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Al has now evolved to be a revolutionary resource within the
cancer field, offering insights to enhance diagnostics,
customization, and workflow optimization. Nevertheless, the Al in
the care of patients with cancer implies the emergence of many
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ethical challenges, including bias, privacy, transparency, and
accountability. This paper examines these ethical concerns and
provides recommendations for the effective implementation of Al
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in cancer treatment. Artificial intelligence has had potential as far
as cancer is concerned, in diagnosis, detection, and treatment.
Deep learning algorithms are being used more and more to
process medical images, predict patients' results, and assist
clinical decision-making. Although all this is beneficial, the moral

OPEN aACCESS

factor is vital because of the implications of treating cancer. The
risks are linked to algorithmic discrimination, data manipulation,
and the lack of transparency. These ethical issues need to be
understood and tackled. opportunities that might help introduce Al
safely and fairly in oncology. The conclusion of the findings shows
that although Al-aided diagnostic tools increase the accuracy of
early detection and the assurance of clinicians, data privacy with
demographic bias and the marginal utilization of bias-monitoring
mechanisms are concerns and thus significant barriers to trust.

Introduction

With the development of OpenAl, they have become a driving force behind the future of
generating artificial intelligence (AI), which is changing the landscape of healthcare systems
rapidly. It includes a category of machine learning algorithms trained (and optimized) to generate
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new information and is categorized into large language models (LLMs), which generate text, and
image-generating models, which generate or improve visual data (Esteva et al., 2019). These
generative artificial intelligence (AI) systems have advanced capabilities and demonstrated
extensive clinical practice and research applications. Some of the common uses of such
applications include managing medical records and diagnoses, facilitating communication with
patients, and supporting drug discovery (Topol, 2019). The models can create text messages,
respond to medical queries, analyze CT scan results and Magnetic Resonance Images, and assist in
the diagnosis of rare diseases, identify novel molecules, and even offer medical training and
education. Initial investigations have suggested that generative Al models have the potential to
enhance efficiency, decrease administrative burden, and improve patient engagement, although the
majority of the findings remain provisional until validation is undertaken (Sakthivel et al., 2024).
Nevertheless, there are some critical issues regarding accuracy, bias, privacy, ethical use, and
clinical safety regarding the technology as well. The branches of government, such as the FDA and
the EMA, are starting to establish governance models, and the academic institutions and medical
facilities are calling for the promotion of transparency, oversight, and evidence-based adoption
(Brodsky et al., 2025). Generative Al is not meant to substitute medical professionals but may
complement their work in decision-making, simplifying communication, and facilitating personal
care. Its responsible incorporation in the healthcare may represent a paradigm shift toward more
proactive, more precise, and more patient-centered systems (Kaduskar et al., 2024).
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Figure 1: Al tool use in healthcare

The picture graphically shows how different generative Al tools relate and how the tools can be
used in healthcare. On the left-hand side, it indicates four major Al systems: GPT-4, IBM Watson,
cder GPT, and Anthropic Claude, with each model having its unique logo and organized vertically,
in the category named Various generative Al tools (Brodsky et al., 2025). All these tools are linked
using a big arrow turning towards the right side of the picture, and this emphasizes their practical
applications in the field of health. The four areas are Drug Discovery, Personalized Medicine,
Medical Imaging, and Population Health, detailed on the right side with each area having an
accompanying easy-to-see, as a person, and easy to understand circular symbol; capsules to
describe drug discovery, and a monitor with a brain scan to describe the area of medical imaging.
The general arrangement, on a clean white background with blue and gray hues it, promotes a
well-defined directional flow, as it demonstrates that the development of generative Al tools is
another simple way to provide and facilitate innovative solutions in the field of healthcare (Vigl,
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2024). Generative Al is a version that generates new material based on the use of algorithms.
create text and image, along with audio and artificial data, which are similar to those produced by
humans (Li et al., 2023). It has attracted quick attention in the medical world in the past couple of
years. Trained on immense biomedical and generic datasets, have demonstrated the ability that
many professionals have said will revolutionize medical licensing examination, that there is no
medical area that has been trained before going through healthcare delivery and research, United
States Medical Licensing Examination (USMLE) (Vogt, 2025). This achievement was met with
shock on the part of the medical community. since it proved the unachievable capability of Al to
handle highly complicated medical questions. The establishment of cancer at its early stage of
development is considered by most as one of the major pillars of successful treatment and greater
survival (Chen, 2025). Historically, the usage of radiology and pathology has been based on human
expertise, yet recent growth in generative Al, where images can be created, improved images of
the diagnostics process, or complex biological patterns can be simulated, has changed the field.
With advancements in technologies, Al inclusion has posed some of the crucial questions: Can
patients feel confident in Al systems related to critical health analysis? What ethical regulations are
necessary to ensure responsible and equitable use (Feher, 2025).

