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ABSTRACT: Background: Prognosticating outcomes for traumatic brain injury (TBI) patients is challenging due to the required specialized
skills and variability among clinicians. Recent attempts to standardize TBI prognosis have leveraged machine learning (ML) methodologies.
This study evaluates the necessity and influence of ML-assisted TBI prognostication through healthcare professionals’ perspectives via focus
group discussions. Methods: Two virtual focus groups included ten key TBI care stakeholders (one neurosurgeon, two emergency clinicians,
one internist, two radiologists, one registered nurse, two researchers in ML and healthcare and one patient representative). They answered
six open-ended questions about their perceptions and potential ML use in TBI prognostication. Transcribed focus group discussions
were thematically analyzed using qualitative data analysis software. Results: The study captured diverse perceptions and interests in TBI
prognostication across clinical specialties. Notably, certain clinicians who currently do not prognosticate expressed an interest in doing so
independently provided they had access to ML support. Concerns included ML’s accuracy and the need for proficient ML researchers in
clinical settings. The consensus suggested using ML as a secondary consultation tool and promoting collaboration with internal or external
research resources. Participants believed ML prognostication could enhance disposition planning and standardize care regardless of clinician
expertise or injury severity. There was no evidence of perceived bias or interference during the discussions. Conclusion:Our findings revealed
an overall positive attitude towardML-based prognostication. Despite raisingmultiple concerns, the focus group discussions were particularly
valuable in underscoring the potential of ML in democratizing and standardizing TBI prognosis practices.

RÉSUMÉ : Impact des pronostics automatisés sur les soins des traumatismes craniocérébraux : une étude de groupe. Contexte : Établir un
pronostic en ce qui concerne l’évolution de l’état de santé des patients victimes de traumatismes craniocérébraux (TCC) représente un défi en
raison des compétences spécialisées requises et de la variabilité existant parmi les cliniciens. Les récentes tentatives de standardisation des
pronostics des TCC se sont appuyées sur des méthodes d’apprentissage automatique (MAA). Par l’entremise de discussions de groupe visant à
recueillir les perspectives de professionnels de la santé, cette étude entend donc évaluer la nécessité et l’influence des MAA sur les pronostics des
TCC. Méthodes :Deux groupes de discussion virtuels ont réuni dix intervenants clés dans le domaine des soins prodigués aux victimes de TCC
(un neurochirurgien, deux cliniciens d’urgence, un interniste, deux radiologues, une infirmière diplômée, deux chercheurs enmatière deMMA et
de soins de santé, un représentant des patients). Ces intervenants ont alors répondu à six questions ouvertes portant sur leurs perceptions et
l’utilisation potentielle desMAAdans l’établissement de pronostics à la suite de TCC. Les discussions transcrites de ces groupes de discussion ont
été ensuite analysées thématiquement à l’aide d’un logiciel d’analyse de données qualitatives. Résultats :Notre étude a permis d’identifier diverses
perceptions et intérêts pour les pronostics des TCC, et ce, dans toutes les spécialités cliniques. À ce sujet, certains cliniciens qui, à l’heure actuelle,
n’établissent pas de pronostics ont exprimé leur intérêt de le faire de manière indépendante à condition d’avoir accès aux MAA. Leurs
préoccupations ont concerné notamment la précision desMAA et le besoin de chercheurs compétents en lamatière dans lesmilieux cliniques. De
manière consensuelle, les intervenants ont suggéré d’utiliser les MAA comme outils de consultation secondaire et de promouvoir la collaboration
avec des ressources de recherche internes ou externes. Nos intervenants ont aussi estimé que les pronostics établis grâce aux MAA pourraient
améliorer la planification de la destination des patients après leur congé et permettre de standardiser les soins indépendamment de l’expertise d’un
clinicien ou de la gravité de la blessure subie. À noter qu’il n’y a eu aucune preuve de perception de partialité ou d’interférence au cours des
discussions. Conclusion :Nos résultats ont révélé une attitude dans l’ensemble positive à l’égard des pronostics établis au moyen de MAA. Bien
qu’ils aient soulevé de nombreuses préoccupations, ces deux groupes de discussion se sont révélés particulièrement utiles pour souligner le
potentiel des MAA dans la démocratisation et la standardisation des pratiques de pronostic en ce qui regarde les TCC.
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Introduction

