Optimising Stroke Care with CDSS: Systematic Review and Practical Application

Introduction
The phrase “time is brain” in stroke care encapsulates the importance of rapid intervention, as each moment of cerebral oxygen deprivation causes irreversible neuronal loss (Hasan, Hasan and Kelley, 2021). Despite clear guidelines and advances, evidence-based treatments in the NHS remained underused (National Institute for Health and Care Research, 2023). In stroke, where treatment effectiveness is highly time dependent, ensuring more patients access specialist stroke pathways remains a key priority (NeuroLaunch, 2024).
Clinical decision support systems (CDSS) offer a solution to improve stroke management by enhancing medical decisions with targeted clinical knowledge and patient information in in real-time (Sutton et al., 2020). CDSS represent a paradigm shift in care delivery, supporting decision-making, reducing errors and promoting patient safety and efficiency (NHSE, 2023). However, even with growing evidence, CDSS adoption remains variable (Alasiri et al., 2023),
This systematic review aims to identify and evaluate CDSS which support decision-making in stroke care. This study also examines how CDSS influence processes and patient outcomes in acute healthcare settings, such as Milton Keynes University Hospital (MKUH) and provide insights for optimising stroke care delivery.
Background
Stroke
Stroke is a neurological condition that often requires complex management and prompt treatment. NICE guidelines (2022) state that patients with suspected acute stroke should be admitted directly to a hyperacute stroke service and assessed by a specialist clinician without delay. Brain imaging should be performed as soon as possible, ideally within one hour of arrival at hospital and treatment should commence within 4.5 hours of known onset, regardless of age or stroke severity. However, according to the Sentinel Stroke National Audit Programme report (2025), only 28% of patients presenting with stroke symptoms received brain imaging within one hour, 51% were assessed by a skilled clinician within this time window in acute settings and fewer than 33% of diagnosed patients received acute interventions such as life-saving thrombolysis. 
CDSS
CDSS tools traditionally comprised of software designs to assist clinical decision-making by processing patient data and matching it with certain aspects of patient care (Sutton et al., 2020). From matched data, a computerised clinical knowledge generates patient-specific assessments or recommendations, which clinicians can integrate into their decision-making process (NHSE, 2023).
The scope of functions provided by CDSS is broad, including diagnostics, alarm systems, and disease management. They can appear as automated reminders, guideline-based prompts or integrated recommendations within electronic patient records (EPR) (Sutton et al., 2020). Conventionally applied at the point of care, CDSS allow clinicians to combine their professional expertise with system-generated guidance and with recent advancements, some CDSS now incorporate machine learning and artificial intelligence, making them more complex and comprehensive in supporting clinical decisions (Middleton et al., 2014).
The benefits of CDSS include improved adherence to clinical guidelines, enhanced diagnostic accuracy and patient-to-clinician support (Asmar et al., 2021). However, limitations such as alert fatigue and automation bias also exist (Jain, Bodade and Pati, 2025). In current workflows, CDSS are mostly applied in medication optimisation with recommendations as the most adopted technological feature (Syrowatka et al., 2025). Their use in structured care pathways is also increasing, often embedded within an EPR rather than as standalone applications (NHSE, 2023). Nonetheless, evidence regarding their clinical effectiveness remains scattered across different clinical platforms.
MKUH Stroke Care Pathway
Milton Keynes University Hospital is a tertiary care hospital that utilises an EPR system by a foreign-based vendor (Oracle). As part of the EPR optimisation programme, “care pathways”, essentially rule-based CDSS embedded within the EPR have been introduced since 2022 and have demonstrated positive clinical and operational results.
MKUH is exploring expanding these CDSS workflows to stroke. The Trust currently operates a primary stroke unit, and while key workflows exist, the complexity and time-sensitive nature of stroke care require more streamlined and reliable processes. Inconsistencies in guideline adherence and variability in documentation continue to pose safety risks.
Study objectives:
The objectives of this study are: 
1. Identify and evaluate decision support systems or tools developed and tested to assist decision-making for stroke management in acute setting
1. Explore barriers and facilitators in the design, implementation or use of stroke CDSS.
1. Evaluate how the selected CDSS impacts patient care, including service user experience and clinical outcomes in MKUH
1. Evidence Review
Search Strategy
The search for this review started on December 2025 to February 2026 and includes related literature from databases of PubMed, Embase Ovid and CINHAL filtered to publications between 2020 and present. The search was carried out using the following but not limited to key terms and search strings outlined in table 1. In addition, a manual search of related references was conducted to identify gaps in the evidence. The search is an iterative process to ensure eligible analysis and avoid missing new publications related to CDSS and stroke.