Literature
Generative Al in Healthcare

Generative artificial intelligence (Al) is the next thing that will change data processing, analysis,
and implementation in medicine (Lv, 2023). Generative Al can be described as algorithms that can
generate new data entries similar to training dimensions. In contrast to the predictive, the
generative models can create medical images and improve diagnostic ones, as well as model the
progression of disease processes. These abilities are becoming of more importance in oncology,
specifically in early cancer detection, a situation where high-resolution imaging and quick decision
making is key (van der Zant et al., 2013). New deep learning networks, notably Generative
Adversarial Networks (GANs) and variational autoencoders, have developed to the point where it
is possible to upscale low-resolution scans or produce synthetic training examples of rare tumors
(Liu et al., 2023). The high rate of gaining such tools, however, is not technical. According to
scholars, the social-ethical nature of Al adoption in the medical sphere is associated with
reservations regarding data privacy, algorithm bias, or patient agency. Such concerns translate
directly to the likelihood that people are going to believe and adhere to Al-powered decisions in
such sensitive areas as oncology (Singh et al., 2025).

Social Ethical Aspects of Al in Early Cancer Detection

Healthcare provisions come under moral and social contexts, and require justice, responsibility,
and humanity. These expectations are transferred to AI when used in clinical practices (Hunter et
al., 2022). The scholarly literature on the ethics of Al in healthcare regularly emphasises the
relevance of transparency, explainability, and fairness. As an illustration, believe that ethical
practice of Al demands continuous surveillance of bias and proactive integration of diverse patient
data so that disparities can be systematically averted (Tay et al., 2021).

Explainability and Transparency

A common suggestion in the literature is the black box characteristic of complicated Al models.
Even a developer may find it hard to interpret, not to mention clinicians and patients, deep learning
models, especially those employed in image synthesis and analysis (Herm et al., 2023) Patients are
likely to be alienated or distrustful without transparency, and they will view Al as an unintelligible
decision-maker rather than a helpful complement. It is believed that interpretability is associated
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with patient autonomy: in the case of patients being aware of the reasoning behind the diagnostic
recommendations, there is a higher chance of informed consent and meaningful involvement in the
treatment process (Biagini, 2025).

Community Faith and Attitudes to Al in Healthcare

Effective provision of healthcare involves trust. The most sophisticated Al tools can be resisted
without the trust of the population. The available literature on acceptance models in technology
suggests that trust depends on perceived usefulness and ease of comprehension, as well as
reputation at an institutional level. When applied to healthcare, these considerations come together
with some of the most personal issues because patients should be convinced that Al will not
undermine their well-being but help improve it.

The Influences of Trust

It has been empirically revealed that patients feel more secure with the help of Al tools when a
human is in control (Biagini, 2025, Herm et al., 2023). The potential idea that Al enhancement, but
not replacement of physician expertise, will place the patients at ease, as they will be comfortable
knowing that what they may be lacking is the expertise of the physician in examining and treating
them. Besides, transparency within institutions determines trust as more confidence is generated in
healthcare organizations where the use and protection of Al are explained (Jussupow et al., 2020).