Traumatic brain injury (TBI), characterized by disruption in brain
function or structure due to external forces, is a leading cause of
emergency department visits, hospitalizations, disability and deaths
globally.1 In clinical practice, prognostication – the prediction of
disease course and outcome – is integral for planning treatment
strategies, facilitating effective communication with patients and
their families, and for the strategic allocation of clinical resources.
Yet, prognostication of TBI outcomes presents a considerable
challenge due to the complexity and unique nature of individual
injuries, leading to notable variability in clinicians’ prognoses.
According to a study led by Sarigul et al., discordant prognostic
perspectives among experienced clinicians are common, with
over 70% reporting occasional to frequent differences in
prognostic viewpoints with their colleagues.2

Recent advancements in technology have resulted in multiple
studies investigating machine learning (ML) algorithms to support
TBI prognostication.3,4 Unlike current manual prognostication
necessitating specialized expertise, these ML-based models automati-
cally generate long-term outcome predictions based on clinical data
and/or computed tomography (CT) findings, independent of the
clinician’s specialty or experience level. However, despite their
promising capabilities, the application of these ML-assisted
prognostic tools is currently limited in clinical practice,2 indicating
an ongoing uncertainty regarding their practical utility and
implementation. Given the rapidly evolving ML technology and
the increasing accessibility of TBI datasets,5,6 it is probable that the
investigation ofML-based prognosticmodels will continue to expand.
Thus, a comprehensive understanding of what is expected of ML
prognostic models, and how ML-based models can be implemented
as a surrogate measure for TBI prognostication is critical.

In the realm of healthcare, qualitative research encompassing
the collection and analysis of non-numerical data to understand
characteristics, concepts, opinions or experiences7 has been
instrumental in providing a holistic understanding of patient
experiences and identifying potential barriers and facilitators
within clinical settings.8 It has several major data collection
methodologies including one-on-one interviews, focus groups,
surveys and observations. The focus group methodology, where a
small number of individuals with similar backgrounds or
experiences participate in a group interview, can be particularly
effective for efficiently gathering diverse perspectives and collective
ideas through group dynamics.9

For the successful deployment of ML-based TBI prognostica-
tion software into medical practice and to ensure the acceptance of
healthcare providers, it is crucial to include stakeholders’
perspectives of ML algorithms during the development process.
Stakeholders involved in TBI patient care come from diverse
clinical specialties and backgrounds. Therefore, they may hold
divergent, but equally important, views and opinions regarding
ML-assisted TBI prognostication. To efficiently gather their varied
perspectives, interactive and structured group discussions are an
effective and accepted approach. In light of this, our study
employed a focus group methodology and evaluated the relevance
and applicability of ML-assisted TBI prognostication among
stakeholders engaged in the care of TBI patients. The aims of this
study were to: (1) gain insight into what current healthcare
providers’ expect from TBI prognostication and current practices
around prognostication, (2) ascertain stakeholder perspectives on
the utilization of ML-based TBI prognostication, and (3) identify

the existing gaps/barriers and facilitators to the implementation of
ML-based TBI prognostication.

Methods

This study employed two online focus groups to capture a range of
insights regarding ML-based TBI prognostication in the context of
medical practice. This focus group study was approved by the
Research Ethics Boards of the University of Toronto (approval
number: 39,075).

