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Abstract: This article describes the design and deployment of cloud-enabled Al contact centers to support oncology practice.
It also describes the unique technology-enabled engagement needs of oncology practices, such as supporting chemotherapy
cycles, radiation therapy, symptom monitoring, and polypharmacy, and why temporally aware and risk-stratified patient
engagement systems are not merely desirable but are, in fact, essential to the practice of oncology. Technical considerations
include Al-based triage algorithms optimized to the stage of treatment, toxicity, and laboratory thresholds, balancing the need
for early intervention with minimizing unnecessary use of emergency resources. Bidirectional integration with electronic
health records (EHR) is discussed as a foundational strategy for the predictive routing of immunocompromised and higher-
acuity patients for appropriate clinical escalations. Human-Al collaborative and augmented approaches to maintaining the
human aspects of patient interaction and human judgment in oncology decisions for emergencies and other high-risk situations
are also reviewed as an alternative to replacing high-risk oncology decision-making with automation. Considerations for
scaling these approaches to regional cancer networks and to underserved and rural communities with high cancer mortality
disparities are also discussed. The next step in synthesis crystallizes cloud-enabled Al oncology contact centers as
transformative infrastructure for value-based care objectives and pathways to digital transformation of healthcare systems.
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1. Introduction

Cancer care coordination involves specific clinical and operational challenges. Patients may receive chemotherapy,
radiotherapy, immunotherapy, or a combination of several of these modalities over time, each with its own set of symptoms
that evolve and require constant monitoring and interventions. Artificial intelligence in supportive oncology can also benefit
the management of patient-reported symptoms using Al techniques to monitor, predict adverse events, and recommend
supportive care. ML algorithms that integrate real-time data can develop risk- and symptom-correlation models to prevent and
detect symptoms early, leading to timely delivery of symptom relief interventions [1]. Standard contact center approaches are
poorly suited to oncology, where patients and their providers must manage high-acuity care (the same treatment side effect can
present very differently for each patient, and the time between a routine side effect and a crisis can be very short). Solutions
being used in clinics and homes for telemedicine and physician-patient communication are historically on-premise and come
with challenges such as limited scaling, latency, security and privacy issues, lack of integration with electronic health record
systems, limited hardware options and update frequency, delayed response time, and reduced operational efficiency [2].

Combining smart IVRs, predictive triage solutions, and EHR interoperability into an integrated engagement architecture
and implementing real-time synchronization of Al-driven analytics across cloud telemedicine infrastructure can deliver
quantifiable benefits, which include 99.99% uptime, 30% reduced latency, and 40% improved interoperability with EHRs
when compared with on-premises systems [2]. The platforms comply with health data laws, including HIPAA, GDPR, and 1SO
27001. They synchronize decentralized health data at 98% accuracy, authenticate health data at 97% accuracy, meet 99% of
security standards, and use end-to-end encryption and multi-factor authentication. Interoperability with existing healthcare
systems is achieved using FHIR and HL7 standards. With the convergence of clever symptom triage, predictive analytics and
cloud infrastructure, the modern contact center has the potential to become a proactive care coordination engine to optimize
symptom control and quality of life for patients with cancer [1].

2. Clinical Coordination Requirements in Oncology Care
2.1. Treatment Cycle Management

The operational complexity of outpatient chemotherapy arises from increasing patient volumes and limited, expensive
clinical resources. A systematic review of studies on outpatient chemotherapy scheduling identified 1262 articles from four
major medical databases: Scopus, PubMed, Web of Science, and Science Direct. Out of these, 99 articles were included in the
review [3]. The literature indicates that the classification of chemotherapy planning problems can be organized according to
various dimensions, including the decision level, problem scope, performance criteria, complexity features, and solution
procedures [3]. The treatment schedule is also constrained by treatment windows, interinfusion monitoring, cycle phase, and
toxicity profiles, all of which may be subject to modifications [3]. Besides the accuracy of the treatment schedule, radiation
therapy also requires treatment on consecutive days and close interaction with transportation and with dynamic treatment
planning. The systematic literature review illustrates the limits of current approaches and suggests future research directions
regarding efficient resource utilization and care quality [3].
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2.2. Symptom Surveillance and Medication Complexity

The goal of chemotherapy is to optimize treatment and limit toxicity; therefore, symptoms and adverse effects must be
closely monitored and managed using a classification system (normal toxicity, moderate toxicity, severe toxicity).A
multicenter randomized controlled trial of a system easing real-time remote monitoring of chemotherapy-related symptoms
was conducted at 12 clinical sites in five European countries, involving patients (n=29) and clinicians (n=18) from Austria,
Greece, Ireland, Norway, and the UK [4]. Qualitative findings over a maximum of 6 cycles of chemotherapy suggest that
digital remote monitoring enables both patients and clinicians to more effectively manage chemotherapy. Patients report
increased reassurance, better communications and clinical relationships, increased understanding of expected and abnormal
symptoms, and better overall cancer care experiences. Clinicians report real-time monitoring enabling care at the right time and
right place, addressing the temporal nature of chemotherapy-induced toxicity. The polypharmacy burden on patients with
cancer treatment, which includes chemotherapeutic agents, supportive medication, and prophylactic agents, requires integrated
surveillance architectures to capture adherence patterns, syndromes, and potential harmful interactions in the management of
symptoms.

