). The root means square successive difference of interbeat intervals (RMSSD) was calculated for every 300-second period and then averaged across the whole 30-minute segment. The RMSSD is a robust index reflecting vagal control on the heart. And it is less susceptible to movement and respiratory influences.





Data analysis

First, SPSS 26.0 (Chicago, IL, USA) was used to calculate group differences on demographic information and baseline assessments. The ESM data were analyzed in R 4.4.2 (37). We employed multilevel modeling and temporal network analysis. Multilevel modeling accounts for the nested structure of the ESM data (e.g., repeated measures within individuals). Whereas temporal network analysis estimates directed, lagged associations between variables across time points. These analyses allow for a robust investigation of affective forecasting processes at both intra-individual and inter-individual levels.

Multilevel models were built with within-person daily surveys as the Level 1 variables, and between-person characteristics as Level 2 variables. We estimate separate models for consummatory, anticipatory and experienced emotion. All Level 1 variables were person-mean centered, and intercepts and slopes of Level 1 were modeled as random effects. To examine whether depression status predicted differences in consummatory, anticipatory and experienced emotion across daily surveys, the within-person variables were regressed on group (i.e., 0 = non-dysphoric individuals; 1 = dysphoric individuals). To investigate the relationship between RMSSD and anticipatory emotion, we regressed anticipatory valence and anticipatory arousal on RMSSD, with behavioral factors and group as controlling variables.

To examine the dynamic associations between anticipatory, consummatory and experienced emotion, temporal networks were estimated using the mlVAR package in R. Each temporal network is a directed network of regression coefficients indicating lagged correlations between nodes from time t-1 to time t, controlling for all other variables at time t-1. In the current study, time t - 1 and time t refer to two consecutive ESM surveys within the same day. Overnight intervals were excluded (33) for several reasons: (1) to focus on intradaily dynamics during waking hours; (2) adhering to the assumptions of the multilevel vector autoregressive (mlVAR) model for accurate parameter estimation; and (3) ruling out possible confounding variables. Six nodes were included: anticipatory valence, anticipatory arousal, consummatory valence, consummatory arousal, experienced valence, and experienced arousal. The temporal emotion dynamics were estimated within a multilevel modeling framework, allowing for random, person-specific regressive effects. Therefore, both group (fixed) and individual (random) effects were estimated. Orthogonalization is recommended in mlVAR modeling when the number of variables reaches six or more (38, 39).

We visualized temporal networks using the R package graph. In addition, the network density was calculated by averaging over the absolute values of all edges in a network. Group difference of network density was calculated using the independent t test. To examine group differences in affective forecasting, independent t tests were conducted to compare values of edges between anticipatory and experienced emotions. The Bonferroni method was adopted to correct multiple comparisons. Sensitivity analyses incorporating overnight lags or adopting the non-orthogonal method were conducted to assess the robustness of the temporal network findings. The results demonstrated network structures analogous to the original (Supplementary Figures S1, S2). Moreover, the dysphoric group consistently exhibited greater network density than controls (including overnight lags:t(89) = -8.97, p < 0.001; non-orthogonal method: t(89) = -2.62, p= 0.01).

Finally, to investigate whether daily emotion and RMSSD predict later depressive symptoms, subsequent depression level was regressed on the six emotion variables and RMSSD, controlling for behavioral factors and baseline depression. Moreover, to further examine whether temporal dynamics of affective forecasting predict subsequent depression, we also regressed subsequent depression level on edges between anticipatory and experienced emotions, controlling for baseline depression. Bidirectional stepwise regression was performed to select the optimal linear model by iteratively adding/removing variables. The Akaike Information Criterion (AIC) was used as the selection metric.






Results

The two groups did not differ in age, gender and ratings on the MDQ. The baseline BDI (t (89) = -26.42, p < 0.001) and PHQ scores (t (89) = -10.41, p < 0.001) were higher in dysphoric individuals than in controls. There were no significant group differences on the TEPS (total: t (89) = 1.83, p = 0.07; anticipatory pleasure subscale: t (89) = 1.94, p = 0.06; consummatory pleasure subscale: t (89) = 0.73, p = 0.47) and the NBPS (t (89) = 0.92, p = 0.36), which may suggest that dysphoric individuals exhibit similar levels of trait anticipatory or consummatory pleasure and prospection bias as controls. Results were listed in Table 1.




