
Academic Editor: Tzong-Yi Lee

Received: 22 October 2025

Revised: 29 January 2026

Accepted: 11 February 2026

Published: 13 February 2026

Copyright: © 2026 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license.

Review

Equity, Function, and Data: A Review of Social and Functional
Representation in AI Datasets for Traumatic Brain Injury
Leslie W. Johnson * and Kellyn D. Hall

Department of Communication Sciences and Disorders, North Carolina Central University,
Durham, NC 27707, USA
* Correspondence: ljohn169@nccu.edu

Abstract

Traumatic brain injury (TBI) is a leading cause of long-term disability worldwide, and
each person’s recovery looks different. Artificial intelligence (AI) offers promising tools
to project individual outcomes. However, these models are impacted by the quality and
inclusiveness of the dataset on which they are trained, having major implications for clinical
value. This scoping review evaluated publicly available datasets that use AI modeling to
predict outcomes from TBI. It examined how the literature derived from these datasets
captures functional and social variables. Following PRISMA guidelines, 24 studies were
identified, yielding 19 distinct datasets. While most datasets emphasized biomedical and
injury severity metrics, few incorporated communication, cognition, and relevant social
determinants of health. Nearly all studies included age and sex, but fewer than half
reported race or ethnicity, and only a small subset integrated broader contextual indicators.
Results suggest that outcome modeling continues to rely heavily on global scales, with
limited use of domain-specific measurements. Another limiting factor is poor use of
longitudinal measures, often not extending follow-up past the six-month post-injury time.
These findings point to a need for inclusive, functionally rich, and ethically transparent
data practices to aid AI systems in promoting equitable and clinically meaningful care.

Keywords: traumatic brain injury; artificial intelligence; cognitive justice; social determinants
of health; functional recovery; dataset inclusivity; health equity; predictive modeling

1. Introduction
Traumatic brain injury continues to be a leading cause of long-term disability and

early mortality for individuals of all ages [1]. Following their injury, TBI survivors may
continue to be impacted by cognitive-communicative, behavioral, or emotional difficulties
ranging from mild to severe. Traumatic brain injury occurs when an external mechanical
force disrupts normal brain function, resulting in outcomes that extend far beyond the
immediate physical injury. Cognitive and psychosocial consequences are common and may
interfere with new learning, employment, and community participation. These challenges
create lasting demands on individuals, families, communities, and rehabilitation systems,
highlighting the need to better understand how TBI recovery unfolds over time.

Predicting an individual’s anticipated recovery progression after TBI is the first step
in designing effective intervention. Clinicians rely on these predictions to set treatment
priorities, create appropriate and functional goals, and anticipate barriers that could limit
independence and community reintegration. Researchers likewise continue to investigate
the factors that influence why two individuals with similar injuries may have very different
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outcomes. Reliable modeling of these patterns is a laborious process that has the potential
to improve clinical decision-making and help allocate resources more efficiently.

Developments in artificial intelligence (AI) may streamline this work, allowing clini-
cians and researchers to advance recovery predictions with greater precision and efficiency.
When using large, well-documented, comprehensive datasets, AI-based modeling tools can
potentially identify complex relationships among clinical and behavioral presentations, as
well as community and social-driven factors that may be difficult to determine through
traditional methods alone [2]. In short, these systems have the potential to help clinicians
target best practices in patient-centered care. However, the strength of such tools depends
on the quality and representativeness of the data that drives them. When datasets lack
diversity or are incomplete, the resulting models risk bias or poor reliability, which reduces
their clinical usefulness.

1.1. Artificial Intelligence in Traumatic Brain Injury Research

Neuroinformatics research has shown that many AI datasets currently used to predict
recovery from TBI remain limited in scope, often placing greater emphasis on the medical
variables of the injury and secondary damages associated with that, while omitting social
and functional dimensions of outcome [3,4]. Subsequently, predictive models may not
currently be able to capture the wide-ranging intricacies characteristic of TBI that is often
seen in real-world settings. For example, Ashrafi et al. (2025) [5], used the MIMIC-III
database to train algorithms to predict ventilator-associated pneumonia in individuals with
TBI. While the models performed well statistically, they failed to include individualized
variables such as education, social support, or socioeconomic status, and subsequently re-
stricted the model’s generalizability to clinical applications. Similarly, Osong et al. (2025) [6]
developed a decision-tree model to predict hospital discharge outcomes for older adults
with fall-related TBI. This group found that recovery was shaped by multiple factors, many
of which were not categorized or represented within the most used trauma registries.