Participants

A total of ten stakeholders participated in the focus groups,
comprising seven healthcare professionals, one TBI patient
representative and two researchers with expertise in ML in
healthcare. The healthcare professionals were actively engaged in
TBI patient care, with professional roles including one neurosur-
geon, two emergency physicians, one internal medicine clinician,
two radiologists and one registered nurse from a neurosurgery
ward. Participants were identified by the principal investigator
(PNT) and co-principal investigator (MDC) leveraging ongoing
professional networks. Invitations were disseminated via email to
ensure diverse representation based on clinical specialties and
expertise. Informed consent was obtained from all participants.
Two focus groups were conducted via the online meeting platform,
Zoom, on May 29 and May 30, 2023, respectively. Both sessions
lasted approximately 1.5 hours. Each focus group consisted of five
participants, aligning with focus group best practices,9 and was led
by a facilitator (JL) with extensive experience in focus group
moderation and an assistant facilitator (AH), who is a researcher.

Focus group discussion

The discussions in each focus group were structured around
open-ended questions exploring (1) current TBI prognostication
practices, associated challenges and expectations, (2) attitudes on
ML-based TBI prognostication and (3) gaps/barriers and facilitators
of ML-based prognostication. To obtain deeper perceptions of
ML-assisted prognostication, additional probing questions were
prepared, such as inquiries about the potential users and appropriate
timing for using the ML-based TBI prognostic tool. The complete
guide used by the facilitator can be found in the Supplementary
Materials (Discussion Guide).

The focus groups were audio-recorded, and field notes were
taken by a researcher (AH) to identify key findings. Professional
transcriptionists transcribed the audio recordings. The tran-
scription accuracy was manually verified by the researcher (AH)
and a thorough comparison with his field notes.

Data analysis

We employed thematic analysis to discern and interpret patterns
or themes emerging from the focus group discussions.8,10 The
transcripts were analyzed using Nvivo 12 Plus, a qualitative data
analysis software (Lumivero), by the researcher (AH). Initial
descriptive codes were created to capture the content’s essence. We
spotted connections, patterns and similarities among these initial
codes and aggregated them into broader themes or categories.
The initial coding was rigorously refined to identify overlaps or
discrepancies, necessitating certain adjustments for consistency
and accuracy. Subsequently, themes derived from these refined
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codes provided insights into the primary ideas, concepts or
patterns that emerged from the discussions. The principal
investigator (PNT), co-principal investigator (MDC) and two
independent researchers (AB and RGK) meticulously reviewed
the significant findings, including the identified themes.

Results

Thematic analysis resulted in the identification of six themes,
24 categories and 41 codes (Table 1). A concept map generated
in the process of our thematic analysis is illustrated (Fig. 1).

Table 1. Major themes, categories and subcategories identified via focus groups

Theme Category Code

Current TBI
prognostication

Emergency clinician CT and non-CT assessment

Looking into short-term prognoses rather than long-term outcomes

Emergency clinician and internal
medicine clinician

Consultation with neurosurgery

Internal medicine clinician Prognosis can be holistic based only on short-term improvements

Prognostication is uncomfortable to some clinicians

Glasgow Coma Scale is a handy tool for easy communication with colleagues

Glasgow Outcome Scale is not used by an internal medicine clinician

Radiologist Radiologists do not prognosticate

Nurse Both long- and short-term outcome can affect patient care

Patients and their family Long-term prognosis is ultimately more important to patients and their families
than shorter-term prognosis

General impression
toward ML-based
prognostication

Emergency clinician, internal medicine
physician, neurosurgeon, radiologist,
patient

Positive attitude toward ML-based prognostication

Thoughts on ML-
based prognostication

Emergency clinician ML-based CT head rule for pediatric TBI patients

Degradation prediction model for decision support on neurosurgical consultation

Emergency clinician and radiologist Skillful support staff

Neurosurgeon Ability to predict progression

High accuracy

Minimum input

Final decision should be made by human clinicians

Nurse ML tool helping communication with patient or families

Patient ML assessment tool for family doctors

Physiatrist and PM&R physicians ML tool for screening follow-up patients

Radiologist CT assessment tool to get inter- and intra-observer reliability

Prognostic tool based on CT scan

Benefit of ML-based
prognostication

Hospital management Quick and efficient decision-making on resource allocation

Reduced CT scans

Standardized patient care Regardless of expertise

Regardless of severity

Regardless of hospital location

Regardless of CT assessor
CT scans in TBI Canadian CT Head Rule What Canadian CT Head Rule is like