Table 1: Clinical Coordination Requirements in Oncology Care [3, 4]

Coordination

Domain Study Evidence Key Findings
Chemotherapy Systematic review: 1,262 articles Planning classified by decision level, problem scope,
Planning screened; 99 included performance criteria, and complexity features

Treatment Cycle
Constraints

Constrained by treatment windows, inter-infusion

Outpatient scheduling analysis monitoring, cycle phase, and toxicity profiles

Remote Symptom Multicenter RCT: 12 sites, 5 countries; Increased patient reassurance; clinicians enabled to
Monitoring 29 patients, 18 clinicians deliver right care at right time

Requires integrated surveillance for adherence tracking

Polypharmacy Burden | Chemotherapy medication assessment and interaction detection

3. Al-Driven Triage and Clinical Decision Support Architecture
3.1. Treatment-Stage-Aligned Symptom Triage

Utilizing machine-learning-based clinical decision support systems helps to improve the accuracy of triage and calibrate
the severity of cancer treatment symptoms, considering treatment modality, temporal distance, known toxicity profiles, and
laboratory thresholds. A fundamental block for oncology triage is exemplified by the development of Al models that can
discriminate between cancer treatment-related symptoms and clinically meaningful adverse events that warrant immediate
escalation. A scoping review of ML-based CDS systems in clinical settings, following the PRISMA-ScR guidelines, searched
PubMed, Medline, Embase, and Scopus. It identified 32 studies published between January 2016 and April 2021 that examined
machine learning CDS in clinical settings [5]. The commonest clinical tasks were image recognition and interpretation (n = 12)
and risk prognostication and classification (n = 9). All studies were done in developed countries, and most studies were done in
secondary and tertiary care settings. [5]

The review classified CDS autonomy as having three levels based on the division of labor model between the clinician and
the system, which can also be used as a framework for a human-Al triage collaboration [5]. The majority of the systems
reviewed were assistive CDS (n = 23), wherein the clinician had to validate or approve the system's decisions risk
stratification in sepsis detection, interpreting the cancerous lesion in colonoscopy) [5]. For oncology settings, this
preponderance of assistive architecture may suggest an underlying clinical rationale for context-sensitive triage, whereby a
model's severity recommendations adjust based on treatment-stage parameters while maintaining other fundamental clinician
regulatory functions. Such hybrid smart models prevent under-triage (delayed attention for genuine clinical emergencies,
dangerously entailing patient harm) and over-triage (unwarranted visitations to the emergency department, wasted healthcare
spending, and forced context-sensitive triage-related bottlenecks). However, the scoping review noted that evidence for the
impact of ML-based CDS systems on decision-making, provision of care, and patient outcomes varied between studies. There
is room for further improvement of ML algorithms and implementation efforts, particularly in low-resource settings, where
ML-based CDS systems may have the most impact [5].

3.2. EHR Integration and Predictive Routing

Bidirectional integration with electronic health record (EHR) systems is a core design requirement for predictive routing
algorithms that use real-time treatment plans, lab results, medications, and risk stratification variables to route high-acuity
oncology patients appropriately. Evaluation of EHR integrated predictive analytics was demonstrated through the development
of an explainable machine learning model for mortality risk prediction for patients with advanced cancer receiving ambulatory
care in a tertiary center [6]. XGBoost was used to model the classification task in the setting of predicting the risk of 365-day
mortality from an outpatient cancer visit with EHR data from the prior 365 days [6]. The study cohort included 5,926 adults
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with Stage 3 or 4 solid organ cancer diagnosed from July 2017 to June 2020, and the model was trained and validated on
52,538 prediction points corresponding to outpatient visits [6].