Artificial intelligence has also expanded the ability to examine biological and neuro-
physiological mechanisms underlying TBI recovery. Jia et al. (2025) [7] and Brazdzionis
et al. (2023) [8] used AI-based analytic frameworks to investigate molecular processes
related to cerebral edema and neural repair, illustrating how multimodal data, including
cellular, imaging, and behavioral sources, can reveal relationships across levels of function.
Similarly, Zhang et al. (2025) [9] combined radiomic and clinical variables in a ResNet-based
model to predict outcomes following spinal cord injury, demonstrating that integrating
imaging with functional data improved the validity of clinical applicability. These studies
highlight a contrast between advances in mechanistic AI modeling and more limited at-
tention to functionally meaningful clinical outcomes. In contrast, Jojczuk et al. (2023) [10]
trained a neural network using only ICD-10 injury codes to predict mortality in more than
6000 trauma cases. Although the model achieved statistical accuracy, it offered little insight
into individual variability or underlying mechanisms. These examples emphasize that
prediction alone is not sufficient; meaningful clinical value depends on models that are
both interpretable and inclusive.

Recent multimodal studies have demonstrated that the cause and context of injury
influence distinct biological and functional pathways. Su et al. (2023) [11] and Alosco
et al. (2023) [12], working within the DIAGNOSE CTE project, identified tau-deposition
patterns among athletes with repeated head impacts that differed from those typically
observed in general TBI populations. In a related study, Hong et al. (2024) [13] reported
that intracranial pressure thresholds developed from uniform samples did not translate
well to other demographic or clinical groups. These findings show that TBI is not a single
condition, but a range of experiences influenced by biological, environmental, and social
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factors. To promote equitable care, AI models need to capture this variability if they are to
support and inform equitable care.

1.2. Cognitive Justice Framework

The main challenge in using AI models to predict TBI recovery is not so much the
design of the algorithms themselves but rather ensuring that the data used for training
accurately represents the diverse populations and experiences of individuals affected.
Kwak et al. (2024) [14] demonstrated that neighborhood- and individual-level social
determinants (e.g., race, insurance status, and local vulnerability) sometimes influenced
neurocritical care decisions more strongly than injury severity. When these contextual
factors are missing or misclassified, AI systems risk reproducing existing inequities in
healthcare delivery. Ibrahim et al. (2021) [15] referred to this pattern as health-data poverty,
describing the systematic exclusion of marginalized populations from the datasets that
shape technological development. Even datasets that seem demographically balanced can
reflect hidden biases, such as differences in assessment procedures, inconsistent access to
services based on insurance or location, and limited tracking beyond one-year post-injury.

The cognitive justice framework offers a path for addressing these gaps and biases.
It recognizes that recovery and health can be understood from multiple perspectives, not
only through biomedical measures [16]. In TBI research, applying a cognitive justice lens
encourages the creation of datasets that capture individual and community-level differences
in cognition, communication, environment, and participation. These key elements are the
foundation for providing person-centered rehabilitation. Lukersmith and colleagues [17]
used this approach in their evaluation of case management after severe injury, showing
that interventions tailored to a person’s environment, motivation, and social support led to
better long-term outcomes than administrative or standardized models. When applied to
AI in TBI research, the cognitive justice framework highlights that equity depends not only
on who is represented in data, but on how fully their lived experiences are reflected.

Understanding equity in this way means recognizing that recovery after TBI unfolds
within social systems that extend beyond the hospital or rehabilitation setting. Carlozzi
et al. (2025) [18] found that caregiver engagement and social context strongly influenced
participation and long-term outcomes. Mavroudis et al. (2025) [19] and Venkatesan and
Lucke-Wold (2025) [20] also showed that behavioral and emotional health, along with
medical comorbidities, shaped cognitive consequences and quality of life. These results
show the importance of including data that captures psychosocial and communication-
related factors, as well as community-related requirements that support recovery outside
of clinical settings.

Recent studies suggest that the next phase of AI-based TBI research should focus on
collecting data using inclusive and transparent practices that are grounded in real-world
contexts. Alsaigh et al. (2024) [21] and Hegde et al. (2024) [22] state the importance of
ethical oversight and shared data standards in building responsible model development.
By building AI systems that are methodologically sound with datasets that are inclusive,
we move toward a more equitable approach to neurorehabilitation, in which care and
research outcomes reflect the diversity of individuals living with TBI.

1.3. Purpose of the Study

The purpose of this study was to investigate the composition and scope of publicly
available AI datasets used to model recovery after TBI. Accordingly, this study was guided
by two research questions: (1) What functional-recovery variables are included in publicly
available AI datasets used to model post-TBI outcomes? (2) To what extent do these datasets
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represent a range of individual backgrounds and follow-up trajectories needed to support
accurate, personalized recovery modeling?