Creating heavy burden on CT scanner and thus neurosurgeons

Exclusion criteria

Importance of CT CT plays a key role in TBI assessment

Too many CT scans For follow-up

For clearing uncertainties

CT scan concerns Radiation exposure, transfer of sick patients to CT, and interpretation requires
expert knowledge often not easily available

Subjective CT assessment CT measurement can be subjective

TBI= traumatic brain injury; ML=machine learning; CT= computed tomography; PM&R = physical medicine and rehabilitation.
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Representative quotations pertaining to these codes can be found
in the Supplementary material (Table S1).

Current TBI prognostication

Diverse perspectives on TBI prognostication were observed
among the participants (Fig. 2). These perceptions were
classified into short-term, medium-term and long-term out-
comes (Table 2), reflecting varying prognostic time frames. A
neurosurgeons and nurse were observed to place equal
emphasis on each of these categories in relation to patient

care, whereas physicians’ interest fluctuated depending on their
particular specialties.

Short-term prognoses
For assessing outcomes a few hours or days after injury, this
category was especially pertinent to emergency and internal
medicine clinicians. Emergency clinicians, being TBI patients’ first
point of contact, emphasized short-term outcomes. Their view-
point was that understanding these outcomes helps streamline
consultations, transfers and referrals, guiding critical care decisions
such as the need for invasive monitoring or surgical interventions.

Figure 2. Summary of participants’ perspec-
tives on current practices for traumatic brain
injury prognostication. CT = computed
tomography.

Figure 1. Concept map generated through thematic analysis. CT = computed tomography; ML = machine learning; TBI = traumatic brain injury.
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Medium-term prognoses
For assessing outcomes several days or weeks after injury. Internal
medicine physicians, managing TBI patients’ transition from acute
to recovery phases, conveyed that knowledge of medium-term
outcomes helps plan care and determine patient disposition.
Specifics on patient disposition are elaborated in a subsequent
section.

Long-term prognoses
Primarily highlighted by neurosurgeons and a patient represen-
tative, this category targets outcomes several months to years
post-injury, with a particular focus on six-month outcomes.
Neurosurgeons expressed that such data inform treatment
strategies, surgical decisions, patient counseling and education.
The emphasized role of neurosurgeons is to educate TBI patients
and families about potential challenges, recovery trajectories and
chances of functional improvement. TBI patients valued this
prognostic information, linking it closely to concerns about future
quality of life.

Patient disposition

Patient disposition determines where a patient should go next
during their journey through the healthcare system, that is,
home discharge with adequate support, transfer to a rehabili-
tation facility, transfer to another hospital, transfer to a
different unit in a current hospital or continuation of care in
the current facility. Short-term, medium-term and long-term
prognoses are all important in accurate decision-making
around patient disposition plan. From a standpoint of short-
term prognosis, the emergency clinicians emphasized that they
conduct initial assessment and determine an appropriate
referral based on their perspectives of patient conditions from
minutes to a few-hours post-injury. From a perspective of
medium-term and long-term prognosis, internal medicine
clinicians noted that they frequently need to collaborate with a
healthcare team with different specialties to determine the best
next steps for the patient.

Barriers to current TBI prognostication

Through our focus group discussions, we identified two key
barriers to current prognostication practices: (1) heavy reliance on
neurosurgical consultation and (2) frequent ordering of follow-up
CT scans.

