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Abstract 

Background: The predictive power of polygenic scores (PGSs) for lithium treatment response 

in bipolar disorder (BD) remains limited.  

Aim: To enhance prediction of lithium responsiveness by developing a multi-trait PGS (mt-

PGS) combining genetic information from multiple phenotypes implicated in lithium 

response and/or BD aetiology. 

Methods: We analysed data collected from BD patients who had received lithium treatment 

for at least six months and participated in the International Consortium on Lithium Genetics 

(ConLi+Gen, N=2,367) study. The ALDA scale was used to assess lithium responsiveness, 

and treatment outcome was defined as continuous ALDA score (0-10) and categorical 

outcome (favourable  ≥7 vs unfavourable response). PGSs were calculated for 59 phenotypes 

grouped into five clinical-biological clusters: clinical lithium exemplar (#22 phenotypes), 

cardiometabolic (#17), autoimmune/inflammatory (#5), neurocognitive (#8) and renal 

function (#7). We applied cross-validated machine learning regression approaches in both 

outcomes within each cluster, and the selected features from each cluster were subsequently 

combined to construct the final mt-PGS models. Model performance was assessed using 

explained variance (R²) for the continuous outcome, and McFadden’s pseudo-R² as well as 

standard classification model parameters for the categorical outcomes.   

Results: The mt-PGS explained 5.07% (continuous outcome) to 9.02% (categorical outcome) 

of the interindividual variability in lithium responsiveness. Classification accuracy (AUC) for 

the categorical outcome was 68.13% (95% CI: 64.86, 71.77). Of the five clusters, the PGSs 

for clinical lithium exemplar phenotypes were most strongly associated with lithium 

responsiveness, accounting for 2.97%-6.20% of its variability. 

Conclusions: By integrating polygenic scores for multiple relevant phenotypes, predictive 

accuracy for lithium response improved up to nine-fold compared to single-trait methods. 

Future research incorporating larger, more diverse populations and combining genetic scores 

with clinical data holds promise for further enhancing prediction and advancing clinical 

implementation.       
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Background 

Bipolar disorder (BD) is one of the most severe and prevalent mental illnesses, affecting 

about 40 to 50 million people worldwide (1), with an estimated 15–20% dying by suicide (2). 

It is a complex disorder characterized by recurrent hypomanic or manic and depressive 

episodes and is associated with significant somatic and psychiatric comorbidity (3). Lithium 

remains the gold standard and first-line medication for patients with BD for over 70 years (4-

6), effectively treating acute episodes of illness, preventing relapses, and demonstrating anti-

suicidal properties (7-9). However, not all BD patients experience sustained clinical benefits. 

Studies indicate that only about 30% of patients achieve full clinical remission with lithium 

monotherapy, while 30-40% exhibit minimal clinical response (10, 11). Clinical causes and 

predictors of this response heterogeneity have been identified and summarized into a “clinical 

exemplar” for optimal lithium response (12-14). Yet, these clinical variables alone do not fully 

explain interindividual variability (15), and in practice are difficult to comprehensively elicit 

from patients at the point of treatment decision. Therefore, the field has pursued the search 

for an objective biological predictor for the lithium-responsive phenotype, which could 

support clinicians and patients in their decision-making. 

Previous studies have developed polygenic scores (PGSs) to predict lithium responsiveness in 

BD, focusing on genetic risk profiles for related psychiatric conditions such as schizophrenia 

(SCZ) (16), major depressive disorders (MDD) (17), attention-deficit hyperactivity disorder 

(ADHD) (18) and lithium-responsiveness phenotype itself (19, 20). While these PGSs have 

shown statistically significant associations with lithium treatment outcomes, each individual 

PGS explains only a small portion of the variability in lithium response — typically between 

0.18% and 2.6%, indicating limited clinical utility when used alone (21-23).  

