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Abstract

Statistical methods are fundamental to designing and executing cancer clinical trials, which present unique challenges
such as patient diversity, incomplete data, and ethical considerations. This article underscores the pivotal role of
advanced statistical techniques in ensuring reliable outcomes, with a focus on sample size estimation, randomization,
and endpoint selection. Key methodologies discussed include Cox regression, Bayesian modeling, and machine learning
applications for predictive analytics and real-time data processing. Practical solutions to challenges like treatment effect
assessment, bias reduction, and ethical compliance are highlighted through real-world examples. The paper concludes
by envisioning future innovations that enhance accuracy, efficiency, and accessibility in cancer research. By integrating
rigorous statistical methods with clinical relevance, this work aims to propel oncology into a new era of precision and
patient-centered care.

Keywords: Statistical Analysis; Cancer Clinical Trials; Bayesian Statistics; Artificial Intelligence; Machine Learning;
Survival Analysis; Ethics in Research; Precision Oncology.

1. Introduction

Cancer remains one of the leading causes of death worldwide, with approximately 19.3 million new cases and about 10
million deaths reported in 2020 [1]. One underlying challenge in advancing treatment options for the disease arises
from the dissimilarities inherent in tumor complexity and the influence exerted by many genetic, environmental, and
lifestyle variables. Therefore, clinical trials are at the center of developing novel therapies ensuring their safety and
efficacy, and improving the understanding of the disease. In contrast, the success of these trials largely depends on the
implementation of appropriate statistical methods to fit the analysis and interpretation of the vast and complex data
sets involved [2].

Statistical analysis plays an important role in clinical trials, not only for providing insight regarding the outcomes of the
trials, but even during the design of the study regarding sample size calculation, conduct of the study, and presentation
of the results [3]. In cancer research, where survival, progression-free intervals, and biomarker response are the main
endpoints, sophisticated statistical techniques are imperative. The resulting lack of adequate statistical power would
mean bias inconclusiveness or both and may, use available resources unproductively at the same time, understand the
challenge, of making therapeutic techniques available to patients [4].

1.1. The Importance of Statistics in Cancer Clinical Trials

Cancer clinical trials are special because of the multifaceted nature of the disease. Cancer does not present uniformly
like most other diseases, and therefore, there is significant variation across populations of patients, tumor types, and
modes of treatment. These variations make statistical approaches customized to produce appropriate and trustworthy
results [5].

* Corresponding author: Haoxuan Sun

Copyright © 2024 Author(s) retain the copyright of this article. This article is published under the terms of the Creative Commons Attribution Liscense 4.0.


http://creativecommons.org/licenses/by/4.0/deed.en_US
https://wjbphs.com/
https://doi.org/10.30574/wjbphs.2024.20.3.0972
https://crossmark.crossref.org/dialog/?doi=10.30574/wjbphs.2024.20.3.0972&domain=pdf

World Journal of Biology Pharmacy and Health Sciences, 2024, 20(03), 417-428

In general, analyses of survival rates or progression-free intervals may require adding regression models to standard
methods, such as Kaplan-Meier survival analysis, in the process of accounting for confounding factors. These methods
help ensure the findings are strong and applicable to a wide range of different populations [6].

The integration of advanced technologies like genomics and proteomics into cancer research has generated large, multi-
dimensional data sets. These need to be analyzed with a mixture of traditional statistical methods and modern machine
learning tools, with an emphasis on finding meaningful patterns in the data that can be used to inform clinical decision-

making [7].

Table 1 Core Applications of Statistical Analysis in Cancer Clinical Trials

Statistical application | Purpose Example

Survival Analysis Assess time-to-event outcomes (e.g., death, | Kaplan-Meier curves, Cox proportional
relapse). hazards model.

Randomization Reduce bias in assigning patients to | Block randomization, stratified

Techniques treatment groups. randomization.

Bayesian Statistics Integrate prior knowledge with current | Adaptive designs in dose-finding studies.
trial data.

Subgroup Analysis Identify treatment effects in specific | Stratification by age, genetic markers, or
populations. comorbidities.
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Figure 1 The Bayesian method in Clinical research
Source: https://www.thelancet.com/journals/lancet/article/P11S0140-6736(24)01295-9/abstract
Depicting the Bayesian method in oncology research illustrating the key components of Bayesian analysis—prior

probability, likelihood, and posterior probability—alongside an example from cancer treatment trials
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Current Trends in Cancer Clinical Trial Statistics

The face of cancer research is constantly changing with evolving statistical methodologies. The latest trends in statistical
approaches are oriented to counterbalance the issues that conventional methods have been causing, making such trials
more efficient and with less margin of error.

