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What determines whether a study produces high-quality, reliable data or suf-
fers from participant dropout, protocol violations, and compromised results?
While technical expertise and sophisticated analytical methods are essential, an
often-overlooked factor significantly influences research outcomes: the quality of
researcher-participant interactions. But how many computational biologists,
trained primarily in data analysis and computational methods, receive guid-

ance in interpersonal skills that directly impact their data quality? While stan-
'm dard human subjects protection training covers fundamental principles, it often lacks
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that translates into better data quality. We provide practical strategies to minimize
participant burden while maximizing engagement. And we answer a critical question
of: What does it mean to truly empower participants as partners in scientific
discovery? We include examples informed by our experiences, participant feedback,
and empirical findings from social science to provide a human-centered framework.
Our goal is to stimulate the computational biology community to think about how they
interact with the human sources of their data. These Ten Simple Rules provide advice
for conducting studies with human participants that all researchers can benefit from,
whether as a refresher for those engaging in human subjects research regularly or
foundational guidance for those unfamiliar with the direct link between participant
experience and data quality. These rules also apply to all research involving human
subjects, whether through direct participant interaction or analysis of previously col-
lected human data, as understanding the conditions under which data were originally
gathered is essential for ensuring research validity.

Rule 1. Build rapport

Building rapport with participants is crucial for gaining trust and creating positive
research experiences. Trust and positive researcher-participant relationships directly
impact data quality through improved participant disclosure rates [6], reduced attrition
in longitudinal studies [7,8], and enhanced compliance and effort with protocols [9].

Computational biology presents unique rapport challenges that can severely
impact data integrity. Unlike traditional clinical research where participants interact
with medical professionals, computational biologists often lack training in interper-
sonal communication, potentially alienating participants unfamiliar with technical
jargon or complex data collection procedures. Poor explanation of genomic sequenc-
ing, wearable device protocols, or longitudinal data collection can lead to selective
dropout, creating systematic biases that compromise population-level modeling and
reduce generalizability of computational findings.

Failure to establish rapport significantly compromises research integrity across
multiple dimensions. In clinical research contexts, inadequate rapport has been
linked to underreporting of sensitive health behaviors, leading to misclassification
of exposure variables and attenuated effect estimates [10]. Neuroimaging studies
specifically demonstrate how lack of rapport can result in participant attrition and poor
data quality with no-show rates of as high as 22% and incompletion rates (among
patients who showed up) as high as 3.7% [11]. Poor participant engagement leads to
reduced data quality, increased missing responses, and higher dropout rates, though
systematic quantification of these effects across studies remains limited. Multi-omic
studies requiring multiple biological samples over time are particularly vulnerable, as
attrition leads to biased estimates and can deteriorate generalizability if those who
drop out differ from those who continue [12].

Practical suggestions

Time. Effective rapport-building requires approaching interactions as relaxed,
friendly social exchanges where researchers demonstrate authentic interest through
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active listening, use appropriate language, and acknowledge the novelty of the research environment. Schedule 15-30
min of unstructured interaction time before data collection begins. While this increases session time, this investment
reduces overall study costs through decreased dropout and re-collection needs.

Team. Recruit team members who reflect participant demographics and can serve as cultural bridges. Consider hiring
participant liaisons who share lived experiences with the study cohort. Train all staff in active listening techniques and
provide scripts for explaining procedures in accessible language.

Environment. Create welcoming physical spaces with comfortable seating, natural lighting, and culturally appropriate
materials. For computational studies involving multiple visits, maintain consistent staff (to the extent possible) to build
ongoing relationships.

Technology. For studies involving wearable devices or mobile applications, provide hands-on training sessions
where participants can practice with equipment in a supportive environment, reducing anxiety and improving long-term
compliance. Provide video instructions participants can return to at home.

Rule 2. Balance consent and confidentiality

Consent empowers participants by providing knowledge and choice, while confidentiality safeguards privacy by preventing
unauthorized data access. Individuals are more likely to refuse to participate in biological data collection when concerned
about confidentiality risks [13] and concerns about confidentiality can increase social desirability bias in self-report mea-
sures [14]. Research on participant perceptions indicates that while most research participants feel respected and listened
to by study staff (85%—95%) and rate their overall experience highly (68%), only 60% feel fully prepared by the consent
process [15]. The lack of adequate preparation for the research experience highlights gaps in the informed consent pro-
cess despite standard ethics training.