1.4. Significance and Innovation

This review makes two novel contributions to the field of health informatics. First,
it provides a systematic analysis of functional outcome measures in AI datasets used in
TBI research by emphasizing practical domains such as communication, cognition, and
participation. These critical domains are often underrepresented in existing data, yet are
central to understanding recovery and guiding researchers in designing more inclusive
and representative datasets.

Second, this study applies a client-centered and cognitive-justice framework to dataset
inclusivity, moving beyond simple metrics of diversity toward real representation of lived
experience. This approach supports AI model development that is scientifically sound,
equitable, and clinically useful in TBI management.

2. Materials and Methods
This study used the widely adopted scoping review framework developed by design as

set forth by Arskey & O’Malley (2005) [23] and expanded by Levac, Colquhoun, & O’Brien
(2010) [24]. A two-phase methodology was used to identify publicly available datasets used
in AI research on TBI outcomes and examined how well these datasets included functional
and contextual recovery variables.

2.1. Phase 1: Systematic Literature Review

A systematic literature review identified AI studies that modeled TBI recovery using
publicly available datasets. The review followed PRISMA (Preferred Reporting Items
for Systematic Reviews and Meta-Analyses) [25] guidelines; the completed PRISMA-ScR
Checklist can be found in Supplementary File S1. This review covered publications indexed
between January 2018 and June 2024. The search was conducted in August 2025, using
the following databases: PubMed (National Library of Medicine, Bethesda, MD, USA),
ProQuest (ProQuest LLC, Ann Arbor, MI, USA), and Web of Science (Clarivate Analytics,
London, UK). The databases were selected to ensure broad coverage of biomedical, interdis-
ciplinary, and applied health sciences literature relevant to TBI, AI, and health informatics.
Consistent with PRISMA guidance, the goal of this review was to map the scope and
characteristics of existing research rather than to achieve exhaustive retrieval across all
possible datasets. A combination of keywords related to “traumatic brain injury,” “artificial
intelligence,” “machine learning,” “functional outcome,” and “public dataset” were used.
Search terms were customized for each database, and Boolean operators were used to
refine results. Advanced search methods were used to limit the year of publication, type
of publication to journal article only, and articles written in English. Full database search
strategies, including Boolean operators and applied filters, are provided in Appendix A
to support transparency and reproducibility. Reference lists of relevant papers were also
screened to identify additional sources.

Articles were eligible if they described the use of AI or machine learning methods to
model post-TBI recovery or outcomes using publicly available data. Studies were excluded
that developed algorithms without applying them to functional outcomes, relied on private
datasets, or used animal models.

Screening and eligibility review were completed independently by two authors. Titles
and abstracts were first screened for relevance, followed by a full-text review to con-
firm inclusion criteria. Disagreements were resolved through discussion until consensus
was reached.
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Information from the studies included was compiled in a standardized data collection
spreadsheet using Microsoft Excel (Microsoft Corporation, Redmond, WA, USA).

Extraction fields included study design, type of AI method, dataset name, sample size,
inclusion of sociodemographic variables, outcome domain, and longitudinal follow-up
time frame. When studies cited the same dataset, details were cross-referenced to confirm
dataset characteristics and variable availability. Appendix B lists the citations of the studies
included in the final analysis.

2.2. Phase 2: Indirect Dataset Characterization

Phase 2 involved the inspection and categorization of the datasets identified in Phase
1. The goal was to determine the extent to which publicly available AI datasets contained
variables that reflected real-world TBI recovery, including demographic, functional, and
contextual measures. Rather than auditing the datasets directly, this study evaluated how
the dataset characteristics were described, accessed, and applied by the authors of the in-
cluded studies. Information on dataset scope, accessibility, and variable representation was
extracted from study methods, appendices, and referenced documentation (e.g., repository
descriptions, when cited).

Because multiple studies often used the same dataset but selected different variable
subsets or analysis versions, each article was coded independently to reflect how the
dataset was reported and applied in that specific context. This approach captured how
existing datasets were operationalized in the published AI-TBI literature, acknowledging
that variable inclusion, reporting details and access conditions varied across studies.

This secondary synthesis of inferring dataset content based on reviewing the pub-
lished literature allowed for each dataset to be evaluated on the following characteristics:
(1) Accessibility, (2) Study Design, (3) AI Methods; (4) Functional Outcome (5) Demographic
and SDOH Representation; and (6) Temporal Structure.

These variables were coded within the data collection chart to allow for consistent
comparison across articles that differed in research design, methods, and reported data.
The accessibility feature was coded as public or by request. Design features were docu-
mented as sample size (using n), TBI severity (based on reported initial Glasgow Coma
Scale [26] score), and scope of participant recruitment (coded as institutional or multicenter).
Artificial intelligence methods were categorized as either traditional machine learning, hy-
brid/ensemble modeling, deep machine learning, and unsupervised or clustering models.

