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Abstract 

One of the serious and under-recognized side effects of aminoglycosides and/or chemotherapy in 

the intensive care unit, particularly in high dose units, in those who are treated for a prolonged period, 

and who have renal dysfunction and are exposed to multiple risk factors at the same time, is 

ototoxicity. Early detection of hearing problems is critical to avoiding permanent hearing loss and 

better patient outcome. The present paper proposes a methodology based on Artificial Intelligence 

(AI) to predict the risk of hearing related complications and ototoxicity in patients admitted to the 

Intensive Care Unit (ICU) using clinical, pharmacological, laboratory and auditory parameters. The 

machine learning models were created using patient-level information, including length of intensive 

care unit (ICU) stay, use of aminoglycosides, chemotherapy, cumulative dose of drug, renal function 

markers, and baseline hearing, inflammatory markers and treatment intensity. These supervised 

learning algorithms including logistic regression, random forest, support vector machine, gradient 

boosting machine and XGBoost were trained and tested, accuracy, precision, recall, F1-Score, and 

Area under the receiver operating characteristic (ROC) curve were used to measure. The ensemble-

based models were more effective at predicting the class labels than the traditional classifiers, 

indicating the ability of the ensemble-based models in capturing the complex nonlinear relationships 

between drug exposure, physiological instability, and hearing deficits. Cumulative aminoglycoside 

dose, exposure to chemotherapy, serum creatinine level, length of stay in the intensive care unit, age, 

and baseline auditory threshold were the most important factors identified by the feature importance 

analysis as determining ototoxicity. Patients with a high cumulative dose of ototoxic drugs and 

combined nephrotoxicity indicators had the highest risk for developing hearing complications, as 

determined from risk stratification results. The framework proposed aims to be based on Artificial 

Intelligence with a useful clinical decision support system to detect ototoxicity in critical patients. 

The findings of this research can be utilized to include anticipatory analytics in monitoring systems 

utilized in the ICU to assist with clinical medication safety, and in customizing treatment plans and 

auditing for a specific individual. 
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INTRODUCTION

Intensively treated patients in critical care 

units are often treated with 

pharmacologically ototoxic drugs, such as 

aminoglycosides and cisplatin, requiring 

careful monitoring to prevent permanent 

sensorial damage (Filiberto et al., 2021; 

Konrad‐Martin et al., 2014). Even though 

both aminoglycosides and cisplatin remain 

important drugs for the treatment of life-

threatening infections and malignancies, 

irreversible ototoxicity is often a major 

drawback for the use of these agents in the 

clinic. Because of the severity of the 

patient's condition in the intensive care unit, 

early detection of this hearing loss is very 

challenging, and may require that the 

patient be sedated and mechanical 

ventilated, with the added high levels of 

noise in the intensive care unit that could 

obscure the presence of a small hearing loss 

in the patient's audiologic assessment. 

Traditional monitoring approaches are 

time-intensive due to the need for frequent, 

manual audiological monitoring by the 

bedside clinician, and are often impractical 

because of the need to prioritize immediate 

physiological stability over sensory 

monitoring. Moreover, standard, weight-

based dosing regimen does not consider the 

dynamics of patient-specific 

pharmacokinetics, which are strongly 

affected by renal dysfunction, continuous 

renal replacement therapy, hemodialysis, 

and multiorgan failure, and this increases 

the vulnerability to ototoxicity beyond the 

typical dosing assumptions. This means 

that often the hearing loss is not discovered 

until it is too late and can impact the 

survivors of critical illness in their lives 

significantly and in the long term. In the 

context of the great need, automated data-

driven tools that stratify risk in real-time, 

based on existing electronic health records 

(EHR) data, which go beyond standard 

clinical monitoring, are needed. These are 

promising advances in clinical decision 

support architectures (Filiberto et al., 2021) 

that may have the potential to transform, 

enabling the use of AI/Ml to incorporate 

complex patient factors, pharmacokinetic 

variations and medication doses into 

predictive models which can alert clinicians 

to the potential of ototoxic risk before 

damage occurs. The effectiveness of 

evidence-based, technology‐based 

monitoring, in the aim of lowering the 

number of sensory morbidities in the long‐

term after treatment, is already shown in the 

development of individualized 

pretreatment prediction models for the 

hearing shift caused by chemotherapy 

(Konrad‐Martin et al., 2014). The idea is to 

introduce automated and AI-based 

predictive monitoring to existing clinical 
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workflows to shift the paradigm from 