Computational biology faces unique consent and confidentiality challenges due to the complexity of data types, long-
term storage requirements, and potential for data reuse in unforeseen applications. Unlike traditional clinical studies with
defined endpoints, computational research often involves biobanking, genetic sequencing, and multi-omics integration
where initial consent may not cover future analytical possibilities. Participants may struggle to understand how their
genomic data could be used in machine learning models, population-level analyses, or integrated with other datasets [16],
making truly informed consent difficult to achieve.

Building rapport (Rule 1) can also affect perceptions of confidentiality with impacts on consent. In a study of
genomic data sharing, 42.2% of participants who prioritized privacy over advancing research chose to restrict
release of their data, while 56.8% of those who prioritized advancing research chose full public data release [17].
Withdrawal of consent to release data for future use limits researchers’ ability to leverage existing samples,
creating problems for large-scale database efforts. Establishing rapport and clearly communicating how data are
kept confidential can ameliorate participants’ concerns, potentially enhancing participants’ engagement in open data
efforts.

Research with vulnerable populations requires additional care. For example, mandatory guardian involvement during
consent reduces adolescent reporting of risk behaviors by up to 70%, while waiving parental consent can increase both
participation rates and data accuracy [6,18]. These findings illustrate how consent requirements can inadvertently com-
promise data quality when they conflict with participants’ privacy concerns. Of course, sometimes individuals may not be
competent to give their own consent. In those cases, guardian consent can serve as a complete proxy. In circumstances
where the participant cannot give consent, self-report or behavioral data should be interpreted with appropriate caution
given that lack of consent also likely reduces the validity of such data. Inadequate attention to confidentiality protections
can also have devastating consequences for research programs. Poor confidentiality practices in computational studies
have led to data breaches affecting thousands of participants, resulting in study termination and long-term damage to
institutional research programs [19].
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Practical suggestions

Consent process. Implement tiered consent procedures for vulnerable populations, obtaining guardian consent
first, then participant assent when possible. Allow 24 h between consent explanation and data collection to reduce time
pressure, if possible. Use visual aids and plain language summaries to explain complex data types and potential uses.
Consider guardian waivers in studies with adolescents.

Data segmentation. Collect sensitive information (mental health symptoms, substance use, sexual behavior)
separately from others (guardians, family members, other research team members not managing consent) when ethically
appropriate. Create separate consent modules for different data types (genomic, behavioral, longitudinal follow-up)
allowing participants to opt into specific components.

Technology. Use secure, encrypted platforms for sensitive data collection. Implement participant portals where
individuals can review their consent choices and modify permissions for future data use. Provide clear data retention
timelines and deletion procedures.

Documentation. Maintain detailed records of who consented to what data types and uses. Create participant-
friendly privacy policies explaining exactly how data will be stored, analyzed, and potentially shared. Include withdrawal
procedures that specify whether data can be removed from completed analyses.

Rule 3. Instill autonomy

Participants who experience autonomy, competence, and relatedness in the research process—core components of
intrinsic motivation according to self-determination theory [20]—are likely to demonstrate higher protocol compliance and
provide more complete data.

Computational biology research often involves complex, technology-mediated data collection that can feel imper-
sonal or overwhelming to participants. Studies using ecological momentary assessment, smartphone-based data
collection, continuous physiological monitoring, or digital phenotyping may require participants to integrate research
activities into their daily lives for weeks or months. Unlike discrete clinical visits, these approaches demand ongo-
ing participant engagement and decisions about when and how to participate. Participants who receive transparent
communication about how their data will be used to advance scientific understanding demonstrate better long-term
engagement [21].

Fostering participant autonomy becomes especially critical when individuals must carry devices and respond to
prompts throughout their daily routines, as this level of integration requires active engagement rather than passive com-
pliance. When participants feel they have meaningful control over their research experience and understand the scientific
rationale behind sampling procedures, they are more likely to maintain the high levels of engagement necessary for data
collection over extended periods [22].