An emerging approach to improve predictive accuracy is integrating PGSs for multiple 

phenotypes that share genetic architecture with the phenotype of interest (24-27). For 

example, Schubert et al. meta-analysed the PGSs for MDD and SCZ and found a two-fold 

increase in predictive capability compared to single-trait PGSs (24). Another study by 

Albinana and colleagues combined 937 PGSs derived from multiple diseases and conditions 

that enhanced predictive accuracy for psychiatric diagnoses such as ADHD, affective 

disorder, autism spectrum disorder, BD, anorexia nervosa and SCZ. Using this methodology, 

the explained variance for each diagnosis was four to nine-fold larger, compared with a 

single-disorder PGS (25). Similarly, Krapohl et al. used 81 Genome-wide association studies 
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(GWASs) of cognitive, medical, and anthropometric phenotypes to predict educational 

achievement, general cognitive ability and body mass index (BMI). They found that the 

combined PGSs predicted 10.9% variance in educational achievement, 4.8% in general 

cognitive ability, and 5.4% in BMI – representing increases of 10%, 10%, and 60%, 

respectively, compared to the best-performing single-score predictions (26). These examples 

highlight the potential value of harnessing the shared genetic architecture of multiple 

phenotypes to improve the predictive power of PGSs for complex traits such as lithium 

response in BD. 

Aims 

In the current study, we applied supervised machine learning methods within a multi-trait 

polygenic score (mt-PGS) framework to predict lithium responsiveness in patients with BD. 

By integrating PGSs from multiple phenotypes previously implicated in BD pharmacology 

and/or aetiology, we evaluated whether the mt-PGS approach would improve predictive 

performance. Additionally, we explored the relative contribution of each phenotype-specific 

PGS to lithium response, providing insights into its genetic relationship with lithium response 

phenotype. 
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Methods 

This study adheres to the Transparent Reporting of a multivariable Prediction model for 

Individual Prognosis Or Diagnosis – Artificial Intelligence (TRIPOD-AI) guideline (28) to 

report the findings. The completed TRIPOD-AI checklist is provided in the supplementary 

material.  

Insert supplementary material here 

Data Source and Patient Population 

We utilized data from the International Consortium on Lithium Genetics (ConLi+Gen; 

http://www.conligen.org/), a global initiative investigating the genetic basis of lithium 

response in BD. For this analysis, we included 2,367 patients of European ancestry who 

received lithium and were followed up for a minimum of six months. Participants were 

recruited from Europe, North America, Asia, and Australia between 2008 and 2013 (29). 

Detailed characteristics of this cohort, including clinical and demographic information, are 

available elsewhere (11). 

Target outcome measure 

The ALDA scale, a validated retrospective criteria of long-term treatment response in 

research subjects, was used to assess patient's response to lithium treatment (30, 31). This 

scale quantifies the degree of improvement during lithium therapy by combining changes in 

the frequency and severity of mood symptoms into an A score (ranging from 0 to 10). To 

account for potential confounding factors influencing symptom improvement, the scale 

incorporates a B score, which considers five confounders, each scored 0, 1, or 2. The total 

score is then derived by subtracting the total B score from the A score. The detailed 

procedures for ALDA scale measurement are described elsewhere (29-31). For this study, 

lithium treatment outcome was defined both as a continuous outcome (total ALDA score) and 

as a categorical outcome, with patients having a total score of 7 or higher classified as 

“favourable responders,” and those with a score less than 7 classified as “unfavourable 

responders” (11, 31).  

