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The use of machine learning algorithms and artificial intelligence in medicine has attracted significant 
interest due to its ability to aid in predicting medical outcomes. This study aimed to evaluate the 
effectiveness of the random forest algorithm in predicting medical outcomes related to acute lithium 
toxicity. We analyzed cases recorded in the National Poison Data System (NPDS) between January 
1, 2014, and December 31, 2018. We highlighted instances of acute lithium toxicity in patients with 
ages ranging from 0 to 89 years. A random forest model was employed to predict serious medical 
outcomes, including those with a major effect, moderate effect, or death. Predictions were made 
using the pre-defined NPDS coding criteria. The model’s predictive performance was assessed 
by computing accuracy, recall (sensitivity), and F1-score. Of the 11,525 reported cases of lithium 
poisoning documented during the study, 2,760 cases were categorized as acute lithium overdose. 
One hundred thirty-nine individuals experienced severe outcomes, whereas 2,621 patients endured 
minor outcomes. The random forest model exhibited exceptional accuracy and F1-scores, achieving 
values of 99%, 98%, and 98% for the training, validation, and test datasets, respectively. The model 
achieved an accuracy rate of 100% and a sensitivity rate of 96% for important results. In addition, it 
achieved a 96% accuracy rate and a sensitivity rate of 100% for minor outcomes. The SHapley Additive 
exPlanations (SHAP) study found factors, including drowsiness/lethargy, age, ataxia, abdominal 
pain, and electrolyte abnormalities, significantly influenced individual predictions. The random forest 
algorithm achieved a 98% accuracy rate in predicting medical outcomes for patients with acute lithium 
intoxication. The model demonstrated high sensitivity and precision in accurately predicting significant 
and minor outcomes. Further investigation is necessary to authenticate these findings.
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Lithium has been a cornerstone in the treatment of bipolar disorder, providing significant mood stabilization 
benefits and reducing the risk of relapse1. However, its narrow therapeutic index of 0.8 to 1.2 mEq/L and potential 
for toxicity warrant careful monitoring of serum lithium concentrations in patients undergoing treatment2. 
Acute lithium poisoning can occur via accidental ingestion or intentional ingestion in cases of attempted self-
harm. While not always leading to toxicity, acute lithium exposure raises concerns for potential toxicity if the 
amount exceeds the individual’s therapeutic threshold. Toxicity generally occurs when concentrations exceed 
1.5 mEq/L, with concentrations ≥ 4-5 mEq/L associated with severe clinical sequelae especially in patients 
with renal insufficiency3,4. However, some patients may experience symptoms of toxicity despite having serum 
concentrations within the therapeutic range. Acute lithium poisoning, whether unintentional or intentional, 
can lead to severe complications, primarily comprising adverse neurological manifestations5. Therefore, early 
recognition and appropriate management are crucial in mitigating adverse outcomes. The application of machine 
learning (ML) and artificial intelligence (AI) in medical settings has expanded rapidly in recent years6–8, with 
a growing interest in using these techniques to improve clinical decision-making, patient management, and 
outcome prediction9. Few studies have used ML on national poisoning data in medical toxicology10–17.

ML methods, like random forest and deep learning, can predict multiple toxicity endpoints such as acute oral 
toxicity and hepatotoxicity18. Integrating omics technology with ML improves the identification of biomarkers 
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for early toxicity diagnosis19. ML algorithms have demonstrated considerable efficacy in forecasting the 
results of diverse poisoning exposures, utilizing data from the National Poison Data System (NPDS). Research 
has demonstrated the effectiveness of these models in predicting and identifying toxic agents, including 
organophosphates20, methanol16, and methadone21. Decision tree methods have been useful in managing 
extensive datasets. This has been exemplified by bupropion exposure effects22 and diphenhydramine exposure 
cases, both including large sample sizes, highlighting the exceptional efficacy of models such as Extreme Gradient 
Boosting (XGBoost) and Light Gradient Boosting Machine (LGBM)23.

Additionally, ML has been employed to forecast seizures resulting from tramadol toxicity24, distinguish 
between repeated supra-therapeutic and acute acetaminophen exposures21,25, and ascertain risk factors for 
both purposeful and unintentional poisonings26. Developing a practical web application for antihyperglycemic 
agent poisoning27–29 and a triage system for mushroom poisoning30 underscores the efficacy of AI in public 
health. Ultimately, a model forecasting childhood lead poisoning demonstrated the efficacy of random forest 
algorithms31.