In the case of participants who have not had exposure to research, study participation may be a valuable opportunity
for self-determination. However, the novelty of the experience also renders participants vulnerable to stress and anxiety.
For example, research contexts may be the first incidence of participant exposure to certain medical procedures (e.g.,
blood draws, stool samples, magnetic resonance imaging). If researchers navigate this situation with the required sensitiv-
ity, it can foster a positive opportunity for enhancing self-advocacy, which could yield long-term benefits for the individual
and set the tone for future medical interactions. However, if the research team is not sensitive to these considerations, it
could inadvertently lead to adverse outcomes. Notably, poor research experiences that enhance medical mistrust could
result in participants’ reduction in seeking out future health care [23].

Practical suggestions

Choice. Offer participants choice about study participation—preferred data collection times, communication methods
(text, email, phone), or optional study components. Create flexible protocols that accommodate individual schedules and
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preferences while maintaining scientific rigor. A participant that feels it is their choice whether to continue with a study is
more likely continue and provide better data.

Ongoing consent. Implement “check-in” procedures for longitudinal studies, asking participants if they want to
continue and addressing any concerns. Use automated systems to remind participants of their right to withdraw without
penalty and provide easy mechanisms for doing so. Including opportunities to give feedback creates a non-judgmental,
empowering atmosphere that values participants’ input.

Transparent communication. Explain not just what data you are collecting, but why it matters for the research
questions. Provide regular updates about study progress and how participants’ contributions are being used. Use plain
language summaries that avoid technical jargon.

Comfort monitoring. Train staff to regularly assess participant wellbeing. Provide immediate responses to
discomfort—offer breaks, snacks, water, or position changes.

Rule 4. Facilitate STEM curiosity

Research participation provides valuable opportunities for informal STEM outreach and education that extend far beyond
data collection. Participants who receive debriefings and updates about research findings show increased scientific liter-
acy, greater trust in research, and higher likelihood of future study participation [24]. Youth participation in research design
can be particularly impactful for their interest and enthusiasm in science [25]. Fostering STEM curiosity during research
participation can counteract stereotypes, build scientific self-efficacy, and encourage evidence-based decision-making in
participants’ daily lives.

Computational biology offers unique opportunities to spark curiosity about cutting-edge science, but researchers often
miss these educational moments. Unlike traditional clinical research where procedures may seem routine, computa-
tional studies involve intersections of biology, technology, and mathematics that participants rarely encounter elsewhere.
Machine learning analyses of brain imaging data, algorithmic approaches to understanding genetic variation, or real-time
processing of physiological signals represent frontier science that could inspire participants—yet researchers often fail to
bring participants into the fold and translate these concepts into accessible new knowledge.

Missed opportunities for STEM engagement represent significant lost potential for both individual participants and
the broader scientific community. Studies with underrepresented minorities demonstrate that lack of diverse role mod-
els and poor science communication reinforce stereotypes that STEM fields are “not for people like me,” perpetuating
systemic disparities in STEM participation [26]. In line with Rule 3, STEM outreach, which can occur in the research
study environment, creates opportunities to increase youth motivation and attitudes toward STEM, but only if auton-
omy is preserved [27]. Poor science communication during research participation contributes to broader scientific illit-
eracy and reduced public trust in research [28]. Participants value explanation about study results, which is linked to
higher willingness to participate in future research [15] and trust of research, with effects particularly high for genetic
studies [29].

Practical suggestions

Educational debriefing. Allocate 10—15 min at study conclusion for accessible explanations of research goals,
methods, and potential impact. Create visual aids showing how participants’ data contributes to larger scientific questions.
Prepare answers to common questions about computational methods in non-technical language.

Diverse representation. Intentionally recruit research staff who reflect participant demographics, particularly
for studies with underrepresented populations. Highlight diverse scientists’ contributions when explaining research
background and provide information about STEM career pathways relevant to participants’ interests. Exposure to
female, Black, and LGBTQ+ role models in STEM can increase participants’ self-efficacy and aspirations in STEM fields
[26,30,31].
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Ongoing engagement. Implement opt-in systems for sharing study results and broader research updates
via newsletters or social media. Create participant advisory groups involving volunteers in research planning and
methodology discussions where appropriate.