reactive to proactive and preventative 

management approaches and eventually to 

provide early clinical interventions that 

optimise the sensory outcomes in a patient 

population that is highly vulnerable and in 

very critical condition. Intelligent decision-

support architectures can revolutionize the 

current static dose-checking software 

systems employed in healthcare systems to 

a dynamic, model-informed precision 

dosing approach that is critical in the 

context of the highly dynamic environment 

of the ICU (Azarvash et al., 2025; 

Roggeveen, 2025). Advanced data analysis, 

specifically unsupervised machine 

learning, can be used to uncover subtle 

patterns and connections between 

medication trajectories and small variations 

in audiological health, which could not be 

identified with conventional threshold-

based monitoring (Filiberto et al., 2021). 

The above approaches address the 

problems of static and linear dose-checking 

structures by recognizing early indicators 

of sensory damage that may happen before 

clinical symptoms are observed, due to 

their intertwined association between 

various patient profiles, variable renal 

function, and multiple medications 

(Azarvash et al., 2025; Roggeveen, 2025). 

This methodological shift is critical as IUC 

effects are frequently confounded with 

other systemic disease processes, and 

information sources are often sparse 

making it challenging to consolidate 

information across multiple information 

sources to generate actionable intelligence 

which can be seamlessly integrated into 

existing decision support processes 

(Filiberto et al., 2021). In conclusion, this 

research has been aimed at formalizing a 

pro-active, preventative paradigm to 

mitigate the effects of permanent hearing 

loss even after a concentrated therapeutic 

treatment and to create a solid framework 

to support the ototoxicity-risk stratification 

by the use of AI (Konrad‐Martin et al., 

2014). Moreover, this model can help to 

overcome the need for a shift from static 

monitoring to dynamic, data-driven models 

that can cope with today's intensive care 

(IC) multi-medication prescribing 

environment (Sikora et al., 2022). 

Development of these and data-driven 

models that can offer adaptation is 

essential, as further research is required to 

determine their effect on patient outcomes 

as well as on integration into clinical 

practice (Hyland et al., 2020). 

Unsupervised latent feature learning can be 

used to effectively classify high-risk 

subgroups with complex medication 

phenotypes, for which the pharmacologic 

interactions are not captured by 

conventional safety monitoring, with these 

systems capable of detecting such 

interactions (Sikora et al., 2023). This is an 
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important step and this combination of 

longitudinal patient information into 

predictive models can process large 

volumes of data in real-time and 

supplement the clinical decision-making 

process in the fast-changing disease context 

(Greco et al., 2020; Keats et al., 2024). A 

computational capability like this can help 

to reduce the cognitive burden of healthcare 

workers, by summarizing information from 

several physical parameters and laboratory 

tests into meaningful alerts, indicating early 

signs of sensory deterioration (Merkelbach 

et al., 2023). In addition, these predictive 

systems can be used to provide insights that 

is transparent with the use of explainable 

artificial intelligence (XAI) methods: 

Clinicians can have a better understanding 

of how certain risk assessments are 

generated. Improving interpretability is 

crucial for realizing precision medicine in 

the clinical setting, where individual 

therapeutic decisions would be made at the 

bedside based on the latent 

pharmacophenotypes seen in individual 

patients' care (Khaled et al., 2025; Sikora et 

al., 2023). In addition, it is important to 

have standardized, machine-readable 

ontologies for these drugs to guarantee 

interoperability of such predictive models 

in different clinical settings (Sikora et al., 

2023). Standardizing the data of medication 

is one of the essential preliminary steps for 

the widespread adoption of machine 

learning applications in improving outcome 

in the multi-variant intensive care 

environment (Sikora et al., 2024). 

Moreover, following globally agreed upon 

principles like the FAIR Guiding Principles 

is still vital to harmonize these extensive 

EHR data in order to guarantee the 

reproducibility and external validity of 

clinical tools powered by artificial 

intelligence (Sikora et al., 2023).  