Both emergency medicine and internal medicine clinicians
conveyed a frequent reliance on consultation with neurosurgeons,

despite the scarcity of neurosurgical resources. This practice was
reported to stem from the complexities and uncertainties caused by
the variability of individual injury profiles. These narratives suggested
that the process of prognostic assessment demands specialized
expertise capable of accounting for multiple factors and synthesizing
a comprehensive understanding of the patient’s condition. While
emergency clinicians tried to mitigate the demand for consultations
by referring to guidelines like the Canadian CT Head Rule,11 many
scenarios were reported to fall outside the guideline’s applicability as
they do not indicate the necessity for neurological intervention.
These include, but are not limited to, pediatric patients or patients
with a Glasgow Coma Scale score below 13.

A secondary barrier identified was the frequent order of follow-
up CT scans, increasing the load on radiological services and
subjecting patients to additional scanning. All participating
clinicians underscored the importance of CT scans for both initial
assessment and ongoing monitoring of TBI patient trajectories.
However, some emergency clinicians noted the practice of ordering
repeatedCT scans to alleviate uncertainties about a patient’s condition
and ensure no progression of TBI-related abnormalities is overlooked.
This practice can inadvertently increase the strain on hospital
resources. One trauma-specialized radiologist highlighted the time-
intensive nature of assessing numerous follow-up CT scans for TBI
patients during their shift. This observation revealed the potential
burden radiologists face in interpreting a high volume of CT scans,
particularly in cases where they may be unnecessary or requested
without explicit clinical indications. These additional scans increase
the load of radiological services, which can potentially lead to delays in
providing reports to referring clinicians. Moreover, cumulative
radiation exposure from repetitive CT scans can be a concern for
patients. These findings suggested that the repetitive CT scans
associated with TBI patient care can indeed have negative effects on
both clinical resources and patient well-being.

ML-based TBI prognostication

The predominant attitude toward the use of ML for TBI
prognostication was positive among clinicians and the patient
representative. They generally highlighted their interest in ML-
based approaches applied to TBI for clinical practice. Our findings
regarding ML-based TBI prognostication are summarized (Fig. 3).

Utility with respect to clinician’s specialty

The utility of ML-assisted long-term TBI prognostication with
respect to varied medical specialties is summarized (Table 3). Our
focus group discussion revealed that, with the exception of

Table 2. Perceptions of current prognostication for traumatic brain injury

Short-term prognosis Medium-term prognosis Long-term prognosis

Time span A few hours/days post-
injury

A few days/weeks post-
injury

A few months/years post-injury

Purpose Acute management
decisions

Disposition management Treatment planning for the
future

Participant’s focus in their
practice

Emergency clinician ✓

Internal medicine
clinician

✓ ✓

Neurosurgeon ✓ ✓ ✓

Nurse ✓ ✓ ✓
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neurosurgeons, clinicians generally do not prognosticate long-
term outcomes in their practice, predominantly due to a lack of
expertise. This does not signify that these clinicians underestimate
the value of long-term prognostication. To illustrate, both internal
medicine practitioners and radiologists recognized the implica-
tions of long-term prognostication in their respective fields. In the

context of internal medicine, long-term prognostications signifi-
cantly influence patient-physician communication regarding
projected recovery trajectories and planning of care in relation
to the patient’s goals of care. An internist reported frequent
inquiries regarding long-term patient management plans from
patients and their families, so that they can make lifestyle and care
modifications well in advance based on the anticipated level of
disability or potential recovery. Therefore, internal medicine
practitioners showed a propensity toward independently offering
long-term prognoses, provided there is ML support, for
eliminating reliance on neurosurgical consultations. Similarly,
radiologists perceived the value of long-term prognostication as it
could enhance the accuracy and efficiency of CT scan assessment
by correlating it with patient-specific long-term prognostic data.