Functional outcomes, for the purpose of this review, were defined as measures that
capture one’s ability to perform activities of daily living, or cognitive-communication
functioning following TBI. Functional outcome domains considered in this review included
global functional status, physical independence and disability, cognitive function, commu-
nication ability, and participation-related measures. Standardized assessments reflecting
functional outcomes that were used by study authors were recorded and tallied for each
included study.

Demographic and SDOH variables were initially discretely documented, then coded
using a structured classification framework to support consistency of coding across studies.
Studies were rated as limited when only 2–3 SDOH factors, such as basic demographic in-
formation related to age and sex, or occasionally race/ethnicity were reported, and not typ-
ically incorporated into data analysis. Studies coded as partial contained at least 3 SDOH
variables but had inconsistent analytic integration of these variables (for example, the
study may have included multiple SDOH domains, but reported on these inconsistently
(e.g., missing data, not applied to all participants, not clearly analyzed)). Moderate rated
studies demonstrated more systematic inclusion of 3 or more SDOH domains, included
some socioeconomic indicators (e.g., education, employment, marital status) in addition
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to age, sex, race/ethnicity, but did not examine them comprehensively. Studies rated as
strong demonstrated comprehensive or systematic integration of multiple SDOH, such as
socioeconomic status, geographic context, insurance type, and access to care. All studies
were independently coded by two reviewers, with discrepancies resolved through discus-
sion and consensus. Finally, temporal structure was coded into the following follow-up
periods: at hospitalization discharge, at 3 months post-injury, at 6 months post-injury, and
at 9 months or longer post-injury. Table 1 summarizes the datasets reviewed and their
corresponding characteristics.

Table 1. TBI Dataset Summary.

Dataset Name, Scope,
Region AI Used SDOH Rating Functional

Outcome Measure Follow-Up Time Period Access

CENTER-TBI (n = 5)
Multicenter, Europe and

Israel

Deep Learning Partial GOS-E At 6 months post-injury Public

Traditional ML Limited GOS-E At 6 months post-injury

Deep Learning Limited GOS-E At 6 months post-injury

Deep Learning Moderate GOS-E; Therapy
Intensity Level

Daily predictions of next
day therapy intensity;
6 months post-injury

Deep Learning Limited GOS-E At 6 months post-injury

TRACK-TBI (n = 4)
Multicenter, US

Hybrid/Ensemble Strong GOS-E; Symptom
Checklist

At 3 and 6 months
post-injury Public

Unsupervised/Clustering Moderate GOS-E At 3 and 6 months
post-injury

Unsupervised/Clustering Partial GOS-E At 3 and 6 months
post-injury

Deep Learning Limited GOS At 6 months post-injury

Second and First Affiliated
Hospital of Anhui Medical

University (n = 2)
Institutional, China

Hybrid/Ensemble Limited GOS At discharge from hospital Request

Hybrid/Ensemble Limited At discharge from hospital

COBRIT (n = 2)
Multicenter, US

Hybrid/Ensemble Moderate
GOS-E; CVLT-II,

WAIS-III, COWAT,
BSI-18

At 1 month, 3 months and 6
months post-injury Public

Unsupervised/Ensemble Partial GOS-E At 3 and 6 months
post-injury

Uppsala TBI Registry (n = 1)
Multicenter, Europe Traditional ML Partial GOS-E Within 6–12 months

post-injury Request

Leuven TBI Registry (n = 1)
Multicenter, Europe Traditional ML Partial GOS-E Within 6–12 months

post-injury Request

ProTECT III (n = 1)
Multicenter, US Traditional ML Partial GOS-E Within 6–12 months

post-injury Request

AURORA Consortium (n = 1)
Multicenter, US Traditional ML Strong Symptom Checklist

Multiple time points before
8 weeks post-injury, and

again at 8 weeks post-injury
Public

TBI-PBE (n = 1)
Multicenter, US Traditional ML Moderate FIM

At discharge from acute
rehab, and at 9 months

post-discharge
Request

IMPACT-II (n = 1)
Multicenter, Europe and

Israel
Traditional ML Limited GOS-E At 6 months post-injury Public
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Table 1. Cont.

