S3 Note: Validation of energy landscape analysis using latent class analysis
To further validate the findings obtained from the energy landscape analysis, we conducted a latent class analysis (LCA) of total K6 scores to quantitatively assess depressive states across the 4 periods (S11 Fig). Although we examined information criteria such as AIC and BIC (2-class: AIC=-29464 and BIC=-29595, 3-class: AIC=-32291 and BIC=-32490), we focused on the 2- and 3-class solutions in line with methodological recommendations that emphasize substantive interpretability and clinical plausibility over purely statistical fit. Prior methodological work has shown that information criteria - particularly AIC in large samples - tend to favor over-complex solutions, and that class enumeration should therefore be guided by the meaningfulness and stability of the resulting classes rather than by fit indices alone. Consistent with systematic reviews in psychology and public-health research [1, 2], 2- or 3-class solutions are also the most commonly adopted in practice. In the 2-class solution, Class 1 represented a healthy group with nearly zero K6 scores, while Class 2 represented a depressive group with elevated scores. In the 3-class solution, Class 1 again comprised healthy cases with near-zero scores, Class 2 reflected a moderately distressed group, and Class 3 captured the most distressed group with the highest scores (S11A Fig).
The energy landscape analysis revealed that the energy of the depressive state (111111) was higher during Periods 2-4 than in Period 1, indicating that the likelihood of being in a depressive state decreased after the onset of the pandemic (Fig 2F). To examine whether this temporal pattern could also be captured by LCA, we evaluated how the proportion of datapoints assigned to depressive classes varied across the 4 periods. The results from both the 2-class and 3-class models exhibited patterns consistent with those identified by the energy landscape analysis. In the 2-class model, the proportion of depressive datapoints (Class 2) was higher in Period 1 than in the subsequent periods (0.66, 0.49, 0.49, and 0.50). In the 3-class model, the proportion of moderately depressive datapoints (Class 2) increased, whereas the proportion of healthy datapoints (Class 1) decreased in Period 1 relative to the other periods (Class 1: 0.34, 0.51, 0.51, and 0.49, Class 2: 0.49, 0.32, 0.32, and 0.34) (S11B Fig). These findings reproduce the temporal shifts identified by the energy landscape analysis.
To further quantify the agreement between the two methods, we evaluated the relationship between the energy of the depressive state (111111) estimated by the energy landscape analysis and the proportion of depressive datapoints identified by LCA—specifically, Class 2 in the 2-class model and Classes 2 and 3 in the 3-class model—for the 4 periods. A strong negative correlation was observed (, ; , ; S11C Fig). Because higher energy reflects a lower likelihood of being in that state, this negative correlation indicates that the proportion of depressive datapoints identified by LCA is positively associated with the frequency of the depressive state estimated by the energy landscape analysis. These consistent patterns across both analytical approaches support the validity and robustness of the energy landscape results.
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