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Abstract

Breast cancer care is complex and requires a continuous interaction between patients, primary care providers and specialists. 
Communication among these providers is crucial for timely treatment, monitoring treatment compliance and adverse outcomes, as 
well as management of comorbidities. The director role of care management is; however, often unclear, and patient care gets frag-
mented along the course of treatment and worse in follow-up. Multidisciplinary team meetings play a central role in care planning 
and structured data collection. Nurse navigators can also play a crucial role in care allocation and guidance, becoming the pivotal 
determinant of breast cancer care. Here, automatic artificial intelligence (AI) driven planning and symptom tracking can facilitate 
their tasks, however, human intervention continues to remain vital to account for unexpected emergencies and psychosocial sup-
port. Unfortunately, collection of patient data and allocation of patients are often done by hand and across disorganized data sets, as 
system solutions are limited in crossing care providers. Collection of disease-specific outcome data and adverse effects is essential 
for predictive tool development. Sharing data among specialist and primary care providers enforces accurate allocation and tailoring, 
moreover, can solve challenges related to scarce resources, distance and costs. AI-enhanced tools can only be developed and support 
a well-coordinated, patient-centred cancer care system. In the real world, effective communication and data collection across care-
providers is challenging in the current healthcare system.

Herein, we address the role of information technology and AI and discuss potential barriers in cancer care. 
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Introduction

Cancer care is a complex process, often involving different specialists, diagnostic modalities and therapies for each patient. Appoint-
ments need to be scheduled across different departments and clinics, while central coordination is often missing. Patients are emotion-
ally and physically affected by waiting times and communication errors between providers. In search for continuity of care and access to 
information, many patients opt for a second opinion, involuntarily making their care pathway increasingly complex [1,2].

With new digital solutions, addressing planning and communication in other industries (travel bookings, banking etc), patients have 
become more inclined for tele-solutions in their cancer care path which has created a traction for investment in the digital health market 
[3,4].

Cancer care, however, is currently lagging due to its information complexity. Providers resort to the multidisciplinary approach for the 
treatment of cancer patients due to involvement of specialists from different verticals for each patient [2,5-8]. In this paper, we map the 
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current situation of breast cancer management, relate them to possible future models using artificial intelligence (AI) and emphasize on 
the research efforts to catch up with digital trends to support patient care management.

Care coordination

To improve individual care coordination and symptom management, we need to dissect the various stages of breast cancer care conti-
nuity. To capture this in a working model we simplify the 3 facets of care coordination as follows [2,5]: clinical medicine (what is needed, 
evidence-based, for each patient), approach to care (spectrum of patients’ needs) and system solutions (human and machine support for 
delivery goals). 

Clinical medicine

Integrated breast cancer care requires a multidisciplinary approach with a combination of primary care providers, radiologists, pa-
thologists, nuclear medicine specialists, surgeons, medical and radiation oncologists. Often genetic, palliative and social counselling are 
necessary, ideally all of which are integrated into one multidisciplinary team. Tumour board (TB) discussion brings the two facets of clini-
cal medicine and patient care approach together by inter-professional discussion of medical needs, evidence-based solutions, as well as 
specific patient needs in terms of performance, comorbidity, psycho-social and financial restrictions. However, because of volume often 
only complex cases are addressed. Today, there are several system solutions to support the TB constituting the third pillar [9-13] aiding in 
providing decision support [14-17]. National guidelines are the strong back bone of the current tools and clinical practice today. However, 
most of the references are based out of homogenous cohorts, not always translatable to all patients (accounting for national, cultural, even 
genetic differences). Integration of AI [17] using local data can transform these tools to allow decision support based on breast cancer 
subtype by utilizing genetic profiles combined with patient history. Similar learning loops with local data can improve advice quality of 
support including geographical difference in resources, as well as cultural and genetic variations. 

Approach to care

Allocation of treatment and consultations are not determined solely by medical needs, drivers as individual patient’s capacity to un-
derstand, travel, consent and financial resource parameters can be decisive. This complex decision-making process with multiple vari-
ables necessitates effective communication and coordination where TB briefing to primary care providers and nurse navigator can play 
an essential role. Integrating social and financial support can improve compliance, thus indirectly improving outcomes [9,18]. 

Automation tools that work based on a two way traffic mode can enable the system to take patients’ needs into account and allow 
medical information to be shared with nurses and other care providers [9,13,16].

System solutions

Information technology (IT) can facilitate data collection and communication. Combined with AI, complex data from historical cohorts 
can be used to anticipate medical needs, risks as well as patients’ decisions and response facts. Commensurate care coordination takes all 
the above factors into account, while allocating and guiding patients through their most suitable care path based on current guidelines. 
Ideally, the model focuses on maximizing the combinatorial power of IT processing and the socio-psychological judgement of human di-
rector intervention, allowing to steer coordination [19].

Clinical decision support systems and AI

Clinical decision support systems (CDSS) are finding their place in healthcare centres assisting healthcare professionals to make ev-
idence-based decisions. Although, the current systems are based out of a population cohort that is essentially an oversimplification to 
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delve into the details required for personalized breast cancer care. It is necessary to create smaller cohorts based on critical parameters 
that are essential to classify patients [20,21]. This will help create CDSS that are operational towards personalized medicine. Additionally, 
specialized CDSS containing decision support algorithms for individualized patient scenarios can be embedded into existing IT system 
based solutions already in use [22]. 

Diagnostic decision making

Workflow management system ideally requires the presence of rigorous workflow mapping. Keeping up with current trends in man-
agement guidelines and changing practice recommendations has caused clinical decision support systems and workflow optimization to 
suffer from lack of stratified cohorts. This delay in incorporation of validated guidelines causes incompetent workflow systems. These 
changing guidelines also hamper data collection because newer treatment methodologies may have different data points that are perti-
nent to the system. Mining clinical trial data sets and allowing prompt integration within the clinical decision support system could be of 
value in breast cancer care. As an example, Bacur., et al. suggest a clinical decision support system which can be easily modified to incor-
porate recent literature into the generic workflow module [23]. 

Role of nurse navigator in breast cancer care continues to remain vital in providing curated medical information, emotional support. 
A central person in this process is essential, a suitable approach would be a nurse navigator, due to their maximum contact time with 
patients while they are undergoing treatment [24]. In a study conducted in Canada in 2015, patients reported better understanding of 
information and felt satisfied with the information provided to them by the nurse navigator [25]. 

Professional experience of healthcare practitioners often causes a discordance between the methodology of care and the suggestion 
provided by the CDSS. In such situations, clinical experience repudiates decision support systems in dictating the care path for a patient 
[26-28]. During such circumstances, allowing nurse navigators to provide thorough information to the patient becomes crucial in the 
patient’s ability to make an informed decision regarding the way further.AI tools can help in estimating urgency, requirement of physical 
examinations, timings and consultations to auto-plan medication schedule [9]. Disease dynamics in cancer involves a changing course of 
treatment based on severity or stage of the disease. This necessitates the involvement of a human element in each process to maintain 
workflow continuity [29].