An overview of the steps involved in developing mt-PGS and the data analysis procedures is 

outlined in Figure 1. 
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Figure 1: The detailed steps for developing mt-PGS and data analysis procedures 

Abbreviations: mt-PGS = Multi-trait polygenic score; GWAS = Genome-wide association 

study; ConLi+Gen = The International Consortium on Lithium Genetic; PGS = Polygenic 

score; R2 = Explained variance; RMSE = Root mean squared error; MAE = Mean accuracy 

error; AUC = Area under the curve; PPV = Positive predictive value; NPV = Negative 

predictive value 

Step-1: Selection of phenotypes 

For this study, we identified 59 phenotypes that have previously been implicated in and/or 

potentially share a genetic architecture with pharmacology or aetiology of BD. These 

included psychiatric disorders and clinical-behavioural phenotypes (32, 33), cardiometabolic 

phenotypes (34-36), cognitive functions (37), autoimmune and inflammatory conditions (38) 

and renal function biomarkers (39). A detailed literature review of each phenotype and its 
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association with BD pharmacology or aetiology is provided in the supplementary literature 

review.  

Step-2: Computing polygenic scores and building a multi-trait PGS library 

To develop PGSs, we extracted publicly available summary statistics (discovery data) for the 

selected phenotypes from the GWAS catalogue [https://www.ebi.ac.uk/gwas/](40), GWAS 

Atlas [https://atlas.ctglab.nl/] (41), GIANT consortium 

[https://portals.broadinstitute.org/collaboration/giant/index.php/GIANT_consortium], CNCR 

- CTG lab [https://cncr.nl/ctg/], and Psychiatric Genomics Consortium 

[https://www.med.unc.edu/pgc]. The detailed characteristics of the GWAS summary statistics 

used are provided in the supplementary table 1. 

Before developing the PGSs, genotype data from the ConLi+Gen consortium (target sample) 

underwent standard quality control (QC) and imputation procedures, as previously described 

(11, 16, 17, 20, 24, 42). A brief summary of the genotyping, QC, and imputation steps is 

provided in the supplementary methods. 

Using the GWAS summary statistics described above, the QC-filtered individuals and SNPs 

from the ConLi+Gen sample and the precomputed linkage disequilibrium (LD) of the 1000 

Genome European external reference panel (43), PGSs for each phenotype were computed. 

The PRS-CS polygenic scoring method was employed to construct the PGS for each 

phenotype (44). Subsequently, we constructed an agnostic PGSs library for the selected 

phenotypes. Each score was standardized to a zero mean and unit variance. Detailed 

information on the computation of PGSs is available in the supplementary methods. 

Step-3: Phenotype clustering for dimensionality reduction  

To minimise the overfitting and to ensure precise estimation of key parameters in the 

prediction models, we determined the optimal number of features in each cluster using the 

“pmsampsize” R package (45), based on our previous machine learning model employed in a 

similar dataset (46). In that model, an explained variance (R2) of 7.1%-9.3% with a standard 

error of 3.14 was reported in the continuous lithium treatment response model. Using a larger 

shrinkage parameter (λ = 0.95), we found that 10-18 features were optimal for a sample size 

of 2367 and 660 responders.  Based on this guide, we adopted an expertise-driven clustering 

approach (47) and grouped the PGSs into five clinical-biological clusters: psychiatric 

disorders and clinical-behavioural phenotypes or (“clinical lithium exemplar”, #22); 
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cardiometabolic (#17); autoimmune/inflammatory (#5); neurocognitive (#8), and renal 

function (#7) clusters. Full lists of phenotypes in each clinical-biological cluster are provided 

in the supplementary table 2.  

Step Four: Developing machine learning models 

Prior to the mt-PGS modelling, we performed a feature reduction analysis within each cluster 

using elastic-net regression for the continuous outcome and eXtreme Gradient-Boosted 

decision tree-based ensembles (XGBoost) for the categorical outcome. Features retained from 

each cluster were then combined for the final mt-PGS analysis. For both categorical and 

continuous outcomes, models were trained and evaluated using five-fold nested cross-

validation. The dataset was partitioned into outer and inner folds. Inner folds were used to 

tune hyperparameters and minimize cross-validation error, while the model was trained on 

the entire inner training set and evaluated on left-out data from the outer fold. This process 

was repeated across all outer folds, and then the ground truth was compared to pooled, 

unseen test predictions (48). Detailed modelling procedures for each outcome are described 

below. 