Adaptive Trial Designs

Adaptive designs allow the researcher to make changes in the trials based on interim results. Such flexibility allows
early stopping in case of ineffective treatments, optimization of dosing strategy, and refinement of study endpoints
according to [8].

Bayesian statistics

Bayesian methods bring prior knowledge into the analysis and dynamically update probabilities based on newly
emerging data. Such models have been particularly useful in oncology, where historical data can help create informed
decision-making processes during the trials themselves [9].

Integration of Machine Learning

Machine learning algorithms enhance traditional statistical tools by identifying patterns and making predictions from

large, complex datasets. For instance, clustering algorithms can be used to identify subgroups of patients who respond
differently to a given treatment [10].
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Figure 2 Integration of machine learning in medical oncology research
Source: https://www.mdpi.com/2072-6694/15/1/63#

[llustration showcasing the application of machine learning in medical research, data processing, and oncology
treatment optimization.
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1.2. Infographic illustration of the integration of machine learning in medical oncology research.

Table 2 Modern Trends in Statistical Approaches for Cancer Research

Trend Description Benefits

Adaptive Trial Designs Real-time adjustments to trial | Increases efficiency and ethical
protocols. compliance.

Bayesian Approaches Integration of prior knowledge for | Facilitates dynamic decision-
real-time updates. making.

Machine Learning Algorithms Predictive analytics and subgroup | Enhances precision medicine
discovery. efforts.

Challenges in Statistical Analysis

Statistical analysis of cancer clinical trials is not away from several challenges, including the problem of missing data,
heterogeneity of patients, and reduction of biases. This will serve to ensure the reliability and generalization of the
findings of the trial [11].

Missing data

Missing data is a very common problem in clinical trials due to patient dropouts or incomplete records. Ways to diminish
the impact of missing data on results include multiple imputation and sensitivity analysis [12].

Managing Patient Heterogeneity

Cancer patients usually have heterogeneous genetic, demographic, and clinical features. The failure to consider these
features leads to biased results. Stratification and subgroup analyses are generally used for these issues, ensuring that
the results would be generalizable across relevant populations [13].

Reducing Bias

Biases may arise due to confounding variables, non-randomized designs, or inappropriate statistical methods.
Approaches such as propensity score matching and covariate adjustments are necessary for minimizing these risks and
enhancing the acceptability of results [14].

Statistical analyses are an integral part of cancer clinical trials, wherein the validity and acceptability of the results have
to be scientifically and ethically correct. The challenges presented by unique features in cancer studies are best met by
applying modern statistical thinking to the design and analysis. The following sections elaborate on these ideas,
presenting their applications and how they may lead to a paradigm shift in oncology [15].

2. Literature Review

Application of Statistical Analysis in Cancer Clinical Trials during the Decades: From the increasing intricacy of cancer
treatments to the evolution of computational and analytical methods, the use of statistical analysis in cancer clinical
trials has grown exponentially [16]. The following section highlights the key contributions, challenges, and
developments marking the present face of statistical analysis applied in cancer research. Each section undertakes an in-
depth review of foundational concepts, modern methodologies, and emerging trends and is supported by in-text
citations for accuracy within context [17].

2.1. Evolution of Statistical Methods in Cancer Clinical Trials

The complexity and heterogeneity of cancer have been the driving forces in the evolution of statistical methodologies
applied in research involving the disease [18]. Early methods focused on basic descriptive and inferential statistics,
including survival analysis and hypothesis testing; these remain foundational elements in clinical research [19].
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Survival Analysis: A Cornerstone

The Kaplan-Meier estimator, given by Kaplan and Meier in 1958 [20], was a great tool for time-to-event data analyses.
It became a must for the analysis of time-to-event outcomes, such as PFS and 0S, because it provided an estimate of the
survival probabilities over time. The Cox proportional hazards model of Cox [21] developed this further to study the
covariate effects: of age, sex, and genetic markers on the outcomes of interest.

