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Abstract 

Lung, kidney and head and neck cancer early detection still pose significant clinical challenges 

due to delayed diagnosis of many patients when treatment is limited and prognosis is poor. In 

this paper, the authors introduce BiomarkMachine, a machine learning framework for the 

discovery of multi-omics biomarkers with potential for use in early cancer detection across 

multiple tumor types. The framework combines genomic, transcriptomic, epigenomic, proteomic 

and clinical data to uncover biologically relevant biomarker signatures related to early stage 

malignancy. BiomarkMachine is designed to learn to classify cases with cancer from healthy 

controls or benign cases, as well as to identify which molecular features are most important to 

the classification. The proposed strategy is particularly useful in the case of complex cancers like 

lung cancer, kidney cancer, and head and neck cancers, where a single-biomarker approach 

doesn't adequately reflect the heterogeneity of the disease. Multi-omics integration could provide 

a more comprehensive understanding of mechanisms of tumor initiation, molecular 

dysregulation, and alterations of pathways involved in cancer. Furthermore, the framework can 

be used to assess biomarker predictive performance, biological relevance and interpretability, 

which facilitate biomarker prioritization. BiomarkMachine offers an approach that not only is 

data-driven but is also explainable for finding candidate biomarkers that could enhance early 

diagnosis and help with personalized screening, as well as future cancer translational research. 
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INTRODUCTION

To understand the highly complex 

molecular signatures of oncogenesis, 

multiple layers of the genome, 

transcriptome and proteome are 

simultaneously interrogated using high 

throughput multi-omics profiling 

(Mathema et al., 2023; Ng et al., 2023). 

These technological advances have not 

overcome the problem of integrating data 

sets that are heterogeneous because of non-

linear relations and high dimensionality of 

biological variables (Dunker, 1998). The 

recent progress in machine learning 

provides powerful computation tools to 

integrate these various modalities and thus 

capture the synergic interactions that 

underlie cancer progression (Acharya et al., 

2024). The integrative frameworks will 

enable researchers to go beyond single-

omic studies and discover comprehensive, 

multi-layer molecular signatures (Valous et 

al., 2024). This paper reviews the existing 

computational approaches, from traditional 

techniques to recent advances in foundation 

models, leveraging these advances to tackle 

data heterogeneity and improve the 

accuracy of the biomarker identification for 

diagnosis and prognosis. (Muneer et al., 

2026; Nicora et al., 2020) Specifically, we 

develop methods like graph neural 

networks and cross-modal fusion 

transformers to support the integration of 

multi-modal molecular and radiomic 

information on a scalable basis (Hsu et al., 

2025). These advanced designs enable the 

extraction of high-dimensional latent 

features spanning multiple scales, thereby 

greatly enhancing the molecular subtyping 

of tumors and clinical risk stratification 

(Waqas et al., 2024; Wei et al., 2023). 

Moreover, these integrative analytical 

pipelines can be used to overcome tumor 

molecular heterogeneity, and generate 

actionable insights for personalized therapy 

monitoring and early diagnostic 

intervention (Günel & Kara, 2026; Muneer 

et al., 2025). This review then reviews the 

effectiveness of these approaches across 

different levels of biological hierarchy, 

providing a clinical assessment of these in 

precision oncology (Muzafar et al., 2026). 

In particular, we discuss the current 

problems of data integration, such as 

computational complexity and the need for 

algorithms to handle multi-modal imaging 

and omics data (Li et al., 2024; Shoaib et 

al., 2024). Data sparsity and high-

dimensional covariates across these 

different biological profiles are becoming a 

problem and are increasingly being 

addressed with advanced computational 

techniques including multi-level Bayesian 

models and network-based graphical 

algorithms. Moreover, the merging of these 

https://biosciencesreports.com/index.php/BR/index
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omics’ profiles with clinical phenotypic 