Dataset Name, Scope,
Region AI Used SDOH Rating Functional

Outcome Measure Follow-Up Time Period Access

CINTER-TBI (n = 1)
Multicenter, Europe, Israel

and India
Deep Learning Limited GOS-E At 6 months post-injury Public

GAIN Consortium (n = 1)
Multicenter, US and Europe Traditional ML Moderate GOS-E At 6 months post-injury Public

Rajaee (Emtiaz) Trauma
Hospital (n = 1), Institutional,

Iran
Traditional ML Moderate GOS-E At 3 and 6 months

post-injury Request

University of Pittsburgh
Medical Center (n = 1),

Institutional, US
Deep Learning Limited GOS At hospital discharge Public

Casa Colina Acute Rehab
Unit (n = 1)

Institutional, US
Traditional ML Limited FIM At acute rehab discharge Request

Wroclow University Hospital
(n = 1)

Institutional, Europe
Deep Learning Limited GOS; GOS-E At 3 or 6 months

post-injury Public

Xijing Hospital (n = 1)
Institutional, China Hybrid/Ensemble Limited GOS-E At hospital discharge Request

Korea Neuro-Trauma Data
Bank System (n = 1),
Institutional, Korea

Traditional ML Limited GOS At hospital discharge Request

Kilimanjaro (n = 1)
Institutional, Tanzania Traditional ML Moderate GOS At hospital discharge Request

2.3. Data Transparency

All analyses were based on publicly available, de-identified data sources. No new data
were collected, and no individual-level identifiers were accessed. This study was exempt
from Institutional Review Board because it involved only secondary analysis of published
materials using open-access data.

Finally, study search methods, data collection templates, and coding schemes are
available in the Supplementary Materials to promote transparency and reproducibility.
Data repositories and documentation are also referenced to allow others to replicate or
build on this study.

3. Results
The results are organized according to the two-phase methodological framework.

Phase 1 identified the AI datasets used in TBI outcome prediction studies through a
systematic literature review, and Phase 2 indirectly audited the content and structure of
those datasets.

3.1. Phase 1: Literature Review Findings

The PRISMA [25] (Figure 1) summarizes the identification, screening, eligibility, and
inclusion phases for the systematic review. The search identified 115 studies meeting the
criteria: 46 from PubMed, 49 from Web of Science, and 20 from ProQuest. Four duplicates
were removed, leaving 111 studies for screening. Twenty-three records were excluded after
abstract review, leaving 88 full-text articles for eligibility assessment.
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Figure 1. PRISMA 2020 flow diagram for new scoping reviews showing the process of identifying,
screening, and determining eligibility for article inclusion within the review.

Sixty-eight full-text studies were excluded for one or more of the following reasons:
not targeting the TBI population (n = 12), not using AI or ML methods (n = 14), not focusing
on functional outcomes (n = 17), being a conference abstract or editorial (n = 6), or using
privately maintained datasets not available to the public (n = 19). This process yielded
20 studies meeting all inclusion criteria. Four additional studies were identified through
reference searches, resulting in 24 articles included in the final qualitative synthesis.

Of the 24 studies, two (8.3%) were published between 2017 and 2019, nine (37.5%)
between 2020 and 2022, and 13 (54.2%) between 2023 and 2025. A total of 19 unique datasets
were identified from the 24 studies, each varying in accessibility, scale, and scope.

3.2. Publication Trends

The datasets most frequently cited were CENTER-TBI [27] (n = 5), TRACK-TBI [28] (n = 4),
the Second and First Affiliated Hospitals of Anhui Medical University [29] (n = 2), and
COBRIT [30] (n = 2). Additional datasets were custom-built hospital or rehabilitation registries
with documented variable access. These 19 datasets were included in the Phase 2 audit.
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3.3. Phase 2: Indirect Dataset Audit Findings

Each of the 19 identified datasets was audited for accessibility, inclusion of func-
tional recovery variables, demographic representation, and longitudinal structure. Table 1
summarizes their characteristics.

3.4. Overview of the Datasets

The 24 reviewed studies drew from 19 distinct datasets that differed in accessibility and
geographic scope. Most datasets were multicenter collaborations. CENTER-TBI [27] was
cited in five studies (20.8%), making it the most used dataset. TRACK-TBI [28] followed
with four studies (16.7%). The COBRIT [30] dataset appeared in two studies. Other
datasets included IMPACT-II [31], AURORA Consortium [32], CINTER-TBI [33], GAIN
Consortium [34], ProTECT III [35], TBI-PBE [36], Uppsala TBI Registry [37], and Leuven
TBI Registry [38], each represented once.

Institutional datasets accounted for about one-third of the total and were drawn
from hospitals and rehabilitation centers in China, Iran, Korea, Tanzania, and the United
States. Examples included datasets found in published works are from the Second and
First Affiliated Hospitals of Anhui Medical University [29] (n = 2; 8.3%), Rajaee Trauma
Hospital [39], Xijing Hospital [40], Kilimanjaro Christian Medical Centre [41], and two U.S.
institutions, Casa Colina Acute Rehabilitation Unit [42] and the University of Pittsburgh
Medical Center [43].

Slightly more than half of the datasets were publicly accessible, while the re-
maining datasets required data request procedures. Sample sizes ranged from 147 to
12,576 participants (mean = 1741.9; median = 1001).