AI tools require comprehensive datasets that stratify medical, psychosocial and financial aspects of patient information while generat-
ing the training datasets for the AI algorithm. This must be correlated with breast cancer, as well as patient characteristics. Often different 
modalities of care are not locally available; this gap can be bridged by data-collection which fulfils the flow of data across centres and 
unnecessary double entries of data; sometimes also involving repeat tests, allowing TBs and care coordination to ease the heavy admin-
istrative task. Each TB brings the most important pre-determined data points such as TNM staging, prescription for radiation, chemo-
therapeutic agents or alternative approaches and similar critical data together across systems, and the report contains the most valuable 
details necessary for analyses and automatic care planning [9-13,19].

Ideally, when response evaluation and toxicities are reported back into the same system and all decision steps are made within the 
same TB, the learning potential of AI prediction tools become very strong and locally representative [19,26,30,31].

Patient note and AI

Physicians spend up to half of their work day reviewing electronic medical records and data entry [32]. AI based natural language 
processing systems can now perform as ambient sensors in doctor patient conversations [33], however AI still needs human intervention 
to categorize essential data pertinent to the patients’ current health condition based on the conversation. Conversational assistants cause 
patient privacy concerns with inability to accurately deduce information [34]. Words represented on the electronic health record can be 
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misinterpreted due to synonym or polysemy of words [35]. Development of medically enabled NLP systems will help target this issue by 
categorizing words based on context of the note [36].

De-identification leading to missing information

Electronic health records contain sensitive data which needs encryption before being fed into cloud systems for storage or analysis. 
Although the FDA is encouraging the creation of vast repositories of real world data and real world evidence, these data-sets are de-iden-
tified to avoid bias [37]. However, too much information off-loading for the benefit of privacy sometimes causes datasets to lack value in 
creating personalized treatment models. This occurs because the temporal association of the data may be lost or the institutional guide-
lines may restrict data sharing on multi-organizational repositories [38,39]. It is therefore important to create utility-preserving datasets 
with parameters like genetic construct, treatment regimen utilized which allows future review of the dataset for alternative utilization 
[40,41]. Including patterns of nurse coordinator interventions, the extent of referrals, number of emergency visits or hospital admissions 
pertinent to breast cancer care in analysis of patient’s demand, including patient based questionnaire covering extent of information un-
derstanding would be valuable data points to assess co-ordination of data [42].

Barriers in care coordination that can be overcome with time

Although TBs can bring the 3 facets of care together, it is just a starting or reset point in the whole care path of each patient. For fluent 
care coordination, additional aspects of care coordination need to be addressed along with TB: clear health professional role and respon-
sibilities (leadership and responsibility), transitioning of care (timely communication among specialists, as well as with primary care), 
access to care (privacy, distance and costs) and financial management (allocation of budget to key elements of care, which may vary based 
on region [5,9].

In all aspects AI can play an important role, being emotionless in contrast to the patient (all want to be helped the next day), but able 
to integrate urgency based on cohorts of comparable cases with the same indication, e.g. pain, mortality risk, optimally levelling costs 
aiming at affordability [26,27]. The planning across different departments and centres will need, however, full data access or still human 
intervention [28,43].

Most planning tools today only work within one data circuit involving singular fragmented network of either banks or hospital. This is 
to maintain data security within the limits of consent the patient has given to one data-owner, but also moreover to shut out competition 
[5,30,43].

Since care coordination is of high interest to the patient itself, most existing tools work with a patient portal connecting to the different 
data points. Within one network of care providers, this can create communication and care planning, which is more streamlined, however, 
it does not permit the patient to acquire opinions, exams or treatments faster in neighbouring or out of centre consultations [26,44,45].

Overall, good care coordination during active care can be facilitated by appointing an ‘director’ coordinator or nurse navigator, central-
ized data capture, alignment of care plans across centres and regional collaboration networks. Data sharing and analyses can be done cre-
ating anonymous data cohorts driving AI decision and predictive risk tools 10. In case of large distances, telemedicine can be utilized. For 
financial management, the nurse navigator or special administrative support can be consulted. AI analysis of data can uncover patterns 
in non-compliance identifying potentially correctable reasons of costs or distance. AI systems can be linked to an electronic medication 
bottle cap which alerts the healthcare provider each time the pill bottle is opened. AI based learning systems can then provide intuitive 
feedback in the form of text messages to help in medication compliance [46-49]. 
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Limitations

In the ideal case, the breast cancer care path starts with screening and continues with the correct guidance during survivorship [26,27]. 
Coordination has to link [50] primary health to specialist care along all the way, but the ‘director’ role assumes changes in position based 
on the stage of the disease. Constant communication is essential to bridge the exchange links correctly to the process of seamless follow 
up of each patient in primary care parallels [2,5]. Instead of the portal being institutional centric, it should be decentralized, web-based 
and patient centric. Adequate patient education might be required during the initial stages of deployment of the web based application 
[48]. Care seeking and appraisal is primarily affected by cultural, social and emotional norms that may play a major role in dictating choice 
of care. Standardizing the emotional quotient of the patients’ outlook remains to be a well-known challenge. However, questionnaires like 
FACT-B have shown that social integration of breast cancer patients shows improved quality of life outcomes [51]. 

Communication challenges can be overcome by utilizing AI mediated graduated educational tools providing appropriate responses 
to patients’ questions based on the current stage of the cancer. Patient based questionnaire, image based description, short survey inter-
views or medical records could indicate appropriate information that could be provided to the patient [52]. 

Symptom management

Suboptimal coordination in cancer care has been shown to be associated with adverse outcomes such as inadequate symptom con-
trol, duplicated diagnostic tests, and increased medical errors and health-care expenditures [26,53]. Edwards., et al. showed that ap-
proximately one third of females with breast cancer had at least 1 comorbidity and presence of comorbidity was associated with poorer 
overall survival. Care coordination requires diverse specialists owing to high prevalence of comorbidities and medical complexity. In 
consequence, collaboration with out of network providers may be warranted, resulting in suboptimal care, poor survival, and increased 
toxicities and healthcare costs [54]. With the increase in the aging population, cancer care has become more complex and comorbidities 
such as diabetes mellitus, obesity, and cardiovascular diseases have become more prevalent in the general female population [13,55]. 
Successful care coordination can have an important impact on cancer care outcomes; however, it necessitates effective communication 
among all stakeholders and information sharing [45].

Sarfati., et al. point out that comorbidity management is poorly recorded, although carries a significant impact on cancer care [56,57]. 
Clarity on the leadership in integrated care here, gets even more complex. Medical oncologists often consult inter-professionally to ad-
dress the management and monitoring of non-cancer related comorbidities. As a consequence, patients are referred to primary care phy-
sicians and/or specialties - thus increasing the fragmentation in care [58]. Medical oncologists often do not feel comfortable in manage-
ment and monitoring of non-cancer related comorbidities. Therefore, patients are referred to others - thus increasing the fragmentation 
in care. Bringing a geriatric evaluation and cardiac, diabetes or lung monitoring into the overall care plan from the beginning can improve 
care quality but the ‘director’ role needs to be share with continuous communication which makes coordination more complex [55,56]. 