information from EHRs offers a 

comprehensive understanding of disease 

processes, making it easier to connect 

molecular discovery to the long-term care 

of patients (Nam et al., 2024; Patel et al., 

2020). Yet these models are not yet 

clinically useful, as there are a number of 

problems with their methodological 

transparency and the absence of 

benchmarking for data generation, which is 

standardized (Mustafa, 2025). To tackle 

these obstacles, a systematic shift from 

retrospective observational studies to 

prospective clinical validation is essential 

to guarantee the robustness and 

applicability of computational predictions 

in clinical practice (Zafar et al., 2025). At 

the end of the day, the effectiveness of these 

integrative approaches relies on the ability 

of the developed deep learning 

architectures to cope with the challenge of 

balancing prediction with clinical 

interpretability (Chierici et al., 2020). The 

addition of radiological modalities 

introduces an important physical 

component that is needed to add spatial 

context to molecular data, but current 

models struggle to account for the 

necessary spatial alignment between biopsy 

locations and tumor imaging (Paverd et al., 

2024). Closing the gap between a spatial 

and molecular landscape requires a 

standardized bioinformatics pipeline and a 

powerful quality control process to 

guarantee interoperability between diverse 

institutional datasets (Gao et al., 2025). 

Furthermore, it is important to develop 

common data standards and strict 

benchmarking systems to measure the 

clinical significance of the multi-modal 

features in order to overcome the logistical 

challenges of obtaining longitudinal data 

(Huang et al., 2017). Therefore, 

establishing prospective, multicenter 

cohorts to assess the diagnostic sensitivity 

of these integrated biomarkers is essential 

to determine if these integrative biomarkers 

are sufficiently sensitive to warrant the 

added expense of large-scale multi-omics 

and longitudinal monitoring of patients 

(Zhuang et al., 2025). Future developments 

should focus on the use of multiple factor 

analysis and other dimensionality reduction 

methods to reduce computational 

complexity of the high-dimensional 

covariate landscapes ( Xu et al., 2019). 

Furthermore, the spatial transcriptomics 

and multiplexed imaging enable a 

geographically resolved analysis, linking 

image-derived features and molecular 

pathology (Tran et al., 2021; Zhang et al., 

2023). This micro-resolution enables 

detailed analysis of the tumour 

https://biosciencesreports.com/index.php/BR/index
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microenvironment, which helps to identify 

the expressions of proteins at a local level, 

as well as mutations that influence the 

response to the therapy (Zheng et al., 2025). 

Harmonising these inputs at multiple sites 

will enable researchers to effectively 

harmonise multi-institutional data, thereby 

addressing the current limitations of single-

center retrospective analyses (Kang et al., 

2023). The “FAIR guiding principles” must 

be followed to guarantee that all these 

diverse research goals are traceable, 

accessible and interoperable across global 

research networks (Shui et al., 2021). 

Furthermore, the adoption of explainable 

AI approaches—like Shapley Additive 

Explanations—is essential for defining the 

role of individual imaging and molecular 

features in the automated decision-making 

process, which would boost clinician trust 

in the automated decision-making process 

(Shi et al., 2025). In addition to 

interpretability, it is also important to have 

multi-institutional, well-annotated 

databases that are systematically collected 

to reduce the risk of overfitting and to 

increase the generalizability of these 

diagnostic models (Koh et al., 2022; Yuan 

et al., 2025). For this to be possible, 

federated learning methods may offer 

multi-institutional cooperation without the 

need for the sharing of sensitive and 

identifiable patient data to train strong 

models on decentralized data (Chiu and 

Yen, 2023). Such architectures can also be 

used to synthesize fragmented cohorts to 

create classifiers that are resilient to 

institutional biases (Vanguri et al., 2022). 

In addition, there is a need to adopt a 

uniform measurement system, such as the 

C-index and area under the receiver 

operating characteristic curve, to enhance 

the interpretability of these predictive 

systems across different clinical cohorts 

(Hatamikia et al., 2023). This multi-layered 

integration is further compounded by the 

fact that data formats and quality are always 

variable, and that uniform ontologies are a 

prerequisite for melding different datasets 

(Xu et al., 2025). These frameworks are 

crucial for addressing the technical 

challenges of feature fusion, especially 

when trying to align two radically different 

levels of imaging and molecular 

information (Mohetaer & Adili, 2026). 

Future studies should then move beyond 

concatenating features and towards deep-

learning architectures that are able to learn 

latent space representation of the data and 

preserve the underlying biological and 

spatial relationships between the different 

modalities (Li et al., 2025).  

METHODOLOGY 

https://biosciencesreports.com/index.php/BR/index
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This section provides a hierarchical 

roadmap for the multimodal pipeline to 

incorporate high dimensional omics data 

with spatial imaging and clinical pheno-

types by leveraging latent representation 

learning (Liu et al., 2025; Zhou et al., 

2024). To overcome the “black box” 

property of the complex diagnostic models, 

the framework adopts a cross-modal 

attention mechanism to balance the 

prediction power of different data sources. 