Table 1 CDSS and Stroke Literature Search key terms and search string
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Inclusion and Exclusion Criteria
The studies included were focused on the diagnosis and management of adult patients with ages >16 presenting with initial stroke symptoms in an acute care setting, either as emergency admission or as inpatients. These studies had to be original papers in English in the last 6 years that implemented CDSS in stroke care. Studies on stroke CDS systems, tools, or applications outside acute setting such as mobile stroke units and primary care are excluded. The following questions were applied alongside additional filters, to ensure consistency across the literature search:
1. Does the study explicitly address CDSS?
1. Does the study focus explicitly on stroke?
1. Is the study conducted in an acute care setting?
1. Is the study an original research article?
These criteria were consistently applied throughout the screening process to maintain methodological rigor and uniformity. However, search of clinical trial registries was not conducted as part of this review due to lack of direct access to registry platforms. This limitation is acknowledged and may have resulted in the exclusion of ongoing or unpublished studies.
Study Selection & Data Extraction
The literature retrieved from databases and other sources was manually screened following the PRISMA flow diagram shown in Table 2. After an iterative process, the search results were carefully reviewed, ensuring consistent application of the screening criteria throughout. Titles and abstracts were assessed only by the author. The data extraction included study characteristics such as study type, country, setting, participants, CDSS type and outcomes. A summary of study characteristics is shown in Table 3.
The database and handpicked search initially identified 1,197 records. During title screening, 535 records were excluded. Seventeen duplicates were manually removed, and additional deduplication tools and filters eliminated 269 records. This left 76 records for detailed screening, of which 46 were excluded after abstract review. 
The grey literature comprised reports from authoritative bodies on the use of CDSS in stroke care and digital healthcare context, particularly within the NHS, as well as follow-up reports related to the selected primary studies. This ensures that the main findings were supported by evidence from settings comparable to MKUH. Reports selected from NICE and NHSE are considered both trustworthy and essential for maintaining standards of care in the UK. Careful selection was made to avoid bias from incompleteness or overstated benefits, which can be common in in conference abstract and vendor reports. Of the remaining grey sources, one report was excluded due to the unavailability of the full text, and five additional full-text articles identified from databases and other sources could not be retrieved.

A total of 31 papers from all sources were assessed for eligibility. Standard exclusions were applied throughout the screening. This process yielded 11 new studies and 5 reports, including one conference report of one study. The final primary studies were appraised for their strengths and limitations, with a particular focus on potential risks of bias. Due to word count constraints, detailed appraisal tools specific to each study type were excluded; instead, only a concise summary of each study’s strengths and weaknesses is provided. A summary of study characteristics and quality appraisal is provided in Table 3.
Table 2. Systematic Review of Stroke CDSS using PRISMA 2020 flow diagram which included searches of databases and other sources
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Table 3. Stroke CDSS Final Number of New studies Summary
	Author/s, Year
	Study Title
	Participants
	Study Aims
	Design 
	CDSS
	Outcomes
	Key Results
	Strengths
	Limitations

	Martinez-Gutierrez et al. 2023
	Automated Large Vessel Occlusion Detection Software and Thrombectomy Treatment Times
	243
Adults with LVO ischemic stroke, median age 70
	Assess AI LVO detection on EVT in-hospital workflow