Barriers and possible solutions

The accuracy of TBI prognostication was identified as the principal
barrier to the broader utilization of ML-based TBI prognostication
models. Since a prognosis can influence clinical decision-making
about life-changing treatments like mechanical ventilator and
other life support, the neurosurgeon stressed the need for accurate
ML-based prognostic models. This concern came from the

Figure 3. Summary of participants’ perspec-
tives onmachine learning-based traumatic brain
injury prognostication. CT = computed tomog-
raphy; ML = machine learning.

Table 3. Perceptions of long-term prognostication for traumatic brain injury
patients

Do I? Should I? Would I?

Emergency physician No No Maybe

Internal medicine physician No Yes Yes

Radiologist No No Yes

Neurosurgeon Yes Yes Yes

“Do I?” indicates “Do I prognosticate long-term outcomes in my practice?” posed to the
clinicians about their current practices. “Should I?” refers to “Should I prognosticate long-term
outcomes?” posed to the clinicians regarding their views on the necessity of long-term
prognostication in their practice. “Would I?” stands for “Would I prognosticate long-term
outcomes if therewas an assistance frommachine learning (ML)-based prognostic software?”
posed to the clinicians to clarify their willingness to use ML for long-term prognostication.
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understanding that existing prognostic models, for example
IMPACT,3 have limitations in terms of accuracy when compared
to expert opinion as the gold standard (especially with patients
injured in the middle of the severity spectrum). The study
participants further recognized that these challenges will also be
associated with the development of a fully accurate ML model. To
mitigate this limitation, some clinicians suggested that ML
prognostic models should be used as a second-opinion tool for
providing an additional perspective, rather than dictating the final
decision. This approach would allow ML-based prognostication to
lend support to clinicians’ decision-making processes without
unduly influencing them. In addition, from a user perspective,
some participants also stressed that ML-based prognostic tools
should be user-friendly and not require extensive clinical data or
rare clinical assessments. Therefore, a ML-driven prognostic tool
that maintains accuracy while minimizing the number of input
variables would be valuable.

Another significant barrier identified in our focus groups was
the lack of researchers with expertise in both healthcare and ML.
Clinicians recounted instances of encountering a deficit in skilled
personnel capable of developing ML-based clinical decision
support software. Moreover, they highlighted the indispensable
role these specialized researchers play in instructing healthcare
providers, who may not always be familiar with ML techniques. As
a potential remedy to this shortage of healthcare-ML researchers,
an experienced participant recommended leveraging both internal
and external collaborations with specialized research teams.
Internally, they noted the availability of in-house researchers
within certain urban teaching hospitals, who possess a deep
understanding of the application of ML to clinical practice.
Externally, the utilization of third-party developer resources and
infrastructure was proposed for the development and deployment
of software for clinical use.

Benefit in medical practice

Our focus group study identified two aspects of benefit in clinical
practice offered by ML-based prognostication: improved hospital
management and standardization of patient care.

Improved hospital management
Our investigation revealed that clinicians perceive ML-assisted
prognostic tools as valuable resources in expediting decision-
making processes related to patient disposition. Specifically, the
internal medicine clinician exemplified the frequent necessity of
determining a patient’s subsequent care setting (i.e., home,
rehabilitation unit, nursing home or another hospital), which is
determined based on anticipated long-term outcomes. They
suggested that the time-consuming prognostic determination,
contingent upon the availability of neurosurgical consultants,
could be streamlined by the utilization of ML-based prognostic
software. Additionally, our focus group discussed the potential
reduction in the ordering of CT scans. One participating clinician
proposed that ML-derived prognostic insights might enhance
clinicians’ confidence. This could possibly contribute to reduced
ordering of CT scans, mitigating not only patients’ cumulative
radiation exposure but also the workload of radiological and
hospital services, and their associated costs.