By adding domain knowledge constraints 

to the model architecture, this method 

guarantees that fused embeddings retain 

their biological relevance while directly 

supporting the need for clinical 

transparency and actionable model 

reasoning (Azher et al., 2023; Wysocka et 

al., 2023). Moreover, the architecture 

suggests using a federated learning 

paradigm, thus reducing privacy concerns 

of training models across different 

institutional silos while improving overall 

model generalizability in biomarker 

discovery (Borazjani et al., 2024; Pati et al., 

2022). To deal with the potential loss of 

data streams of these distributed networks, 

the model includes modality specific 

dropout layers, providing that latent 

encodings remain stable even if some 

modality is missing (14725564) et al., 

2025. This advanced management of 

incomplete information is enhanced by a 

gated product-of-experts fusion strategy 

that intelligently combines information 

from the encoders specifically designed for 

genomic sequencing and 3D radiological 

scans (Xiao et al., 2026). This is 

accomplished by embedding different input 

modalities into a common latent space, 

where the modality-specific encoders map 

each type of data to a common patient 

representation, such as text, images, and 

molecular profiles (Menon et al., 2026; Zhu 

et al., 2025). The process usually relies on 

architectures based on autoencoders to 

transform high-dimensional inputs into a 

lower-dimensional manifold, thus enabling 

cross-modal correlations that are not 

identified in unimodal analyses (Al‐Zoghby 

et al., 2025). In particular, these 

autoencoder models learn compact vectors 

for different modalities, then use 

sophisticated fusion modules to align the 

latent embeddings, thus completing 

missing data points across modalities by 

cross-modal learning (Wang et al., 2024). 

This systematic latent space can effectively 

reduce the dimensionality of the 

representation and also enhance the 

interpretability of the cross-modal 

diagnostic signals (Tonekaboni et al., 

2025). By combining these latent 

representations with self-learned feature 

https://biosciencesreports.com/index.php/BR/index
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importance scores, the model can also 

selectively focus on a subset of disease-

informative features to enhance its 

robustness to noise in less relevant ones 

(Wang et al., 2026). This approach 

capitalizes on the ability of multimodal 

deep-learning models to combine 

multimodal data to uncover complex 

relationships and identify their relevance 

for survival and treatment response in 

various oncological datasets (Arango-

Argoty et al., 2025). Especially, the 

implementation of either early 

concatenation or late fusion architectures 

depends on the clinical goal, as early fusion 

is often superior to identify markers of 

survival from multi-omics datasets. In 

contrast, late integration strategies, which 

handle data streams independently, are used 

when the precision of the individual 

modalities is of higher value than the 

precision of the overall results, with the 

result that the different feature 

representations are processed separately 

and then combined in the end (Ellen et al., 

2023). In recent years, cross-modality 

autoencoders have also been introduced, 

encouraging the reconstruction of 

complementary features across a variety of 

inputs and learning more powerful shared 

latent representations (Qoku et al., 2023). 

These frameworks efficiently integrate the 

fragmented and noisy information from 

single-cell sequencing with high-resolution 

spatial data; they represent a mapping, that 

is, the projection of the different inputs into 

a shared subspace while preserving the 

spatial resolution, and this helps improve 

the accuracy of the downstream predictions 

(Yao et al., 2024).  

RESULTS 

The proposed multi-omics machine 

learning framework showed a good 

discriminatory power towards early cancer 

detection in the lung, kidney, and head and 

neck cancer cohorts. Balanced 

training/validation/independent testing 

between cancer groups and controls was 

achieved by stratified partitioning of the 

analytical dataset to 3,817 samples (Table 

1). Although informative transcriptomic, 

epigenomic, genomic, proteomic and 

clinical variables were retained, stringent 

quality control reduced the high 

dimensional feature space that was 

described in Table 2. As shown in Figure 1, 

the stacking model in the integrated multi-

omics performed better than all the single-

algorithm baselines in terms of accuracy, 

F1 score, and AUC. The final model 

achieved 0.89 accuracy, 0.90 precision, 

0.87 recall, 0.88 F1-score, and 0.94 AUC, 

as is shown in Table 4, with consistent 

https://biosciencesreports.com/index.php/BR/index
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performance in early detection, even in the 

presence of heterogeneous cancer biology. 