The Emergence of Randomized Controlled Trials (RCTs)

In the 1990s, the RCT established itself as the gold standard for assessment of therapeutic efficacy. As highlighted by
[22], randomization and blinding are indispensable in various ways to reduce bias and ensure valid comparisons.
However, these trials were not without their drawbacks, such as the fixed nature of their designs, which precluded
adaptation to emerging data on an ongoing basis during the trial [23].

Flexible Designs through Adaptation

Realizing these limitations, adaptive trial designs have gained increasing acceptance. According to [8], adaptive
methodologies allow changes in the trial protocol given interim analyses that could include early termination of
treatments found to be less effective or changes in sample size. This flexibility not only enhances efficiency but also
aligns with ethical principles by reducing patient exposure to inferior treatments [24].

2.2. Statistical Challenges and Solutions in Cancer Research

Cancer clinical trials have several special challenges, and if these are not appropriately addressed, the validity and
generalizability of results will be impaired [25]. These relate to both intrinsic features of cancer as a disease and
practical considerations in trial execution.

Addressing Missing Data in Cancer Trials

Missing data is a persistent challenge in cancer trials, often arising from participant dropouts, incomplete follow-ups,
or technical issues. To tackle this issue, [26] introduced the methodology of multiple imputation, which provides a
robust framework for replacing unobserved data with suitable estimates derived from the available data [27].
Additionally, sensitivity analyses are frequently employed to assess how varying assumptions about missing data might
influence trial outcomes, ensuring the robustness and reliability of the conclusions.

Accounting for Patient Heterogeneity

Another major complication is the heterogeneity of cancer: patients have many different genetic, demographic, and
clinical features [28]. Treatment responses have been found to vary across the patient populations. Stratification and
subgroup analyses are performed to ensure that findings generalize across various types of population groups [29]. For
instance, trials may stratify patients by biomarkers or tumor stage to ensure the estimation of treatment effects in each
of these subgroups accurately [30].

Minimizing Bias in Observational Studies

In observational studies where randomization is not possible, bias- often through confounding variables-is a major
concern. According to [14], propensity score methods have become a primary approach toward such problems. These
methods use the matching of patients with similar characteristics across the treatment groups to reduce confounding
and enhance the reliability of causal inferences.

3. Advances in Statistical Techniques

The last few decades have seen a revolution in statistical methodologies, enabling researchers to keep pace with the
increasing intricacy of cancer trials [31]. The latest approaches seek to improve precision, flexibility, and embedment
with technological innovations.
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Bayesian Statistics for Real-Time Update

Bayesian approaches have become popular in oncology because they incorporate prior information and dynamic
updating. [9] Discussed how the Bayesian approach is applicable in dose-finding studies, where prior information from
earlier phases can help make decisions in later phases [32]. These methods are particularly valuable in adaptive trials,
where interim analyses inform ongoing adjustments.

Pattern Recognition using Machine Learning

The process of machine learning has now emerged as one of the strong tools for the analysis of big and complex datasets.
[10] Opined that ML provides a way to analyze data to identify patterns that might otherwise have gone unnoticed. For
instance, clustering algorithms may expose subpopulations of subjects with unique genetic characteristics or responses
to therapy that could form the basis for personalized interventions. Neural networks and support vector machines are
also being applied to predict outcomes from multidimensional genomic and clinical data.

Table 3 Traditional vs. Modern Statistical Methods in Cancer Clinical Trials

Aspect

Traditional Methods

Modern Methods

Survival Analysis

Kaplan-Meier, Cox Proportional

Random Survival Forests, Deep Learning

Hazards Models
Handling Missing Data Multiple Imputation Al-Driven Reconstruction
Trial Design Fixed Sample Sizes Adaptive Designs, Seamless Phase I/1I Trials
Incorporating Prior | Frequentist Hypothesis Testing Bayesian Frameworks
Knowledge

4. Integration of Al and Big Data in Statistical Analysis

The emerging use of Al and big data analytics in cancer research is transforming statistical analyses, increasing the
levels of precision, scalability, and efficiency [33]. These technologies enable researchers to extract insights from vast
and complex datasets, increasingly common in the era of precision medicine.

Al-Driven Predictive Modeling

These deep learning algorithms are being used to forecast the response of a patient to certain treatments, which enables
personalized medicine approaches. [34] Showed the potential of Al in cancer diagnostics by using convolutional neural
networks to classify skin lesions with accuracy comparable to dermatologists. Similar approaches have now been used
to identify biomarkers and forecast treatment outcomes based on genetic data.