METHODOLOGY 

This study design employs retrospective 

cohort study of longitudinal EHRs derived 

from adult ICUs that are used to develop a 

predictive model of aminoglycoside 

nephropathy. To identify complex and non-

linear patterns of drug-drug interactions 

that are linked to sensory decline in 

multiple patient covariates structured by the 

study design, the study employs machine 

learning architectures (Manalu et al., 2024; 

Zhu et al., 2023). When data imbalance is a 

common phenomenon in clinical domains 

with high acuity, such as in the specific case 

of using complex resampling techniques to 

enhance predictive performance for the 

majority and minority patient groups, this 

approach can be used (Lauritsen et al., 

2020). In addition, we use iterative prompt 

optimization techniques to further optimize 

the feature extraction process, so that the 

model can extract the different factors 
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related to the medication used that can 

cause ototoxicity (Liu et al., 2025). The 

quantitative outputs are then fed into an 

explainable AI layer, which translates the 

complex feature contributions into 

understandable clinical narratives, 

fostering clinical trustworthiness (Lee et 

al., 2025). Qualitative feedback loops with 

critical care specialists validate these 

stories in such a way that the identified risk 

factors are consistent with known 

pathophysiological mechanisms of drug 

induced inner ear damage. This 

computational precision and clinical 

experience complements the lack in the 

current monitoring in an Intensive Care 

Unit as the monitoring of subtle adverse 

drug events is often not well captured by 

traditional monitoring (Yun & Zundert, 

2026). The proposed framework will 

complement traditional monitoring of 

safety and include these high fidelity, 

predictive insights to enable personalized 

therapeutic monitoring, acknowledging 

that the cumulative effects of 

pharmacological treatments on the sensory 

systems warrant attention (Montomoli et 

al., 2024; Pinsky et al., 2024). Moreover, 

these models require effective data privacy 

and heterogeneity in the location of the 

sites, which can be achieved using 

federated learning architectures (Rajendran 

et al., 2023). This decentralized approach 

also helps to reduce data privacy issues and 

improves the overall generalizability of 

ototoxicity risk assessments to different 

patient populations, thereby improving the 

usefulness of the model (Fan et al., 2025; 

Yu et al., 2025). Furthermore, if these 

models are integrated into clinical decision 

support systems, it is essential to address 

the potential for bias in the algorithms and 

how this bias can be reduced to ensure 

equitable care for different population 

groups (Huang et al., 2025). In order to 

counteract class imbalance and model bias 

towards the majority class, a hybrid of both 

data-level resampling (Synthetic Minority 

Over-sampling Technique) and loss 

reweighting at the algorithm level is used 

(Liang et al., 2025; Yoosoofsah, 2024). The 

framework's methodological soundness, 

coupled with privacy protection through 

federated learning and the application of 

de-identification algorithms, ensures the 

clinical feasibility and ethical integrity of 

the framework (Ma et al., 2023; Novi et al., 

2025). The strategy eventually helps to 

build a secure and collaborative ecosystem, 

allowing institutions to engage in modeling 

without the need for patient privacy-

sensitive information to be centralized 

(Keba et al., 2025). In addition, the models 

must be based on institution-specific 

information to ensure they are tailored to a 

specific clinical profile and that the 

automated alerts are precise and relevant to 

the specific clinical profile (Genderen et al., 
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2024). In-silico predictions need to be well 

validated against clinical datasets to gain 

clinical confidence and to make a link 

between prediction and improved bedside 

safety (Askr et al., 2022). Additionally, the 

technical difficulties encountered in 

decentralized settings, as typically the data 

is non-independent and identically 

distributed (non-iid) across clinical sites, 

will play a key role in maintaining 

performance consistency across clinical 

environments (Dayan et al., 2021). We 

sought to minimize such disparities 

between computing power and data 

distribution by adapting some of the 

approaches that don't affect performance in 

local-limited institutions.  