Random forest, a widely used ML algorithm, has demonstrated effectiveness in various medical applications, 
from disease diagnosis to predicting complications and treatment response32. However, the potential of random 
forest in predicting medical outcomes of acute lithium poisoning has not yet been extensively explored. The 
random forest algorithm has excelled in predicting poisonings in several scenarios, especially within clinical 
and toxicological environments. A study on diquat poisoning demonstrated that a random forest model attained 
a prediction accuracy of 0.95 ± 0.06 in assessing patient prognosis, highlighting the algorithm’s efficacy in 
clinical decision-making33. A pilot study used random forest and other ML algorithms to categorize poisoning 
exposures according to clinical symptoms. The model attained 77–80% accuracy in differentiating among 
distinct poisoning agents34.

Lithium toxicity can be exacerbated in individuals with renal insufficiency, as the kidney plays a crucial 
role in lithium elimination. Patients with pre-existing renal impairment prior to lithium therapy exhibit a 
markedly increased risk of developing severe chronic kidney disease, with a 10-year follow-up indicating a 48% 
incidence among individuals with elevated serum creatinine at the commencement of treatment35. Furthermore, 
prolonged lithium administration correlates with a dose-response relationship for chronic kidney disease, 
with risks escalating alongside duration and cumulative dosage36. Additionally, factors such as the use of non-
steroidal anti-inflammatory drugs, angiotensin converting enzyme inhibitors (ACE-I). Angiotensin receptor 
blockers, and thiazides can further impact renal function and exacerbate lithium concentrations, increasing the 
risk of toxicity37,38.

This study aims to evaluate the performance of a random forest model in predicting medical outcomes related 
to acute lithium poisoning using NPDS data. By identifying the factors influencing the prediction of serious and 
minor outcomes, this study aims to assist clinicians in making informed decisions about patient management 
and contribute to helping mitigate acute lithium toxicity.

Methods
Data were obtained from the NPDS, which compiles case information from all regional poison centers in 
the United States. The NPDS is a valuable resource for investigating poisoning exposures and their medical 
outcomes39.

The Colorado Multidisciplinary Institutional Review Board (COMIRB#: 22-1088) granted a formal exemption 
for this study. De-identified NPDS data from January 1, 2014, to December 31, 2018, involving single-agent 
lithium exposures for individuals of all age groups were examined.

In ML, a feature refers to an independent variable often used as input to predict a dependent variable. The 
NPDS dataset contained 133 features, with 131 being NPDS symptoms. All features, except for age, were binary 
variables. Age was a continuous variable. The algorithm’s dependent (target) variable was “medical outcome,” 
which had three categories in this study (major, moderate, and minor outcome). Moderate and minor outcomes 
were aggregated into a single group for model evaluation. The confusion matrix presented in the analysis is 
structured in a 2 × 2 format, concentrating solely on serious (major) and mixed outcomes.

To address missing data, we employed multiple imputation techniques, ensuring the robustness of our 
predictive model against incomplete records. Our investigation utilized the Markov Chain Monte Carlo 
methodology for multiple imputations. We selected this mostly due to its capability in managing intricate 
patterns of missing data and its allowance for integrating auxiliary variables that enhance the precision of our 
imputations.

We assumed missingness to be random and corroborated this assumption through sensitivity analyses, 
indicating that our results were stable across different imputation methods. This approach allowed us to maintain 
the integrity of our dataset while minimizing bias introduced by missing information.

This study tackled a supervised classification task where the target variable had three distinct categories. The 
initial phase of the ML process focused on data preparation, a crucial step in making the information suitable 
for model input. Our pre-processing efforts addressed two main challenges: handling missing data points and 
standardizing the variables.