Cross-cultural thinking

Cultural issue also affects trust in AI. The comparison of attitudes between regions reveals that the

more trusting of a medical institution of, the more willing a population will be to adopt Al (Zhou et
al., 2021, Ma et al., 2024) . In conditions where people will put into question healthcare systems
because of past inequalities, patients will be cautious about new technology, as all they can think
and fear is that automation would result in the propagation of current inequities (Mashhadi et al.,
2016). Accordingly, trust-building approaches should be adjusted to the specificities of local
culture and socio-economic situation. The literature underlines some practical uses of generative
Al in the context of oncology. These tools are successfully used to improve imaging, enlarge
training sets, and model complicated growth patterns of tumors (Giiss, 2018).

Generative Al Applications in Early Cancer Detection
Reconstruction and Enhancement of Images.

Delayed diagnoses may be caused by low-quality imaging, especially those done in a resource-
constrained environment. Highly trained generative models could be used to convert low-quality
scanners into high-quality ones to facilitate the detection of early-stage malignancies by
radiologists (Yang et al., 2019). The application is also important in regions such as Pakistan,
where the availability of highly sophisticated imaging equipment can vary at different regions (Qi
et al., 2022).

Artificial Data Creation

One of the most critical issues associated with creating effective cancer detection algorithms is a
lack of annotated medical images(Melville and Mooney, 2005). GANs were utilized to create
synthetic pathology slides to widen the range of training material, and they did this without patient
recruitment. This augmentation helps enhance the generalizability of models across populations
(D'amico et al., 2023).
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Decision Support and Predictive Modeling

Building on imaging, generative models can be applied to disease simulation to allow clinicians to
get probabilistic disease course predictions, which can be used to optimize the course of treatment
(Ferrao et al., 2016). It is proposed that these tools have the potential to combine multimodal data
(genomic, radiological, and clinical) in integrated predictions in favor of personalized medicine
Ethical considerations of using probabilistic forecasts in making life-altering decisions still
represent a debatable area, though (Fitriyani et al., 2020).

Ethical Plans that Direct Al in Oncology

In ensuring that there is responsible deployment of AI, scholars have suggested different
frameworks. As examples, the High-Level Expert Group on Al of the European Commission
(2019) includes the principles of human agency, technical robustness, privacy, transparency, and
well-being in society. In the case of cancer detection, the use of these principles will need
interdisciplinary cooperation between technologists and clinicians, ethicists, and policymakers
(Hantel et al., 2024).

Human-in-the-loop methods

An approach that would contribute to ethical alignment is ensuring human supervision in Al
processes. It is proposed in studies that hybrid models, in which it takes recommendations are
made by Al and final decisions are made by human experts, are less prone to error and more
trusted (Huynh et al., 2020). This method in oncology will protect delicate clinical decisions,
including the relative importance of family history or co-morbidities (Oh et al., 2025) .

Ongoing and Verification.

One more piece of literature advice is continuous testing of Al systems in real-life conditions.
History-based Static validation might fail to consider the changes in population make-up or disease
distribution. Longitudinal studies are thus promoted in order to track performance with time and
adjust according to models (Topol, 2019). Although most of the existing literature is based in the
Western healthcare system, new studies highlight the need to adapt locally. The healthcare industry
of Pakistan is represented by limited resources, an urban-rural imbalance, and inconsistent
regulations (Noor et al., 2023). Researchers have explained that Al awareness among the
population is relatively low, and that can intensify fears concerning Juster automation of human
care because of Al. Moreover, data fragmentation and a low level of adoption of electronic health
records are additional practical challenges of the implementation and training of Al tools. There is
a bias that is of concern in this context (Farooq et al., 2020). In case the Al systems have been
trained mainly using the dataset of urban centers such as Karachi and Lahore, the performance
might not affect the rural populations that have some dissimilar genetic and environmental
conditions. Paying attention to literature on the topic of global health Al, proactive solutions are
proposed: it is necessary to expand the scope of data collection to new territories, finance local
capacity building, and create ethics review boards monitoring implementation (Ullah et al., 2021).
The Khine (2024) by-design: Ethical norms of behavior are integrated early in the systems
development cycle, beyond putting protection after deployment Adaptive governance: Developing
open-ended regulatory frameworks that are capable of evolving with the technological front of
innovation, as opposed to the strict set of rules, which can soon be rendered obsolete. Education
and training: This would be equipping clinicians and preparing them to be able to critique Al
outputs and prepare patients to know the role of Al in their care (Ahmad et al., 2021).
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Table 1: Conceptualization of Public Trust in Al-aided Cancer Detection Explanation