A. Continuous outcome model 

Elastic-net regularization regression was employed to optimize the hyperparameters and 

estimate the generalization error in predicting the continuous ALDA score. Elastic-net is a 

hybrid approach to regularization that blends L1 and L2 penalties, allowing coefficient 

shrinkage for feature selection while effectively addressing multicollinearity (49). We used 

n_outer_folds = 5, alphaSet = seq(0.05, 1, 0.05) hyperparameters for the elastic-net models. 

The predictive performance of models was assessed using R2, root mean squared error 

(RMSE) and mean absolute error (MAE) for each cluster and the final mt-PGS models. We 

ranked the contribution of features to the continuous outcome based on their absolute 

standardized coefficient in the final mt-PGS model.   

B. Categorical outcome model 

The XGBoost algorithm was selected (50) to predict the categorical outcome, as it has 

demonstrated superior performance in mood disorder classification studies (51). The 

following hyperparameters were used: eta = 0.3, gamma = 0, tree depth = 6, feature selector 

= cyclic. Model discrimination, the accuracy of classification models, was evaluated using 

area under the curve (AUC), balanced accuracy, accuracy, negative and positive predictive 

values, sensitivity, specificity, and F1 score. The boost R package was used to bootstrap a 

 . CC-BY-NC 4.0 International licenseIt is made available under a 
perpetuity. 

 is the author/funder, who has granted medRxiv a license to display the preprint in(which was not certified by peer review)preprint 
The copyright holder for thisthis version posted January 5, 2026. ; https://doi.org/10.64898/2026.01.01.25343187doi: medRxiv preprint 

https://doi.org/10.64898/2026.01.01.25343187
http://creativecommons.org/licenses/by-nc/4.0/


16 
 

95% confidence interval for prediction performance metrics with 500 bootstrap replicates and 

the “perc” method (52). Class weights were applied based on the ratio of responders and non-

responders to achieve balanced predictions for imbalanced data and to assign greater 

importance to misclassifications of the underrepresented class during optimization. The 

McFadden pseudo R2 was calculated (53) and the reported observed R2 was transformed to a 

liability scale (54), taking into account lithium responsiveness prevalence of 30% (11, 55) and 

the proportion of lithium responders to non-responders in the target cohort. Finally, the 

importance of features was ranked using the mean absolute SHapley Additive exPlanation 

(SHAP) value, which determines the contribution of each feature to the categorical outcome 

in the final mt-PGS model. The Shapley value is the average marginal contribution of a 

feature value across all possible coalitions in the XGBoost models (56).  

All machine learning analyses were conducted in  R (version 4.3.1) (57) using the Caret 

package (58).  

Ethics declarations 

The Ethics Committee at the University of Heidelberg provided central ethical approval for 

the consortium, and written consent was obtained from all participants according to the study 

protocols of each of the participating sites and their institutions. All procedures were 

performed according to the Declaration of Helsinki guidelines (11, 38).  
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Results 

Cohort characteristics 

A total of 2,367 patients with BD who had been treated with lithium for at least six months 

were included in this study. Nearly 60% of the participants were females; and the mean age 

was 47.53±13.73 years. Of the total sample, 660 patients (27.9%) responded favourably to 

lithium treatment, and the mean ALDA total score was 4.12±3.15. Detailed sample 

characteristics of the cohort are provided in previous publications (11, 16, 17, 20, 24).  

Multi-trait polygenic model for Lithium response (Continuous outcome)  

The final mt-PGS model combining PGSs from 25 phenotypes across five clusters explained 

5.07% of the variance in lithium responsiveness (RMSE = 3.24, MAE = 2.82; see Table 1 for 

full details). The top ten contributing PGSs for the final mt-PGS model were scores for 

lithium responsiveness, BD, major depression, heart failure, COVID-19 susceptibility, 

asthma, agreeableness, chronic pain, and ADHD (See Figure 2)  