Barriers in symptom monitoring

Breast cancer care is known for its most complete (national) guidelines, extensive clinical trial network and certified oncology sub-
specialists (radiology, surgery, etc) and care-teams. Most guidelines incorporate monitoring and response evaluation moments standard-
izing most care paths. Automated planning of this kind of monitoring does, however, not cover toxicity management. Here the doctor´s 
consultations and patient education is still essential. We can imagine AI based predictive toolsets to steer tailored prescription based on 
characteristics of treatment, blood results and symptom scoring also serving toxicity-risk. To our opinion, prescription itself will continue 
to remain a doctor’s act, however more detailed risk profiling can help in deciding upon dose and recovery timings based on AI algorithms 
early on during prescribing. There are different projects published that show symptom distress, nursing relations and early intervention 
can be facilitated with computer-supported assessment tools [59,60]. Overall survival benefit is described in metastatic patients using 
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mobile tools to report early during routine cancer treatment [60,61]. However, to implement systematic symptom reporting in daily clini-
cal practice across different departments needs some system of alerts that filter normal values, mild toxicity from severe signs needing 
urgent interventions, not overloading the care team with normal results eventually missing the severe events [62-64].

Overall, like care coordination, symptom management needs communication across disciplines, data collection over time that permits 
comparison, and filtering to avoid overload of information. Filters need to be critical putting symptomatic patients effectively back into 
the grid to be consulted. To keep symptom monitoring manageable, filters are critical in re-directing high-risk patients effectively back 
into the grid without being erroneously filtered. Scaling reported outcomes based on cohorts of the same type which emphasize the im-
portance of severe signs needing urgent interventions [65]. This step still requires constant human monitoring of the system application 
to ensure proper functioning.

Patients are eager to communicate, upload and share information, although lack capability to filter the information or translate issues 
that concern into urgency measures [9,62]. Human intervention here, helped by a chatbot or automated filter tool (like lab values being 
in normal range) is necessary. Also, clinicians need to adapt and change over time [64]. With the right collection of data on treatment 
details, as well as patient characteristics, AI can create not only provide preferred treatment choice [17,46] but go the step further with 
risk prediction tools that can advise dose reduction or delay of treatment regarding neutropenia risk or plan adaptation in radiotherapy 
anticipating normal tissue damage. These are all ongoing projects that hopefully will shape our future cancer care directions [19].

Symptom monitoring and response evaluation do not only have their place during treatments but during follow-up as well [61,66]. 
There were more than 3.8 million women with a history of breast cancer living in the US in 2019 and the number is still on the rise. Just by 
volume, continuous monitoring of survivors is becoming more challenging [27,67]. Effective and organized coordination of care is impera-
tive in continuous monitoring of breast cancer survivors. A significant proportion of survivors experience long-term effects including but 
not limited to cognitive dysfunction, mood disorders, cardiovascular disease and secondary malignancies [68]. 

System solutions facilitating continuous feed-back by the patients or primary care providers can play a major role here in early detec-
tion of severe late effects or disease recurrence. Moreover, data collection after treatment is essential in any predictive toolkit develop-
ment aiming disease outcome, taking into account relative risks for late morbidity induced by cancer treatment [9,57]. Compliance to 
follow-up questionnaires are rarely optimal, however, with on-line monitoring during treatment, patients seem far more motivated to 
continue to report. This can also be attributed to decreased logistic expenses for the patient and significantly reduces the burden on the 
healthcare system [61,69]. Moreover, early detection of non-compliant patients on follow-up would be essential to detect treatment fail-
ure [70]. Continuation into follow-up modules of this work would set the stage for comparative trials of care models to be meaningful and 
yield more definitive results about the potential benefit of prolonged care plans, still disputable today. 

 Adverse effect prediction/monitoring

Adverse effects (AEs) of breast cancer treatment are associated with increased mortality and morbidity, which may persist beyond the 
treatment period [71]. AEs often cause changes in treatment regimen and can increase the burden on healthcare system. Prediction of AEs 
therefore have an important role in prevention of poor outcomes related to breast cancer treatment [72]. 

Current practice focuses on risk stratification with only certain patient factors and biochemical markers and is subject to inter-clini-
cian variability and bias [73]. Advanced predictive models using big data may take various characteristics of an individual and prognostic 
markers into account to help physicians predict AEs. Moreover, AI-driven prediction tools for AEs can be implemented into EHR, hence, 
providing real time data. Precise risk stratification using these tools can improve adverse effect identification [74], drug-drug interaction 
[75] and monitoring in addition to potential modification of treatment [76]. Specific learning models based on overall population data to 
generate optimal dosing schedules [77] followed by extending the ability of AI to detect the possibility of an AE.AE monitoring involves 
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two components post marketing drug surveillance and individual patient reported symptoms. Several chemotherapeutic agents provided 
to patients are also based out of recruitment in an ongoing clinical trial, this is due to better genetic correlation of the chemotherapeutic 
agent and the patient’s tumour subtype [78]. 

Data-mining extensive Electronic health records can provide insights into AEs. and be used to predict effective case based monitoring 
of AEs [79]. However, proper identification and monitoring of AEs can be difficult [80] coming from different sources, e.g. medication 
review, follow-up visits, lab tests or patient self-reporting. Utilization of patient-reported AEs or PROMS as a basis can improve timely 
reporting and patient-provider communication. Electronic patient interfaces for self-reporting have already been implemented in several 
institutions [81]. Without filtering, however, these tools are fast overburdening f busy care providers [82,83]. 

Follow-up care

Regular follow -up visit to the hospital along with imaging and requisite examination are essential in the care of patients. Some tools 
can facilitate workflows, like AI based systems have the ability to detect suspect lesions in mammographic images and can function as a 
second read or AI prediction applications monitoring of 30 day mortality risk after the administration of chemotherapy [84]. Both are 
examples of leaving the responsibility to the physicians, but facilitate decision making using the large datasets of comparable cases.

Palliative breast cancer care and AI

Palliative care involves a holistic approach catering to psychosocial and debilitating symptom relief. As an example, patients can be 
provided with an AI based pain management tool, which can intuitively cater to the current level of pain symptoms in the patient and ac-
cordingly provide guided Cognitive Behavioural Therapy to suit the patient [85]. 

Patients and/or family are searching for answers in different points of time, facing prognosis, however, need emotional guidance and 
support. Although information is out there, human interaction is essential in positioning end-of -life trade-offs [86].

Mobile health applications deployed provides the advantages of accessibility, symptom tracking, medication summary and a reliable 
point of contact for patients, however, never replace the contact with the dedicated care team [87]. 