Input Variables (Independent) Mediating Factors Output (Dependent)
Transparency of Al decisions — Perceived Fairness ~ — Public Trust in Al
Data privacy & security — Clinician Oversight — Willingness to Adopt Al
Bias-detection mechanisms — Patient Education — Sustained Engagement

Perceived fairness is influenced by transparency and by bias-detection. Trust and an intention to
follow the recommendation provided by Al are enhanced through privacy precautions and the
presence of human controls. Education has been used as a mediator to improve knowledge and
abolish fear (Daneshjou et al., 2021).

Methodology

Farina et al. (2022) Represent Artificial Intelligence in Oncology. Changing Diagnosis and
Treatment 163, varying populations, which may be a cause of biased outcomes. For instance, the
unrepresentative sample of minority groups in medical imaging datasets can lead to reduced
diagnostic precision for such populations (Halloran et al., 2025). Such a scenario creates confusion
regarding weight loss. major issues about the equity and justice of healthcare provision.
Additionally, discrimination in the process of labeling and selecting data can exacerbate health
inequality, especially in a condition where training datasets replicate a priori discrimination
manifested in the history of healthcare (Char et al., 2018). It has compiled the information through
a network of healthcare centers, which are spread in 4 major cities of Pakistan, including Karachi,
Lahore, Faisalabad, and Islamabad. The choice of such centers aims to represent a wide variety of
urban medical settings and patient populations. The given study utilized a sample of 500 people
with the following participation: patients, who undergo diagnosis using diagnostic imagery
techniques; clinical specialists, who participate in cancer screening programs; and technical
operators, who develop or implement Al tools in these facilities. The number of data obtained was
a patient opinion on Al-assisted screening procedures, practitioner exposure to generative Al
products, and institutional rules concerning (Gill, 2008). Al adoption. Due to the quantitative
nature of the analyzed data, descriptive statistics were used to determine the trends in the degree of
patient trust and the perception of the fairness of decisions made by Al Thematic coding of
qualitative responses was done to discuss the arising socio-ethical issues, including accountability,
transparency, and privacy (Evlogiev, 2024).

Operational Model of Generative Al
Deployment in Cancer Detection

Generative Al Tools
(GANSs, LLMs, etc.)

1

Technical Processes
« Data Pre-processing
« Bias Monitoring
* Model Validation

1

Institutional Factors

« Ethical Policies

« Staff Training

= Regulatory Compliance

d

Patient Outcomes
« Early Detection Accuracy
= Perceived Equity in Care
« Trust and Satisfaction

Figure 2: demonstrates the model of operations (Bengio et al., 2021).
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The diagram of the operational model of the implementation of generative Al in cancer detection
(Operational Model of Generative AI Deployment in Cancer Detection) is presented in an effective
way of sequential distribution of factors involved in the application of generative Al in the clinical
setting (Jackson et al., 2024). Topically, it starts with the utilization of Generative Al technologies,
i.e., GANs and large language models, using which data-driven innovation is being built. These
tools pass to the next level, Technical Processes, involving key operations such as data pre-
processing, bias monitoring, and model validation to make sure that the AI systems work
effectively and justly (Alshareef et al., 2023, Crespo Marquez and Pérez Oliver, 2025). It is the
consequences of these processes that are then influenced by the Institutional Factors, including
ethical policies, staff training programs, and compliance to regulatory standards, which as a whole
determine the integration of the technology into the healthcare systems. Lastly, the compound
effect of the technical and institutional layers influences Patient Outcomes, and it leads to more
accurate early detection, a sense of increasing care equity, and increased trust and patient
satisfaction. Such a model emphasizes that the main issue in the successful deployment is not only
technology but also the organizational and ethical environment in which the technology is set to
operate (Jeong, 2023).