3.5. Types of Artificial Intelligence or Machine Learning Used

The 24 included studies employed a range of AI and machine learning techniques.
Traditional models such as logistic regression, random forests, and support vector machines
were most common, appearing in nine studies (37.5%). Hybrid or ensemble models were
used in seven studies (29.2%), and deep learning methods, including neural networks, in
six (25.0%). Two studies (8.3%) used unsupervised or clustering approaches.

3.6. Injury Severity, Functional Outcomes, and Follow-Up Periods

The included studies represented varying injury severities and outcome measures.
Over half (n = 13; 54.2%) included participants across all severity levels. Six studies (29.2%)
focused on moderate to severe TBI, two (8.3%) on mild cases, and two (8.3%) on severe
TBI only.

Outcome measurement primarily relied on global recovery scales. The Glasgow
Outcome Scale—Extended (GOS-E) [44] appeared in 13 studies (54.2%) and the original
Glasgow Outcome Scale (GOS) [45] in five (20.8%). Four studies (16.7%) used physical or
pain outcome measures, and three (12.5%) included mental health–related questionnaires.
Cognitive and functional assessments, including the Functional Independence Measure
(FIM) [46], WAIS subtests (Processing Speed, Digit Span, PSI) [47], CVLT/CVLT-II [48],
and COWAT [49], were reported in several studies. Figure 2 illustrates the distribution of
functional outcome measures.
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Figure 2. Functional outcome measures used across included studies.

Follow-up intervals differed across studies. Eleven (45.8%) analyzed outcomes at six
months post-injury, five (20.8%) at three months, and six (25%) at hospital discharge. Two
studies (8.3%) included nine months or longer follow-up data.

3.7. Representation of Social Determinants of Health

Across the 24 studies, the inclusion of SDOH varied substantially. Only three studies
(12.5%) were rated as having strong SDOH representation. These studies reported multiple
social or contextual variables such as education, income, insurance, geographic context, and
social support. Seven (29.2%) studies were rated as moderate and incorporated a smaller
range of socioeconomic indicators, while eleven (45.8%) were rated as limited, and relied
only on basic demographic variables. Partial representation was noted in three studies
(12.5%) that reported select contextual indicators for a subset of participants.

Analysis of individual SDOH variables showed that age (100%) and sex or gender
(95.8%) were nearly universal. Race or ethnicity appeared in nine studies (37.5%), and
an equal proportion reported mechanism of injury. Education was included in eight
(33.3%), medical comorbidities in seven (29.2%), and employment status in five (20.8%).
Socioeconomic indicators such as income or insurance were documented in four studies
(16.7%), mental health history in three (12.5%), and marital status in one (4.2%). Figure 3
displays these results.

Figure 3. Representation of social determinants of health (SDOH) across included studies.
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4. Discussion
This review analyzed publicly available datasets used in AI modeling of TBI outcomes

to identify important trends and limitations in the existing literature. While research in
this area has expanded rapidly over the past five years, the datasets behind the evidence
remain uneven in structure, accessibility, and representativeness.

4.1. Discussion of AI-TBI Datasets

The steady increase in publications from 2020 onward shows a growing awareness and
use of AI tools in predicting TBI recovery. This increase also mirrors advances in computing
and expanded access to shared datasets. Yet even current datasets are narrowly focused
on biomedical measures, providing little information about social context or functional
aspects of recovery. The heavy reliance on large multicenter registries, such as CENTER-TBI
and TRACK-TBI, points to the need for international coordination in TBI research and
treatment. However, it seems to overlook the fact that smaller datasets may be important
in capturing diverse regional or cultural perspectives. Large, multicenter datasets can
strengthen research quality and consistency, but depending too much on a handful of
them may inadvertently constrain external validity and hide regional or healthcare system
differences in how people recover [50].

Institutional datasets, though fewer in number, contributed key information about
specific clinical populations. These smaller data sources may offer greater details about
rehabilitation, daily functioning, and community participation. This information serves
as a strong complement to the broader multicenter registries that dominate AI research.
Broader access to both dataset types would allow for more accurate modeling of outcomes
beyond mortality or global functional status.

The regional distribution of publicly available AI-TBI datasets also has important
implications for external validity. Most datasets identified in this review originate from
high-income regions, particularly North America and Europe, reflecting the historical
concentration of large-scale neurotrauma research infrastructure. While these datasets offer
substantial sample sizes and standardized data collection, their geographic concentration
may limit the generalizability of AI models to healthcare systems, cultural contexts, and
resource settings that differ substantially from those in which the data were collected.
As a result, model performance and clinical relevance may be reduced when applied to
underrepresented regions or populations.