Limitations of the Study

AI systems may get overwhelmed with data causing self-predicting algorithms running astray due to a software glitch and inherent 
deep learning capability. This issue must be dealt with cautiously since it would have grievous implications on patient care. Artificial 
Neural networks are opaque enough, offering very little information about how they arrive at conclusions through hundreds of layers 
of information once deep learning gets involved. This creates a digital subconscious. Reaching the root cause of the AI\ML problem will 
involve disintegrating the neural network targeting each nodal decision-making unit, consequently marginalizing patient care during 
that period. Consent and responsibility continue to remain aspects which still remain to be questionable when AI falls into the equation 
of patient care [88]. A certain amount of fixed time period is required for the data collection process which is limited to specific patient 
cohorts in order to generate valuable outcomes on the predictive models.

Conclusion

Breast cancer care requires close communication among different care providers. Often expert opinion of geriatric, endocrine or car-
diovascular specialists is needed to balance treatment benefit and toxicity risks. Only few system solutions can go across all these different 
care settings hindered due to data sharing guidelines.
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Shared treatment decisions in TBs bring essential information together for each patient and can guide both care coordination and 
needed symptom management. Development of AI tools using TB data can improve sequential treatment planning, as well as treatment 
choice quality, moreover by learning local tendencies, guidelines and resources, tailoring potential will get stronger over time.

AI automated planning can streamline care plans, however a human central organizer for each patient, like a nurse navigator, stays 
essential in leveraging specific needs, timing, distance and costs.

Patient portals can enable effective symptom monitoring, but information overload is a challenge, demanding filters and constant 
access. Data collection here can be used to create learning loops of predicting outcome and toxicity if well collected and linked to other 
clinical data. Because of privacy and competition between providers, most efforts in improvement of quality and outcome are limited to 
one clinical network.

AI inspires an exciting area of research in breast cancer care. It carries a tremendous potential in streamlining the care delivery and 
improving patient outcomes by individualizing the breast cancer care. Data management and privacy protection, however, limit develop-
ment of many tools today. Both patients and care-providers need to be educated about data-sharing risks and translation of information. 
Human interaction for decision control, as well as emotional guidance stay of key importance in each solution.

Conflict of Interest

The authors declare no conflict of interest.

Bibliography

1.	 American Cancer Society. Treatment Clinical Trials for Breast Cancer - National Cancer Institute (2020). 

2.	 Amir Ofra., et al. “AI Support of Teamwork for Coordinated Care of Children with Complex Conditions (2014). 

3.	 Artificial Intelligence in Medicine. PubMed-NCBI (2020). 

4.	 Basch Ethan Xiaoyu Jia., et al. “Adverse Symptom Event Reporting by Patients vs Clinicians: Relationships with Clinical Outcomes”. 
Journal of the National Cancer Institute 101.23 (2009): 1624-1632.

5.	 Basch Ethan Allison M Deal., et al. “Overall Survival Results of a Trial Assessing Patient-Reported Outcomes for Symptom Monitoring 
during Routine Cancer Treatment”. JAMA - Journal of the American Medical Association 318.2 (2017): 197-198. 

6.	 Basch Ethan and Amy P Abernethy. “Supporting Clinical Practice Decisions with Real-Time Patient-Reported Outcomes”. Journal of 
Clinical Oncology 29.8 (2011): 954-956. 

7.	 Baseman Janet., et al. “A Mobile Breast Cancer Survivorship Care App: Pilot Study”. JMIR Cancer 3.2 (2017): e14.

8.	 Basile Anna O., et al. “Artificial Intelligence for Drug Toxicity and Safety”. Trends in Pharmacological Sciences 40.9 (2019): 624-635.

9.	 Bental Diana S., et al. “Patient Information Systems That Tailor to the Individual”. Patient Education and Counseling 36.2 (1999): 171-
180.

10.	 Bickmore Timothy W., et al. “Patient and Consumer Safety Risks When Using Conversational Assistants for Medical Information: An 
Observational Study of Siri, Alexa, and Google Assistant”. Journal of Medical Internet Research 20.9 (2018): e11510.

11.	 Bluethmann Shirley M., et al. “Anticipating the ‘Silver Tsunami’: Prevalence Trajectories and Comorbidity Burden among Older Can-
cer Survivors in the United States”. Cancer Epidemiology Biomarkers and Prevention (2016): 1029-1036.

https://www.cancer.gov/about-cancer/treatment/clinical-trials/disease/breast-cancer/treatment
https://www.eecs.harvard.edu/~kgajos/papers/2014/amir14AIsupport.pdf
https://pubmed.ncbi.nlm.nih.gov/19920223/
https://pubmed.ncbi.nlm.nih.gov/19920223/
https://jamanetwork.com/journals/jama/fullarticle/2630810
https://jamanetwork.com/journals/jama/fullarticle/2630810
https://pubmed.ncbi.nlm.nih.gov/21282536/
https://pubmed.ncbi.nlm.nih.gov/21282536/
https://pubmed.ncbi.nlm.nih.gov/28951383/
https://www.sciencedirect.com/science/article/abs/pii/S0165614719301427
https://www.sciencedirect.com/science/article/abs/pii/S0738399198001335
https://www.sciencedirect.com/science/article/abs/pii/S0738399198001335
https://pubmed.ncbi.nlm.nih.gov/30181110/
https://pubmed.ncbi.nlm.nih.gov/30181110/
https://pubmed.ncbi.nlm.nih.gov/27371756/
https://pubmed.ncbi.nlm.nih.gov/27371756/


Citation: Elizabeth Charlotte Moser., et al. “Breast Cancer Management and Coordination Using Artificial Intelligence”. EC Gynaecology 
10.5 (2021): 71-83.

Breast Cancer Management and Coordination Using Artificial Intelligence

79

12.	 Brooks Gabriel A., et al. “A Clinical Prediction Model to Assess Risk for Chemotherapy-Related Hospitalization in Patients Initiating 
Palliative Chemotherapy”. JAMA Oncology 1.4 (2015): 441-447.

13.	 Bucur Anca., et al. “Workflow-Driven Clinical Decision Support for Personalized Oncology”. BMC Medical Informatics and Decision 
Making”. BioMed Central Ltd 16.2 (2016): 87.

14.	 Carter Stacy M., et al. “The Ethical, Legal and Social Implications of Using Artificial Intelligence Systems in Breast Cancer Care”. Breast 
Churchill Livingstone 49 (2020): 25-32. 

15.	 Chan Heang Ping., et al. “CAD and AI for Breast Cancer-Recent Development and Challenges”. The British Journal of Radiology 93.1108 
(2020): 20190580. 

16.	 Chou Chiahung., et al. “How Comfortable Are Primary Care Physicians and Oncologists Prescribing Medications for Comorbidities in 
Patients with Cancer?” Research in Social and Administrative Pharmacy, Elsevier Inc (2019).