	Cluster-randomized stepped-wedge clinical trial

USA

1 year 

	AI-enabled automated LVO detection + secure messaging
	Primary: Door-to-groin time; Secondary: Time to IV tPA, CT-to-EVT start, LOS, 90-day mRS
	AI reduced DTG by 11.2 min, CT-to-EVT start by 9.8 min; no difference in LOS or functional independence
	Real-world study demonstrating AI-assisted workflows reduce procedural delays in acute stroke care.
	Bias: some concerns

Partial non‑random cluster activation

Inability to blind participants


	Park et al., 2020
	Automatic Grading of Stroke Symptoms for Rapid Assessment Using Optimized ML and 4-Limb Kinematics
	17

Stroke patients with NIHSS 0–1, 
	Automate motor weakness and NIHSS/MRC scoring
	Clinical validation study


South Korea

	Wearable sensors + ML 
	Accuracy, sensitivity, specificity, AUC for auto-NIHSS and auto-MRC
	Auto-NIHSS accuracy 80–83%, 
	Unique but practical approach on the use of CDSS in Stroke.

	Bias: Moderate to high concerns

Small sample size 

No external validation, still on the early stages 

	Lee et al., 2020
	Stepwise Stroke Recognition (CIVIL)
	1,599
Patients suspected of acute stroke
	Develop rapid stroke recognition scoring system
	Retrospective observational cohort

South Korea

3 years

	EHR-based scoring system 
	Diagnostic performance for stroke, haemorrhagic stroke, 
	CIVIL tiered scoring showed tier 1 sensitivity 82%, specificity 56%
	Large real‑world cohort. Provides a stepwise, multi‑tiered system.
	Bias: serious risk

Confounding, missing data handling, single‑centre selection, and potential selective reporting.

	Hassan et al., 2020
	Early experience utilizing AI shows reduction in transfer times and LOS
	43
Patients with LVO, median age 72
	Evaluate AI CDSS impact on transfer time and LOS
	Retrospective observational cohort

USA

2 years

	AI-powered LVO detection + workflow platform
	Primary: Transfer time; Secondary: LOS, neurological-ICU LOS
	Median transfer time reduced by 22.5 min; reduced hospital and neurological-ICU LOS
	Highly applicable; supports rapid, time-critical stroke triage.
	Bias: serious risk

Missing data transparency

single‑centre derivation selection features


	Li et al., 2025
	Development and Validation of Web-Based ML Model for Predicting Early Neurological Deterioration (ENDRAS)
	1,927 
Adults with AIS receiving 
	Predict early neurological deterioration post-therapy with ML
	Multicentre study

China

7 years
	Web-based ML prediction 
	Primary: END prediction; Secondary: Risk stratification & management
	ENDRAS AUC 0.988; enabled personalized risk-based monitoring; real-time web calculator
	Multicentre dataset with external validation; clinically usable predictors. 
. 

	Bias: high risk

Insufficient transparency around missing‑data methods and modelling steps. 


	Nagaratnam et al., 2025
	AI imaging decision support for acute stroke treatment
	71,017 
Adults ≥16 years admitted with stroke
	Assess AI CDSS imaging software effect on EVT
	Prospective observational study

United Kingdom
(NHS stroke units)
5 years
	AI stroke imaging software 
	EVT rates, transfer times
	EVT rates doubled post-AI implementation (2.3% → 4.6%); increased likelihood of EVT 
	Real-world AI imaging studies improving EVT access and transfer times in low-expertise settings.
	Bias: serious risk

Confounding some selection at hospital level, and analytic flexibility. 

	Chen et al., 2020
	Development and usability testing of Understanding Stroke
	24
(9 for usability
	Web-based decision support for surrogate decision-makers
	Development & usability testing

7 months for Usability
	Web-based decision aid
	Usability, comprehension, feedback
	Tool feasible and acceptable: improved understanding and values clarification
	User-centred qualitative study with clear methods and high practical relevance.
	Bias: moderate to High risk
reflexivity and deeper qualitative analytic detail could be more explicit.