Per-cluster mt-PGS modelling showed that the clinical lithium exemplar (#14 phenotypes), 

neurocognitive (#5), autoimmune/inflammatory (#3), and cardiometabolic (#2) clusters 

explain 2.97%, 0.72%, 0.70%, and 0.58% of the variability in lithium responsiveness, 

respectively. The renal function cluster contributed the least to the overall model, with only 

the PGS for serum sodium level accounting for ~0.01% of the variance in lithium 

responsiveness. A detailed breakdown of the variance explained by cluster-wise and the final 

mt-PGS model is provided in Table 1. 
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Table 1: Continuous outcome model parameters in cluster-wise and combined cluster models  

Model for Contributing features Model parameters 

RMSE MAE R2 

(%) 

Clinical lithium exemplars Lithium responsiveness, BD, major 

depression, schizophrenia, agreeableness, 

extraversion, conscientiousness, ADHD, 

panic anxiety, alcohol use disorders, 

OCD, broad anti-social behaviours, 

PTSD and Tourette’s syndrome 

3.27 2.85 2.97 

Neurocognitive Chronic pain, occupational creativity, 

Alzheimer’s disease, cerebral brain 

volume and generalised epilepsy  

3.32 2.92 0.72 

Autoimmune/Inflammatory  Asthma, COVID-19 susceptibility and 

serum CRP level  

3.30 2.89 0.71 

Cardiometabolic  Heart failure and serum TSH level  3.31 2.91 0.58 

Renal function  Serum sodium level  3.33 2.92 ~0.01 

Final mt-PGS model All the above 3.24 2.82 5.07 

Abbreviations: BD = Bipolar disorder; ADHD = Attention-deficit hyperactivity disorder; 

OCD = Obsessive-compulsive disorder; PTSD = Posttraumatic stress disorder; TSH = 

Thyroid stimulating hormone; RMSE = Root Mean Squared Error; MAE = Mean Accuracy 

Error; R2 = Explained variance; mt-PGS = Multi-trait polygenic score 
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Figure 2: Retained polygenic scores in the final mt-PGS model of continuous outcome.  

Abbreviations: mt-PGS = Multi-trait polygenic score; ADHD = Attention-deficit 

hyperactivity disorder; OCD = Obsessive compulsive disorder; CRP = C-reactive protein; 

TSH = Thyroid stimulating hormone; PTSD = Posttraumatic stress disorder 

Multi-trait polygenic model for Lithium response (Categorical outcome) 

Of the 59 PGSs initially considered, 23 were retained in the final mt-PGS model, collectively 

explaining 9.02% of the variance in lithium responsiveness on the liability scale (McFadden 

pseudo-R²; SE = 0.018) and resulted in a prediction accuracy of 68.13% (95% CI: 64.86, 

71.77) for lithium responders. The top contributing features in order of importance were: the 

PGS for lithium responsiveness is the most dominant feature contributor to the final mt-PGS 

model parameters for the categorical outcome, followed by agreeableness, chronic pain, BD, 

panic anxiety, ADHD, serum CRP level, Tourette’s syndrome, COVID-19 susceptibility and 

major depression (See Figure 3).  
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Figure 3: The top 20 polygenic scores contributing to the final mt-PGS model of categorical 

outcome.  

Abbreviations: mt-PGS = Multi-trait polygenic score; ADHD = Attention-deficit 

hyperactivity disorder; CRP = C-reactive protein 

Legend: Bar plot of polygenic scores importance, ranked from the most to the least (top to 

bottom). 