17.	 Cimino James J. “The False Security of Blind Dates: Chrononymization’s Lack of Impact on Data Privacy of Laboratory Data”. Applied 
Clinical Informatics 3.4 (2012): 392-403.

18.	 Clauser Steven B., et al. “Improving Modern Cancer Care through Information Technology”. American Journal of Preventive Medicine 
40.52 (2011).

19.	 Collins Ian M., et al. “IPrevent®: A Tailored, Web-Based, Decision Support Tool for Breast Cancer Risk Assessment and Management”. 
Breast Cancer Research and Treatment 156.1 (2016): 171-182.

20.	 Davenport Thomas and Ravi Kalakota. “The Potential for Artificial Intelligence in Healthcare”. Future Healthcare Journal 6.2 (2019): 
94-98. 

21.	 Sara J Singer., et al. “Defining and Measuring Integrated Patient Care: Promoting the Next Frontier in Health Care Delivery Rosenthal, 
Lucian Leape, Eric Schneider, (2011). 

22.	 DeSantis Carol E., et al. “Breast Cancer Statistics, 2019”. CA: A Cancer Journal for Clinicians 69.6 (2019): 438-451.

23.	 Dhahri Habib., et al. “Automated Breast Cancer Diagnosis Based on Machine Learning Algorithms”. Journal of Healthcare Engineering 
(2019).

24.	 Dowding Dawn., et al. “Nurses’ Use of Computerised Clinical Decision Support Systems: A Case Site Analysis”. Journal of Clinical Nurs-
ing 18.8 (2009): 1159-1167.

25.	 Edwards Brenda K., et al. “Annual Report to the Nation on the Status of Cancer, 1975-2010, Featuring Prevalence of Comorbidity and 
Impact on Survival among Persons with Lung, Colorectal, Breast, or Prostate Cancer”. Cancer 120.9 (2014):1290-1314. 

26.	 Elfiky Aymen A., et al. “Development and Application of a Machine Learning Approach to Assess Short-Term Mortality Risk Among 
Patients With Cancer Starting Chemotherapy”. JAMA Network Open 1.3 (2018): e180926.

27.	 Ergu Daji., et al. “Analytic Network Process in Risk Assessment and Decision Analysis”. Computers and Operations Research 42 (2014): 
58-74.

28.	 Fogel Alexander L and Joseph C Kvedar. “Artificial Intelligence Powers Digital Medicine”. Npj Digital Medicine Springer Science and 
Business Media 1.1 (2018): 1-4. 

29.	 Frasier Lane L., et al. “Leveraging Comparative Effectiveness Research to Improve the Quality of Multidisciplinary Care for Breast 
Cancer Patients”. Cancer Treatment and Research 164 (2015): 15-30.

https://pubmed.ncbi.nlm.nih.gov/26181251/
https://pubmed.ncbi.nlm.nih.gov/26181251/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4965727/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4965727/
https://www.researchgate.net/publication/336453653_The_ethical_legal_and_social_implications_of_using_artificial_intelligence_systems_in_breast_cancer_care
https://www.researchgate.net/publication/336453653_The_ethical_legal_and_social_implications_of_using_artificial_intelligence_systems_in_breast_cancer_care
https://pubmed.ncbi.nlm.nih.gov/31742424/
https://pubmed.ncbi.nlm.nih.gov/31742424/
https://experts.umn.edu/en/publications/how-comfortable-are-primary-care-physicians-and-oncologists-presc
https://experts.umn.edu/en/publications/how-comfortable-are-primary-care-physicians-and-oncologists-presc
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3613034/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3613034/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3119205/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3119205/
https://www.researchgate.net/publication/295855442_iPreventR_a_tailored_web-based_decision_support_tool_for_breast_cancer_risk_assessment_and_management
https://www.researchgate.net/publication/295855442_iPreventR_a_tailored_web-based_decision_support_tool_for_breast_cancer_risk_assessment_and_management
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6616181/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6616181/
https://journals.sagepub.com/doi/10.1177/1077558710371485
https://journals.sagepub.com/doi/10.1177/1077558710371485
https://pubmed.ncbi.nlm.nih.gov/31577379/
https://www.hindawi.com/journals/jhe/2019/4253641/
https://www.hindawi.com/journals/jhe/2019/4253641/
https://www.researchgate.net/publication/24233672_Nurses%27_use_of_computerised_clinical_decision_support_systems_A_case_site_analysis
https://www.researchgate.net/publication/24233672_Nurses%27_use_of_computerised_clinical_decision_support_systems_A_case_site_analysis
https://pubmed.ncbi.nlm.nih.gov/24343171/
https://pubmed.ncbi.nlm.nih.gov/24343171/
https://jamanetwork.com/journals/jamanetworkopen/fullarticle/2688539
https://jamanetwork.com/journals/jamanetworkopen/fullarticle/2688539
https://www.sciencedirect.com/science/article/abs/pii/S0305054811000785
https://www.sciencedirect.com/science/article/abs/pii/S0305054811000785
https://www.nature.com/articles/s41746-017-0012-2
https://www.nature.com/articles/s41746-017-0012-2
https://pubmed.ncbi.nlm.nih.gov/25677016/
https://pubmed.ncbi.nlm.nih.gov/25677016/


Citation: Elizabeth Charlotte Moser., et al. “Breast Cancer Management and Coordination Using Artificial Intelligence”. EC Gynaecology 
10.5 (2021): 71-83.

Breast Cancer Management and Coordination Using Artificial Intelligence

80

30.	 Frasier Lane L., et al. “Leveraging Comparative Effectiveness Research to Improve the Quality of Multidisciplinary Care for Breast 
Cancer Patients”. Cancer Treatment and Research Kluwer Academic Publishers 164 (2015): 15-30.

31.	 Garfinkel Simson L. De-Identification of Personal Information. 

32.	 Gorin Sherri Sheinfeld., et al. “Cancer Care Coordination: A Systematic Review and Meta-Analysis of Over 30 Years of Empirical Stud-
ies”. Annals of Behavioral Medicine 51.4 (2017): 532-546.

33.	 “Cancer Care Coordination: A Systematic Review and Meta-Analysis of Over 30 Years of Empirical Studies”. Annals of Behavioral Medi-
cine 51.4 (2017): 532-546. 

34.	 Gurney Jason., et al. “The Impact of Patient Comorbidity on Cancer Stage at Diagnosis”. British Journal of Cancer 113.9 (2015):1375-
1380.

35.	 Haux R., et al. “Health-Enabling and Ambient Assistive Technologies: Past, Present, Future”. Yearbook of Medical Informatics 25.1 
(2016): S76-91. 

36.	 Henriksson Aron., et al. “Synonym Extraction and Abbreviation Expansion with Ensembles of Semantic Spaces”. Journal of Biomedical 
Semantics 5.1 (2014): 6. 