Big Data Platforms: Complete Analyses

Big data platforms, such as electronic health records and biobanks, are rich sources of information for statistical
analyses. [35] Underscored the integration of these data sets to facilitate advanced analyses such as meta-analyses and
network modeling. These tools help researchers identify relationships between variables that may be overlooked when

datasets have smaller sample sizes.

Table 4 Applications of Al in Statistical Analysis for Cancer Trials

Al Technique Application Benefits
Clustering Algorithms Subgroup identification. Facilitates personalized treatment
strategies.

Deep Learning

Prediction of patient outcomes.

High accuracy in identifying responders.

Natural
Processing

Language

Extraction of relevant data from EHRs.

Streamlines data curation for analysis.
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5. Ethical and Regulatory Considerations

Ethical and regulatory frameworks lie at the very core of the design and execution of cancer clinical trials. These
frameworks are important in protecting the safety and rights of participants while preserving the scientific integrity of
the trial.

International Guidelines

The International Conference on Harmonization of Technical Requirements for Registration of Pharmaceuticals for
Human Use [36] has provided comprehensive guidelines on statistical analysis for clinical trials. These directives stand
tall by emphasizing principles such as transparency, data integrity, and robust statistical methods.

Modern Methods Adaptation

As designs get increasingly adaptive and methods leveraging Al become more mainstream, regulatory agencies have
had to evolve their frameworks to adapt to these novelties. Guidelines by the [37] on adaptive trials were issued in
2020; in these, a call was made to pre-specify adaptive features to keep the results of trials valid.

6. Gaps in Existing Literature

However, most of the challenges still stand for Al regarding reliability, reproducibility, and ethics in conducting clinical
trials [38], [39]. Various potential Al models suffer from serious bias, overfitting, and a loss of generalizability in some
non-representative dataset scenarios [40]. To tackle the aforementioned issues, more datasets that are standardized
and diverse are essential to enhance trust and applicability via rigorous validation protocols and explainable Al [41].

In addition, the ethical issues with data privacy and consent for Al-driven analyses are an urgent call for innovation,
such as dynamic consent models, data anonymization, and federated learning, in ways that protect patient rights while
allowing collaboration [42], [43]. By responding to these challenges, it is possible to integrate Al into clinical trials
effectively and ethically, thus speeding cancer research [44].

This literature overview emphasizes that the role of statistical analysis in cancer clinical trials is crucial and prepares a
balance of achievements and challenges yet to be overcome. From foundational methods like Kaplan-Meier survival
analysis to cutting-edge Al techniques, statistical innovations continue to drive progress in oncology [45], [46]. The way
forward involves addressing the challenges of heterogeneity in data, ethics, and regulatory compliance to realize the
full potential of such advancements [47].

7. Discussion

Statistical analysis forms the backbone of cancer clinical trials, enabling researchers to translate complex datasets into
actionable insights. Traditional methods, such as randomized controlled trials (RCTs), remain the gold standard for
evaluating cancer therapies. These designs rely heavily on statistical rigor to minimize bias, ensure valid comparisons,
and produce robust evidence on treatment safety and efficacy. Techniques like hazard ratio estimation and subgroup
analysis have significantly advanced precision oncology by identifying specific patient populations that benefit most
from targeted interventions.

While transformative, cancer trials face challenges, including data heterogeneity, missing information, and ethical
constraints. Addressing these complexities requires innovative solutions, such as hierarchical modeling for subgroup
effects and advanced imputation methods for handling missing data. Ethical trial designs like crossover and adaptive
protocols balance scientific rigor with participant welfare.

The integration of artificial intelligence and machine learning is revolutionizing statistical approaches. Predictive
analytics, driven by deep learning models, enables personalized treatment strategies, while big data analytics facilitates
insights from diverse datasets, including electronic health records. Bayesian frameworks further enhance adaptability,
allowing real-time updates that optimize trial efficiency and outcomes.

Looking ahead, hybrid statistical models blending traditional methods with Al-driven approaches promise greater
accuracy and generalizability. Collaborative platforms and data-sharing ecosystems will support large-scale meta-
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analyses while emerging technologies like block chain will ensure data integrity and patient privacy. By addressing
these challenges and embracing interdisciplinary collaboration, statistical methods will continue to drive advancements
in oncology, improving patient outcomes and accelerating therapeutic discoveries.