Curiosity protocols. Develop standard talking points about study procedures that can be shared without
compromising scientific integrity. For blinded studies, focus on broader research questions and computational methods
rather than specific hypotheses. Encourage questions throughout the research process and train staff to respond
enthusiastically to participant curiosity.

Rule 5. Acknowledge the whole person

Research participants are more than just data points—they are individuals shaped by their unique cultural contexts
and intersectional identities [32]. Participants bring to the research setting a combination of visible and invisible
traits, such as race, gender, socioeconomic background, family dynamics, and personal experiences, all of which
influence how they perceive and engage with the research process. Cultural norms affect comfort levels with certain
procedures or perceived authority figures, while experiences with discrimination or privilege shape openness in infor-
mation sharing [33].

Computational biology research often requires standardized protocols and controlled environments that may inad-
vertently exclude or burden participants from diverse backgrounds. Studies involving neuroimaging, genetic testing,
or long-term digital monitoring may conflict with cultural practices, religious observances, or economic constraints that
researchers fail to anticipate. For instance, MRI studies scheduled during Ramadan may be problematic for Muslim partic-
ipants, genetic studies may raise concerns in communities with histories of research exploitation, and longitudinal app-
based studies may exclude participants without reliable internet access or smartphones. Models trained on homogeneous
samples produce biased algorithms that perform poorly in diverse populations, undermining the precision medicine goals
that motivate much computational biology research. Research conducted primarily with WEIRD (Western, Educated,
Industrialized, Rich, Democratic) populations fails to capture important biological and behavioral variation, limiting the
applicability of computational models to global populations [34,35].

Participants’ willingness to engage in precision medicine research is significantly influenced by their personal and
cultural experiences with biomedical research and clinical care, with historical events such as the Tuskegee Syphilis Study
and the case of Henrietta Lacks contributing to mistrust of scientific research. Immigrants may face additional barriers to
research participation due to unfamiliarity with navigating the medical system, language differences, and concerns about
how research participation might affect their ability to receive care, highlighting the need for culturally competent commu-
nication approaches. Participants from diverse racial and ethnic backgrounds express specific concerns about the poten-
tial for precision medicine research to lead to racial profiling and discrimination, including fears about government access
to patient data for non-health-related purposes and the possibility that research findings could be used to create or affirm
racial stereotypes [34,35].

Practical suggestions

Cultural competence. Conduct community consultation before study design to identify potential cultural barriers or
concerns. Provide multilingual materials and culturally appropriate explanations of procedures. Recruit team members
who reflect participant demographics when possible.

Flexible scheduling. Offer extended scheduling including evenings, weekends. Create accommodation for religious
observances, work schedules, and caregiving responsibilities.

Accessibility planning. Ensure physical accessibility (ramps, elevators, accessible parking) and communication
accessibility (interpreters, visual aids, multiple format options). Provide comfortable spaces for caregivers or support
persons. Consider transportation and offer virtual options when appropriate.
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Holistic assessment. Include brief screening questions about recent life stressors, sleep quality, and daily activities
that might affect data collection. Document and control for these factors in analyses rather than excluding participants.
Provide snacks, hydration, and comfortable environments to support participant wellbeing during longer sessions.

Rule 6. Prepare participants for discomfort

Research environments represent novel and potentially anxiety-provoking experiences for many participants. Uncertainty
amplifies feelings of loss of control and fear of the unknown, with anxiety vulnerability heightened particularly in unfamiliar
settings [36]. Preparing participants for the research environment is vital because it directly addresses both psychological
and physical barriers to participation. Clear, empathetic communication and comprehensive preparation help alleviate
anxiety, reduce uncertainty, and build trust between participants and researchers [37,38]. When participants know what to
expect, understand the reasons behind instructions, and feel supported, they are more likely to remain calm and coop-
erative, which not only improves their personal experience but also enhances data quality by minimizing movement and
distress [37]. Moreover, a positive, well-prepared research experience can increase willingness to participate in future
studies and foster greater inclusivity and diversity in research. Ultimately, thorough preparation is not only an ethical
imperative that respects participants’ autonomy and well-being, but also essential for the success of research involving
human subjects.