37.	 Hripcsak George., et al. “Preserving Temporal Relations in Clinical Data While Maintaining Privacy”. Journal of the American Medical 
Informatics Association 23.6 (2016): 1040-1045. 

38.	 Improving Adherence and Outcomes by Artificial Intelligence-Adapted Text Messages (Michigan) | AHRQ Digital Healthcare Re-
search: Informing Improvement in Care Quality, Safety, and Efficiency (2020).

39.	 Kann Benjamin H., et al. “Artificial Intelligence in Oncology: Current Applications and Future Directions”. Oncology 33.2 (2019): 46-
53. 

40.	 Kantarjian Hagop and Peter Paul Yu. “Artificial Intelligence, Big Data, and Cancer”. JAMA Oncology 1.5 (2015): 573-574. 

41.	 Khalifa Mohamed. “Clinical Decision Support: Strategies for Success”. Procedia Computer Science 37 (2014): 422-427.

42.	 Kilbourne Amy M., et al. “A Research Agenda for Care Coordination for Chronic Con-Ditions: Aligning Implementation, Technology, 
and Policy Strategies (2018). 

43.	 Kralj Boris., et al. “The Impact of Computerized Clinical Reminders on Physician Prescribing Behavior: Evidence from Community 
Oncology Practice”. American Journal of Medical Quality 18.5 (2003): 197-203.

44.	 Kroenke Candyce H., et al. “Social Networks, Social Support Mechanisms, and Quality of Life after Breast Cancer Diagnosis”. Breast 
Cancer Research and Treatment 139.2 (2013): 515-527.

45.	 Kukafka Rita., et al. “Pilot Study of Decision Support Tools on Breast Cancer Chemoprevention for High-Risk Women and Healthcare 
Providers in the Primary Care Setting”. BMC Medical Informatics and Decision Making 18.1 (2018): 134.

46.	 Labovitz Daniel L., et al. “Using Artificial Intelligence to Reduce the Risk of Nonadherence in Patients on Anticoagulation Therapy”. 
Stroke 48.5 (2017): 1416-1419.

47.	 Leclerc Anne France., et al. “Multidisciplinary Management of Breast Cancer”. Archives of Public Health 74.1 (2016).

48.	 Lee Hyukki., et al. “Utility-Preserving Anonymization for Health Data Publishing”. BMC Medical Informatics and Decision Making 17.1 
(2017): 104. 

https://pubmed.ncbi.nlm.nih.gov/25677016/
https://pubmed.ncbi.nlm.nih.gov/25677016/
https://nvlpubs.nist.gov/nistpubs/ir/2015/NIST.IR.8053.pdf
https://pubmed.ncbi.nlm.nih.gov/28685390/
https://pubmed.ncbi.nlm.nih.gov/28685390/
https://pubmed.ncbi.nlm.nih.gov/28685390/
https://pubmed.ncbi.nlm.nih.gov/28685390/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4815795/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4815795/
https://pubmed.ncbi.nlm.nih.gov/27362588/
https://pubmed.ncbi.nlm.nih.gov/27362588/
https://core.ac.uk/reader/194310950
https://core.ac.uk/reader/194310950
https://pubmed.ncbi.nlm.nih.gov/27013522/
https://pubmed.ncbi.nlm.nih.gov/27013522/
https://digital.ahrq.gov/ahrq-funded-projects/improving-adherence-and-outcomes-artificial-intelligence-adapted-text-messages
https://digital.ahrq.gov/ahrq-funded-projects/improving-adherence-and-outcomes-artificial-intelligence-adapted-text-messages
https://pubmed.ncbi.nlm.nih.gov/30784028/
https://pubmed.ncbi.nlm.nih.gov/30784028/
https://pubmed.ncbi.nlm.nih.gov/26181906/
https://www.sciencedirect.com/science/article/pii/S187705091401028X
https://academic.oup.com/tbm/article/8/3/515/5001942
https://academic.oup.com/tbm/article/8/3/515/5001942
https://pubmed.ncbi.nlm.nih.gov/14604272/
https://pubmed.ncbi.nlm.nih.gov/14604272/
https://pubmed.ncbi.nlm.nih.gov/23657404/
https://pubmed.ncbi.nlm.nih.gov/23657404/
https://pubmed.ncbi.nlm.nih.gov/30558581/
https://pubmed.ncbi.nlm.nih.gov/30558581/
https://pubmed.ncbi.nlm.nih.gov/28386037/
https://pubmed.ncbi.nlm.nih.gov/28386037/
https://pubmed.ncbi.nlm.nih.gov/28232597/
https://bmcmedinformdecismak.biomedcentral.com/articles/10.1186/s12911-017-0499-0
https://bmcmedinformdecismak.biomedcentral.com/articles/10.1186/s12911-017-0499-0


Citation: Elizabeth Charlotte Moser., et al. “Breast Cancer Management and Coordination Using Artificial Intelligence”. EC Gynaecology 
10.5 (2021): 71-83.

Breast Cancer Management and Coordination Using Artificial Intelligence

81

49.	 Lee Simon J Craddock., et al. “Care Coordination for Complex Cancer Survivors in an Integrated Safety-Net System: A Study Protocol 
11 Medical and Health Sciences 1117 Public Health and Health Services 11 Medical and Health Sciences 1110 Nursing”. BMC Cancer 
18.1 (2018): 1-10.

50.	 Levine Mark N., et al. “Learning Health System for Breast Cancer: Pilot Project Experience”. JCO Clinical Cancer Informatics 3 (2019): 
1-11.

51.	 Li Dan Ping., et al. “A Novel Financial Risk Assessment Model for Companies Based on Heterogeneous Information and Aggregated 
Historical Data”. PLoS ONE 13.12 (2018): e0208166.

52.	 Liu Ning., et al. “Semi-Supervised Learning Algorithm for Identifying High-Priority Drug-Drug Interactions through Adverse Event 
Reports”. IEEE Journal of Biomedical and Health Informatics 24.1 (2020): 57-68. 

53.	 Liyanage Harshana., et al. “Artificial Intelligence in Primary Health Care: Perceptions, Issues, and Challenges”. Yearbook of Medical 
Informatics 28.1 (2019): 41-46.

54.	 Matheson Rob. “Artificial Intelligence Model “Learns” from Patient Data to Make Cancer Treatment Less Toxic (2018): 0-3. 

55.	 Mazo Claudia., et al. “Clinical Decision Support Systems in Breast Cancer: A Systematic Review”. Cancers 12.2 (2020).

56.	 McAlearney Ann Scheck., et al. “The Challenge of Improving Breast Cancer Care Coordination in Safety-Net Hospitals Barriers, Facili-
tators, and Opportunities”. Medical Care 54.2 (2016): 147-154.

57.	 McCann L., et al. “Patients’ Perceptions and Experiences of Using a Mobile Phone-Based Advanced Symptom Management System 
(ASyMS ©) to Monitor and Manage Chemotherapy Related Toxicity”. European Journal of Cancer Care 18.2 (2009): 156-164.