Given that all features except age were binary, we paid specific attention to the age variable. To align it with 
the scale of the Boolean attributes, we applied normalization using the mean and standard deviation. Two 
methods were applied in order to standardize the age variable: min-max scaling (normalization) and standard 
scaling (z-score normalization):

	
Min − Max Scaler (normalization) = X − X min

Xmax − X min
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Standard Scaler = X − mean (X)

Standard deviation (X)

This method brought the age to a comparable magnitude, which helped lower the model’s potential variance.
Initially, we investigated a deep learning strategy and established several parameters, such as the number 

of hidden layers, their size, and the learning rate. However, when the performance results were evaluated, we 
discovered that the random forest algorithm performed far better than the deep learning model. In light of this, 
we concentrated our efforts on the random forest model for our investigation.

After pre-processing, we partitioned the dataset randomly into three distinct subsets:

	1.	 Training data (70%).
	2.	 Validation data (15%).
	3.	 Testing data (15%).

Our approach involved training multiple models using the training dataset, each with different hyperparameter 
configurations. We then evaluated these models’ performance using the validation set, which allowed us to 
identify the most effective hyperparameter combination.

The final step involved selecting the best performing model based on its validation results. We then assessed 
the chosen model’s performance on the previously unseen testing dataset, providing an unbiased measure of its 
effectiveness and generalization capabilities.

Feature selection using recursive feature elimination with cross-validation (RFECV)
Feature selection is a method employed to pinpoint the most pertinent features in a dataset. It can enhance the 
model’s performance by minimizing overfitting, eliminating redundancy, and streamlining the model. In this 
study, RFECV is one of the feature selection approaches used to determine the most significant features in the 
medical dataset. RFECV systematically eliminates features and identifies the optimal subset based on the model’s 
cross-validated performance. This technique helps uncover the features most essential for predictions, ultimately 
enhancing the model’s accuracy and effectiveness.

Managing data imbalance
The Synthetic Minority Oversampling Technique (SMOTE) is a popular oversampling method for addressing 
the class imbalance issue in ML datasets. Class imbalance can negatively impact the performance of classification 
algorithms, as the model may be biased towards the majority class, resulting in poor predictive performance 
for the minority class. By generating synthetic samples for the minority class, SMOTE helps balance the class 
distribution, ensuring that the classification model can effectively learn from both the majority and minority 
classes. This study employed SMOTE prior to the application of the random forest algorithm. This pre-processing 
stage entailed choosing one or more k-nearest neighbors for each minority class instance and generating new 
synthetic examples, thus equilibrating the class distribution. Our objective was to augment the random forest 
model’s capacity to identify underlying patterns in the data and enhance its forecast accuracy, especially for 
the minority class. The application of SMOTE significantly enhanced the robustness and reliability of the 
classification model for predicting medical outcomes.

Machine learning approach
This work utilized the random forest method as the principal modeling technique owing to its durability and 
efficacy in managing complicated information, especially in medical toxicology.

Random forest is an ensemble learning technique that involves creating multiple decision trees during 
training and combining their outputs to produce the final prediction. The main objective of this approach is 
to enhance the model’s overall performance by mitigating overfitting and boosting stability, which are typical 
challenges encountered with individual decision trees. We meticulously selected the random forest algorithm 
for its ability to handle non-linear relationships and interaction effects among variables, with hyperparameters 
fine-tuned based on cross-validation to optimize prediction accuracy while minimizing the risk of overfitting. 
Its efficacy in handling noisy data and outliers renders it especially appropriate for our dataset, which displays 
uneven output characteristics. Due to the essential importance of a medical diagnosis, where precision is vital, 
random forest enables us to concentrate on challenging instances and enhance predictive performance.

The Scikit-learn library, a popular ML library in Python, provides an efficient and easy-to-use implementation 
of the random forest algorithm. In addition, scikit-learn offers various tools for data pre-processing, model 
training, evaluation, and fine-tuning, making it an ideal choice for researchers and practitioners working with 
ML models, including random forest. In random forest classification, five key hyperparameters play a critical 
role:

	1.	 Tree quantity (often labeled as n_estimators).
	2.	 Maximum tree depth (max_depth).
	3.	 Minimum sample threshold for node splitting (min_samples_split).
	4.	 Minimum sample requirement for leaf nodes (min_samples_leaf).
	5.	 Feature count considered at each split (max_features).

These parameters significantly influence the model’s behavior and effectiveness. Fine-tuning is crucial as they 
can greatly affect the following:
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•	 Overall performance.
•	 Prediction accuracy.
•	 Model’s ability to generalize.