	Xu et al., 2020
	Using predictive process monitoring to assist thrombolytic therapy decision-making
	1,191
AIS patients eligible for thrombolytic therapy
	Support thrombolysis decisions using predictive monitoring
	Development & validation study


6 years and 6 months

	Predictive process monitoring + CDSS
	Accuracy, AUC, recall vs clinical guidelines
	IV thrombolysis prediction accuracy 0.96, outperformed guideline recommendations
	Study is innovative (process‑mining–based prediction). 
	Bias: high risk

Incomplete reporting of participants and outcomes

No external validation, limited transparency

	Bonura et al., 2025
	Cerebri: Web-App to reduce imaging-to-decision time & improve guideline adherence
	50

Adults ≥18 y.o. 

	Evaluate effect on decision time and guideline adherence
	Prospective single-centre calendar-day-randomized pilot

1 year and 2 months

	Smartphone app CDSS
	Imaging-to-decision time, guideline adherence
	Reduced median imaging-to-decision time 6 vs 22 min: overall guideline adherence 96% vs 74%
	A promising pilot RCT with clear clinical relevance and strong early impact on workflow 

	Bias: high risk

Small sample
Unblinded participants

	Li et al., 2023
(Report update: 2024)
	GOLDEN BRIDGE II: AI-CDSS for stroke outcomes
	21,579 (planned)



	Assess AI-CDSS impact on new stroke events
	Cluster-randomized multifaceted intervention

China (77 hospitals)

2023-present
	AI-CDSS: imaging analysis, treatment recommendations
	Primary: New vascular events at 3 months
	Study protocol; anticipated 26% reduction in composite vascular events; trial ongoing
	Pragmatic cluster RCT with robust endpoints, large multicentre sample, and appropriate analysis.
	Bias: moderate risk

Open-label and co-intervention limit internal validity, common in large AI health service trials.

	Shmilovitch et al., 2025
	GPT-4 as CDSS in ischemic stroke management
	100


	Compare GPT-4 CDSS versus expert decisions
	Retrospective cohort evaluation

1 year and 3 moths

	GPT-4 generative AI
	Treatment recommendations, mortality prediction
	Strong agreement with experts, real-world decisions near perfect for thrombectomy; mortality prediction AUC 0.89
	Feasible with strong alignment between expert and real-world decisions.
	Bias: high risk

Needs rigorous external validation & calibration before clinical use.





Results
Characteristics of the Studies Included
A total of 97,668 patients diagnosed with stroke in acute care were included across 11 studies in this review. These patients were enrolled either in emergency departments or as inpatients in various countries, including South Korea, Israel, China, the USA, and the UK, which contributed the largest population among the studies. The patients were predominantly adults, with median ages between 60 and 70 years (see Table 3).
The types of primary studies included randomised controlled trials, observational studies, development and validation studies, and evaluation studies. The duration of the studies ranged from 7 months to 7 years and were conducted over the last 12 years. Two of the studies (Li et al., 2025 and Xu et al., 2020) used retrospective patient data for their development and validation tests.
CDSS Tools Developed Based on Evidence
Among the 11 studies, four types of CDSS were evaluated. Most tools assessed in the last decade were classified as non-knowledge-based CDSS, including AI CDSS and machine learning–based prediction models (Martinez-Gutierrez et al. 2023; Park et al., 2020; Hassan et al., 2020; Li et al., 2025 Nagaratnam et al., 2025; Bonura et al., 2025 and Li et al., 2023). GPT-4 was used by Shmilovitch et al., 2025 to aid clinicians in initial stroke treatment decision-making; however, this relied on a literature-based language model, which may produce theory-based rather than actual patient data. Two studies however use the same AI CDSS software (Viz.AI) but measured different outcomes, Hassan et al., 2020 measured the transfer time from primary to central stroke centres while Martinez-Gutierrez et al. 2023 measured door-to-groin and time from imaging to thrombectomy, both yield positive results.