Computational biology studies often involve unfamiliar technologies and procedures that can be particularly
anxiety-provoking for participants. Extended sessions in confined MRI scanners, wearing multiple physiological sen-
sors, or interacting with novel interfaces for cognitive tasks can trigger claustrophobia, discomfort, or technology anxiety.
Eye-tracking studies require participants to maintain unnatural head positions, EEG recordings involve electrode applica-
tion that some find invasive, and virtual reality paradigms can cause motion sickness or disorientation [39]. Many partic-
ipants have never encountered research-grade technology and may fear they will “break something expensive” or “do it
wrong,” creating performance anxiety that affects natural behavior and data quality.

Inadequate preparation for discomfort leads to increased data artifacts, protocol violations, and premature study ter-
mination. Studies show that participants who feel inadequately prepared for research are more likely to withdraw early
and report lower satisfaction with their experience, which can negatively impact study retention and data quality [40].
Inadequate preparation can also result in participants feeling anxious or confused about research procedures, potentially
confounding study outcomes and introducing bias into the results. The scan environment has been shown to produce
neural and physiological activity associated with stress, indicating that research methods themselves can introduce noise
[41,42]. While adequate preparation can reduce some of these stress-related effects, researchers must still account for
methodological artifacts through careful post-data processing and quality control measures. Understanding how both the
research methods and the quality of participant preparation influence data outcomes is essential for generating valid and
reproducible results in computational biology studies.

Regarding direct physiological effects, research shows that anxiety and stress from poor researcher interactions can
alter biomarkers including cortisol levels, blood pressure, and immune function markers [41]. The ‘white coat effect’
demonstrates how participant anxiety affects cardiovascular measurements, with anxiety and outcome expectations pre-
dicting elevated blood pressure readings in medical settings [43]. In neuroimaging, stress activates neural circuits that can
confound results beyond just movement artifacts, with MRI scanner environments themselves producing neural and phys-
iological activity associated with stress [41,44]. We acknowledge this is an understudied area in computational biology
specifically, which calls for future research on metrics assessing how participant interactions impact research outcomes.

Practical suggestions

Preparation. Create detailed but accessible descriptions of what participants will experience, including physical
sensations, time commitments, and potential discomforts. Use photos or videos to show equipment and procedures.
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Schedule brief orientation visits for complex studies to familiarize participants with the environment and equipment. Allow
participants to experience equipment (putting on EEG cap, lying in mock scanner) before formal testing begins.

Team. Have research staff experience study procedures firsthand during training. This enables authentic descriptions
of discomfort and builds empathy. Share these experiences with participants to normalize expectations and reassure them
that discomfort is temporary and manageable.

Comfort. Provide stress balls, breathing exercises, or other comfort aids as appropriate. For long sessions, offer
scheduled breaks, position changes, and refreshments. Train staff to recognize signs of distress and respond supportively
without compromising data collection.

Rule 7. Appropriately train the team

Comprehensive team training is essential for maintaining participant safety, ensuring data quality, and upholding ethical
standards in human subjects research. All team members must understand study protocols and demonstrate competence
in working with specific populations, including awareness of cultural, psychological, and physical requirements [45]. Train-
ing requirements vary by population—studies with minors often require background checks and specialized certifications,
while genetic research may mandate genetic counseling expertise.

Computational biology teams face unique training challenges because they often lack formal preparation for human
interaction despite increasingly direct participant contact. Unlike clinical research teams with medical training back-
grounds, computational researchers may have technical expertise but minimal experience with participant psychology,
cultural sensitivity, or crisis management. Studies involving brain-computer interfaces require staff trained in both neuro-
technology and participant safety protocols, while research using ambulatory monitoring devices demands expertise in
troubleshooting technical issues while maintaining participant comfort. Many computational biology studies involve pro-
longed data collection sessions or complex multi-modal recordings that require specialized skills in managing participant
fatigue, equipment troubleshooting, and emergency procedures.