To address this limitation, future efforts may benefit from hybrid data strategies that
combine large, multicenter registries with smaller, locally developed datasets that include
richer functional, social, and contextual information. Additionally, differences in sample
size, data organization, and accessibility point to the need for greater collaboration and
integration across datasets. Establishing consistent data standards would allow researchers
to integrate information from multiple sources, thereby improving both reproducibility,
external validity, and ecological validity. Because coding systems and outcome measures
are not used consistently across datasets, it is currently difficult to compare studies or build
comprehensive predictive models. Collaboration between large scale research centers and
smaller scale, regionally sensitive centers, may help to identify key injury patterns, care
pathways, and recovery outcomes.

The analysis of AI and machine learning methods showed that the field is both growing
and using a broader range of approaches. However, traditional approaches such as logistic
regression and random forests remain popular because they are easier to interpret and
perform well with limited data (e.g., Balaji et al., 2023 [51]). The growing use of hybrid
and deep learning models shows a shift toward more advanced techniques capable of
uncovering complex, nonlinear patterns in diverse data, much like the wide variation seen
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among people with TBI. For instance, Fang et al. (2022) [52] combined multiple algorithms
to predict GOS scores, while Gravesteijn et al. (2020) [53] used data from multiple centers
across Europe to validate prognostic models. As the field continues to grow, future studies
will need to balance model complexity with transparency and clinical interpretability.

The dominance of global outcome scales, such as the GOS-E, along with lim-
ited domain-specific measures, shows that TBI recovery is still often modeled as one-
dimensional, rather than multifaceted. These metrics help describe overall function but
miss the finer details of cognitive-communication recovery and everyday participation,
like reconnecting with friends, returning to work, or reengaging in the community. In-
cluding communication, cognition, and quality-of-life variables in future datasets would
make AI-based predictions more clinically relevant and more aligned with rehabilitation
goals. Additionally, the emotional and behavioral changes often seen after moderate to
severe TBI are factors that are highly relevant in tailoring individual prognostic statements
and planning for long-term rehabilitation. Orenuga et al. (2025) [54] noted that bringing
together data from wearables, behavior, and neuroimaging could lead to truly personalized
and flexible rehabilitation algorithms, something that has not yet been fully achieved by
current predictive TBI research.

Tracking patients for longer periods is important to see how recovery continues after
the early stages of injury. Most studies focused on short- to mid-term recovery, often mea-
suring outcomes at six months (e.g., Kals et al., 2022 [34]). Only two studies collected data
past the six-month mark (Balaji et al., 2023 [51]; Bark et al., 2024 [55]). This pattern follows
established clinical benchmarks but makes it harder for AI models to capture chronic or
late-emerging effects of TBI. Uparela-Reyes and colleagues (2024) [56] found that most
published AI studies terminate follow-up before one year, resulting in missed opportunities
to model long-term rehabilitation outcomes or secondary complications. Without extending
longitudinal measurement, AI models are limited in their ability to capture chronic recovery
trajectories, late-emerging impairments, and long-term participation outcomes. Addressing
this gap should be a priority for future AI-TBI dataset development.

There was a noted gap in the literature related to the representation of individualized
social determinants of health. Few studies looked at socioeconomic, environmental, or
support-related variables, which limit the ability of AI models to fully understand how
recovery happens in real life. Variables such as education, employment, and income were
reported inconsistently, and indicators of social support or neighborhood context were
rarely included. Missing this kind of data not only makes models less accurate, but also
less able to identify and respond to health disparities in TBI outcomes. A few datasets did
incorporate multidimensional SDOH variables. For example, Beaudoin et al. (2023) [57]
included socioeconomic status, education, and employment in predicting post-concussive
symptoms, offering a strong example of meaningful integration. Several multicenter
datasets (Bark et al., 2024 [55]; Bhattacharyay et al., 2022 [58], 2025 [59]) contained data
diverse enough to allow for SDOH analysis, but these variables were not fully explored.
This underrepresentation lends support to concerns raised by other researchers who argue
for transparent documentation of how data are collected, who is represented, and where
information is missing [60].

4.2. Methodological Limitations of This Review

An important limitation of this review is that dataset characteristics were inferred
indirectly based on how datasets were described and operationalized in published studies,
rather than through direct inspection of the raw data. As a result, it is possible that some
datasets may indeed contain certain SDOH variables that were not reported or utilized by
authors due to differing research aims. Accordingly, the classifications presented here reflect
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the functional availability and analytic use of variables within AI-based outcome models,
rather than the fully contained capacity of each dataset. This distinction is methodologically
intentional, as the review seeks to evaluate how existing datasets are currently shaping
published AI prediction practices in TBI research.