Cluster-wise analyses showed that the PGSs from the clinical lithium exemplar, 

autoimmune/inflammatory, neurocognitive, and cardiometabolic clusters explained 6.20%, 

1.88%, 1.64%, and 0.68% of the variance in lithium responsiveness in liability scale, with 

corresponding AUCs of 62.02% (95% CI: 58.06–65.63), 55.37% (95% CI: 51.62–59.30), 

51.99% (95% CI: 48.43–55.98), and 52.43% (95% CI: 48.79–56.21), respectively. No 

phenotype in the renal function cluster contributed meaningfully to the lithium 

responsiveness (categorical outcome). A full summary of the categorical outcome model 

parameters in cluster-wise and final mt-PGS models is provided in Supplementary Table 3. 
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Discussion 

This study demonstrates that mt-PGS approach, which integrates genetic risk information 

from a broad spectrum of phenotypes implicated in lithium pharmacology and the aetiology 

BD, substantially improves the prediction of lithium responsiveness. Our mt-PGS explained 

9.02% of the variance in the categorical and 5.07% in the continuous lithium prediction 

model, with a maximum AUC of 68.13% (95% CI: 64.86, 71.77). These results represent a 

substantial improvement (four to nine-fold increase) over single-trait PGS models (e.g., 

schizophrenia, major depression, and bipolar disorder), which explained only 1–2.6% of the 

variance in lithium responsiveness (16-18, 20, 24). 

The superior performance of the mt-PGS model is likely due to several factors. First, by 

leveraging polygenic information from multiple, genetically correlated phenotypes, the model 

captures a broader and more relevant spectrum of genetic variance (13, 59). This approach 

aligns with recent research showing that multi-trait models, especially those integrating traits 

with shared biological pathways, consistently outperform single-trait models in complex trait 

prediction (21, 24, 27, 60, 61). Second, the inclusion of PGSs from medical and behavioural 

phenotypes that are already known to be associated with psychiatric conditions, as well as 

pharmacogenomic phenotypes, increases statistical power and biological specificity (62).  

Polygenic scores for phenotypes within the clinical lithium exemplar cluster emerged as the 

most strongly associated features in predicting lithium responsiveness, with R² of 2.97% in 

the continuous outcome model and McFadden pseudo-R² of 6.02% in the categorical 

outcome model. This strong association is expected, given that the clinical lithium exemplar 

phenotype shares a similar genetic architecture with both BD and lithium responsiveness, as 

established in previous genetic studies (13, 59). Of the individual phenotypes contributing to 

this cluster, PGSs for BD and lithium responsiveness phenotype were positively associated 

with actual lithium response, echoing earlier researches (20, 63) and supporting the idea that 

individuals with a higher genetic predisposition for BD and lithium response are more likely 

to benefit from lithium treatment. Conversely, PGSs for MDD, SCZ, ADHD, panic anxiety, 

and broad antisocial behavior were negatively associated with lithium responsiveness. This is 

consistent with clinical observations that BD patients with a family history of these disorders 

often respond less favorably to lithium (16-18, 24). Additionally, PGSs for agreeableness and 

conscientiousness personality traits were positively associated with lithium response, possibly 

reflecting the influence of these traits on treatment adherence and supportive behaviors (64). 

Agreeableness, in particular, is linked to increased support-seeking, emotional expression, 
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and positive affect, which may facilitate better clinical outcomes (65). In contrast, 

extraversion was associated with poorer lithium response, suggesting that different 

personality structures can have distinct effects on treatment efficacy. Collectively, these 

findings highlight the complex interplay between genetic risk for psychiatric and behavioral 

traits and the likelihood of responding to lithium, underscoring the potential value of multi-

trait polygenic approaches in guiding personalized treatment strategies for BD. 

Autoimmune and inflammatory PGSs explained a modest but notable proportion of lithium 

responsiveness, accounting for 0.71% to 1.88% of the variance. Within this group, PGSs for 

asthma and serum CRP levels were negatively associated with lithium response, indicating 

that individuals with higher genetic risk for these inflammatory conditions are less likely to 

benefit from lithium treatment. This finding aligns with the established role of inflammation 

in BD, where elevated CRP and chronic low-grade inflammation are linked to greater 

symptom severity and shorter durations of effective lithium therapy. Lithium’s recognized 

immune-modulating properties, including its influence on proinflammatory cytokine 

regulation (66), may underlie some of its therapeutic effects in mood disorders. The negative 

association between serum CRP PGS and lithium response supports the hypothesis that 

lithium’s anti-inflammatory action could be a key mechanism in its efficacy, and that 

individuals with a genetic predisposition to higher inflammation may experience less benefit 

(67). Furthermore, immune-related gene sets have been shown to be overrepresented in 

lithium resistance, with activation of inflammatory and adaptive immune pathways observed 

in non-responders (38). 