Inadequately trained teams create significant risks for both participants and research integrity. Poor staff training and
unsupportive supervision have been associated with increased emotional distress among both staff and participants, as
untrained staff may misinterpret ethical guidelines or fail to respond appropriately to participant needs [46]. The litera-
ture emphasizes that researchers and research teams must value diversity, acquire cultural knowledge, and adapt to the
cultural contexts of their participants to ensure effective interactions and appropriate engagement in study design and
implementation [47]. Studies have found that individuals who received cultural competence training scored significantly
higher on measures of cultural knowledge, skills, and awareness, which are linked to higher quality research outcomes
and improved participant trust and retention [48]. Research on informed consent processes highlights that inadequate
education and training of research staff are major contributors to deficiencies in conveying risks, benefits, and procedures
to participants, which can compromise informed consent and increase legal risk [49]. Inadequate staff training is also iden-
tified as a factor that can undermine reproducibility, rigor, and transparency in research, particularly when protocols are
not clearly explained or followed [50].

Practical suggestions

Specialized training. Require population-specific training for all team members—working with children certifications
for youth studies, cultural competency training for diverse populations, or genetic counseling certification for genomic
research. Ensure at least one team member has crisis intervention training for studies involving mental health
assessments or potentially distressing medical procedures.

Technical competency. Train staff in both technical procedures and participant communication about those
procedures. Require hands-on practice with all equipment and protocols before working with participants. Develop
protocols that maintain participant comfort during technical difficulties.
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Ongoing development. Implement regular team meetings to discuss challenging situations and share best practices.
Provide continuing education opportunities and peer consultation for complex cases. Monitor team burnout and provide
support for staff working with sensitive populations or traumatic content.

Documentation and supervision. Maintain detailed training records and competency assessments for all staff.
Establish clear supervision hierarchies with experienced researchers overseeing newer team members. Create
standardized response protocols for common situations like participant distress, equipment malfunction, or disclosure of
sensitive information.

Rule 8. Create a research partnership

Research partnerships involve actively engaging participants in shaping the research process, recognizing their agency
as key stakeholders rather than passive subjects. This collaborative approach allows participants to contribute ideas and
feedback, ensuring their perspectives are meaningfully considered throughout the research lifecycle [25]. Evidence shows
that community engagement in research increases the relevance and uptake of findings, as demonstrated by case exam-
ples where research agendas set in collaboration with communities addressed self-identified needs and led to sustainable
changes [51].

Computational biology research often involves complex algorithms, data integration, and modeling approaches that can
seem abstract or disconnected from participants’ lived experiences. Studies developing personalized algorithms, popu-
lation health models, or digital health interventions may fail to address participants’ actual priorities or concerns without
meaningful input. Researchers focused on technical innovation may design elegant computational solutions that prove
impractical in real-world implementation because they lack participant insight into daily life constraints, cultural prefer-
ences, or usability concerns.

Failure to establish genuine research partnerships leads to reduced participant engagement, compromised data quality,
and limited real-world impact. Research conducted without community input often fails to address questions that are most
relevant to the populations affected, resulting in findings with limited practical applicability and minimal influence on policy
or practice. Digital health interventions that do not adequately consider participant needs and usability in their design
are associated with lower engagement and higher dropout rates, highlighting the importance of user-centered platform
features to support participant retention in clinical research [52]. Computational models trained on data from disengaged
participants may overlook important behavioral patterns and contextual factors, ultimately reducing model performance
and generalizability in real-world deployment.

Practical suggestions

Co-design. Establish participant advisory groups early in study planning to review research questions, methods, and
procedures. Compensate participants fairly for their time and expertise in these advisory roles.

Feedback. Create structured mechanisms for ongoing participant input throughout the study, not just at the beginning.
Implement regular check-ins asking about study burden, procedure clarity, and suggested improvements.

Collaborative analysis. When appropriate, involve participant representatives in data interpretation discussions. Their
insights can reveal patterns or explanations that researchers might miss.