Therefore, optimizing these hyperparameters is a vital step in the model development process, particularly 
during the training and validation phases. This optimization helps ensure the random forest classifier is well-
suited to the specific characteristics of the dataset and the classification task at hand.

Evaluation of the model
Our analysis used confusion matrices for the training, validation, and testing datasets to evaluate the random 
forest model’s performance. These matrices offer a comprehensive overview of the model’s predictions, including 
correct classifications, errors, and the distribution of predictions across different medical outcomes.

The confusion matrix provides valuable insights by highlighting the following:

	– Accurate predictions.
	– Misclassifications.
	– Total instances per medical outcome.
	– Correctly identified cases.
	– False detections.
	– Distribution of predictions across outcomes.

The matrix presents true positives, false positives, and false negatives for each medical outcome. A positive result 
in this context signifies correctly identifying a specific medical outcome.

To thoroughly assess the random forest model’s effectiveness, we employed various performance metrics:

	(1)	 Overall accuracy: The percentage of correct predictions across all classes, offering a general measure of the 
model’s classification ability.

	(2)	 Specificity: The model’s capacity to identify true negatives demonstrates its ability to distinguish the major-
ity class from others.

	(3)	 Precision: The proportion of correct positive predictions out of all positive predictions, indicating the mod-
el’s accuracy in classifying a specific class.

	(4)	 Recall (sensitivity): The percentage of true positives among all actual positives, showing the model’s ability 
to identify cases within a particular class.

	(5)	 F1-score: The harmonic mean of precision and recall, providing a balanced measure of the model’s perfor-
mance.

Additionally, we used graphical evaluation methods:

	– Receiver Operating Characteristic (ROC) curve: This plots the true positive rate against the false positive rate 
across various thresholds, visually representing the model’s discrimination capability.

	– Area Under the ROC Curve (AUC-ROC): A single metric summarizing the ROC curve, with higher values 
indicating better performance.

Precision-Recall curve: This curve plots precision against recall at different thresholds to focus on the model’s 
performance for minority classes.

These diverse metrics and visualization techniques comprehensively understand the random forest model’s 
strengths and weaknesses, allowing for targeted improvements and ensuring reliable predictions. In imbalanced 
datasets, the Precision-Recall curve can be more informative than the ROC curve, as it highlights the trade-off 
between precision and recall, which are both crucial for the effective classification of the minority class. These 
curves offer a comprehensive view of the model’s performance across different thresholds and help identify the 
optimal trade-off between various performance metrics. This ultimately guides the fine-tuning of the random 
forest classifier for improved prediction of medical outcomes.

Explainability of the model with the Shapley additive explanations (SHAP) values
SHAP analysis is another valuable tool used in this study to interpret the predictions made by the random forest 
model. SHAP values are a unified measure of feature importance derived from cooperative game theory that 
assigns a contribution value to each feature in the model. These values help understand each feature’s impact on 
the prediction for individual instances and the entire model. The importance of SHAP analysis lies in its ability 
to provide interpretable insights into the model’s decision-making process, enabling researchers to identify the 
most influential features and understand how they contribute to the predictions.

Two plots can be created to visualize the SHAP values: summary and dependence plots. Summary plots 
display the global feature’s importance by ranking the features based on their average absolute SHAP values. In 
these plots, each dot represents a SHAP value for a feature and an instance, with the color indicating the feature’s 
value (e.g., high or low). The plot illustrates each feature’s positive or negative contribution to the model’s output.

Dependence plots demonstrate the relationship between a specific feature’s value and its corresponding 
SHAP value, revealing potential interactions between features and how they impact the predictions. By 
interpreting these figures, researchers can gain valuable insights into the model’s behavior, ultimately guiding 
model refinement and improving its overall performance in predicting medical outcomes.
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Results
The research examined 11,525 lithium exposure cases, including 2,670 acute overdoses. One hundred thirty-
nine patients experienced serious outcomes, while 2,621 had minor outcomes. The biological sex distribution 
was 1,763 females (three pregnant) and 995 males.