Interestingly, the study found a significant positive association between the PGS for COVID-

19 susceptibility and lithium response. This is perhaps surprising, but lithium has 

demonstrated antiviral properties including activity against COVID-19, in preclinical studies 

(68). One possible explanation is that genetic variants conferring susceptibility to COVID-19 

may overlap with immune pathways that also enhance lithium’s therapeutic effects, or that 

individuals with these variants may have an immune profile that is particularly responsive to 

lithium’s modulatory actions. However, this association warrants further investigation to 

clarify the underlying biological mechanisms. Overall, these findings highlight the complex 

interplay between immune function, inflammation, and lithium efficacy, suggesting that 

genetic risk for immune-related traits may help predict which patients are most likely to 

benefit from lithium therapy in BD. 
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Polygenic scores for neurocognitive phenotypes such as occupational creativity, cerebral 

brain volume, and general epilepsy were found to be positively associated with lithium 

responsiveness, while PGS for Alzheimer’s disease and chronic pain showed a negative 

association. These findings are consistent with a growing body of evidence highlighting 

lithium’s multifaceted neuroprotective effects (69). Long-term lithium treatment has been 

shown to not only stabilize mood but also to exert neuroprotective actions, including the 

reversal of neuropathological changes associated with Alzheimer’s disease and the 

improvement of memory deficits (70). Neuroimaging studies further support these 

observations, demonstrating that sustained lithium use is linked to increased hippocampal and 

amygdala volumes and greater cortical thickness (71, 72)—structural changes that may 

underlie enhanced divergent thinking, a key component of occupational creativity (73).  

The positive association between PGS for epilepsy and lithium responsiveness is also 

notable, as lithium possesses recognized anticonvulsant properties and is sometimes used 

adjunctively in epilepsy management (74). Conversely, the negative association with chronic 

pain PGS may reflect lithium’s involvement in pain modulation pathways; lithium has been 

shown to inhibit neuromodulators such as substance P and vasoactive intestinal peptide, 

which are implicated in the perception of pain (75). Moreover, lithium is thought to help 

restore the balance between excitatory and inhibitory neurotransmission and to promote the 

synthesis of neuroprotective proteins that are often impaired in chronic pain conditions (75, 

76). Collectively, these findings suggest that individuals with a genetic predisposition toward 

greater neurocognitive capacity or epilepsy may derive more benefit from lithium, while 

those with genetic risk for neurodegenerative or chronic pain conditions may respond less 

favorably. This underscores the importance of considering neurocognitive and neurological 

genetic profiles when predicting lithium response and further supports the integration of 

neuroimaging and multi-omics data in future precision psychiatry research. 

We observed a negative association between PGS for heart failure and serum TSH levels with 

lithium responsiveness. This suggests that individuals with a higher genetic predisposition to 

heart failure or elevated TSH—a marker of hypothyroidism—are less likely to respond 

favorably to lithium treatment. Hypothyroidism is a well-documented side effect of long-term 

lithium therapy, and a high genetic loading for this condition may reduce the therapeutic 

benefits of lithium (77, 78). While lithium at therapeutic levels has been reported to exert 

cardioprotective effects and lower the risk of cardiovascular diseases (79, 80), our findings 

highlight that genetic risk for cardiometabolic dysregulation may negatively influence lithium 
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response. Cardiometabolic diseases such as heart failure have been associated with an 

increased risk of renal impairment, which can reduce lithium clearance leading to lithium 

accumulation and toxicity-thereby altering its therapeutic efficacy (81).  

