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Note 1: Psychometric properties of the bifactor model of anxiety and depression in the Chinese population. 
We tested the validation of the tripartite model of anxiety and depression in the Chinese population (n = 901). All participants were asked to complete a set of anxiety- and depression-related questionnaires (see Methods), as previous literature on the tripartite model1,2. To examine the underlying factor structure, the entire sample was equally divided into two datasets according to the participants’ number for exploratory and confirmatory factor analysis (EFA dataset, the first part, 1-450; CFA dataset, the second part, 451-901), respectively. For the EFA dataset, we determined the number of factors based on theoretical considerations (i.e., the tripartite model of anxiety and depression3–5) and scree plot. Results showed that our data was best explained by three factors (40.24%). We then used the three-factor bifactor model to decompose the item-level covariance matrix into a general factor and two specific factors. The ‘Psych’ package in R was used to perform Schmid-Leiman (SL) orthogonalization procedure to obtain factor loadings for each item. Specifically, the SL procedure used oblique factor analysis and higher order factor analysis based on the lower order factor correlations to extract the shared higher order factor (the common factor). Factor scores for each participant were calculated using the Anderson-Rubin method, which is a weighted-least squares solution that maintains the orthogonality of the common score and each specific factor score. Results of factor loadings indicated that the common factor had high loadings (>0.4) for multiple anxiety-related and depression-related items and moderately high loadings (>0.2) across almost all items (Figure 1D). One specific factor had high loadings (>0.4) on items related to anhedonia while another specific factor had high loadings (>0.4) on items related to worry and anxious arousal (Figure 1D).
In the CFA dataset, all items were allowed to load onto the common factor. Each item was also allowed to load onto either the anxiety-specific factor or the depression-specific factor. The assignment for each item was depended on whether the loading on each specific factor was greater than 0.2 in the EFA dataset. After item assignments, factor loadings were re-estimated with diagonally weighted least squares estimation (DWLS). This method only allowed each item to load on the loaded factor in the EFA dataset (>0.2), because it is more appropriate for ordinal data and less sensitive to deviations from normality, as compared with maximum likelihood estimation6. We implemented this procedure with the specification of an orthogonal solution using the ‘Lavaan’ package in R. The quality of the fit was evaluated by the comparative fit index (CFI), Tucker-Lewis index (TLI), root mean square error of approximation (RMSEA), and standardized root-mean-square residual (SRMR). Results showed excellent goodness-of-fit indices (CFI = 0.989, TLI = 0.989, RMSEA = 0.046, SRMR = 0.061). We additionally performed the same analysis for the CFA dataset as in the EFA dataset to access the similarity between different datasets. That is, we conducted an unconstrained (i.e., exploratory, but not confirmatory) bifactor analysis in the CFA dataset. The resulting factor loadings were highly congruent with the factor loadings in the EFA dataset (cosine-similarity was 0.99 for the common factor loadings, 0.99 for the depression-specific factor loadings, and 0.98 for the anxiety-specific factor loadings). As predicted by the factor structure, the common factor scores are orthogonal to each specific factor scores (Figure 1C&E). 
[bookmark: _Hlk122119113]To verify the factor structure underlying anxiety and depression, our model space also included a three-factor high-order model and a simple three-factor model. Comparison of model fit revealed that the bifactor model outperformed than other models (Table S2), confirming the bifactor structure underlying anxiety and depression. In addition, the common factor showed high correlations with all questionnaires (rs > 0.69; Figure 1F), except the anxious arousal subscale of the Mood and Anxiety Symptoms Questionnaire (MASQaa; r = 0.16). The anxiety-specific factor was mainly contributed by the anxiety subscale of the State-Trait Anxiety Inventory (TAIanx, r = 0.60), the neuroticism of the Big Five Inventory-2 (BFIn, r = 0.41), the Penn State Worry Questionnaire (PSWQ, r = 0.41), MASQaa (r = 0.86), the Beck Depression Inventory (BDI; r = 0.52), and the Center for Epidemiologic Studies Depression Scale (CESD; r = 0.54), while the depression-specific factor was mainly contributed by the depression subscale of the State-Trait Anxiety Inventory (TAIdep, r = 0.52) and the anhedonia depression subscale of the Mood and Anxiety Symptoms Questionnaire (MASQad; r = 0.58). Correlations between factors and questionnaires showed the same pattern in different datasets (Figure S1). These results indicated good construct validity of this bifactor model of anxiety and depression. Together, these results validated the bifactor model of anxiety and depression in the Chinese population and supported the classic tripartite model. 
Note 2: Computational model of momentary mood 
To quantify how different events impacted participants’ momentary moods during the gambling task, we used the classic model assuming that momentary mood depends on the recency-weighted average of the chosen certain reward (CR), expected value of the chosen gamble (EV), and reward prediction error (RPE; M1; Equation 1). RPE was defined as the difference between the obtained and expected value.
          (1)