ESM estimates and HRV measures

Dysphoric individuals reported significantly lower levels of consummatory valence (B = -0.43, SE = 0.10, p < 0.001), anticipatory valence (B = -0.48, SE = 0.11, p < 0.001) and experienced valence (B = -0.43, SE = 0.12, p < 0.001) than controls. And individuals with dysphoria experienced a higher level of consummatory arousal than controls (B = 0.27, SE = 0.13, p = 0.04). No group difference was observed in anticipatory arousal (p = 0.19) and experienced arousal (p = 0.58) between the two groups. In addition, lower RMSSD was found in the dysphoric group, compared with the control group (B = -0.16, SE = 0.07, p = 0.02; Table 2).


Table 2 | Estimates of anticipatory, experienced and consummatory emotions in dysphoric individuals compared with controls.
	Outcome variable
	B
	SE
	p



	Anticipatory valence
	-0.48
	0.11
	< 0.001


	Anticipatory arousal
	0.19
	0.14
	0.19


	Experienced valence
	-0.43
	0.12
	< 0.001


	Experienced arousal
	0.07
	0.12
	0.58


	Consummatory valence
	-0.43
	0.10
	< 0.001


	Consummatory arousal
	0.27
	0.13
	0.04







As for the relationship between HRV and anticipatory emotion, we found that RMSSD was a significant predictor of anticipatory valence (B = 0.002, SE = 0.001, p = 0.04), after controlling for the dysphoric status (i.e., group) and behavioral factors which might affect HRV data.





The temporal network

First, the average network in each group was modeled and visualized (Figure 2). Average networks reflect general patterns of temporal associations between the emotion variables. Green lines represent positive connections. The thickness of the line indicates the strength of the correlation. As shown in Figure 2, the valence and arousal seemed to be two separated subsystems in the control group (Figure 2A). While in dysphoric individuals, valence and arousal interacted with each other (Figure 2B). With regard to the anticipatory emotions, anticipatory valence could positively predict experienced valence (dysphoria: B = 0.09, p = 0.035; control: B = 0.16, p < 0.001) and consummatory valence (dysphoria:B = 0.17, p < 0.001; control:B = 0.11, p = 0.015) in the next measurement point in both groups. However, anticipatory arousal predicted experienced arousal only in the control group (B = 0.15, p < 0.001). There was no significant predictor for experienced arousal in dysphoric individuals.
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Figure 2 | Temporal networks of anticipatory, experienced and consummatory emotions in non-dysphoric (A) and dysphoric (B) individuals. The green lines represent positive partial correlations. Thicker edges represent stronger associations between nodes. Only significant edges were retained (p < 0.05).

The independent t test suggested network density was significantly greater in dysphoric individuals than in controls (dysphoria: 0.07 ± 0.01, control: 0.06 ± 0.01, t(89) = -3.34, p = 0.001). Moreover, group differences were observed in dynamic interactions between anticipatory emotion and experienced emotions (Supplementary Table S2). Specifically, the temporal link from anticipatory valence to experienced valence was significantly weaker in the dysphoric group than controls (t(78.92) = 3.27, p = 0.002). While the correlation from experienced valence to anticipatory valence was stronger in dysphoric individuals than in controls (t(89) = -7.75, p < 0.001). Temporal associations between valence and arousal were predominantly stronger in the dysphoric group than in the control group (e.g., anticipatory valence to anticipatory arousal, t(45.81) = -4.16, p < 0.001; experienced valence to anticipatory arousal, t(85.41) = -6.50, p < 0.001; anticipatory arousal to anticipatory valence, t(37) = -8.05, p < 0.001).





Prediction of subsequent depression

Regression analysis suggested that neither the RMSSD nor daily emotion variables could significantly predict subsequent depression, after controlling for baseline depressive symptoms and behavioral factors (all ps’ > 0.05).

However, we found that subsequent depression could be predicted by dynamic associations between anticipatory emotions and experienced emotions, controlling for baseline depressive symptoms. Autoregressions of anticipatory valence (B = 3.86, SE = 0.98, p < 0.001) and experienced valence (B = 1.85, SE = 0.81, p = 0.03), as well as cross-lagged correlation from anticipatory valence to anticipatory arousal could positively predict subsequent depression (B = 3.04, SE = 0.09, p = 0.001). Cross-lagged link from anticipatory arousal to experienced valence could negatively predict subsequent depression (B = -2.96, SE = 0.79, p < 0.001).






