[bookmark: _heading=h.7ndbxqh3rocx]Estimating cell compositions and cell-type-specific expressions from GWAS data using invariant causal prediction, deep learning and regularized matrix completion: Bridging GWAS and single-cell resolution in Biobank-scale studies

Supplementary Text
Data   
UKBB is a comprehensive database that provides extensive prognostic information on various diseases.  Using cell-type-specific (CTS) expression profiles, we investigated the relationship between cell-specific genes and disease prognoses, including mortality and hospitalization frequency. Our application to UKBB focused on 4 primary tissue-specific diseases/outcomes (i.e., major depression in the frontal cortex, T2DM in the pancreas, and obesity in subcutaneous and visceral adipose tissues). We also studied 8 prognosis-related variables and 17 related disorders or traits. Here we concentrated on prognosis variables that are of high clinical significance for the target diseases. 
More specifically, we focused on treatment resistance status and depression-related hospitalization frequency for patients with depression (tissue studied: frontal cortex); T2DM-related mortality and hospitalization frequency (tissue studied: pancreas) in T2DM subjects; coronary artery disease (CAD) mortality, and CAD-related hospitalization frequency for obesity patients (tissue studied: subcutaneous and visceral adipose tissues[SAT/VAT]). We also studied other related disorders, including anxiety disorders, bipolar disorder, and psychosis (frontal cortex); prediabetes, T1DM, T2DM requiring hospitalization, T2DM requiring insulin (pancreas); CAD, T2DM, hypertension, heart failure, stroke (SAT/VAT) respectively. 
With the UKBB summary data of hospital inpatient episodes (Data-Field 41270) and their corresponding diagnosis dates (Data-Field 41280), we extracted relevant phenotypes based on the International Classification of Disease version 10 (ICD-10) code.
Depression, Depression related disorders and prognosis variables
	Depression and related disorders were directly extracted from the UKBB with a combination of self-reported data and ICD-10 codes as follows. Depression is characterized by ICD-10 codes F32-33; psychosis is characterized by ICD-10 codes F20-25; bipolar disorder is characterized by F31;  anxiety disorders are characterized by ICD-10 code F41. 
	Using the general practitioner (GP) records, we also extracted treatment-resistance status and admission frequency of depression patients. Specifically, treatment-resistant depression (TRD) was defined as MDD patients who tried at least two different anti-depressant drugs for adequate durations. Following the definition in1, the time interval between two drugs should be no longer than 14 weeks and each drug should be prescribed for at least 6 weeks.  
T2DM, T2DM-related disorders and prognosis variables
The prediabetes phenotype is specifically characterized by codes starting with R73, whereas the ICD-10 codes for T1DM and T2DM begin with E10 and E11 respectively. For each patient with available hospital records, the earliest diagnosis dates for prediabetes, T1DM, and T2DM were extracted for data analysis. T2DM-related hospitalization was defined as T2DM patients who had at least one hospitalization record related to T2DM.
Besides, by restricting the Anatomical Therapeutic Chemical (ATC) code starting with A10A, we obtained the issue date of insulin from General Practice (GP) records, which contain prescription data from two electronic health record (EHR) systems (TPP or EMIS) for UKBB participants. In our “T2DM requiring insulin” dataset, once insulin is prescribed after the earliest T2DM diagnosis, the variable “T2DM requiring insulin” was coded as 1, otherwise it was coded as 0. 
Obesity, obesity related disorders and prognosis variables
	For obesity, we adhered to the World Health Organization (WHO) definition, which classifies individuals with a Body Mass Index (BMI) exceeding 30 as obese. CAD, hypertension, stroke, heart failure and T2DM were directly extracted from the UKBB with a combination of self-reported data and ICD-10 codes.
Evaluation of the proposed I-XGBoost in deconvoluting cell compositions
To validate our proposed methods, we initially established a baseline simulation by comparing the I-XGBoost with other comparable algorithms using artificially generated, multi-source scRNA-seq datasets. The key innovation of I-XGBoost lies in its ability to identify truly causal cell-type markers that remain stable across different environmental conditions, based on the principle of invariant causal prediction (ICP).
Specifically, we utilized scDesign3 2 to create scRNA-seq data based on a publicly available PBMC dataset. scDesign3 is a statistical simulator that generates realistic single-cell data using a unified probabilistic model, the parameters of which are derived from actual data. This model allows for the manipulation of interpretable parameters, enabling the introduction of environmental effects and the subsequent simulation of new scRNA-seq and bulk expression data impacted by these effects.
In this study, we employed the publicly available peripheral blood mononuclear cell (PBMC) single-cell RNA-seq dataset provided by scDesign32, adhering to the protocol detailed in its tutorial. This dataset includes 1000 genes, specifically selected based on their variance across cells. Owing to the limitations of scDesign3 in processing large-scale scRNA-seq datasets, we limited our analysis to 200 genes — 100 from the top and 100 from the bottom of the variance ranking. 
Initially, we used scDesign3 to model the PBMC scRNA-seq dataset under a ‘baseline’ scenario, which we refer to as the ‘normal model’. In this model, the environmental effect coefficient was set to zero, thereby excluding any potential environmental influences in the simulation. 
Our hypothesis posits that variations in environmental conditions could lead to confounding and hence some non-differentially expressed (non-DE) genes may be mistakenly identified as differentially expressed (DE) genes. On the other hand, I-XGBoost would maintain better accuracy by identifying truly invariant relationships. To test this, we adjusted the confounding effects of the environment variable for the 20 lowest-ranked genes, enhancing their likelihood of being (spuriously) classified as DE. We introduced this adaptation as the ‘Environmental Covariate Affected Model’, where we introduced environmental effects that could potentially confound the relationship between cell types and gene expression.
The resulting data from both the ‘normal’ and modified models (with confounding effects from the environmental factor) was utilized to identify gene markers for further analysis. We conducted simulations under two distinct scenarios, characterized by modest and substantial environmental (confounding) effects, to evaluate the impact of these environmental adjustments. We defined the confounding effect size by adjusting the coefficient of the environmental factor within the scDesign3 model. In our simulations, the “substantial” confounding effect size was 2 times greater than the “modest” confounding effect size. 