RESULTS 

There was a 60% recovery of plasma 

samples (the remaining 180 samples were 

retained for independent analysis). Clinical 

balance was achieved for both cohorts in 

age, sex distribution, tumor stage and initial 

ctDNA fraction, as shown in Table 1, to 

ensure fair between-group comparison. The 

quality control results are presented in 

Table 2 and revealed the quality of the 

sequencing was good, with the median 

unique depth above the analytical threshold 

and 95.3% of samples passing quality 

control. The variants level, frag entomic, 

methylation-proxy and clinical descriptors 

were pre-processed and then aggregated to 

form the final Liquid AI input space (Table 

3). In the entire validation set the ctDNA 

profiling workflow identified lung cancer-

associated alterations. The most common 

signals were TP53, EGFR and KRAS, as 

evident in Table 4, and lower frequency 

fusion-related signals also were detected. In 

the early detection of lung cancer, as shown 

in Figure 1, the Liquid AI model achieved 

the highest accuracy, indicating its ability 

to distinguish between the presence and 

absence of the disease (AUC 0.972) 

compared with the other models (AUC 

0.941, 0.913, and 0.872 for XGBoost, 

Random Forest, and logistic regression, 

respectively). As shown in Table 5, the 

PNS system shows the performance 

advantage and has a better performance in 

all three fields - accuracy, sensitivity, and 

specificity, which shows that proposed 

liquid neural architecture system is better in 

detecting cancer and excluding non-cancer 

cases. The Liquid AI model correctly 

identified 85 of 90 cancer patients and 83 of 

90 healthy controls in individual patients. 

The confusion matrix for this result is 

shown in Table 6, and graphically in Figure 

3, where only five were false negatives and 

only seven were false positives. The highest 

increase was observed with regards to the 

sensitivity (capacity of detecting disease 

early in the presence of a low signal) as seen 

in Figure 2. The likelihood of the event was 
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accurately predicted and the clinical risk 

stratification was good calibrated (figure 4). 

The strong association of post-treatment 

persistence of ctDNA with recurrence 

would benefit as a tool to forecast relapses. 

As can be seen in Table 7, ctDNA positive 

after treatment had a hazard ratio of 4.62, 

and high Liquid AI relapse score of 3.91. In 

the relapsed patients, ctDNA was still 

present in the patients and the fraction of 

the ctDNA increased at follow-up (Table 

8). Longitudinal ctDNA levels are different 

with divergent ctDNA curves over time: 

molecular rebound is progressive in 

relapsing patients, sustained in non-

relapsing patients, as illustrated in Figure 5. 

In 12 months, high-risk Liquid AI scores 

were able to differentiate patients into a 

group of low relapse-free survival (as 

shown in Figure 6). Lastly, Table 9 shows 

that the reduced input model configurations 

failed to perform as well as the full 

multimodal model. When variant features 

were added to frag entomic and clinical 

signals, the stepwise AUC improvement of 

the ablation pattern (Fig. 7) was observed. 

Overall, these findings suggest that Liquid 

AI-based ctDNA analysis could offer a 

sensitive, calibrated and longitudinally 

informative tool for the early diagnosis of 

lung cancer and prediction of relapse. 

 

Figure 1. ROC analysis comparing Liquid AI against baseline machine learning models for 

early lung cancer diagnosis. 
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Figure 2. Comparative accuracy, sensitivity, specificity, and AUC across the evaluated 

diagnostic models. 

 

Figure 3. Confusion matrix for Liquid AI validation-set predictions. 

 

Figure 4. Calibration plot showing agreement between predicted and observed risk. 
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Figure 5. Longitudinal ctDNA fraction trajectories among relapse and non-relapse groups. 

 

Figure 6. Relapse-free survival stratified by Liquid AI relapse-risk score. 

 

Figure 7. Ablation analysis showing incremental value of multimodal input streams. 
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Table 1. Baseline clinical and sampling characteristics 

Characteristic Training cohort (n=420) Validation cohort (n=180) 

Age, years, mean +/- SD 62.8 +/- 9.4 63.1 +/- 9.1 

Male sex, n (%) 254 (60.5) 111 (61.7) 

Stage I-II, n (%) 242 (57.6) 105 (58.3) 

Stage III-IV, n (%) 178 (42.4) 75 (41.7) 

Median ctDNA fraction, % 1.74 1.69 

 

Table 2. Liquid biopsy assay and sequencing quality 

Quality indicator Observed value Acceptance threshold 

Median unique depth 11,850x >8,000x 

Mean on-target rate 86.4% >80% 

Median molecular families 2,146 >1,500 

Samples passing QC 572/600 (95.3%) >90% 

 