Standardization of patient care
Our focus group elucidated several components of standardized
care for TBI patients which might be optimized through the

application of ML. Firstly, ML may democratize access to high-
level prognostication, regardless of clinician’s experience.
Prognosticating TBI necessitates a certain level of expertise that
requires significant time to acquire. Participants noted that
clinicians who do not specialize in TBI care like neurosurgeons
(e.g., non-neurosurgical practitioners, junior residents and
practitioners in non-urban regions) often find TBI prognosti-
cation challenging. The collective agreement among participants
was that ML-based prognostication may allow every clinician,
regardless of the degree of expertise, to get access to high-level
prognostication. It is important to clarify that the participants
did not suggest reducing or excluding neurosurgeons from the
prognostication process. Rather, the aim of incorporating ML
models in TBI prognostication shared among attendees was to
complement and enhance the existing clinical expertise,
including that of neurosurgeons. Secondly, prognostic con-
fidence in cases of moderate severity could be enhanced. While
clinicians were generally confident in predicting outcomes in
extreme cases (e.g., obvious severe injuries or very mild injuries
like mild concussions), the uncertainty associated with inter-
mediate cases could erode their confidence. Utilization of ML-
based tools for those non-extreme cases was regarded as a way to
alleviate this uncertainty, thereby enabling more accurate and
confident prognostications. Lastly, ML-based prognostic tools
might enhance reliability of CT assessment by minimizing the
influence of subjective human factors. In our focus groups,
radiologists’ critical role in interpreting and assessing TBI
patients’ CT scans was highlighted; however, a radiologist
participant underscored the challenge in achieving consistent
inter- and intra-observer reliability given the extensive variation
in the manual interpretation or measurement of traumatic
injuries in CT scans. They proposed that ML-based prognosis
derived from CT imaging data might mitigate the variation and
lead to providing more reliable CT assessment, regardless of CT
assessors.

Discussion

The focus of this study was to explore, through a focus group
methodology of key stakeholders, the needs and importance of
ML-based prognostication in the context of TBI care. We found
that the perceptions and interests toward TBI prognostication were
different among clinical backgrounds. Notably, certain clinicians
who currently do not prognosticate expressed an interest in doing
so if they had access to ML support. Primary concerns for
ML-based prognostication were inadequate accuracy and a lack of
research and deployment resources. The consensus among
participants was that using ML as a secondary consultation tool
and collaboration with external resources could mitigate these
concerns. Importantly, our study suggested that the integration of a
ML solution into current prognostication practices could optimize
hospital management and standardize patient care. This approach,
while complementing clinical judgement, mayminimize variations
in care due to differences in clinician expertise, injury severity
or the CT assessor. Consequently, the potential of ML-based
prognostication could contribute to broader impacts, such as
democratizing and standardizing TBI prognostication practices.

It is important to note that we did not explicitly discuss the
required accuracy in clinical practice during our focus group
sessions. The reason behind this omission is that our primary focus
was on the utility ofMLmodels in TBI prognostication, rather than
establishing specific accuracy thresholds. We recognized that
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expected accuracy levels would inevitably vary depending on
factors such as patient severity and the nature of injuries, making it
challenging to define a universal accuracy requirement.

The discussion on interpreting predictions made by humans
and ML was crucial in our conversations. As demonstrated in a
prior study led by Sarigul et al.,2 achieving a perfect prediction is
challenging even for seasoned professionals. However, the same
study suggested that ML models, no matter how well-trained, may
not achieve perfect accuracy in predicting prognosis, especially in
complex cases. This aligns with the fact that our focus group
participants leaned towards a hybrid approach, combining human
clinician predictions with ML predictions, as a reasonable and
practical way to improve prognostic accuracy, instead of utilizing
ML as the sole or final decision-maker in the clinical context.