PC-simple algorithm
We employed PC-simple to detect cell-type specific genes that are likely directly causal to the studied phenotypes. PC-simple is capable of distinguishing direct causal variables from indirect causal and spuriously associated genes. It can be considered a localized version of the PC algorithm, where an outcome (Y) and a predictor are deemed causally linked if they remain correlated, even when conditioned on any subset of the other covariates.
Suppose Z and Y are two random variables, and S is a variable set excluding Z and Y. Z and Y and conditionally independent if:

 denotes the partial correlation between Z and Y given S. Let  be a  matrix of adjusted gene expression data for p genes, Y be a vector of the corresponding adjusted phenotypes for n subjects. We could identify the gene sets that are strongly associated with the target Y given other variables at a specified significance level α by ordered independence screening. 
Initially, the candidate set includes all input variables. We iteratively update the candidate set by removing independent variables via conditional independence tests. The conditional independence tests are done level by level with an increasing order of the conditional set, starting with an empty conditional set. As shown in Algorithm 1, the initial candidate set  is the complete set of input variables. Candidate set  is firstly set to   and then updated by removing independent variables via independence tests (conditioned on the null set). Similarly, candidate set  is initially set to , and is updated by removing variables that are independent of Y given any other single variable in . Through recursively performing independence screening with an increasing order of the conditional set, we exclude genes from the previous candidate gene set until it does not change anymore. 
To improve computational efficiency, we set the maximum order for partial correlation screening to 3. Fisher’s Z-transformation was employed to convert the skewed partial correlation into a normally distributed variable, and we tested whether the partial correlation is significantly different from zero:

As suggested by Buhlmann et al. 3, the null hypothesis  would be rejected if

where |S| defines the order of the conditional set, α and ϕ respectively denote the significance level and standard normal cumulative distribution function. In this study, we set α=0.001. The derived vector  indicates the reliability of the inferred causal relationships between variables. We could convert it into a p-value vector by .
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