Rule 9. Don’t neglect (non-participant) stakeholders

Successful human research extends beyond the participant-researcher relationship to include a broader ecosystem of stake-
holders whose support, expertise, and trust are essential for research integrity and impact. Key stakeholders include ethics
boards, community representatives, healthcare providers, technology vendors, regulatory agencies, and policymakers who
influence research feasibility, credibility, and translation. Effective stakeholder engagement ensures research addresses real-
world needs, maintains public trust, has effective implementation, and is not unduly held up in regulatory hurdles.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1013362 August 7, 2025 9/14




A Computational
PLOS }. Biology

Computational biology research involves particularly complex stakeholder networks due to its interdisciplinary nature
and reliance on technologies and infrastructure. Studies may require collaboration with hospital IT departments for elec-
tronic health record access, partnerships with technology companies for device development, and engagement with
regulatory bodies for algorithm validation. Research involving cloud computing platforms, artificial intelligence systems, or
federated learning approaches requires coordination with data security experts and legal teams to ensure compliance with
evolving privacy regulations. Unlike traditional clinical research with established stakeholder relationships, computational
biology often requires building new partnerships across sectors that may have different priorities, timelines, and success
metrics.

When stakeholders are excluded from research design, studies risk prioritizing investigator-driven questions over
issues that address real-world health disparities or practical care gaps, reducing translational impact. Disengaged stake-
holders may perceive research as extractive, leading to recruitment challenges, higher dropout rates, and biased samples
that undermine generalizability [53]. When stakeholders are not meaningfully involved, there is often diminished trust, less
willingness to share data, and reduced support for research activities, all of which can impair recruitment, limit access to
critical information, and ultimately threaten the feasibility and generalizability of studies [54]. Without stakeholder col-
laboration to address data silos and privacy concerns, institutions cannot provide the sufficient data access needed for
machine learning to reach its full potential [55]. Furthermore, computational models developed without input from domain
experts and end-users often fail to align with clinical decision-making processes, resulting in sophisticated algorithms that
remain unused despite their technical merit [56].

Practical suggestions

Stakeholder mapping. Identify all relevant stakeholders early in study planning, including regulatory bodies,
technology partners, healthcare systems, community organizations, and potential end-users of research findings. Create
stakeholder engagement plans with specific communication strategies and timelines for each group.

Regular communication. Establish quarterly stakeholder meetings or updates tailored to each group’s interests and
expertise level. Provide technical stakeholders with detailed methodology information while offering policymakers concise
summaries focused on implications and applications.

Collaborative planning. Involve key stakeholders in study design discussions to identify potential barriers and ensure
feasibility. Engage technology partners in protocol development to ensure data collection systems can meet research
requirements while maintaining security standards. Include healthcare providers in recruitment strategies to leverage their
patient relationships and clinical insight. Develop contingency plans for common stakeholder issues such as technology
failures, regulatory changes, or community concerns about data privacy.

Rule 10. Individualize the experience

Personalizing the research experience represents the culmination of effective human subjects research, requiring integra-
tion of all previous rules to tailor interactions to individual participant needs, preferences, and circumstances. Successful
individualization requires willingness to adapt procedures while maintaining scientific rigor. Individualized approaches
result in higher participation and retention rates [57] as do providing autonomy (Rule 3), choice (Rules 2/3), and appropri-
ate incentives (Rule 10) [7,8].

Computational biology research often involves standardized protocols and automated data collection systems that
can feel impersonal and inflexible to participants. When participants experience poor person-protocol fit, they provide
lower quality data. Studies using intensive longitudinal designs, ecological momentary assessment, or multi-modal data
collection may require participants to engage with technology for weeks or months, making personalization crucial for
sustained participation. Digital phenotyping studies that collect smartphone data, wearable sensor measurements, or
repeated online assessments must balance standardization for analytical validity with customization for user experience.
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Participants vary widely in their technology comfort, cognitive load tolerance, and motivation for sustained engagement,
requiring adaptive approaches that traditional research protocols may not accommodate.

Personal sensing technologies, such as smartphones and wearables, enable continuous and passive collection of
behavioral and physiological data, offering new opportunities to tailor research protocols to individual needs and contexts.
However, personalization is challenged by the high variability in how individuals use technology, differences in device sen-
sors, and the need to balance unobtrusive data collection with participant privacy and autonomy. To maximize both scien-
tific validity and participant engagement, adaptive research designs must incorporate user-centric approaches that provide
participants with meaningful control over their data and ensure transparency about how personal information is used.