58.	 Mühlbauer Viktoria., et al. “Communicating Prognosis to Women with Early Breast Cancer - Overview of Prediction Tools and the 
Development and Pilot Testing of a Decision Aid”. BMC Health Services Research 19.1 (2019).

59.	 (No Title). https://www.cancer.org/content/dam/cancer-org/research/cancer-facts-and-statistics/cancer-treatment-and-survi-
vorship-facts-and-figures/cancer-treatment-and-survivorship-facts-and-figures-2019-2021.pdf

60.	 Parikh Ravi B., et al. “Using Big Data and Predictive Analytics to Determine Patient Risk in Oncology”. American Society of Clinical 
Oncology Educational Book 39 (2019): e53-58.

61.	 Pautasso Fernanda Felipe., et al. “Atuação Do Nurse Navigator: Revisão Integrativa”. Revista Gaucha de Enfermagem 39 (2018): 
e20170102.

62.	  “Role of the Nurse Navigator: Integrative Review”. Revista Gaucha de Enfermagem 39 (2018): e20170102.

63.	 Petrovski Andrei., et al. “Optimising Cancer Chemotherapy Using an Estimation of Distribution Algorithm and Genetic Algorithms”. 
GECCO 2006 - Genetic and Evolutionary Computation Conference, 1 (2006): 413-418.

64.	 Piette John D., et al. “Patient-Centered Pain Care Using Artificial Intelligence and Mobile Health Tools: Protocol for a Randomized 
Study Funded by the US Department of Veterans Affairs Health Services Research and Development Program”. JMIR Research Proto-
cols 5.2 (2016): e53.

65.	 Poudel Pawan., et al. “Heterocellular Gene Signatures Reveal Luminal-A Breast Cancer Heterogeneity and Differential Therapeutic 
Responses”. Npj Breast Cancer 5.1 (2019): 1-10.

66.	 Ruland Cornelia M., et al. “Effects of a Computer-Supported Interactive Tailored Patient Assessment Tool on Patient Care, Symptom 
Distress, and Patients’ Need for Symptom Management Support: A Randomized Clinical Trial”. Journal of the American Medical Infor-
matics Association 17.4 (2010): 403-410.

https://pubmed.ncbi.nlm.nih.gov/30514267/
https://pubmed.ncbi.nlm.nih.gov/30514267/
https://pubmed.ncbi.nlm.nih.gov/30514267/
https://pubmed.ncbi.nlm.nih.gov/31369338/
https://pubmed.ncbi.nlm.nih.gov/31369338/
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0208166
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0208166
https://pubmed.ncbi.nlm.nih.gov/31395567/
https://pubmed.ncbi.nlm.nih.gov/31395567/
file:///F:/Not%20Uploaded/ECGY/ECGY-21-RW-203/1.%09Liyanage%20Harshana.,%20et%20al.%20
file:///F:/Not%20Uploaded/ECGY/ECGY-21-RW-203/1.%09Liyanage%20Harshana.,%20et%20al.%20
https://www.m3india.in/contents/clinical_news/85163/artificial-intelligence-model-learns-from-patient
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7072392/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4713342/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4713342/
https://pubmed.ncbi.nlm.nih.gov/19267731/
https://pubmed.ncbi.nlm.nih.gov/19267731/
https://bmchealthservres.biomedcentral.com/articles/10.1186/s12913-019-3988-2
https://bmchealthservres.biomedcentral.com/articles/10.1186/s12913-019-3988-2
https://www.cancer.org/content/dam/cancer-org/research/cancer-facts-and-statistics/cancer-treatment-and-survivorship-facts-and-figures/cancer-treatment-and-survivorship-facts-and-figures-2019-2021.pdf
https://www.cancer.org/content/dam/cancer-org/research/cancer-facts-and-statistics/cancer-treatment-and-survivorship-facts-and-figures/cancer-treatment-and-survivorship-facts-and-figures-2019-2021.pdf
https://www.researchgate.net/publication/333184945_Using_Big_Data_and_Predictive_Analytics_to_Determine_Patient_Risk_in_Oncology
https://www.researchgate.net/publication/333184945_Using_Big_Data_and_Predictive_Analytics_to_Determine_Patient_Risk_in_Oncology
https://www.scielo.br/scielo.php?pid=S1983-14472018000100503&script=sci_arttext
https://www.scielo.br/scielo.php?pid=S1983-14472018000100503&script=sci_arttext
https://pubmed.ncbi.nlm.nih.gov/30043944/
https://dl.acm.org/doi/10.1145/1143997.1144073
https://dl.acm.org/doi/10.1145/1143997.1144073
https://pubmed.ncbi.nlm.nih.gov/27056770/
https://pubmed.ncbi.nlm.nih.gov/27056770/
https://pubmed.ncbi.nlm.nih.gov/27056770/
https://www.nature.com/articles/s41523-019-0116-8
https://www.nature.com/articles/s41523-019-0116-8
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC2995659/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC2995659/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC2995659/


Citation: Elizabeth Charlotte Moser., et al. “Breast Cancer Management and Coordination Using Artificial Intelligence”. EC Gynaecology 
10.5 (2021): 71-83.

Breast Cancer Management and Coordination Using Artificial Intelligence

82

67.	 Sarfati Diana., et al. “A Retrospective Cohort Study of Patients with Stomach and Liver Cancers: The Impact of Comorbidity and Eth-
nicity on Cancer Care and Outcomes”. BMC Cancer 14.1 (2014). 

68.	 Schedlbauer Angela., et al. “What Evidence Supports the Use of Computerized Alerts and Prompts to Improve Clinicians’ Prescribing 
Behavior?” Journal of the American Medical Informatics Association 16.4 (2009): 531-538.

69.	 Schmitz Kathryn H., et al. “Adverse Breast Cancer Treatment Effects: The Economic Case for Making Rehabilitative Programs Stan-
dard of Care”. Supportive Care in Cancer 23.6 (2015): 1807-1817.

70.	 Schneider Eric., et al. “Defining and Measuring Integrated Patient Care: Promoting the Next Frontier in Health Care Delivery”. Medical 
Care Research and Review 68.1 (2011): 112-127. 

71.	  “Defining and Measuring Integrated Patient Care: Promoting the Next Frontier in Health Care Delivery”. Medical Care Research and 
Review 68.1 (2011):112-127. 

72.	 Séroussi Brigitte., et al. “Reconciliation of Multiple Guidelines for Decision Support: A Case Study on the Multidisciplinary Manage-
ment of Breast Cancer within the DESIREE Project”. AMIA ... Annual Symposium Proceedings. AMIA Symposium 2017 (2017): 1527-
1536. 

73.	 Shao J., et al. “Multidisciplinary Care of Breast Cancer Patients: A Scoping Review of Multidisciplinary Styles, Processes, and Out-
comes”. Current Oncology 26.3 (2019): e385-397. 