Traditional knowledge-based decision support tools were also included, primarily focusing on scoring and triaging workflows based on patient data and rules (Chen et al., 2020 and Lee et al., 2020). A unique tool using sensors to detect motor functionality and provide scoring for stroke patients was also evaluated (Park et al., 2020). Although this approach could be revolutionary for early stroke rehabilitation, it is still at an early stage and involved only a small number of participants. Most CDSS tools were integrated into existing clinical workflows such as the EPR-based scoring system (CIVIL) by Lee et al., 2020, providing near-real-time decision support.

CDSS tools developed across phases of stroke care 
Most CDSS evaluated were applied in the diagnostic and initial treatment phases, which aligns with the goal of assessing time benefits in acute stroke care. AI-based CDSS tools commonly included imaging analysis, a critical component for detecting and diagnosing stroke. Following imaging, these tools often provide recommendations for initial treatment, including thrombectomy, which is highly time-dependent and lifesaving.
Rule-based CDSS primarily focused on stroke scoring systems and included automated physician alerts via mobile phones to facilitate timely assessment and triage. Park et al. (2020) evaluated early rehabilitation optimisation for patients with limb weakness, assessing functional prognosis to support physiotherapy and rehab decisions, though this study was in an early stage. Chen et al. (2020) explored CDSS for surrogate decision-makers in patients with life-threatening conditions, though further validation is needed as it was tested on a small group.
Primary and secondary outcomes
The outcomes evaluated across the studies were diverse but can be grouped into four main themes. The most common were time-based metrics, including door-to-groin, imaging-to-thrombolysis decision time and interhospital transfer time. The studies of Martinez-Gutierrez et al. (2023), Hassan et al. (2020), Nagaratnam et al. (2025) and Bonura et al. (2025) reflect positive results in the metrics above especially with door-to-groin which was reduced by 11.2 minutes (Martinez-Gutierrez et al. 2023) and interhospital transfer time (reduced by 22.5 minutes) with the use of AI CDSS (Hassan et al. 2020).
Other studies assessed patient-centred outcomes, such as functional motor independence, deterioration detection and monitoring, and hospital length of stay (Park et al., 2020 and Li et al., 2025) which show promising results for motor independence but little difference to hospital length of stay. Adherence to treatment guidelines appears to improve with AI CDSS in the prospective study by Nagaratnam et al. (2025) which one of the largest multicentre studies in NHS England. Additionally, Xu et al. (2020) compares predictive CDSS models with clinical adherence to stroke guidelines showed positive results, though these may be skewed as historical data omitted certain factors.
Validation and usability studies of Chen et al. (2020) and Li et al. (2025) primarily measure user satisfaction and acceptability of CDS tool, which are crucial for any digital solution. Still on early development and validation stage is AI-driven CDSS designed to optimise stroke management by providing personalised real-time diagnostic and treatment recommendations while screening large patient datasets, (University of Pittsburg, 2025). Notably, the Golden Bridge trial (Li et al., 2023), which is considered to be the largest multicentre study demonstrate promising results for AI CDSS , showing a reduction in new vascular events, including ischemic stroke, haemorrhagic stroke, myocardial infarction, or vascular death, within three months of primary ischemic stroke: 2.9% of AI-CDSS patients experienced a new vascular event compared to 3.9% in the conventional care group. The Golden Bridge study is still ongoing, but preliminary findings reflected above were presented in the report from the International Stroke Conference (ISC) in 2024.


Supporting grey literature
 
The final supplementary sources are drawn from authoritative accounts which supports the primary studies. University of Pittsburgh (2025) provided clear descriptions and applications on AI CDSS, though no validation results or performance metrics were reported. NICE guidelines (2024) informed strong recommendations on the use of Brainomix from the UK study of Nagaratnam et al., 2025, while Department of Health and Social Care (DHSC) (2022) offered national guidance on decision support tools. These literatures provide foundational knowledge for future CDSS design at MKUH. The ISC (2025) reported on the third phase of the Golden Bridge trial (Li et al., 2023), showing positive outcomes across administrative and clinical metrics as mentioned. The Pharma and Healthcare Research (2025) regarded Oracle, MKUH’s EPR provider, as the top CDSS provider which integrates advanced cloud-based data, AI-driven alerts and population health analytics although it may be subject to vendor bias given the nature of the source.