Discussion

Deficits in affective forecasting have been closely linked to the development and maintenance of depression (5). Previous research has indicated that emotions fluctuate and future-oriented thinking frequently occurs in daily life (10). However, less is known about the temporal dynamics of anticipatory and experienced emotions in daily events among individuals with depression. In the present study, we employed ESM and temporal network analysis to examine affective forecasting in both dysphoric and non-dysphoric individuals. Our findings revealed that dysphoric individuals reported lower levels of anticipatory, experienced, and consummatory valence compared to controls. Furthermore, distinct patterns in the temporal networks of anticipatory, experienced, and consummatory emotions were observed between the dysphoric and control groups. The results indicated that network density was significantly greater in dysphoric individuals than in controls. Moreover, dynamic associations between anticipatory and experienced emotions were found to predict subsequent depression, even after controlling for baseline depressive symptoms. In addition, we found HRV was significantly correlated with anticipatory valence. These findings enhance the understanding of daily changes in affective forecasting among individuals with depression and provide novel targets for early detection and intervention.

Prior research did not differentiate consummatory emotions and experienced emotion. In current study, we further identified characteristics of the two components of affective forecasting (anticipatory and experienced emotions) and the important influencing factor (consummatory emotions) in depression. We found reduced levels of anticipatory, experienced, and consummatory valence in dysphoric individuals compared to non-dysphoric individuals. Previous studies have similarly reported diminished anticipatory and consummatory pleasure in MDD patients (14) and dysphoric individuals (13). It is also in line with the finding that MDD patients have been observed to exhibit more negative daily affect relative to healthy controls (15). These findings suggest that dysphoria is linked to heightened negative emotions during both anticipatory, experiential and current experience. On the other hand, our results indicated that dysphoric individuals reported a higher level of consummatory arousal than controls. This observation is consistent with earlier studies showing that depressed people experienced increased arousal (40, 41). One possible explanation is that depressed people may perceive their environment as more stressful than healthy controls, thereby intensifying their physiological reaction (41).

Moreover, we marks the first attempt to explore the relationship between anticipatory emotions and HRV. Firstly, we found decreased RMSSD in dysphoria, consistent with prior studies on both at-risk individuals (42) and MDD patients (43, 44). Reduced RMSSD has been suggested to involve in maladaptive emotion processing and impaired motivation (45). Moreover, our findings suggested that the RMSSD was a significant predictor of anticipatory valence across all participants. This may reflect that vagally-mediated cardiac flexibility is closely related to generation of more positive anticipatory emotions. One possible explanation is that, optimal vagal tone (higher RMSSD), may facilitate prefrontal cortex inhibition of amygdala reactivity (46), thereby enabling more adaptive affective forecasting. While further investigation is necessary, our results indicated a link between dysfunctional HRV and affective forecasting deficits in dysphoria. This positions RMSSD as a promising biomarker for monitoring at-risk individuals, where lower RMSSD may signal maladaptive anticipatory processes. Moreover, It could be targeted with interventions like vagal nerve stimulation or respiration biofeedback aimed at improving vagal tone.

One of our important findings is that distinct patterns in the temporal network between two groups. Firstly, the overall network density was greater in dysphoric individuals than in controls. Previous studies examining in-the-moment emotion experience have suggested denser emotion networks in both dysphoria and MDD patients (47), which may reflect emotion inflexibility in these populations. The current study extends prior findings by highlighting the inflexibility of affective forecasting dynamics in dysphoria. Secondly, we identified a closer relationship between valence and arousal in dysphoric individuals compared to controls, consistent with previous research indicating that dysfunctional arousal significantly impacts valence in depressive disorders (48). Previous studies on affective forecasting have concentrated on biased valence associated with psychopathology (4). Our findings highlighted increased dynamic interactions between valence and arousal in dysphoria which is worth further investigation. These findings may provide novel treatment targets. Instead of focusing solely on symptom reduction, interventions could aim to increase the flexibility of the emotion system. Promising approaches may include cognitive flexibility training to disrupt overly pessimistic prediction loops and mindfulness-based intervention to decouple rigid emotion associations. Furthermore, monitoring network density via digital platforms could serve as an early warning system. At-risk individuals could be identified based on dynamic patterns before severe symptoms emerge. This might pave the way for just-in-time interventions designed to restore adaptive emotional dynamics.