4.3. Within the Context of Cognitive Justice

Cultivating TBI research that is responsible and equitable will require consistent efforts
to capture social and contextual factors that shape recovery. Accounting for variables such
as education, socioeconomic status, and community support can help AI tools reflect the
lived realities of the people they aim to serve. This approach builds on the principle of
cognitive justice, which holds that every perspective and lived experience adds value to
a better understanding of recovery. Because no single dataset or worldview can capture
that complexity, cognitive justice encourages data practices that uphold both scientific
integrity and the diversity of the human experience. For example, when datasets rely solely
on a global outcome score, such as the GOS-E, but leave out related to specific clinical
abilities, such as communication ability, employment status, or social participation, AI
models may classify two individuals with identical GOS-E scores as having equivalent
recovery trajectories, when there may be in fact meaningful differences in the individual’s
daily functioning and community reintegration. As a result, AI-driven predictions may
systematically undervalue recovery domains that matter most to patients and families,
reinforcing inequities in how outcomes are defined and interpreted. As Makoelle (2014) [61]
argues, cognitive justice calls for the allowance of multiple knowledge systems, an idea that,
within neurorehabilitation, translates to valuing patient stories, drawing on community
perspectives, and recognizing that indicators of recovery or outcome vary across cultures.

Figure 4 illustrates the components of achieving cognitive justice, as indicated by the
centered star-shape embedded in the Figure, through meaningful collaboration among
clinicians and researchers. Data inclusivity, ethical transparency, and functional relevance
to all work to make cognitive justice a reality in TBI research and rehabilitation. Ethical
and transparent data governance remains central to this process. Progress will depend
on moving towards harmonized, integrated data practices that are supported by strong
ethical oversight. Equally important is maintaining transparency in how data are collected,
models are developed, and results are validated. This approach can help close the gap
between the research laboratory and the therapy room by helping to make sure that AI-
assisted tools remain valid, reliable, and grounded in person-centered care. Framing these
findings through a cognitive justice lens underscores that equitable AI-driven care depends
not only on who is represented in datasets, but on how fully recovery is measured and
contextualized. Advancing inclusive, functionally meaningful, and ethically transparent
data practices will be essential for ensuring that AI tools support person-centered, clinically
relevant, and socially just TBI rehabilitation.
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Figure 4. Conceptual framework linking data inclusivity, functional relevance, and ethical trans-
parency as overlapping principles that enable cognitive justice (inclusive, interpretable, and equitable)
in AI-based TBI research and rehabilitation.

5. Conclusions
This review analyzed publicly available datasets that use AI modeling of TBI outcomes.

The analysis revealed that most datasets lack the social, functional, and environmental
variables necessary for accurate and equitable prediction of recovery. Current models
effectively recognize biomedical profiles well, but they often miss the contextual factors
that shape long-term recovery.

For AI to add meaningful value to clinical practice, future data collection must move
beyond traditional biomedical indicators. Including variables that describe communication,
social participation, and daily functioning will allow AI systems to produce predictions
that are more consistent with real-world recovery. Research that promotes greater dataset
inclusivity, supported by ethical oversight and consistent data standards, can help AI pro-
mote both scientific progress and person-centered care. To accomplish this, future AI-TBI
datasets should work to include and report at least one domain-specific functional out-
come measurement, beyond a global outcome scale of recovery. Assessments of cognition,
communication, or participation can be used to better reflect real-world recovery. Second,
consistent inclusion and reporting of core SDOH—including education, insurance status,
geographic context—should be prioritized, as their absence limits both model interpretabil-
ity and equity. Third, longitudinal follow-up extending beyond six to twelve months
post-injury should be considered a minimum benchmark for capturing chronic recovery
trajectories. Finally, AI studies should explicitly document which functional and contextual
variables are available in the dataset versus those selected for modeling, enabling clearer
interpretation of model scope and limitations.

Supplementary Materials: The following supporting information can be downloaded at: https://www.
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Appendix A
Database Search Strategies

Selected Databases: PubMed, ProQuest, Web of Science
Search: This search string represents a generalized summary of the concepts and

Boolean logic applied across these three databases. Because each database requires a
database-specific field tag, controlled vocabulary, and wildcard syntax, the exact query
differed slightly by platform. These adaptations were made in accordance with each
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database’s indexing structure while maintaining consistent, conceptual coverage across
all searches.

Search string with Boolean operators: ((traumatic brain injury) OR (TBI) OR (brain
injury)) AND ((artificial intelligence) OR (AI) OR (machine learning)) AND ((public
dataset) OR (dataset)) AND ((outcome) OR (recovery) OR (functional outcome) OR
(functional recovery))

Advanced filters: Custom publication date range 1 January 2018–6 January 2025;
Type of publication limited to journal article only, Language limited to English, Human
studies only.
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