Discussion
The findings of this systematic review can assist the author and MKUH in determining whether to invest in CDSS for stroke management and in identifying where and how these systems could have the greatest impact on patient care. Additionally, this review provides insights into factors affecting CDSS implementation at MKUH, from emergency department presentation to overall hospital length of stay. This also informs the optimisation of the Stroke Care Pathway to support a more holistic improvement in care delivery, including enhanced patient safety, cost efficiency and reduced staff burden (Sutton et al., 2020).
A key finding of this review is the imbalance between process-based outcomes and clinical outcomes associated with CDSS. The benefits were primarily observed in the operational side of diagnostics and treatment workflows rather on direct patient outcomes. It is known that in the NHS, evidence-based practices that show clear benefits on patient outcomes is the standard (Medtechnews, 2025). Hence, limited evidence on clinical outcomes highlights concerns. Although the findings have proven operational and smoother stroke workflows, Popa et al. (2023) argue that digital solutions like CDSS should demonstrate significant increase in early, meaningful, and sustained engagement with patients. This is reinforced by the recommendations of DHSC (2022) and NICE (2024). Nonetheless, tracking clinical outcomes alone is insufficient in achieving better quality (Agweyu et al., 2023). Processed-based outcomes which often leads to cost reduction and smoother capacity flow are needed in the operational efficiency especially in the NHS context where overall organisational sustainability is needed for its survival (Issa et al., 2024). 
Furthermore, the operational outcomes of a CDSS such as faster diagnostics, streamlined triaging and reduced transfer times can have a critical impact on clinical outcomes, particularly in time-critical stroke interventions. When decision support enables rapid identification of eligible patients and prompt initiation of treatment, functional outcomes are likely to improve (NHSE, 2023). However, this causal chain can be interrupted if downstream constraints exist limited imaging capacity, unavailable thrombectomy beds, or transfer delays, meaning that even faster decisions upstream may not translate into better patient outcomes. Explicitly mapping these points highlights where CDSS can add value and where systemic constraints may limit its effectiveness.
In terms of the totality of evidence, peer-reviewed literature on stroke CDSS remains scarce. Despite established guidelines and the high prevalence of stroke, evidence on workflow improvement is limited. This may be due to over-generality of studies on the use CDSS in healthcare. On the other hand, lack of literature may be influenced by the time and resource involved in designing and performing this review as well as how the inclusion criteria was set. However, the systematic reviews by Alasiri et al. (2023), Azizah, Asmirajanti and Pratama (2024) similarly highlight this paucity of evidence. Additionally, there are some vagueness regarding the long-term effectiveness and clinical integration of these systems which are essential for a sustainable digital solution. This underscores gaps in digital maturity, particularly regarding the availability of robust, evidence-based literature. Notably, there is a growing number of studies that do not yet evaluate full CDSS implementations (and were therefore excluded from this review) but incorporate key CDSS elements, particularly through machine learning approaches. This trend suggests that research and adoption of CDSS are likely to increase in the coming years as these technologies mature and become more integrated into clinical workflow