Cancer-specific analysis also showed that 

the model was not a one-hit wonder and 

thus performed well for the various tumor 

types. The highest AUC was seen in lung 

cancer (0.96), kidney cancer (0.93) and 

head and neck cancer (0.91); the pooled 

early-detection setting had an AUC of 0.94 

(Table 5). The ROC curves in Fig. 2 

revealed that the last classifier had 

consistently high sensitivity and low false 

positive rates in the clinically relevant 

range for early cancer cases compared to 

the controls. The confusion matrix in 

Figure 3 reveals that the majority of errors 

were made between closely related cancer 

classes, but not between cancer and non-

cancer controls. The feature level 

interpretation revealed a small biomarker 

signature that is cross-cancer and cancer-

specific relevant. The most influential 

predictors were miR-21-5p, HOXA9 

methylation, KRT17 expression, VHL 

copy-number status, EGFR mutation, and 

CA9 expression, as indicated in Table 3. 

Transcriptomic and epigenomic signals are 

biologically important in early disease 

detection, with the SHAP analyses of the 

top features (Figure 4) highlighting these 

findings. Table 8 reveals that the majority 

of prioritized markers were related to 

known pathways related to cell-cycle 

dysregulation, immune signaling, hypoxia, 

angiogenesis, DNA repair, and metabolic 

remodeling. Ablation testing showed that 

there were measurable benefits to 

integrated modeling over “omics” layers 

alone. The highest single-layer model 

performance (AUC=0.86) was obtained 

with the transcriptomics, with the whole 

multi-omics model configuration yielding 

AUC=0.94 (Table 6). The entire 

computational workflow, from quality 

control to validation, is shown in figure 5, 

highlighting the importance of feature 

filtering, integration, model learning, and 

explainability. The results in table 7 

demonstrate that performance was 

clinically acceptable even after reducing 

the set of features to 100, opening up the 

possibility of supporting practical 

development of panels. There is partial 

overlap between transcriptomic, 

epigenomic and proteomic biomarkers 

(Figure 6), highlighting the shared cancer 

biology as well as the molecular patterns of 

each tumor. Finally, Table 9 shows good 

external validation and calibration (pooled 

external AUC 0.90, Brier score 0.105, and 

calibration slope 0.94). Overall, the results 

validate the framework as a reliable and 

interpretable approach to finding 

biomarkers for early detection in several 

https://biosciencesreports.com/index.php/BR/index
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cancer types. The decreased panel also 

enhanced the feasibility of the assays for 

translation, as there was less of a burden on 

the assay, less computational burden and 

less interpretative complexity, which is 

critical for screening contexts where 

turnaround time, reproducibility and cost-

effectiveness will make or break whether a 

biomarker model can be taken from 

retrospective discovery to prospective 

clinical evaluation in a wide range of 

hospital populations. 

Table 1. Study Cohort Distribution by Cancer Type 

Group Training Validation Test Total 

Controls 620 180 264 1,064 

Lung cancer 548 160 249 957 

Kidney cancer 514 150 240 904 

Head and neck cancer 502 148 242 892 

Overall 2,184 638 995 3,817 

Table 2. Multi-Omics Feature Inventory Before and After Quality Control 

Omics layer Raw features 
Retained 

features 

Missingness 

threshold 
Normalization 

Transcriptomics 20,412 7,286 <20% log2 TPM 

DNA methylation 12,870 3,104 <15% 
Beta-value 

scaling 

Mutation/CNV 1,124 418 <10% Binary encoding 

Proteomics 2,786 852 <20% Z-score 

Clinical 

covariates 
34 29 <10% Median/mode 

Table 3. Top Ranked Biomarkers Identified by Integrated SHAP Analysis 

Rank Biomarker Omics layer 
Cancer 

association 
SHAP score 

1 miR-21-5p Transcriptomic Pan-cancer 0.164 

https://biosciencesreports.com/index.php/BR/index
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2 
HOXA9 

