Supplementary Methods: Statistical details of the MAIHDA models
S1. Variables and construction of intersectional strata
The analytic dataset contained the following variables:
i: individual identifier;
j: intersectional stratum identifier;
: binary multimorbidity outcome for individual i in stratum j, coded 1 if the participant had two or more chronic conditions and 0 otherwise;
: continuous Chinese Multimorbidity Weighted Index (CMWI) score for individual i in stratum j;
: age group, coded as <60 years or ≥60 years;
: sex, coded as male or female;
: region, coded as South or North;
: residence, coded as urban or rural;
: educational attainment, coded as below high school or high school or above;
: occupational status, coded as employed, farmer, unemployed, or retired.
Intersectional strata were constructed by cross-classifying the six social-position dimensions: age, sex, region, residence, educational attainment, and occupational status. The theoretical number of possible strata was 2 × 2 × 2 × 2 × 2 × 4 = 128. One stratum, defined by <60 years, male, North, rural residence, high school or above, and retired, had no participants. Therefore, 127 observed strata were included in the primary MAIHDA models.
Each stratum represented a unique intersectional social position rather than a data-driven cluster. Individuals were treated as level-1 units, and intersectional strata were treated as level-2 units. This specification follows the standard MAIHDA framework, in which strata defined by combinations of social categories are modeled as higher-level units to estimate between-stratum heterogeneity and individual heterogeneity within strata [S1, S2].
Because the study included both a binary outcome and a continuous outcome, two parallel model sequences were fitted: Models B1-B3 for multimorbidity and Models C1-C3 for CMWI.
Table S1. Summary of variables used to construct intersectional strata
	Dimension
	Categories
	Role in MAIHDA

	Age
	<60 years; ≥60 years
	Social-position dimension defining strata

	Sex
	Male; female
	Social-position dimension defining strata

	Region
	South; North
	Social-position dimension defining strata

	Residence
	Urban; rural
	Social-position dimension defining strata

	Educational attainment
	Below high school; high school or above
	Social-position dimension defining strata

	Occupational status
	Employed; farmer; unemployed; retired
	Social-position dimension defining strata


S2. Model B1: Null intersectional model for multimorbidity
For the binary multimorbidity outcome, we fitted a two-level random-intercept logistic regression model. Let  denote the multimorbidity status of individual i in stratum j. The null intersectional model was:



where  is the probability of multimorbidity for individual i in stratum j,  is the overall intercept, and  is the random intercept for stratum j. The random stratum effect  captures the total between-stratum variation in multimorbidity, including the main effects of the six social-position dimensions and all possible higher-order combinations among them.
The variance partition coefficient (VPC) for the logistic model was calculated using the latent-variable method:

where  is the estimated between-stratum variance and  is the fixed individual-level variance under the standard logistic distribution. The VPC represents the proportion of total latent variation in multimorbidity attributable to differences between intersectional strata.
Stratum-specific predicted probabilities were obtained as:

For Model B1, discriminatory accuracy was assessed using the area under the receiver operating characteristic curve (AUC). The AUC evaluates how well stratum membership distinguishes individuals with multimorbidity from those without multimorbidity. AUC values range from 0.5, indicating no discrimination beyond chance, to 1.0, indicating perfect discrimination [S3]. In the MAIHDA framework, AUC complements the VPC by quantifying the discriminatory accuracy of intersectional strata for identifying individuals with the outcome [S1].
S3. Model C1: Null intersectional model for CMWI
For the continuous CMWI outcome, we fitted a two-level linear mixed-effects model:



where  is the CMWI score for individual i in stratum j,  is the overall intercept,  is the stratum-level random effect, and  is the individual-level residual error.
For the continuous outcome, the VPC was calculated as:

where  is the between-stratum variance and  is the individual-level residual variance. The VPC represents the proportion of total variation in CMWI attributable to differences between intersectional strata.
Stratum-specific predicted CMWI values were obtained as:

S4. Models B2/C2: One-dimension-at-a-time models
To examine how much each social-position dimension contributed to the between-stratum variance observed in the null models, we fitted a set of partially adjusted models by adding one dimension at a time as a fixed effect while retaining the stratum random intercept.
For example, the age-adjusted model for multimorbidity was:

and the corresponding age-adjusted model for CMWI was:

The same approach was repeated separately for sex, region, residence, educational attainment, and occupational status. Therefore, six partially adjusted models were fitted for each outcome.
For each partially adjusted model, the proportional change in variance (PCV) was calculated relative to the corresponding null model:

where  is the between-stratum variance from Model B1/C1, and  is the between-stratum variance from the partially adjusted model. A larger PCV indicates that the added dimension explains a greater share of the between-stratum heterogeneity captured by the intersectional strata. The VPCs from Models B2/C2 were interpreted as conditional VPCs, representing the remaining between-stratum variation after accounting for the corresponding social-position dimension.
S5. Models B3/C3: Additive main-effects MAIHDA models
Models B3/C3 included all six social-position dimensions simultaneously as fixed main effects while retaining the stratum random intercept. 
For multimorbidity, the model was:

where  represents the set of dummy variables for occupational status. 
For CMWI, the corresponding linear mixed-effects model was:

In these additive main-effects models, the fixed effects estimate the average additive associations of the six social-position dimensions with each outcome. The remaining stratum-level random effect  represents residual stratum-specific deviation from what would be expected based on the additive main effects alone. In line with the MAIHDA literature, these residual deviations were interpreted as evidence of non-additive patterning across intersectional strata, rather than as direct proof of underlying intersectional mechanisms [S1, S2].
The PCV for Models B3/C3 was calculated relative to the null model using the formula described above. This PCV represents the proportion of the initial between-stratum variance explained by the additive main effects of the six social-position dimensions. The complement, 1 - PCV, represents the proportion of between-stratum variance remaining after accounting for these additive main effects.
S6. Decomposition of stratum-specific predictions and residual deviations
To aid interpretation, we derived two types of stratum-specific predictions from Models B3/C3.
First, the total prediction incorporated both additive main effects and the stratum random effect. For multimorbidity, this was calculated as:

For CMWI, the total prediction was:

Second, the additive main-effects prediction excluded the stratum random effect. 
For multimorbidity:

For CMWI:

The residual stratum-specific deviation was calculated as the difference between the total prediction and the additive main-effects prediction:

For multimorbidity, this difference was calculated on the probability scale; for CMWI, it was calculated on the original CMWI scale. Positive residual deviations indicate strata with higher-than-expected outcomes under the additive model, whereas negative residual deviations indicate lower-than-expected outcomes. Confidence intervals for residual deviations were used to identify strata with deviations clearly different from zero.
S7. Sensitivity analyses
We conducted five sensitivity analyses to evaluate the robustness of the primary findings.
First, we restricted the sample to participants aged ≥45 years. Within this restricted sample, age was categorized as 45-59 years and ≥60 years. The MAIHDA model sequence was then repeated to assess whether inclusion of younger adults diluted multimorbidity patterning.
Second, we repeated the analyses using an alternative outcome definition excluding memory-related diseases and emotional, nervous, or psychiatric problems from both the multimorbidity definition and the CMWI calculation. This analysis assessed whether the findings were driven by conditions with distinct age-related or social patterning.
Third, to account for within-site correlation arising from the multistage cluster sampling design, we added a survey-site random intercept to the MAIHDA models.
Fourth, we repeated the MAIHDA models with additional adjustment for lifestyle-related variables, including smoking, alcohol consumption, BMI, and physical activity. These variables were not included in the primary models because they may lie downstream of social position and may partly mediate associations between social determinants and multimorbidity. The lifestyle-adjusted analysis was therefore treated as a supplementary robustness check rather than as the primary model sequence.
Fifth, we replaced current residence with birthplace in the construction of intersectional strata to assess whether the findings were robust to an alternative operationalization of residence-related social positioning.
For the site-clustering sensitivity analysis, the binary outcome model with both intersectional-stratum and survey-site random intercepts can be written as:


where  is the intersectional-stratum random effect and  is the survey-site random effect. The corresponding stratum-level VPC for the binary outcome was calculated as:

and the site-level VPC was calculated as:

For CMWI, the stratum-level and site-level VPCs were calculated as:


S8. Estimation and software
All analyses were performed using R version 4.4.3. Multilevel logistic regression and linear mixed-effects models were fitted using the lme4 package [S4, S5]. The glmer() function was used for the binary multimorbidity outcome, and the lmer() function was used for the continuous CMWI outcome. Parameters were estimated using maximum likelihood. Odds ratios (ORs) and 95% confidence intervals were reported for fixed effects in logistic models, and regression coefficients with 95% confidence intervals were reported for fixed effects in linear models.
Predicted values and random effects were extracted from fitted models to obtain stratum-specific predictions and residual deviations. AUC for multimorbidity was calculated from predicted probabilities using the fitted null intersectional model. All analyses used individual-level data. Sampling weights and complete survey design variables were not available in the analytic dataset; therefore, fully design-weighted MAIHDA models could not be implemented. The site-clustering sensitivity analysis described above was used to assess whether within-site correlation materially affected the main findings.
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