Related studies

Several prior studies on clinicians’ perceptions toward TBI
prognostication offer useful context to our study. One such
investigation by Barlow and Teasdale in 1986 employed a
questionnaire-based survey of 59 neurosurgeons to gauge
their standpoint on forecasting the outcome post-severe head
injuries.12 Their findings indicated a potential acceptance
among clinicians toward “computer-assisted methods” for
prognostication, with nearly 70% of the surveyed neurosurgeons
perceiving such predictions as beneficial to their practice.
Nevertheless, they flagged reliability as a primary concern.
Interestingly, despite the considerable progression in ML
technologies since their study, our findings concur on the
acceptance of automated prognostic tools and concerns surround-
ing accuracy. Complementing this, a study led by Sarigul et al.2

implemented a similar questionnaire-based survey targeting
clinicians with surgical backgrounds to elicit their perspectives
on TBI prognostication. Their results demonstrated that the
majority of participants rarely utilized prognostic calculators in
their practice, primarily due to inadequate accuracy. Crucial
differences between these prior studies2,12 and our own emerge in
themethodology employed (questionnaire versus focus group), the
range of participants (solely surgeons versus a broader array of
stakeholders engaged in TBI patient care), and the technological
advancements made up to the publication year (1980s and 2020s).
The utilization of focus group discussions in our study, along with
the inclusion of participants from various backgrounds and
specialties, allowed us to identify not only attitudes toward ML-
based prognostic models but also pivotal observations not captured
by the aforementioned studies.

It is well noted that there are some recent focus group studies
examining the application of ML techniques in healthcare
settings.13,14 While these studies leveraged focus group strategies
to gain a deeper understanding of clinicians’ preferences for
features in clinical decision support software like our study, their
clinical interests were significantly different from TBI (chronic
medication13 or suicide prediction14), and they focused more on
software design and user-interface rather than our interest in how
to implement and deploy ML-driven prognostic tool in medical
practice.

Limitations

Our study has some limitations that merit consideration. First, the
majority of the healthcare professionals who took part in our focus
groups were either attending physicians or experienced healthcare
providers. Therefore, our findings may not reflect the perspectives

of less seasoned staff, such as residents, nurse practitioners
or physician assistants. Additionally, our participants were
primarily comprised of individuals working in well-equipped
urban hospitals within Canada. This bias might result in divergent
experiences or viewpoints for those clinicians practicing in less
equipped areas or in less resourced countries or contexts. We also
acknowledge that our study did not include the entire range of
healthcare professionals such as general practitioners, psychia-
trists, neurologists, social workers or psychologists who manage
patients with TBI of varying severity. Because we chose to focus on
the acute setting, the absence of healthcare professionals involved
in post-acute care of TBI patients may have limited our ability
to fully capture perspectives regarding the role of prognosti-
cation in guiding patients along their path to recovery.
Moreover, we involved one participant with a lived experience
of TBI. Including multiple patients and their family members
from diverse cultural and religious backgrounds could have
provided broader perspectives.

Future research

Our focus group study identified several critical research areas that
are worth investigating. First, the majority of the existing ML-
based prognostic tools and guidelines for assessing TBI severity
cater primarily to adult patients. Consequently, future research
should aim to develop an ML-assisted prognostic framework
applicable to the full life span including pediatric and geriatric ages.
Secondly, while numerous studies on TBI prognostication employ
a wide variety of clinical variables, it is imperative to note that from
a user’s standpoint, these tools that are easy to use and do not
demand extensive clinical data or complex clinical assessments.
Thus, investigations to minimize the number of input variables in
TBI prognostication, while retaining its accuracy, would be a
worthy pursuit. Another important future work would be to
broaden the user base for ML-based prognostication. Given that
most available ML-based prognostic tools are designed primarily
for TBI experts such as neurosurgeons, our study underscored the
interest of many participants from diverse clinical specialties in
ML-based prognostication. Therefore, upcoming efforts should
focus on developing ML-based prognostic tools that are accessible
and usable by a wider range of healthcare professionals involved in
TBI patient care, including nurses, social workers, family doctors
and physiatrists.

Conclusion

We found positive support toward ML-assisted TBI prognostica-
tion from a variety of stakeholders who would expect timely
delivery of accurate, practical and reliable information to assist in
disposition planning, hospital resource use and management of
patients.

Supplementary material. The supplementary material for this article can be
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