7.1. The Transformative Power of Statistical Analysis in Cancer Trials

Statistical analysis underpins every aspect of clinical trials, from initial design to final interpretation. Traditional
approaches, such as randomized controlled trials (RCTs), have long been the gold standard for assessing cancer
therapies. These studies indeed rely heavily on sound statistical methods to minimize bias, ensure valid comparisons,
and provide reliable evidence concerning treatment efficacy and safety [48].

Among the most transformative contributions of statistical analysis is its role in shaping evidence-based medicine. For
instance, meta-analyses across multiple cancer trials have played a major role in establishing the efficacy of
chemotherapies, immunotherapies, and targeted therapies across cancer types [49]. Techniques such as hazard ratio
estimation, subgroup analysis, and sensitivity testing have allowed researchers to identify which patient populations
benefit most from specific treatments, contributing to the advent of precision oncology.

Advanced statistical techniques have also enabled innovations in adaptive clinical trials. Adaptive designs permit
adjustments to parameters in response to interim data and allow researchers to revise dose levels, expand promising
treatment arms, and/or stop ineffective trials earlier. These flexible designs greatly enhance trial efficiency and align
ethical considerations with patient outcomes, limiting unnecessary exposure of participants to suboptimal treatments.

7.2. Challenges in Statistical Analysis of Cancer Trials

On the other hand, statistical analysis in cancer trials is fraught with several challenges that demand consideration of
options and innovative solutions.

Data Complexity and Heterogeneity

Cancer is a highly diverse disease with many subtypes that are demarcated by their different genetic and molecular
features. This heterogeneity poses significant challenges in the analyses because aggregation of results can mask
important subgroup effects. Approaches such as hierarchical modeling and multivariate analysis extend the capability
to deal with such variations at multiple levels but require high expertise and substantial computational power.

b. High Dropout Rates

Cancer trials have often been plagued by high drop-out rates due to disease progression, adverse effects, or patient
withdrawal. One problem with missing data is that bias may be introduced, thus making statistical conclusions invalid.
Imputation is now recognized as an essential tool in modern missing data methodology, along with multiple imputation
and maximum likelihood estimation. However, their actual performance depends on the appropriate modeling of the
mechanism underlying the missing data-a difficult task in practice.

c. Ethical and Logistical Constraints

Trial design and execution are often complicated by the need for rigorous ethical oversight. For example, placebo-
controlled trials are statistically sound; however, in instances where an effective standard of care has been established,
such trials could be seen as being unethical. Finding a balance between scientific rigor and ethical consideration involves
innovative trial designs that balance scientific goals with patient welfare without analytical compromises, such as
crossover trials or enriched designs.

7.3. Technological Advancements Driving Statistical Innovations

Integration of advanced technologies like Artificial Intelligence, Machine Learning, and big data analytics are fast-
changing statistical analyses in cancer research. These tools improve the capability to process complex data sets,
discover hidden patterns, and make predictions with unprecedented accuracy.

Artificial Intelligence and Machine Learning

Al-driven statistical models have been particularly effective in predictive analytics. For example, ML algorithms, such
as support vector machines and random forests, can analyze high-dimensional genomic data to predict patient
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responses to specific therapies. These predictions are then possible for the personalization of treatment regimens to
optimize outcomes and minimize adverse effects. Deep learning models have also integrated various data sets, such as
imaging, genomic, and clinical data, into a holistic view of patient profiles.

Big Data and Real-world Evidence

Large-scale datasets are increasingly available; these include EHRs and cancer registries. These provide real-world
evidence that supplements traditionally obtained trial data, allowing treatment effectiveness to be inferred in broad
patient populations. To incorporate big data into statistical workflows, however, advanced analytics frameworks must
be considered to account for issues related to data quality, missingness, and heterogeneity.

Bayesian Statistics

Bayesian methods have become popular for their flexibility to incorporate prior knowledge into statistical models.
Bayesian approaches are particularly useful in cancer trials for adaptive designs, where probabilities of one or another
decision can be updated while the new data emerge. Adaptability in this sense places Bayesian statistics among the
necessary ones in modern clinical research.