Regarding the quality of the reviewed literature, the assessment identified potential risks of bias across the evaluated studies (see Table 3). Common issues include the inability to blind participants since users, in the case clinicians, must be trained on the CDSS tool or needed to be consented prior to evaluation. Lack of blinding in studies such as RCTs shows to be associated with more exaggerated estimated intervention effects (Pitre et al, 2023). Explicit consent is typically needed when identifiable patient information is used for purposes beyond individual care, even in digital or data‑driven research contexts (NHSE, 2024). Moreover, some studies also relied on historical data for predictive models, which may limit the completeness of patient information. Measuring clinical outcomes without strict adherence to guidelines and other relevant documentation introduces variability due to factors such as comorbidities, patient heterogeneity, and ethical considerations, which can skew results.
Interestingly, CDSS that combine AI or machine learning with other elements such as alerts, automatic scoring, or integration with mobile devices and limb sensors appear to create more optimised clinical pathways. Recent evidence suggests that most effective interventions involve at least one AI or CDSS component, reflecting the ongoing technological shift in healthcare (Ouanes and Farhah, 2024). However, guidance and regulation in the UK remain limited, which is striking given the level of financial investment and recommendations from the NHS and DHSC for digital transformation in the 10-Year Health Plan (2025). This gap highlights a continuing imbalance between technological advancement and regulatory oversight in healthcare.	Comment by Love Mae (Gab) Gabutero: Effectiveness of Artificial Intelligence (AI) in Clinical Decision Support Systems and Care Delivery | Journal of Medical Systems | Springer Nature Link 
Practical Application: Stroke CDSS at MKUH
Based on the evidence reviewed, the application of CDSS within MKUH’s stroke pathway appears primarily to enhance existing processes, both within the EPR and alongside paper-based workflows. The benefits synthesised from these reviews are reflected across several stages of stroke care at MKUH:
1. Early detection and diagnosis through imaging: Studies by Martinez-Gutierrez et al. (2023), Nagaratnam et al. (2025) and Bonura et al., (2025) demonstrated faster and more accurate diagnostic imaging, supporting timely identification of stroke patients.
1. ED triage: AI-driven stroke alerts to consultants and specialised nurses were shown to enhance triage efficiency and ensure high-risk patients are prioritised appropriately (Martinez-Gutierrez et al. 2023). MKUH clinicians have EPR embedded applications and mobile devices to implement stroke alerting.
1. Early and appropriate thrombolysis treatment: Evidence from studies of Li et al., (2023), Nagaratnam et al., (2025) and Xu et al., (2020) indicates that CDSS helps identify patients eligible for thrombolysis and increases adherence to clinical guidelines. MKUH is limited in terms of performing thrombolysis procedures. Nevertheless, this is still applicable to facilitate faster decision making in terms of hospital transfers.
1. Transfer activation:  As MKUH is not a central stroke centre, patients needing thrombectomy must be transferred; evidence from Hassan et al., 2020 shows that reducing transfer times and using standardised pathways improves care and supports business approval.
1. Acute and critical care following initial treatment: CDSS interventions were shown to support clinicians in monitoring and managing patients during the acute phase (Shmilovitch et al., 2025 and Li et al., 2025)
Despite variation in study size, duration, and location, the outcomes largely align with recognised stroke guidelines and time-critical treatment principles, making them broadly transferable to MKUH. However, gaps remain in secondary outcomes, such as swallow and skin integrity assessments, limiting definitive conclusions about CDSS impact on clinical quality.