In order to improve the dependability of our findings, we carried out a comparative analysis using the 
random forest algorithm in conjunction with several different ML models. These models included Extreme 
Gradient Boosting, Extra Trees Classifier, Decision Tree, Light Gradient Boosting Machine, CatBoost Classifier, 
Gradient Boosting Classifier, Ada Boost Classifier, Linear Discriminant Analysis, K-Neighbors Classifier, and 
Support Vector Machine with a Linear Kernel (Table 1). In predicting outcomes associated with acute lithium 
poisoning, the performances of all models were evaluated based on important criteria such as accuracy, area 
under the curve (AUC), recall, and F1-score values. Based on the findings, it can be concluded that although the 
random forest algorithm produced results comparable to those of other models, other models exhibited unique 
benefits for the various outcomes. The results of this study provide a complete examination of the capabilities of 
several algorithms to make predictions, and they support our decision to use random forest in this investigation.

The random forest model’s performance in predicting outcomes was as follows (Tables 2, 3, and 4):

	– Training group: 99% accuracy and F1-score.
	– Validation group: 97% accuracy and F1-score.
	– Testing group: 98% accuracy and F1-score.

For the test set specifically:

	– Serious outcomes: 100% precision, 96% sensitivity.
	– Minor outcomes: 96% precision, 100% sensitivity.

Model Dataset Accuracy(avg.) AUC(avg.) Recall(avg.) Prec. (avg.) F1(avg.)

Random Forest Classifier

Train 0.9948 0.9948 0.9948 0.9948 0.9948

Validation 0.9732 0.9732 0.9732 0.973346 0.9732

Test 0.9822 0.9832 0.9822 0.9828 0.9822

Extra Trees Classifier

Train 0.9270 0.9711 0.9270 0.9293 0.9268

Validation 0.9282 0.9751 0.9282 0.9290 0.9281

Test 0.9191 0.9653 0.9173 0.9110 0.9171

Decision Tree Classifier

Train 0.9210 0.9285 0.9210 0.9244 0.9208

Validation 0.9205 0.9301 0.9205 0.9224 0.9204

Test 0.9108 0.9101 0.9101 0.9113 0.9108

Extreme Gradient Boosting

Train 0.9163 0.9678 0.9163 0.9183 0.9162

Validation 0.9129 0.9648 0.9129 0.9141 0.9128

Test 0.9089 0.9549 0.9079 0.9031 0.9088

Light Gradient Boosting Machine

Train 0.9180 0.9664 0.9180 0.9197 0.9179

Validation 0.9135 0.9638 0.9135 0.9144 0.9135

Test 0.9085 0.9558 0.9095 0.9094 0.9085

CatBoost Classifier

Train 0.8858 0.9506 0.8858 0.8889 0.8856

Validation 0.8716 0.9451 0.8716 0.8724 0.8715

Test 0.8616 0.9344 0.8626 0.8624 0.8615

Gradient Boosting Classifier

Train 0.8280 0.9036 0.8280 0.8343 0.8272

Validation 0.8137 0.8970 0.8137 0.8194 0.8129

Test 0.8127 0.8950 0.8116 0.8175 0.8109

Ada Boost Classifier

Train 0.7950 0.8748 0.7950 0.8075 0.7929

Validation 0.7985 0.8748 0.7985 0.8084 0.7968

Test 0.7895 0.8698 0.7898 0.8093 0.7868

Linear Discriminant Analysis

Train 0.7869 0.8668 0.7869 0.7957 0.7853

Validation 0.7877 0.8623 0.7877 0.7971 0.7860

Test 0.7778 0.8521 0.7776 0.7871 0.7760

K-Neighbors Classifier(KNN)

Train 0.7836 0.9035 0.7836 0.8351 0.7748

Validation 0.7858 0.9047 0.7858 0.8387 0.7770

Test 0.7762 0.8935 0.7774 0.8292 0.7661

Support Vector Machines– Linear Kernel

Train 0.6577 0.8202 0.6577 0.6580 0.6051

Validation 0.5137 0.5140 0.5137 0.7535 0.3633

Test 0.5039 0.5031 0.5079 0.7475 0.3589

Table 1.  Performance comparison of machine learning models.
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Confusion matrices (Tables 4, 5, 6, and 7) illustrated all groups’ false detections and outcome distributions. For 
instance, in the test group (Table 7), 14 cases of serious outcomes were incorrectly classified as minor, while 389 
serious outcome cases were correctly identified.