74.	 Sinsky Christine., et al. “Allocation of Physician Time in Ambulatory Practice: A Time and Motion Study in 4 Specialties”. Annals of 
Internal Medicine 165.11 (2016): 753-760.

75.	 Sinsky Christine A., et al. “Metrics for Assessing Physician Activity Using Electronic Health Record Log Data”. Journal of the American 
Medical Informatics Association: JAMIA 27.4 (2020): 639-643.

76.	 Sisler Jeffrey., et al. “Suivi Après Le Traitement Du Cancer Du Sein: Guide Pratique Des Soins Aux Survivantes à l’intention Des Méde-
cins de Famille”. Canadian Family Physician 62.10 (2016). 

77.	 Statement from FDA Commissioner Scott Gottlieb, M.D., on FDA’s New Strategic Framework to Advance Use of Real-World Evidence 
to Support Development of Drugs and Biologics | FDA (2020). 

78.	 Sutton Reed T., et al. “An Overview of Clinical Decision Support Systems: Benefits, Risks, and Strategies for Success”. Npj Digital Medi-
cine 3.1 (2020): 1-10.

79.	 Terstriep Shelby A.., et al. “Use of Remote Symptom Monitoring with Breast Cancer Survivors Using Patient-Reported Outcome (PRO) 
Measures in MyChart”. Journal of Clinical Oncology 37.15 (2019): e23125-e23125.

80.	 Trevillion Kris., et al. “An Evaluation Report of the Nurse Navigator Services for the Breast Cancer Support Program”. Canadian Oncol-
ogy Nursing Journal 25.4 (2015): 409-414. 

81.	 Walsh Jennifer., et al. “What Are the Current Barriers to Effective Cancer Care Coordination? A Qualitative Study”. BMC Health Services 
Research 10.1 (2010): 132. 

82.	 Warrington Lorraine., et al. “Online Tool for Monitoring Adverse Events in Patients with Cancer during Treatment (ERAPID): Field 
Testing in a Clinical Setting”. BMJ Open 9.1 (2019): e025185.

83.	 Weaver Sallie J., et al. “Unpacking Care Coordination Through a Multiteam System Lens”. Medical Care 56.3 (2018): 247-259. 

84.	 Weaver Sallie J and Paul B Jacobsen. “Cancer Care Coordination: Opportunities for Healthcare Delivery Research”. Translational Be-
havioral Medicine 8.3 (2018): 503-508. 

https://bmccancer.biomedcentral.com/articles/10.1186/1471-2407-14-821
https://bmccancer.biomedcentral.com/articles/10.1186/1471-2407-14-821
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC2705257/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC2705257/
https://pubmed.ncbi.nlm.nih.gov/25471182/
https://pubmed.ncbi.nlm.nih.gov/25471182/
https://pubmed.ncbi.nlm.nih.gov/20555018/
https://pubmed.ncbi.nlm.nih.gov/20555018/
https://journals.lww.com/jhmonline/Citation/2011/03000/Defining_and_Measuring_Integrated_Patient_Care_.11.aspx
https://journals.lww.com/jhmonline/Citation/2011/03000/Defining_and_Measuring_Integrated_Patient_Care_.11.aspx
https://pubmed.ncbi.nlm.nih.gov/29854222/
https://pubmed.ncbi.nlm.nih.gov/29854222/
https://pubmed.ncbi.nlm.nih.gov/29854222/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6588064/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6588064/
https://www.acpjournals.org/doi/10.7326/m16-0961
https://www.acpjournals.org/doi/10.7326/m16-0961
https://academic.oup.com/jamia/article/27/4/639/5728718
https://academic.oup.com/jamia/article/27/4/639/5728718
https://pubmed.ncbi.nlm.nih.gov/27737992/
https://pubmed.ncbi.nlm.nih.gov/27737992/
https://www.fda.gov/news-events/press-announcements/statement-fda-commissioner-scott-gottlieb-md-fdas-new-strategic-framework-advance-use-real-world
https://www.fda.gov/news-events/press-announcements/statement-fda-commissioner-scott-gottlieb-md-fdas-new-strategic-framework-advance-use-real-world
https://www.nature.com/articles/s41746-020-0221-y
https://www.nature.com/articles/s41746-020-0221-y
https://ascopubs.org/doi/abs/10.1200/JCO.2019.37.15_suppl.e23125
https://ascopubs.org/doi/abs/10.1200/JCO.2019.37.15_suppl.e23125
https://pubmed.ncbi.nlm.nih.gov/26897864/
https://pubmed.ncbi.nlm.nih.gov/26897864/
https://pubmed.ncbi.nlm.nih.gov/20482884/
https://pubmed.ncbi.nlm.nih.gov/20482884/
https://pubmed.ncbi.nlm.nih.gov/30782751/
https://pubmed.ncbi.nlm.nih.gov/30782751/
https://pubmed.ncbi.nlm.nih.gov/29356720/
https://pubmed.ncbi.nlm.nih.gov/29800404/
https://pubmed.ncbi.nlm.nih.gov/29800404/


Citation: Elizabeth Charlotte Moser., et al. “Breast Cancer Management and Coordination Using Artificial Intelligence”. EC Gynaecology 
10.5 (2021): 71-83.

Breast Cancer Management and Coordination Using Artificial Intelligence

83

85.	 Wu Tao., et al. “Active Monitoring of Adverse Drug Reactions with Neural Network Technology”. Chinese Medical Journal 130.12 
(2017): 1498-1501. 

86.	 Yadav S and S Mishra. “Longitudinal Trial of a Smart Phone Application for Tele–Follow-Up of Thyroid Cancer Patients in Context of a 
Developing Country: Compliance, Satisfaction and Cost-Benefit Analysis”. Journal of Global Oncology (2018). 

87.	 Yin Zhijun., et al. “The Therapy Is Making Me Sick: How Online Portal Communications between Breast Cancer Patients and Physi-
cians Indicate Medication Discontinuation”. Journal of the American Medical Informatics Association 25.11 (2018): 1444-1451.

88.	 Zhang Yijia., et al. “BioWordVec, Improving Biomedical Word Embeddings with Subword Information and MeSH”. Scientific Data 6.1 
(2019): 52.

Volume 10 Issue 5 May 2021
©All rights reserved by Elizabeth Charlotte Moser., et al.

https://pubmed.ncbi.nlm.nih.gov/28584215/
https://pubmed.ncbi.nlm.nih.gov/28584215/
https://ascopubs.org/doi/abs/10.1200/jgo.18.96700
https://ascopubs.org/doi/abs/10.1200/jgo.18.96700
https://academic.oup.com/jamia/article/25/11/1444/5149329
https://academic.oup.com/jamia/article/25/11/1444/5149329
https://www.researchgate.net/publication/332991697_BioWordVec_improving_biomedical_word_embeddings_with_subword_information_and_MeSH
https://www.researchgate.net/publication/332991697_BioWordVec_improving_biomedical_word_embeddings_with_subword_information_and_MeSH