methylation 
Epigenomic Lung/H&N 0.142 

3 
KRT17 

expression 
Transcriptomic H&N 0.129 

4 
VHL copy-

number status 
Genomic Kidney 0.118 

5 EGFR mutation Genomic Lung 0.107 

6 CA9 expression Proteomic Kidney 0.096 

Table 4. Comparative Classifier Performance on the Test Set 

Model Accuracy Precision Recall F1-score AUC 

Logistic 

regression 
0.73 0.72 0.70 0.71 0.79 

Random 

forest 
0.78 0.79 0.76 0.77 0.84 

XGBoost 0.83 0.84 0.81 0.82 0.88 

SVM 0.77 0.78 0.75 0.76 0.82 

Elastic Net 0.75 0.76 0.73 0.74 0.81 

Multi-omics 

stacking 
0.89 0.90 0.87 0.88 0.94 

Table 5. Cancer-Specific Performance of the Final Model 

Cancer type Sensitivity Specificity F1-score AUC 

Lung cancer 0.91 0.93 0.90 0.96 

Kidney cancer 0.88 0.91 0.87 0.93 

Head and neck 

cancer 
0.84 0.90 0.85 0.91 

Pooled early 

detection 
0.87 0.92 0.88 0.94 
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Table 6. Ablation Analysis by Omics Layer 

Input 

configuration 
Accuracy F1-score AUC Delta AUC 

Clinical only 0.66 0.63 0.70 -0.24 

Transcriptomics 

only 
0.80 0.79 0.86 -0.08 

Epigenomics only 0.78 0.76 0.84 -0.10 

Genomics only 0.74 0.72 0.81 -0.13 

Proteomics only 0.76 0.75 0.83 -0.11 

All omics 

integrated 
0.89 0.88 0.94 Reference 

Table 7. Feature-Reduction Performance Across Biomarker Panel Sizes 

Panel size Accuracy Sensitivity Specificity AUC 

500 features 0.90 0.88 0.93 0.95 

250 features 0.89 0.87 0.92 0.94 

100 features 0.88 0.86 0.91 0.93 

50 features 0.86 0.84 0.90 0.91 

25 features 0.83 0.80 0.88 0.88 

Table 8. Explainability and Biological Concordance Summary 

Category 
Prioritized 

markers 

Literature-

supported 

Pathway 

concordance 
Interpretation 

Cell-cycle regulation 18 15 83% Strong 

Immune signaling 14 11 79% Strong 

Hypoxia/angiogenesis 12 10 83% Strong 

DNA repair 9 7 78% Moderate 

Metabolism 8 6 75% Moderate 
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Table 9. External Validation and Calibration Indicators 

Validation 

metric 
Lung Kidney Head and neck Pooled 

External AUC 0.92 0.90 0.88 0.90 

Brier score 0.094 0.108 0.116 0.105 

Calibration slope 0.96 0.93 0.91 0.94 

Decision-curve 

net benefit 
0.31 0.28 0.25 0.29 

 

 

Figure 1. Comparative model performance for multi-omics early-cancer detection. 

 

Figure 2. ROC curves for cancer-specific and pooled detection tasks. 
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Figure 3. Confusion matrix of the final classifier on the held-out test set. 

 

Figure 4. SHAP-based importance ranking of the top candidate biomarkers. 

 

Figure 5. Multi-omics biomarker discovery and validation workflow. 
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Figure 6. Overlap of prioritized biomarkers across omics layers. 

 

Figure 7. Calibration curve of predicted early-cancer probabilities.

DISCUSSION 

Analyses of the results confirm that LVs 

constructed with multi-omics integration 

consistently outperform single-omics 

approaches, that may fail to provide a 

statistically significant risk classification in 

different oncological patient populations 

(Braytee et al., 2024). These results indicate 

that it is important to capture the non-linear 

latent structures to reduce the noise from 

transcriptomic and methylomic datasets 

(Sapoval et al., 2022). Moreover, the use of 

Variational Autoencoder variants can help 

effectively model data imbalances, and thus 

achieve better feature extraction in the 

https://biosciencesreports.com/index.php/BR/index
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latent space even when the input is high 

dimensional and of mixed data type. These 

unsupervised dimensionality reduction 

techniques can help models overcome the 

issue of sparse representation of features 

and hence improve the performance in the 

classification of molecular subtypes and 

survival analysis (Hira et al., 2021). 