SHAP analysis revealed key factors influencing predictions (Fig. 1):

	– Drowsiness/lethargy.
	– Age.
	– Ataxia.

Prediction Serious Outcome Minor Outcome

True

 Serious Outcome 365 13

 Minor Outcome 8 400

Table 6.  Classification results matrix for random forest algorithm: acute lithium toxicity outcome prediction 
(Validation Set).

 

Prediction Serious Outcome Minor Outcome

True

 Serious Outcome 1821 19

 Minor Outcome 0 1829

Table 5.  Classification results matrix for random forest algorithm: acute lithium toxicity outcome prediction 
(Training Data).

 

Labels Serious Outcome Minor Outcome Average Weighted average

Specificity 1.000000 0.965261 0.982630 0.983050

Precision 1.000000 0.964824 0.982412 0.982837

Recall 0.965261 1.000000 0.982630 0.982211

F1_Score 0.982323 0.982097 0.982210 0.982213

Accuracy NaN NaN 0.982211 0.982211

Table 4.  Evaluation metrics for random forest algorithm: forecasting severity of acute Lithium toxicity 
outcomes (Testing Set).

 

Labels Serious Outcome Minor Outcome Average Weighted average

Specificity 0.980392 0.965608 0.973000 0.972718

Precision 0.978552 0.968523 0.973538 0.973346

Recall 0.965608 0.980392 0.973000 0.973282

F1_Score 0.972037 0.974421 0.973229 0.973275

Accuracy NaN NaN 0.973282 0.973282

Table 3.  Evaluation metrics for random forest algorithm: forecasting severity of acute lithium toxicity 
outcomes (Validation Set).

 

Labels Serious Outcome Minor Outcome Average Weighted average

Specificity 1.000000 0.989674 0.994837 0.994852

Precision 1.000000 0.989719 0.994859 0.994875

Recall 0.989674 1.000000 0.994837 0.994821

F1_Score 0.994810 0.994833 0.994821 0.994821

Accuracy – – 0.994821 0.994821

Table 2.  Evaluation metrics for random forest algorithm: forecasting severity of acute lithium toxicity 
outcomes (Training Dataset).
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	– Abdominal pain.
	– Electrolyte abnormalities.

The model’s performance was further evaluated using ROC and Precision-Recall curves (Figs. 2 and 3):

	– AUC-ROC: 0.99 for both serious and minor outcomes.
	– Precision-Recall curve: Average precision of 1.00.

These results indicate that the random forest model is highly accurate in predicting the outcomes of acute lithium 
poisoning, with excellent performance across various metrics.

Discussion
In this study, we aimed to assess the effectiveness of a random forest model in predicting the outcomes of acute 
lithium poisoning cases using NPDS. Our model exhibited a high accuracy of 98% in forecasting both serious 
and minor outcomes associated with acute lithium poisoning, demonstrating strong sensitivity and precision. 
The utilization of AI and ML in healthcare, particularly predictive modeling for acute medical situations 
such as poisoning, presents considerable potential for enhancing patient outcomes21–23,25,27–29,34,40,41. Our 
findings corroborate prior research, highlighting the need for early detection and proper treatment of lithium 
toxicity42–44. The primary predictors found in our model, including drowsiness/lethargy, age, ataxia, abdominal 
pain, electrolyte imbalances, acidosis, and bradycardia, can enhance patient management decision-making and 
innovative treatment techniques.

Bradycardia is a key predictor of lithium toxicity45. Older patients are more susceptible to lithium toxicity due 
to reduced renal clearance, requiring careful dose adjustment and monitoring46.

The characteristics of lithium poisoning typically encompass drowsiness, slurred speech, psychomotor 
retardation, polyneuropathy, memory impairment, and, in extreme instances, seizures, coma, and death47. 
Munshi et al. (2005) reported that lithium intoxication induces encephalopathy characterized by impaired 
mental status, cerebellar dysfunction, seizures, and stiffness48. Netto and Phutane (2012) asserted that delirium 
was the most prevalent sign of lithium poisoning3.