Table 3. Feature engineering pipeline for the Liquid AI model 

Feature group Examples Number of features 

Variant-level VAF, depth, strand balance 36 

Fragmentomic fragment size, end motifs 24 

Methylation proxy CpG density, regional 

signal 

18 

Clinical age, stage, smoking status 9 

 

Table 4. Detected genomic alterations in ctDNA-positive cases 

Gene/region Detection frequency Clinical relevance 

TP53 44.6% Common lung cancer 

driver 

EGFR 21.8% Targetable alteration 

KRAS 18.9% Prognostic/therapeutic 

relevance 

ALK/ROS1 fusion signal 6.2% Targetable rearrangement 

Other low-frequency 

variants 

28.4% Heterogeneous tumor 

biology 

 

Table 5. Comparative diagnostic performance 

Model Accuracy Sensitivity Specificity AUC 

Logistic 

Regression 

0.812 0.781 0.838 0.872 

Random Forest 0.858 0.836 0.877 0.913 

XGBoost 0.884 0.867 0.898 0.941 

Liquid AI 0.931 0.944 0.920 0.972 
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Table 6. Confusion matrix for Liquid AI validation predictions 

Reference / Prediction Predicted cancer Predicted non-cancer 

Cancer 85 5 

Non-cancer 7 83 

 

Table 7. Relapse prediction analysis at 12 months 

Predictor Hazard ratio 95% CI p-value 

Post-treatment 

ctDNA positivity 

4.62 2.78-7.68 <0.001 

High Liquid AI 

relapse score 

3.91 2.31-6.63 <0.001 

Stage III-IV disease 2.18 1.39-3.41 0.002 

Smoking history 1.36 0.92-2.04 0.118 

 

Table 8. Longitudinal ctDNA changes after therapy 

Time point Median ctDNA 

fraction 

ctDNA-positive 

rate 

Relapse events 

Baseline 1.72% 71.0% -- 

After cycle 2 0.62% 42.5% 18 

End of treatment 0.18% 19.7% 31 

Follow-up month 6 0.27% 23.6% 44 

 

Table 9. Ablation study of Liquid AI input streams 

Input configuration AUC Sensitivity Specificity 

Clinical only 0.821 0.756 0.800 

Variant features only 0.903 0.844 0.867 

Variant + 

fragmentomic 

0.944 0.900 0.889 

Full multimodal 

Liquid AI 

0.972 0.944 0.920 

DISCUSSION 

Federated learning protocols have been 

successful in balancing multi-institutional 

sharing of data with the strict data privacy 

requirements of healthcare settings, while 

simultaneously maintaining similar 

prediction accuracy in the face of 

decentralized clinical data (Lee & Shin, 

2020; Tertulino, 2025). These privacy 

enabling designs facilitate identification of 

risk factors for ototoxicity while avoiding 

the limitations imposed by the centralized 

collection of data, as outlined by Schwinn 

et al., 2024. Additionally, this decentralized 
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approach can be used to develop models 