Furthermore, comparative analysis of 

different fusion paradigms (from early 

concatenation to complex cross-modal 

autoencoders) shows that the choice of the 

fusion architecture has a significant impact 

on the predictive ability of the identified 

biomarkers (Benkirane et al., 2023; Li et 

al., 2020). Importantly, iterative application 

of feature importance ranking (e.g., 

Recursive Feature Elimination) can further 

optimize these latent signatures by 

lowering the dimensionality, whilst 

increasing the prognostic performance. In 

the end, this filtering procedure can help 

identify novel, robust biomarkers that 

remain highly predictive in multi-cancer 

survival models (Nguyen & Vafaee, 2025). 

Adopting a longitudinal approach, future 

studies should validate these embeddings in 

larger, multi-institutional, clinical cohorts 

to evaluate their stability and their 

sensitivity to temporal evolution of tumor 

pathology (Simidjievski et al., 2019). 

Longitudinal clinical annotations (e.g., time 

between treatment events) could further 

enhance the temporal sensitivity of these 

prognostic embeddings (Leng et al., 2022). 

Moreover, by adding biological prior 

information to the latent space, the 

translation potential of these models can be 

further extended beyond making data-

driven connections to finding clinically 

relevant insights (Munquad & Das, 2023). 

Furthermore, the separation of view-

specific and view-shared latent features 

could be used to tackle the current lack of 

transparency in "black-box" models, which 

can be achieved by using models such as 

Deep Probabilistic CCA (Jiang et al., 2023) 

for increasing interpretability. 

Incorporating self-attention mechanisms 

and feature attribution methods will be 

crucial in the future to better understand the 

role of individual omics layers in making 

diagnostic decisions (Ma et al., 2025). 

Furthermore, the introduction of 

quantitative indicators like SHAP values 

provides a systematic way to evaluate 

feature significance, which is crucial when 

positive and negative effects need to be 

weighed against one another to avoid 

compromising the predictive power (Jiang 

et al., 2024). Moreover, by optimising the 

learning rates for each modality in these 

architectures, the dominant learning of data 

types can be avoided, and each modality 

https://biosciencesreports.com/index.php/BR/index
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can contribute to the final diagnosis 

representation in a balanced way (Steyaert 

et al., 2023). Furthermore, ensemble 

methods or adaptive re-weighting 

techniques might help reduce issues that 

may occur due to imbalanced class 

distributions in training sets, which may 

improve the model's reliability in predicting 

less common oncological outcomes (Reddy 

et al., 2025). In addition, understanding 

modular architectures able to integrate new 

feature submodels seamlessly will be 

essential to deal with the extremely diverse 

and growing variety of tissue morphologies 

and clinical variables (Vale-Silva & Rohr, 

2021). This modularity also allows for the 

integration of new histomorphological 

phenotypes and immune infiltration 

parameters that are emerging as highly 

promising prognostic markers in recent 

advances of the foundation models (Quiros 

et al., 2024). This provides a demonstration 

of the need for modality-invariant training 

strategies to retain performance in the 

presence of incomplete or noisy clinical 

inputs (e.g., missing transcriptomic profile 

or inconsistent image quality).  

CONCLUSION 

In this study, BiomarkMachine is proposed 

to be a machine learning based framework 

for the identification of multi-omics 

biomarkers in the early detection of lung, 

kidney and head and neck cancers. The 

proposed framework provides a more 

complete perspective of the biological 

changes associated with cancer than single-

omics approaches, and integrates multiple 

molecular data layers. Employing feature 

selection and predictive modeling can also 

help to identify biomarker signatures that 

hold promise for diagnostics, and 

explainable AI techniques can enhance the 

transparency of AI models by elucidating 

the contributions of individual molecular 

features in model predictions. The results 

show the significance of integrating 

genomic, transcriptomic, epigenomic, 

proteomic and clinical data to tackle the 

challenges of tumor heterogeneity and 

better cancer diagnosis in the early stages. 

The BiomarkMachine can help researchers 

and doctors select for further validation the 

most promising candidate biomarkers, with 

the potential for decreasing the need for an 

invasive diagnosis procedure, and 

increasing the chances of earlier 

intervention. Future studies should be 

conducted on external validation with 

larger, multicenter data sets, prospective 

clinical testing, and experimental validation 

of the identified biomarkers. Overall, the 

proposed framework offers a promising 

platform for the development of precision 

https://biosciencesreports.com/index.php/BR/index
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