7.4. Collaborative Efforts and Cross-Disciplinary Integration

Cancer trials are complex, regarding statistical analysis, and hence call for interdisciplinary collaboration. Statisticians,
oncologists, bioinformaticians, and regulatory experts collaborate in the design of robust studies, assurance of quality
in data, and interpretation of results with accuracy.

Statisticians

Statisticians are key players in developing innovative trial designs, selecting appropriate analytical methods, and
establishing the reproducibility of findings. Their expertise is crucial to overcome several challenges: small sample sizes,
high-dimensional data, or nonstandard endpoints.

Interdisciplinary Synergy

The integration of statistical analysis with bioinformatics and computational biology has further enhanced its capability.
For example, bioinformaticians work out algorithms for genomic data analysis, and computational biologists provide
insight into the biological mechanisms behind the development of statistical models.

Collaboration on Regulations

The FDA and EMA increasingly call for statistical rigor in cancer trials. Various collaborations among researchers and
regulators ensure that statistical methods meet evolving standards and support the translation of research findings into
clinical practice.

7.5. Future Directions and Potential Innovations

The future of statistical analysis in cancer trials will be transformed with hybrid models, federated learning, and block
chain technology. Hybrid models blend the depth of traditional statistics with modern machine learning to bring to life
complex relationships within data; this enables precision in patient stratification, dynamic dose optimization, and real-
time risk assessment [44]. Federated learning enables institutions to collaboratively analyze data without the sharing
of raw datasets, enabling privacy and global collaborations. In return, block chain guarantees data integrity through
transparency and secure management of patient consent by recording everything in an immutable manner. Together,
these innovations make cancer trials more rigorous, more efficient, and of high ethical standards, thus making
treatments faster, more personalized, and more effective.

Hybrid Statistical Models
A marriage of traditional statistical approaches with those that are Al-driven holds exciting potential for improved

accuracy and generalizability. For instance, hybrid models that incorporate logistic regression into neural networks can
enhance the robustness of predictions while retaining interpretability.
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Data-Sharing Ecosystems

Collaborative data-sharing platforms, including cloud-based biobanks, will allow researchers to access a variety of data
sources while ensuring patient privacy is maintained. Support for large-scale meta-analyses and generalizable insights
will also be facilitated.

Ethics and Social Issues

With the growing intricacy of statistical methodologies, it is vital to ensure that these remain usable and ethical. The
transparency of reporting, patient-centric designs, and continuous training of researchers are pivotal in cancer studies
for ensuring trust and accountability [45]. Statistical analysis is more than just a technical discipline: It is a linchpin of
modern cancer research that bridges the gap between data and actionable insights. By addressing current challenges,
embracing technological advancements, and fostering interdisciplinary collaboration, the field can continue to drive
breakthroughs that improve patient outcomes and advance the fight against cancer.

8. Conclusion

Statistical analysis in cancer research clinical trials forms the cornerstone for carving the future of oncology. It helps the
researcher make sense of complex data sets, assess the efficacy of treatments, and identify patterns driving personalized
medicine [49]. Advanced methodologies integrate adaptive trial designs, Bayesian frameworks, and Al-driven analytics
to shape the research landscape toward streamlined, more accurate, and truly patient-centered outcomes [50].

Perhaps the most profound impact of the advances in statistics has been the movement toward precision oncology.
Techniques such as predictive modeling and subgroup analysis now make it possible to tailor treatments to the profiles
of individual patients, thereby optimizing therapeutic outcomes and minimizing toxicities. At the same time, newer tools
and big data have extended the dimensions of analysis into new realms of insight regarding patient behavior, disease
course, and response to therapy.

However, this field is not without challenges. Issues such as data heterogeneity, high dropouts, and the complexities of
new advanced methodologies necessitate further research. The balance of ethical considerations in trial designs must
be an innovation that puts the welfare of patients first and observes the strict scientific standards of research.
Limitations call for collaborations among statisticians, oncologists, regulatory bodies, and technology experts.

The seamless integration of state-of-the-art technologies into established statistical practices is the future of cancer
clinical trials. The field can further enhance its impact on cancer research by embracing hybrid models, fostering data-
sharing ecosystems, and continually validating emerging techniques. Ultimately, statistical analysis will continue to be
at the leading edge in driving oncology forward with discoveries that give hope to millions of patients worldwide.
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