Risks and Constraints
Below are CDSS implementation barriers following Middleton, Sittig, and Wright’s (2026) six challenges.
Data. Although MKUH has largely digital records through a major UK EPR system, the system is US-manufactured, resulting in heterogeneous data. Embedding proprietary scoring systems into the EPR carries potential risks of misuse, which could hinder tool usability and design.
Knowledge. Applying a stroke CDSS based on UK standards may be complicated by non-uniform data and coding practices, potentially limiting the system’s ability to generate accurate reports and metrics.
Inference. While AI integration in healthcare is increasing, the current rule-based CDSS is considered feasible in terms of integration and infrastructure. However, there is a high risk that the knowledge embedded in these rules will become outdated. Maintaining an up-to-date CDSS requires resources, which are often limited in the NHS.
Architecture and Technology. MKUH’s digital infrastructure is more advanced than many hospitals, yet improvements are still required in security, device upgrades, and networking to support ongoing technological advances. A stroke CDSS integrated into the main EPR especially as it moves toward a cloud-based architecture would likely be feasible to implement.
Implementation and Integration. While AI tools supporting clinical imaging are abundant, integrating them into existing systems particularly imaging workflows requires significant planning and resources. Nagaratnam et al. (2025) show positive results and potential for implementation but integrating these systems to streamline diagnostics and management remains a challenge.
Users. MKUH staff accustomed to existing workflows may show low compliance with new system, which could adversely affect outcomes. CDSS can also introduce risks such as alert fatigue and automation bias affecting treatment decisions and introduce new errors when stroke pathway is followed without sufficient clinical judgment.
Mitigation Strategies
To address the risks and constraints of implementing a stroke CDSS at MKUH, mitigation strategies should be applied iteratively at every stage from planning to evaluation. Data standardisation which is essential in ensuring consistency within the local EPR helps identify deviations and set reliable metrics. Governance ownership such as appointing stroke clinical leads, clinical safety officer changes sign off will ensure stronger system foundation. Up-to-date clinical knowledge must also be maintained by incorporating the latest evidence, guidelines and evidence reviews like this to inform decision rules and support senior clinical teams while maintaining a hazard log for stroke CDSS workflow also shows proactive safety management. Infrastructure optimisation is also required optimising the CDS systems functionality and EPR's overall performance. The trust’s ongoing transition of the main EPR to a cloud-based infrastructure will support this process. Additionally, downstream improvements such as staffing redesign and targeted training enhancements can also support stroke pathway performance by increasing clinical expertise and improving coordination. Lastly, user engagement from the outset is critical for adoption and compliance. Involving clinical teams in the design and planning of the CDSS fosters ownership, increases acceptability, and positions the system for successful implementation.
Evaluation
Key evaluation areas for the Stroke CDSS application include:
User Experience. User experience is critical for adoption. Feedback should be collected iteratively through surveys, advisory groups, and ad hoc reporting. Pre-pilot validation and usability testing ensure expectations are managed, while post-implementation feedback collected months after go-live, assesses the system’s real-world effectiveness.
Effectiveness. Metrics should be defined by relevant stakeholders during the planning phase. Outcomes should be evaluated at multiple points (e.g., 3-, 6-, and 12-months post-implementation) to ensure workflows continue to support clinical and operational objectives.
Safety and Efficiency. Continuous monitoring of guideline adherence and documentation quality is essential. Quality improvement projects and audits, focusing not only on data entry but also on data quality, can measure effectiveness and safeguard patient safety.
Study Limitations
One limitation of the study is that despite the wide-ranging literature searched there may have been some literature missed, including literature published in languages other than English and publications outside the inclusion criteria. Systematic reviews are purposely excluded in the evidence search as author would want to focus on the actual number of primary literatures which involve CDSS and stroke. Since the intention of this assignment is to look for potential workflows that could be improved by CDSS, potential bias of the review though the author sought to ensure a balanced appraisal of the literature through our structured review process through PRISMA. Additionally, literature appraisals are recorded here, with only overall findings shown due to word count limit. Lastly, since this paper is not peer reviewed, the objectivity of finding and opinions of this paper is only limited to the author herself.
Conclusion
This review demonstrates that CDSS offer measurable improvements to key operational components of acute stroke care, including expedited diagnostic imaging, appropriateness of treatment and more timely treatment decision-making. Although current evidence provides limited confirmation of direct clinical outcome improvements, CDSS consistently strengthen time‑critical processes that underpin effective stroke management.
For Milton Keynes University Hospital, the integration of a CDSS within the existing electronic patient record presents a pragmatic opportunity to optimise early stroke recognition, standardise triage procedures and support faster and safer treatment or transfer decisions. Realising these benefits, however, will require meticulous attention to data quality, technical integration, digital infrastructure and comprehensive user engagement to minimise risks such as workflow disruption or alert fatigue.
In summary, while CDSS hold substantial potential to enhance stroke pathway performance, their effectiveness is contingent upon evidence‑based implementation, continuous evaluation and alignment with local clinical practices. As digital health technologies evolve, further robust research and strengthened regulatory frameworks will be essential to ensure that CDSS contribute meaningfully to improved patient outcomes in real‑world healthcare settings.
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