Table 2: Data Analysis and Results of Generative Al Use for Early Cancer Detection

Category/  Frequency Percentage

Variable / Theme Metric n) (%) Key Insight
. . i Majority of patients expressed
Z:;ﬁgégﬁ;;‘?n“ High Trust 310 62% confidence in Al-supported
g diagnostics.
Moderate Trust 120 24% Patients needed cle,arer
explanations of AI’s role.
Low Trust 70 14% Concerns relat_ed to privacy and
accuracy dominated responses.
Perceived Fairness . 0 Most participants believed Al
of Al Output No Bias Detected 340 68% provided equitable decisions.
Suspected Bias in 160 3204 Some groups rep_orte_d
Results underrepresentation in data.
Clinician Feedback Il:E)nhanceq 285 5704 Al tools improved early
on Al Utility lagnostic 0 detection in ambiguous cases
Confidence '

Clinicians saw Al as supportive

0,

Neutral Impact 145 29% but not transformative.

Added Workload 70 14% Integration challenges and

/ Concerns 0 training needs were noted.
Bias-Detection Implemented and 200 40% Some centers had systems in
Tools in Use Active place to monitor bias.

Not Yet 0 Majority lacked formal bias-

Implemented 300 60% detection measures.
Results

A large percentage of patients (62%) were very trusting of Al-assisted screening, but a decent
percentage of them (14%) were very untrusting because of concerns about privacy and
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transparency. One-third (32%) of the respondents felt that Al outputs had a certain degree of bias
that supports the usage of bias-detection tools as prescribed in the methodology, and the training
data should be diverse. The clinicians mostly claimed that it increased confidence in diagnosis with
generative Al (57 percent), but some expressed integration issues. Bias-detection system
technology was in active use in only 40 percent of the healthcare centers, which demonstrates
where there is room to improve (Chen and Cui, 2025).

Conclusion

In light of the results obtained after getting responses regarding generative Al in the early detection
of cancer at the various healthcare facilities of four cities of Karachi, Lahore, Faisalabad, and
Islamabad, this paper has reviewed the socio-ethical considerations and the importance of the trust
of citizens when it comes to the usage of generative Al in early cancer detection (Ma et al., 2024).
The findings indicate that although generative AI presents potential advantages in the areas of
increasing diagnostic confidence and detection of early-stage cancers, its effective deployment is
not an issue of technical performance. The sense of transparency, fairness, and accountability
forms the concept of how the population of the country trusts the government, and these
perceptions are subject to change based on the involvement of ethical issues in healthcare
organizations. Even though most patients and clinicians had favorable attitudes towards the Al-
assisted screening, there were some critical issues raised about the possible biases and the need to
develop standardized mechanisms for bias detection. Unless addressed with a specific effort, these
flaws may compromise equal treatment and undermine the credibility of Al-based medical devices.

Future Directions

The research efforts should not just focus on descriptive results and limit themselves to
investigations of the long-term clinical outcomes of generative Al in different patient cohorts. It
will be highly important to create a full spectrum of bias-detection systems and implement them
into Al development processes to achieve fairness and trustworthiness. Also, the increased number
of demographic representations in training data can decrease the differences in algorithms and lead
to inclusive healthcare treatment practices. The policymakers and healthcare organizations should
also take into consideration educational programs for patients and practitioners, where they can
learn about the role of Al, its limits to it, and protection. The new interdisciplinary research of a
technical, ethical, and sociological nature can be necessary to establish more definite regulation,
more effective accountability, and a sustainable level of public trust in generative Al to define early
cancer.
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