Here, t and j are trial numbers,  is a baseline mood parameter, other weights  capture the influence of different event types,  [0,1] is a decay parameter representing how many previous trials influence happiness. CRj is the CR if the certain option was chosen on trial j; otherwise, CRj is 0. EVj is the EV and RPEj is the RPE on trial j if the gamble was chosen. If the certain option was chosen, then EVj = 0 and RPEj =0.
Although M1 has been shown to accurately track mood data, we also fit other candidate mood models. Specifically, to verify the notion that momentary moods depend on RPE in addition to reward expectation, we fit an alternative model in which moods are contributed by the recency-weighted average of CR and the gamble reward (GR; M2; Equation 2).
                             (2)
To verify that mood ratings are best explained by a shared forgetting factor (i.e., the recency-weighted history of different event types), we compared a model with a single decay parameter to an alternative model including forgetting factors for each event type, e.g., different decay parameters for CR, EV, and RPE (M3; Equation 3).
          (3)
It has been shown that moods are influenced by automatically comparing alternative outcomes. We thus considered a component of the outcome difference (OD) between the chosen option and unchosen option (M4; Equation 4) and a regret (R) component (upward comparison; M5; Equation 5) based on M1.
                                                      (4)
where OD is the outcome difference between the chosen option and the unchosen option.
                                                      (5)
where R represents how much better the outcome could have been if the other option had been chosen. Mathematically, R is the difference between the obtained outcome and the potential better outcome if exists; otherwise, R = 0. We also considered subjective values, rather than objective values in M1, to model mood. Approach-avoidance perspective theory model has been consistently shown to explain choice data better than the traditional perspective theory model. There were six parameters in this approach-avoidance model, including risk aversion in the gain domain (: 0.3-1.3), risk aversion in the loss domain (: 0.3-1.3), loss aversion (: 0.5-5), approach ( : 0-1), avoidance (: 0-1), and inverse temperature (: 0-10). Ranges for these parameters were the same as previous research7,8. We therefore fit subjective value-driven mood model (fit the approach-avoidance perspective theory model first and subjective feeling model second; M6; Equations 6-13).
                            (6)
                              (7)
                              (8)
where Vgain and Vloss are the objective gain and loss from a gamble, separately. Vcertain is the objective value for the certain option. Ugamble and Ucertain are subjective utilities of the gamble and the certain option, respectively. Choice probability for gamble (Pgamble) is jointly determined by the softmax rule and Pavlovian approach/avoidance parameters. For gain trials,
                    (9)
                       (10)
For loss trials,
                    (11)
                       (12)
Similar to M1, these subjective values were fit to trial-by-trial mood.

                                            (13)
Note 3: Depression is associated with reduced mood fluctuation in the laboratory dataset. 
We found significant negative correlations of the depression-specific score with mood variation (r = -0.298, p = 0.049) and  (r = -0.367, p = 0.014; Figure 2A). These results hold with bootstrap validation (Figure 2A). We also observed the significant high correlation between and mood variation (r = 0.848, p < 0.001). Furthermore, we found the significant mediating effect of on the association between the depression-specific score and mood variation (a×b = -0.318, 95% CI = [-0.573, -0.07], p = 0.008; Figure 2A). 