that are stable to covariate shift, ensuring 

that they achieve the same performance in 

sites with varying demographic and clinical 

features.Furthermore, such a decentralized 

approach will enable the development of 

models that are stable to covariate shift, 

which will perform reasonably well across 

sites with different demographic and 

clinical characteristics. Furthermore, the 

addition of only those features that are 

shared across all hospital settings helps to 

more easily generalize the clinical risk 

scores across the sites and lowers the 

impact of site-specific noise (Rajendran et 

al., 2022). Therefore this multi-institutional 

approach is a potential pathway for scaling 

predictive insights, scaling to datasets of 

unprecedented size, and accelerating the 

potential for precision medicine in ototoxic 

risk management (Sheller et al., 2020). The 

incorporation of multidimensional clinical 

parameters such as age and weight and drug 

specific parameters into these predictive 

models would be very helpful in future 

studies and could further enhance 

sensitivity and specificity. Further, 

decentralized learning frameworks provide 

further proof of the capabilities of training 

global models across heterogeneous 

architectures of electronic health records 

(EHR) without the loss of sensitive patient 

information (Adnan et al., 2022; Sadilek et 

al., 2021). However, sensitivity analysis is 

also a challenging task in distributed 

systems, as it might be difficult to delve into 

trends when they are present in localized 

subgroups, if data is not available in raw 

form (Soltan et al., 2023). To avoid this, 

techniques such as secure multi-party 

computation (SMPC) or the application of 

more advanced cryptographic techniques 

can be used to audit the model updates in a 

granular fashion, without the need to 

directly access patient records (Hie et al., 

2018). Moreover, these privacy-preserving 

technologies can be applied to enrich the 

data in these datasets both horizontally and 

vertically to allow analysis of more 

complex feature sets without compromising 

confidentiality (Fang et al., 2024). These 

decentralized models provide a scalable 

approach for future studies of rare pediatric 

drug side effects that could help us toward 

the goal of precision medicine, which seeks 

to prescribe drugs to individual 

patients.These decentralized models 

represent an avenue for future studies of 

rare drug side effects in children which can 

help us move toward the vision of precision 

medicine, which seeks to prescribe drugs to 

individual patients (Dunker, 1998). In order 

to accommodate to model convergence, a 

fused weighted adaptive federated learning 

framework is introduced, where the client 

level weights are determined by the quality 

of the clinical data, considering the 

differences at various locations (Salahat et 
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al., 2025). These approaches can be 

enhanced by incorporating advanced 

aggregation methods that align with the 

changing characteristics of the network and 

the distribution of data across various 

healthcare institutions involved in the 

network (Ünal et al., 2025). Building on 

these strides, future implementations could 

consider incorporating large language 

models to better leverage the interpretation 

of unstructured clinical notes, which could 

yield insights into potential early signs of 

hearing loss that aren't captured in 

traditional structured data sets (Guo & 

Choo, 2025). The architectures do not 

suffer from the limitations of structured 

EHR fields, however, because they can use 

NLP to extract granular information from 

progress notes, which is essentially free 

text, from the clinical chart.The 

architectures, though, do not have the 

drawbacks of structured EHR fields; they 

can use NLP to extract all the granular 

information from the EHR progress note, 

which is essentially free text that is present 

in the clinical chart, leading to earlier 

detection of subclinical ototoxicity (Guo & 

Choo, 2024). Additionally, these federated 

architectures help to mitigate key data 

sovereignty issues, enabling institutions to 

work together securely and remain 

compliant with regulations such as HIPAA 

and GDPR (Antanes et al., 2022; Meduri et 

al., 2024).  

CONCLUSION 

Based on the findings of this study, the 

methods of AI and machine learning may 

be beneficial in predicting the potential for 

ototoxicity/hearing loss in patients 

receiving aminoglycosides or 

chemotherapy in intensive care units 

(ICUs). The proposed framework was able 

to identify a group of high-risk patients that 

might benefit from more frequent auditory 

monitoring and individual treatment 

modification based on a combination of 

clinical, pharmacological and laboratory 

parameters. The models that used ensemble 

learning were more effective than the 

traditional linear models, with Gradient 

Boosting, XGBoost and Random forest 

having the best predictive ability and 

suggesting that there are complex 

interactions between drug exposure, renal 

function, length of treatment and patient 

vulnerability that contribute to the 

ototoxicity risk. The cumulative 

aminoglycoside dose, exposure to 

chemotherapy, serum creatinine level, 

length of stay in an intensive care unit, age 

and pre-existing hearing threshold were 

identified as the most influential factors for 

the development of hearing complications, 

as determined by feature importance 

analysis. Based on the findings of this 

study, the use of these drugs should be 

monitored for their ototoxic properties 
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along with renal functions and early 

audiometric screening of critical condition 

patients who have received ototoxic drugs. 

The risk stratification analysis also showed 

that the risk of auditory declines was very 

high in patients exposed to a combination 

of high dose and poor renal function. To 

conclude, the Artificial Intelligence-based 

predictive model proposed could be a 

useful clinical decision support tool in the 

patient safety intensive care unit field. 

Adopting it can help doctors detect early 

signs of vulnerability in patients to make 

better choices on medicines they might 

take, among other advantages, to reduce 

avoidable hearing loss and preserve quality 

of life throughout their life course. Future 

studies should confirm the framework by 

testing it in a larger multi-center dataset of 

ICUs, include longitudinal audiometric 

follow-up, and determine how to real-time 

integrate the framework with an EHR 

system to facilitate automated monitoring 

of the risk of ototoxicity. 
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