Lithium is primarily eliminated from the body via the renal system (82), and its use is well 

known to be associated with both acute side effects, such as polyuria, and long-term 

complications, including chronic renal failure (77, 83, 84). Chronic lithium-induced renal 

disease is typically characterized by a gradual decline in glomerular filtration rate (eGFR) 

and creatinine clearance (85). In our analysis, we included the PGSs for renal function traits 

such as eGFR, serum electrolytes, creatinine, a key biomarker of renal function, and vitamin 

D, which is activated in the kidneys (86). Despite the clear pharmacokinetic relevance of 

these renal and electrolyte phenotypes to lithium, their combined contribution to the 

variability in lithium responsiveness was negligible in our study. This finding suggests that, 

while renal function is critical for lithium clearance, genetic loading for renal function traits 

may not be determinant of its therapeutic efficacy. 

Limitations 

Our study should be interpreted in light of important limitations. First, although the 

ConLi+Gen cohort represents the largest available dataset for studying lithium treatment 

outcomes in BD, its sample size remains modest compared to cohorts used in other large-

scale genetic studies (87). This limitation may reduce the statistical power to generate highly 

precise PGSs and could affect the stability of our findings (11, 22, 23). Second, the 

application of machine learning analyses to a relatively small sample raises the possibility of 

overfitting, which can artificially inflate prediction accuracy (48). While we employed nested 

cross-validation and careful hyperparameter tuning to mitigate this risk, the potential for 

overestimation of predictive performance cannot be entirely excluded. Third, despite our 

model explaining a significantly greater proportion of the variance in lithium responsiveness 

compared to previous studies, its predictive accuracy is not yet sufficient for routine clinical 

application. Fourth, our analysis was restricted to individuals of European ancestry, which 

means the findings may not be generalizable to populations with different genetic 

backgrounds and could limit the broader applicability of our results. Fifth, our PGSs were 

constructed using GWAS summary statistics, which primarily capture common genetic 

variants and may miss the influence of rare variants that could also affect lithium response 

(88). Sixth, the PGS for lithium responsiveness was calculated using the ConLi+Gen cohort as 
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both the discovery and target dataset, employing a leave-one-country-out procedure. This 

approach may overestimate the effect of the lithium responsiveness phenotype and therefore 

requires validation analysis using an independent target cohort. Finally. the set of polygenic 

predictors/phenotypes selected within each cluster may not be exhaustive or fully 

representative of all features potentially associated with lithium responsiveness, as additional 

relevant predictors may yet be identified as the field advances. These limitations highlight the 

need for larger, more diverse cohorts, prospective study designs, and the inclusion of rare 

variant analyses in future research to further refine and validate predictive models for lithium 

response in BD. 

Conclusion 

In summary, our study highlights that the predictive power of PGSs for lithium 

responsiveness can be substantially increased by integrating genetic variants from multiple 

pharmacogenomic and disease-associated traits, rather than relying solely on single-

phenotype scores. This multi-trait approach takes advantage of the shared genetic architecture 

among related phenotypes, thereby capturing a wider and more clinically relevant spectrum 

of genetic risk factors. The integration of genomics with clinical data has already 

demonstrated considerable promise; for example, Cearns et al. showed that combining PGSs 

for MDD and SCZ with clinical variables using machine learning algorithms explained nearly 

14% of the variance in lithium responsiveness, outperforming models based on either genetic 

or clinical data alone (46). Building on this, further improvements in predictive accuracy are 

likely achievable by adopting mt-PGS approaches in combination with detailed clinical 

profiles. Looking ahead, future research should prioritize integrating pharmaco-multiomics 

data—including genomics, metabolomics, neuroimaging, and clinical variables—with the 

goal of developing even more robust and personalized predictive models. Such integrative 

and data-driven strategies hold great promise for advancing precision psychiatry (89), 

ultimately enabling more tailored and effective treatment selection for individuals with BD 

and other complex psychiatric conditions. 
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