Note 4: Mood predictions
We next sought to examine the effect of RPE-weighted parameter after InstructRPE on mood ratings. To keep the same experience (i.e., the same options, choices, and outcomes) across participants between the control and InstructRPE conditions, we performed mood prediction analysis (Figure 4C). First, we merged event data (i.e., without mood data) from two conditions (258+258) to construct 516 unbiased samples. Second, we recombined each pair of mood parameters. Specifically, we kept mood parameters from the control condition, while the mood parameters for InstructRPE were mainly from the control condition except the RPE-weighted parameter. Importantly, we replaced RPE-weighted parameter in the control condition with that in the InstructRPE condition to reconstruct mood parameters for the InstructRPE condition. This replacement ensured us to compare the effect of RPE-weighted parameter between conditions. Finally, we applied these recombined parameters to the 516 samples to predict participants’ mood.
Regarding predicted mean mood (Figure 4D), we observed a significant main effect of intervention (F = 15.40, p < 0.001, partial  = 0.14; InstructRPE > control). We also found a significant interaction effect between group (HighD/LowD) and intervention (control/InstructRPE; F = 6.50, p = 0.012, partial  = 0.06; Figure 4E). No significant main effect of group was found (F = 1.17, p = 0.282, partial  = 0.01). Simple effect analysis showed a significant intervention effect for HighD (F = 20.96, p < 0.001, partial  = 0.18), but not for LowD (F = 0.94, partial  = 0.01). For predicted mood variation (Figure 4F), we observed a significant main effect of intervention (F = 7.08, p = 0.009, partial  = 0.07; InstructRPE > control). We also found a significant interaction effect between group (HighD/LowD) and intervention (control/InstructRPE; F = 6.26, p = 0.014, partial  = 0.06; Figure 4G). No significant main effect of group was found (F = 0.23, partial  = 0.00). Simple effect analysis showed a significant intervention effect for HighD (F = 13.33, p < 0.001, partial  = 0.12), but not for LowD (F = 0.01, partial  < 0.001).
Note 5: Validation of treatment results
For the clinical dataset with mood stabilizer treatment, we observed higher mood variation (t = 2.72, p = 0.009) while comparable mean mood (t = 1.49, p = 0.141) for patients with vs. without mood stabilizers. To account for increased mood variation with treatment of mood stabilizer, we utilized computational modeling, with the focus of mood sensitivity to RPE. We identified significant stronger mood sensitivity to RPE (t = 2.57, p = 0.013) for patients with vs. without mood stabilizer. We also checked group difference in other mood-related parameters for exploratory purpose. We found that treatment group also exhibited significant stronger mood sensitivity to CR (t = 2.17, p = 0.034) and EV (t = 2.70, p = 0.009). Improved mood sensitivity to RPE thus may confound with a statistical artifact of collinearity (scaling). That is, the equation y = ax1 + bx2 + c equals to 2y = 2ax1 + 2bx2 + 2c. To further control for different experience, we performed simulations based on the same events. After comparing the original model prediction with the multiplicated model prediction (the original mood parameters multiply 1.2), we observed not only higher mood variation (t = 8.77, p < 0.001), but also higher mean mood (t = 17.18, p < 0.001), for higher mood parameters. This violates our raw data of comparable mean mood between groups.  In addition, higher mood parameters can be recovered (CR: t = 2.04, p = 0.045; EV: t = 2.25, p = 0.028, RPE: t = 2.97, p = 0.004). Therefore, these findings ruled out statistical problems, identifying our treatment effect on mood sensitivity to RPE. 
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Figure S1. Correlations of factor scores from the winning model (the bifactor model) with questionnaire scores for each dataset.
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Figure S2. Gambling rate in each dataset. All datasets showed the same gambling rate pattern, as well as in line with literature.
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Figure S3. Model-agnostic mood results for all datasets. All datasets showed the same initial mood overall before the task, mean mood and mood variation across the task.
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Figure S4. Replication of the classic mood effects. A) Happier after winning than losing. B) Mood drift across the task.
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描述已自动生成]Figure S5. Parameter recovery for the winning model (M1) for each dataset. Correlations between simulated and real parameters significant (rs > 0.620, ps < 0.001).
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Figure S6. Replication of Rutledge et.al., (2017)’s findings using BDI (N =1049). Depression symptom measured by BDI was negatively correlated with the baseline mood parameter. Data was combined from laboratory dataset, online dataset, and control condition in the intervention dataset.