Finally, significant group differences were found in dynamic associations between anticipatory and experienced emotions. Specifically, the predictive effect of anticipatory valence on experienced valence was weaker in dysphoric individuals than in controls. This observation aligns with the biases in affective forecasting that have been consistently documented in depression (4). It may reflect a diminished accuracy in affective forecasting among those with dysphoria. Interestingly, in return, anticipatory valence in dysphoric individuals appears to be more significantly influenced by their prior experienced valence. It supports the reconstructive memory model of future thinking in depression (49) and could be one of possible explanations for the negative bias in anticipatory emotion in depression. Specifically, dysphoric individuals tend to experience more negative emotion and place greater weight on their past experiences when estimating future emotions, which consequently leads to more negative anticipatory emotions. These findings suggest that enhancing the ability of depressed people to flexibly consider situational information when anticipating the future, instead of focusing on negative memories, may be a promising target for improving affective forecasting biases.

Regarding the predictive role of psychophysiological indicators of affective forecasting on depression, we indicated that the dynamics of affective forecasting can predict subsequent depressive symptoms, even when controlling for baseline depression levels. It is worth noting that stronger autoregressions of anticipatory and experienced valence predicted higher levels of depressive symptoms. Emotional inertia, which has been consistently observed in depression (50), is linked to impaired emotion regulation (51). Our results suggest that the inertia of anticipatory and experienced valence may constitute a risk factor for the development of depression. Additionally, we observed that neither individual emotion variables nor the HRV index alone could predict subsequent depressive symptoms. This finding implies that the temporal network may offer more comprehensive information and serve as a more sensitive predictor of depression.

Several limitations should be addressed. Firstly, the fixed-interval ESM schedule may have introduced recall biases due to time lags between experienced events and ESM measurements. Previous research has suggested that although emotional rating bias caused by the delay was similar in depressed and healthy people, delayed answers of healthy individuals showed higher within-person variability (52). Future studies could benefit from employing event-contingent sampling with random intervals to enhance the real-time assessment of emotions linked to specific events. Secondly, the sampling rate was relatively low in current study. Future thinking is highly prevalent in daily life, occurring approximately every 16 minutes during waking hours (10). Further research is warranted to clarify optimal timescale for examining fluctuations in affective forecasting. Thirdly, the correlational nature of our study design limits the ability to draw causal inferences regarding the relationships between affective forecasting dynamics, HRV, and subsequent depressive symptoms. Future research should employ experimental designs (e.g., directly targeting affective forecasting) or more complex longitudinal models, to better elucidate the causal pathways and directionality of these effects. In addition, our sample consisted predominantly of female Chinese college students, which may limit the generalizability of the results. And the exclusion of individuals with high MDQ scores or other psychiatric histories may further restrict the applicability of these findings to broader depressive populations. Future studies should aim to replicate these findings in more diverse samples. It is worth noting that self-monitoring in ESM may introduce reactivity, inflating emotion awareness or reducing ecological validity. Future work should combine passive monitoring with longitudinal sampling to capture more naturalistic emotional dynamics. Finally, the sample size was relatively small. More studies are needed to validate these results in large subclinical and clinical samples.

In conclusion, dysphoric individuals were characterized with more negative anticipatory, experienced and consummatory valence and high consummatory arousal. Most importantly, the temporal network of anticipatory, experienced and consummatory emotions was denser in dysphoric individuals than in controls. Temporal network analysis also indicated that affective forecasting was less accurate and more inflexible in dysphoric individuals compared with controls. Moreover, the dynamic relationship between anticipatory and experienced emotions was a significant predictor of subsequent depression. In addition, we found a significant correlation between reduced HRV and affective forecasting deficit in dysphoria for the first time. Our findings indicate that improving the flexibility of affective forecasting could serve as a potential target for early addressing depression. This study might provide new insights into the psychophysiological mechanisms of affective forecasting deficits in depression and might facilitate early detection and intervention on depression.
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