Practical suggestions

Pre-session assessment. Conduct brief surveys to understand participant preferences, technology experience,
comfort levels, and potential concerns. Ask about previous research experience, preferred communication styles, and any
accommodations needed. Use this information to customize the session approach while maintaining protocol integrity.

Adaptive protocols. Build flexibility into study procedures allowing for individualized pacing, break schedules, and
task ordering. Train staff to recognize signs of fatigue, anxiety, or disengagement and respond appropriately. Develop
decision trees for common scenarios (e.g., technology difficulties, participant distress, attention issues) that maintain data
quality while supporting participant needs.

Individualized motivation. Offer diverse compensation options aligned with participant values—monetary payments,
personalized research outputs (brain images, genetic summaries), learning opportunities, or contribution certificates.
Provide real-time feedback about data quality and study progress as appropriate.

Conclusions

These rules are not independent recommendations but form an integrated framework. Rule 1 (rapport) enables Rule 10
(individualization), while Rule 7 (team training) supports effective implementation of Rules 2—6. Like the Rules themselves,
researchers and participants are not separate in the scientific process and the dynamics between these entities should be
considered as a system (Fig 1). Our hope is that these Rules will prompt efforts to engage with human participants effec-
tively and facilitate more constructive human research.

These Ten Simple Rules draw from converging evidence across multiple disciplines. Psychology research demon-
strates how rapport and autonomy enhance participant engagement and data quality (Rules 1, 3), while ethical frame-
works emphasize respect for persons and beneficence (Rules 2, 5). Legal requirements for informed consent align with
psychological findings on preparation and understanding (Rules 2, 6). Experimental design principles support our empha-
sis on training and standardization (Rule 7), while philosophical approaches to participatory research inform our partner-
ship models (Rules 8, 9). Rather than contradicting one another, these disciplines provide complementary perspectives
that collectively support human-centered research practices. We recognize that implementing these rules requires institu-
tional investment in training, time, and personnel that may seem at odds with productivity pressures. Additionally, compu-
tational biology’s interdisciplinary nature creates unique challenges, including scalability concerns. These Rules are not
prescriptive or exhaustive, rather they serve as a call for researchers to examine how their actions, interactions, and study
design impact the quality of human data.

Finally, the goal of these Ten Simple Rules is not to reinvent ethical principles but to translate established knowledge
into actionable guidance for a community that needs specific support in conducting high-quality human subjects research.
The computational biology community represents an intersection of technical expertise and human subjects research
that requires specialized guidance. Traditional biomedical research training may not adequately prepare computational
researchers for the specific challenges they face in human subjects research, such as explaining complex analytical
methods to participants, managing expectations about data use, or ensuring meaningful consent for novel computational
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Fig 1. Schematic of the interplay between participant experience (diamonds) and researcher considerations (rectangles) representing the
dynamic bidirectional interplay that ultimately leads to scientific advancement (oval). Participant experience directly impacts scientific advance-
ment and is influenced by interactions with the research team.

https://doi.org/10.1371/journal.pcbi.1013362.g001

approaches. Interdisciplinary collaboration between computational biologists, social scientists, and ethicists could yield
more sophisticated approaches to human subjects research in computational contexts.

Notably little research has been done on the effects of researcher-participant interactions and the integrity of computa-
tional biology studies. While individual components such as rapport, consent processes, and participant preparation have
been studied in clinical and psychological research settings, their specific application to computational biology contexts
and their combined effects on data quality in technology-mediated research environments remain largely unexamined.
Much of the research cited herein pertains to qualitative studies, which have less relevance for computational biologists.
Future research should develop metrics for assessing the impact of improved participant interactions on research out-
comes and assess training curricula for computational biology teams transitioning to human subjects work. Research is
needed on participant advisory board models specifically adapted for computational research contexts as well as longitu-
dinal work on whether improved participant experience translates to better long-term research outcomes. We encourage
computational biology programs to integrate human subjects interaction training into graduate curricula and funding agen-
cies to consider participant experience metrics when evaluating research proposals.
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