The EHR model had good discrimination, with an AUC-ROC of 0.861 (95% CI 0.856 to 0.867) and an AUC-PR of 0.771.
In addition, 32.6% (n = 17,149) of prediction points matched a death that occurred within the next 365 days of the point of
prediction [6]. This model used features related to patient clinical characteristics, laboratory values, and treatments delineated
from the EHR [6]. A Brier score of 0.147 was used to evaluate the models' calibration. They were well calibrated, with a slight
tendency to overestimate the chance of experiencing an adverse event [6]. Model explainability was addressed with SHAP
values, to visualize the effect of features on predictions at a global and patient level [6]. These interpretable predictive
architectures allow contact center routing algorithms to effectively surface immunocompromised patients or those with
increased clinical risk factors to trained specialist oncology nursing personnel, reducing long wait times for these patients along
with improving resource allocation and wait times for the patient population as a whole.

Table 2: Al-Driven Clinical Decision Support Architecture Evidence Summary [5, 6]

Component Evidence Base Performance/Outcome
A 32 studies; 4 databases (2016— Assistive CDS dominant (n=23); requires clinician
ML-Based CDS Classification 2021) validation
EHR-Integrated Predictive 5,926 patients; 5_2,538 prediction AUC-ROC: 0.861: AUC-PR: 0.771: Brier score: 0.147
Model points
Explainable Risk Routing SHAP-based feature visualization | Enables transparent prioritization of high-risk patients

4. Human-Al Collaborative Escalation Frameworks

New operating models for oncology contact centers need to balance the capabilities of algorithms with clinical oversight
and empathy. Systems will need to be designed for human decision-making during high-stakes patient-handling environments
by modeling how clinical decision-making needs to operate in the presence of Al-detected patterns in presenting symptoms
and incorporating intermediate decision-making points where human oversight is needed to enable human judgment. Real-
world applications of Al-triggered alerts to patients in a clinical setting have been difficult to translate from algorithm to
action. In a single-center, randomized controlled trial of 20,707 patients with genomically characterized solid tumors, academic
oncologists receiving Al-triggered alerts for genomically matched therapeutic clinical trials and discussion of enroliment were
compared to standard-of-care control [7]. Patients whose oncologists were alerted by the Al were equally likely to be enrolled
in studies as those whose oncologists were in the control arm. Thus, besides predictive performance, Al escalation systems
must address workflow orchestration, clinician cognitive load, and contextualization (e.g., providing concrete suggestions for
actionable follow-up) [7]. Instead, structured escalation workflows should be designed to provide a full context summary and
guideline surfacing to the clinician receiving the alert, rather than just sending the alert.

In oncology contact centers, the pathways for escalation include a direct callback system, initiation of any telehealth
session, an oncologist alert, and a referral to the emergency department (ED). Designing human-centered interventions to assist
providers in making decisions at each of these decision points can be informed by studying human-Al collaboration related to a
disorder that is acute, life-threatening, and requires early recognition under high uncertainty conditions, such as sepsis [8]. The
training study also showed that the Al model's final recommendation for a decision is not sufficient for the intermediate stages
(hypothesis generation and confirmation information gathering) in the clinical diagnostic process [8]. To overcome this gap, an
approach has been developed that extends state-of-the-art Al algorithms in predicting the future projection of the development
of a condition and visualizing the uncertainty in prediction over time, with actionable recommendations to reduce diagnostic
uncertainty with further laboratory tests [8].

Heuristic assessment by six clinicians suggests such an augmentation-first model may ease promising human-Al
collaboration in high-stakes decisions while preserving clinician agency and affording richer informational support [8].
Embracing the clear, structured, explicit commitment to an augmentation rather than a replacement model from the outset will
help to ensure compassionate communication across an automated infrastructure. Al should offer guidelines relevant to the
clinical situation, give a structured overview of the symptoms, and suggest next steps. However, the clinician must remain in
charge to make the decisions and communicate with patients. This is well-suited for cancer patients, who need the human
empathy that clinicians can provide. An Al system can assist clinicians by reducing the amount of data they have to process, by
highlighting the important patterns, and by rapidly contextualizing the relevant data.
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Table 3: Escalation Pathway Components [7, 8]

Escalation Function Al Role Human Role
Pathway

Immediate Urgent symptom Case flagging. priority routin Clinical assessment, patient
Callback response gging. p y g communication
Telehealth Remote clinical Symptom summary generation, guideline Diagnostic judgment, care
Initiation evaluation surfacing recommendations
Oncologist - . Risk stratification, contextual alert Treatment decision, care plan

M Specialist escalation . .