Table S1. Psychometric model comparisons
	Models
	CFI
	TLI
	RMSEA
	SRMR

	Bifactor model
	0.989
	0.989
	0.046
	0.061

	Three-factor model
	0.794
	0.789
	0.200
	0.205

	High-order model
	0.981
	0.981
	0.060
	0.072



Table S2. Mood model comparisons
	Model Number
	# of parameters
	Δ BIC

	
	
	Laboratory dataset 
N = 44
	Online dataset
N = 747
	Intervention dataset 
(Control)
N = 258
	Intervention dataset (InstructRPE)
N = 258

	Model #1
	5
	0
	0
	0
	0

	Model #2
	4
	62.13
	1381.27
	481.78
	1173.83

	Model #3
	7
	58.28
	814.83
	404.60
	543.86

	Model #4
	6
	157.80
	2751.86
	1031.41
	910.31

	Model #5
	6
	81.02
	91.35
	231.60
	200.69

	Model #6
	5
	87.75
	2755.86
	803.53
	1411.66


Abbreviations: Δ BIC, Bayesian information criterion relative to the winning model; InstructRPE, instruction of reward prediction error.

Table S3. Description statistics for mood model parameters in all datasets.
	mean±SD
	Laboratory dataset
	Online dataset
	Intervention dataset

	
	
	
	control
	InstructRPE

	βCR
	0.10 ± 0.11
	0.10 ± 0.14
	0.11 ± 0.12
	0.10 ± 0.12

	βEV
	0.07 ± 0.07
	0.07 ± 0.07
	0.07 ± 0.07
	0.06 ± 0.07

	βRPE
	0.13 ± 0.12
	0.13 ± 0.10
	0.14 ± 0.11
	0.16 ± 0.12

	γ
	0.73 ± 0.24
	0.77 ± 0.22
	0.73 ± 0.25
	0.69 ± 0.25

	βRPE
	0.53 ± 0.14
	0.52 ± 0.16
	0.48 ± 0.15
	0.49 ± 0.15



Table S4. Correlational differences between depression and anxiety in mood fluctuations.
	
	Depression
	Anxiety
	Differences

	Laboratory dataset (N = 44)
	mood variation
	r=-0.298, p=0.049
	r=0.099, 
p=0.525
	Z=-1.872, 
p=0.031

	
	βRPE
	r=-0.367, p=0.014
	r=0.030, 
p=0.847
	Z=-1.903, 
p=0.029

	
	
	
	
	

	Online dataset 
(N = 747)
	mood variation
	r=-0.193, p<0.001
	r=0.082, 
p=0.025
	Z=-5.343, 
p<0.001

	
	βRPE
	r=-0.151, p<0.001
	r=0.049, 
p=0.180
	Z=-3.884, 
p<0.001



Table S5. The effect of explicitly instructing reward prediction error (iR) on correlations of βRPE with depression and anxiety, relatively.
	
	nR
	iR
	Differences

	Depression
	r=-0.191,
p=0.001
	r=-0.08,
p=0.193
	Z=-1.827,
p=0.034

	Anxiety
	r=0.232,
p<0.001
	r=0.114,
p=0.098
	Z=2.504,
p=0.006

	Differences
	Z=-4.863,
p<0.001
	Z=-2.489,
p=0.006
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