Lithium has a distinctive pharmacokinetic characteristic, absorbed from the upper gastrointestinal 
tract within roughly 8 h, with peak serum concentrations occurring 1–2 h post-ingestion49. Drowsiness and 
somnolence indicate early central nervous system toxicity, reflecting lithium’s disruption of neurotransmission, 
particularly serotonin and glutamate pathways50. Ataxia results from lithium’s impact on cerebellar function, 
often signaling progressive neurotoxicity in acute and chronic poisoning51.

Lithium distribution within the brain can be delayed by approximately relative to that in the plasma47,52. 
Consequently, patients with acute lithium poisoning may exhibit significantly elevated serum concentrations 
without obvious symptoms, but those with chronic intoxication may have sufficient time for extensive lithium 
distribution in the brain. Consequently, neurological toxicity may occur with moderately high serum lithium 
concentrations or even within typical therapeutic ranges53.

Abdominal pain is frequently observed due to lithium’s direct gastrointestinal irritation, often preceding 
systemic toxicity54. Lithium disrupts gastric mucosal function, causing nausea, abdominal pain, and vomiting, 
with dehydration and sodium imbalance worsening these effects, especially in those with kidney dysfunction55.

Lithium disrupts sodium and potassium homeostasis, affecting multiple organs56. Electrolyte imbalances, 
particularly sodium and potassium disturbances, contribute to cardiac instability and neuromuscular 
dysfunction, making them key indicators of severe poisoning57.

In a study by Vodovar D et al. (2016), the researchers explored predictive factors for the severity of lithium 
poisoning and the criteria for extracorporeal toxin removal (ECTR) to enhance patient outcomes. The authors 
discovered that a Glasgow Coma Scale (GCS) of ≤ 10 and a lithium concentration of ≥ 5.2 mmol/L were 
significant predictors of poisoning severity upon admission. Additionally, their findings indicate that ECTR 
may be necessary if the serum lithium concentration is ≥ 5.2 mmol/L or creatinine is ≥ 200 µmol/L58. It is 
noteworthy that only 10% of the cases were categorized as acute lithium poisoning, while the remainder were 
acute-on-chronic or chronic lithium poisoning58. This distinction is significant as our study focuses exclusively 
on acute lithium poisoning, and the applicability of Vodovar et al.'s findings to our research may be limited. 
An investigation by Lee YC et al. (2011) assessed the outcomes of patients with any form of lithium poisoning. 
The authors found that patients with severe lithium poisoning had a higher prevalence of severe neurological 
symptoms, cardiovascular symptoms, and renal impairment than those with mild-to-moderate poisoning59. All 
patients recovered without chronic sequelae, demonstrating favorable outcomes59. While their study focused 
on Asian patients and used a smaller sample size, our study utilized a comprehensive dataset from the NPDS. 
It employed a random forest model to predict outcomes. Additionally, Lee et al. found that most poisonings 

Prediction Serious Outcome Minor Outcome

True

 Serious Outcome 389 14

 Minor Outcome 0 384

Table 7.  Classification results matrix for random forest algorithm: acute lithium toxicity outcome prediction 
(Testing Set).
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were acute-on-chronic (47.6%) or chronic (33.3%), with acute poisoning being less common (19.0%)59. This 
distribution contrasts with our study’s focus on acute lithium poisoning.

A cross-sectional study conducted on 108 patients with lithium intoxication from 2001 to 2010 indicated 
that the recovery rate was substantially associated with BUN, creatinine, intubation, pCO2, pH, and 
HCO3

−concentrations. Furthermore, a strong correlation was identified between the GCS and the recovery rate60. 
In a separate investigation, patients exhibiting lithium intoxication who presented to the Poison Control Center 

Fig. 1.  Significance of features for each target outcome class as determined by the SHAP algorithm “Serious 
outcome”: class 0, “Minor effect”: class1.
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at Ain Shams University Hospitals from January 2011 to January 2015 underwent a prospective evaluation. 
All patients had previously been maintained on lithium therapy, and no acute cases were observed during the 
study period. The predominant clinical presentation observed in patients experiencing lithium intoxication 
was coma, which exhibited variable degrees of severity. The GCS was markedly diminished in non-survivors. 
Another predictive factor associated with severe outcomes was the presence of drug interactions, specifically 

Fig. 3.  Roc curve and Precision-recall curve for the Extra Tree and Decision Tree Classifier.