Notification delivery modification

ED Referral Emergency Severity threshold detection, referral Final referral decision, patient
Guidance intervention criteria matching coordination

5. Measurable Outcomes and Calculated Impact
5.1. Clinical and Utilization Outcomes

Structured use of patient-reported outcomes monitoring among oncology populations has reduced preventable emergency
room visits and hospital admissions; however, retrospective examination of a chart-based PRO monitoring system deployed in
a single, ambulatory oncology clinic via the EHR among nearly 10,000 patients over two years resulted in less than 50%
patient engagement [9]. Patients who completed a symptom assessment were much less likely to visit the ED or be admitted
compared to patients without a symptom assessment, with a risk reduction for ED visits or admissions by more than 20% [9].
These findings provide evidence of the clinical utility of symptom surveillance using an Al-embedded contact center at scale to
avoid acute care through early activation of care for symptomatic patients. The study identified older age, being male,
Hispanic/Latino ethnicity, living without a partner, and lack of active treatment as associated with lower monitoring
participation [9]. Therefore, consideration should be given to whether the system should include automated reminders or other
behavioral engagement mechanisms and targeted follow-up activities to address socioeconomic and demographic factors
associated with lower participation. To improve adherence interventions across diverse oncologic populations, a focus on
differences in digital health engagement is warranted.

5.2. Patient Experience and Institutional Value

Regional cancer networks often have meaningful telehealth capacity and can potentially transfer expertise into rural and
underserved communities with high levels of cancer morbidity and mortality. A review of the use of medical technologies in
rural delivery of cancer services found 54 studies in four online databases. Technologies were categorized into four modalities
as follows: telemedicine (n = 32), telephone (n = 11), internet technology (n = 9), and mobile phone technology (n = 2) [10].
Figure 1 shows the frequencies of the digital health intervention modalities across the included studies. Despite this evidence
base, the review noted that in the context of rural oncology, there is an underutilization of digital health compared to the
general cancer population and other chronic disease populations. This represents a meaningful research gap [10]. Qualitative
studies have indicated that rural cancer survivors will embrace digital care, thus warranting the expansion of cloud-enabled
contact centers to rural locations. However, social and behavioral determinants of health and technology access in rural areas
need to be considered for scaling telemedicine and phone-based contact center care [10]. Patient experience domains such as
response times to inquiries, communication consistency, and 24/7 access have been linked to patient engagement and hospital
reputation, making a case for investment in digital health infrastructure, even in the setting of persistent geographical
disparities in oncology outcomes.
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Digital Health Interventions in Rural Cancer Care

= Telemedicine = Phone calls = Internet =Mobile phone

Figure 1: Distribution of Digital Health Intervention Modalities in Rural Cancer Care (n=54 studies) [10]

6. Conclusion

Cloud-enabled Al contact centers represent a model shift, creating a new class of oncology patient support infrastructure
that uses smart automation and clinical supervision to improve safety, adherence, and patient experience. The evidence
summarized in this article shows that Al-assisted, treatment-phase-tailored symptom triage; predictive risk stratification and
bidirectional EHR integration; and structured human-Al collaborative escalation can transform reactive administrative
communication hubs for patients into proactive care coordination engines. The clinical value of digital monitoring systems is
illustrated by the reduced ED use and hospitalization rates observed in users of such systems in the included studies.
Differences in system uptake across demographic groups further stress the importance of equitable system design. Al-enabled
oncology contact centers fall within the scope of healthcare digital transformation and are occurring at the intersection of
forces influencing the transformation of the care delivery model. Value-based care reimbursement models are shifting
providers toward a mandate to show demonstrable improvement in patient outcomes, lower preventable utilization, and
continuum of care coordination. The scalability, security, and interoperability of cloud infrastructure will allow for cancer care
capabilities to be extended to regional cancer networks, and cancer expertise will be accessible in areas that have long
experienced geographic maldistribution in their access to quality cancer care. Rural cancer populations may be amenable to
digital care delivery, and telemedicine has promise across multiple settings, making contact center modernization a clinical
quality and institutional differentiation opportunity.

The implementation of the model in the clinical setting will require evaluation of technical and equity aspects.
Interoperability with clinical EHR systems, algorithm generalizability across all patient groups, and cybersecurity architecture
to meet regulated healthcare thresholds are the key technical requirements. Operational and care delivery considerations
necessitate prioritization of IDM design supporting clinician workflows, alert fatigue minimization, and the augmentation
model, wherein human judgment remains the ultimate decision authority for escalation decisions. For equitable access,
strategies are needed to address the difficulties many older adults, linguistic minorities, and people with low access to
technology face with digital technologies. Future work includes longitudinal assessment of sustained clinical Al benefit,
extrapolation of the Al triage model to new therapeutic modalities such as cellular therapies and novel immunotherapeutics,
and assessment of the optimal division of labor between humans and Al at increasingly high levels of clinical acuity. Together,
these trends position cloud-enabled Al oncology contact centers as an essential infrastructure for delivering compassionate,
effective, and equitable cancer care at scale.
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