 

Fig. 2.  Roc curve (A) and Precision-recall curve (B) for the random forest model.
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involving diuretics or ACE-Is. However, no statistically significant age difference existed between survivors and 
non-survivors47.

We identified age as a significant prognostic determinant in the outcomes of patients affected by lithium 
toxicity. This observation can be ascribed to age-related alterations in pharmacokinetics, comorbid conditions, 
and administering concomitant medications in elderly patients. The pharmacokinetics of lithium may exhibit 
variations in the elderly population, attributable to a diminished volume of distribution and a decreased 
renal clearance. As individuals advance in age, the brain undergoes neurodegenerative, neurochemical, and 
neurophysiological alterations that may heighten sensitivity to lithium, potentially resulting in neurotoxicity at 
lower dosages47.

In addressing the potential for overfitting, we implemented several strategies to ensure our model’s robustness 
and generalizability. These included using cross-validation techniques during model training, optimizing the 
complexity of decision trees, and employing a separate validation dataset to evaluate the model’s performance. 
Such measures are crucial for developing a predictive model that remains accurate and reliable when applied to 
real-world clinical scenarios. Future research should explore methods for reducing overfitting and enhancing 
ML models’ predictive power and clinical utility in healthcare.

While our study demonstrates the potential of ML in predicting outcomes of acute lithium poisoning with 
high accuracy, it also underscores the necessity of addressing ethical considerations. These considerations include 
the mitigation of algorithmic biases and ensuring the equitable application of AI across diverse populations 
to uphold the principles of fairness and justice in healthcare decision-making. Integrating AI into clinical 
settings demands rigorous validation and a thoughtful examination of the effect on patient care across different 
demographics. As such, ongoing oversight and evaluation is necessary to identify and correct any unintended 
biases or disparities in care delivery. Ensuring transparency in developing and validating AI models and 
incorporating diverse datasets during their training is crucial for mitigating such risks. Furthermore, cultivating 
a multidisciplinary discourse among technologists, clinicians, ethicists, and patients is essential for addressing 
the ethical implications associated with AI in healthcare to ensure equitable and responsible application.

The limitations of this study warrant consideration. The present study utilized a retrospective design, which 
may have introduced bias and limited the ability to control for confounding factors. Future prospective studies 
are warranted to assess and validate random forest’s performance in distinguishing the outcomes of acute 
lithium poisoning. Other limitations include the possibility of incomplete or inaccurate documentation during 
the poison center call, which could stem from insufficient information provided to the specialist or transcription 
errors. In addition, diagnostic test results were not used, which may help to distinguish poisonings when clinical 
features are limited. Lastly, while this study conducted a cross-validation utilizing the NPDS dataset, it did not 
incorporate any external datasets for validation. This limitation may diminish the generalizability of the findings, 
as results may vary across various populations or clinical contexts. Validation studies, however, are necessary to 
confirm our findings across different populations and settings. While our model identified key predictors such as 
bradycardia, age, drowsiness, ataxia, abdominal pain, and electrolyte imbalances, future research should validate 
their predictive strength across diverse patient populations. Differences in renal function, comorbidities, and 
lithium pharmacokinetics may influence the generalizability of these findings in various clinical settings. This 
limitation reinforces the need for further external validation while acknowledging the potential variability in 
how these predictors manifest across different patient groups.

Future research should explore additional ML applications in this field, potentially uncovering new insights 
or enhancing predictive capabilities. How these predictive models can be integrated into clinical practice could 
amplify their real-world impact.

Conclusion
Our research demonstrates that a random forest ML model can accurately forecast outcomes in acute lithium 
toxicity incidents, highlighting its potential as a valuable tool in clinical settings. The model exhibited strong 
predictive capabilities for acute lithium poisoning outcomes and identified several crucial predictors.

These findings have significant implications. For clinicians, the identified predictors can assist in making more 
informed decisions about patient care, potentially improving patient outcomes. Our findings may contribute to 
developing new approaches for managing and reducing the severity of acute lithium toxicity.

Data availability
The datasets used and/or analyzed during this study are available from the corresponding author upon reason-
able request.
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considerations highlight the need to carefully interpret NPDS data and underscore the importance of being 
aware of potential limitations when using this information for research or policy decisions.
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