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A B S T R A C T   

Generating guideline-based recommendations during multidisciplinary team (MDT) meetings in solid cancers is 
getting more complex due to increasing amount of information needed to follow the guidelines. Usage of clinical 
decision support systems (CDSSs) can simplify and optimize decision-making. However, CDSS implementation is 
lagging behind. Therefore, we aim to compose a CDSS implementation model. By performing a scoping review of 
the currently reported CDSSs for MDT decision-making we determined 102 barriers and 86 facilitators for CDSS 
implementation out of 44 papers describing 20 different CDSSs. The most frequently reported barriers and fa-
cilitators for CDSS implementation supporting MDT decision-making concerned CDSS maintenance (e.g. incor-
porating guideline updates), validity of recommendations and interoperability with electronic health records. 
Based on the identified barriers and facilitators, we composed a CDSS implementation model describing clinical 
utility, analytic validity and clinical validity to guide CDSS integration more successfully in the clinical workflow 
to support MDTs in the future.   

1. Introduction 

A personalized clinical advice for cancer patients prepared by an 
oncological multidisciplinary team (MDT) improves patient outcomes 
and patient satisfaction (Prades et al., 2015). However, clinical 
decision-making by MDTs to reach a treatment advice for each unique 
patient is getting more complex since the amount of scientific knowl-
edge on tumor characteristics and treatment options increase rapidly. 
Moreover, patients undergo more diagnostic testing and subsequent 
more patient and disease characteristics (data-items) have to be taken 
into account to generate a personalized guideline-based recommenda-
tion during the MDT for each unique patient. This complexity and the 

availability of all relevant information during MDT meetings is chal-
lenging. Relevant data-items are often suboptimal extracted from the 
patient files and reported during MDT meetings, which impedes MDTs to 
keep an overview of all relevant information and make optimal decisions 
(Lamb et al., 2011; Ebben et al., 2020). 

To support MDTs in reaching the challenging goal of evidence based 
informed decision-making, information technology and data science can 
be helpful to manage, register and re-use all relevant data and generate 
treatment recommendations. Many studies have shown that clinical 
decision support systems (CDSSs) can be effective tools to increase 
physician concordance with clinical practice guidelines (Garg et al., 
2005; Roshanov et al., 2013). Furthermore, CDSS usage is associated 

Abbreviations: CDSS, clinical decision support system; MDT, multidisciplinary team; WFO, Watson for Oncology. 
☆ Presented elsewhere: poster presentation SABCC (P4–07-22) December 8th, 2022 
* Correspondence to: Department of Health Technology and Services Research, Technical Medical Center, University of Twente, Drienerlolaan 5, 7522NB 

Enschede, the Netherlands. 
E-mail addresses: m.p.hendriks@nwz.nl, m.p.hendriks@utwente.nl (M.P. Hendriks), a.jager@erasmusmc.nl (A. Jager), k.ebben@iknl.nl (K.C.W.J. Ebben), j.a. 

vantil@utwente.nl (J.A. van Til), s.siesling@utwente.nl (S. Siesling).   
1 ORCID identifier: 0000-0001-6687-5393 

Contents lists available at ScienceDirect 

Critical Reviews in Oncology / Hematology 

journal homepage: www.elsevier.com/locate/critrevonc 

https://doi.org/10.1016/j.critrevonc.2024.104267 
Received 9 June 2023; Received in revised form 18 December 2023; Accepted 11 January 2024   

mailto:m.p.hendriks@nwz.nl
mailto:m.p.hendriks@utwente.nl
mailto:a.jager@erasmusmc.nl
mailto:k.ebben@iknl.nl
mailto:j.a.vantil@utwente.nl
mailto:j.a.vantil@utwente.nl
mailto:s.siesling@utwente.nl
www.sciencedirect.com/science/journal/10408428
https://www.elsevier.com/locate/critrevonc
https://doi.org/10.1016/j.critrevonc.2024.104267
https://doi.org/10.1016/j.critrevonc.2024.104267
https://doi.org/10.1016/j.critrevonc.2024.104267
http://crossmark.crossref.org/dialog/?doi=10.1016/j.critrevonc.2024.104267&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/


Critical Reviews in Oncology / Hematology 195 (2024) 104267

2

with positive clinical outcomes in two systematic reviews (Pawloski 
et al., 2019; Klarenbeek et al., 2020). One systematic review evaluating 
clinically relevant outcomes related to CDSS usage for the diagnosis, 
treatment and supportive care revealed that 23 out of 24 included 
studies suggested a positive impact on the quality of care by the use of 
CDSSs for clinical decision making (Pawloski et al., 2019). Another 
systematic review focusing on CDSSs impact on process outcomes (e.g. 
percentage change MDT treatment decision after using CDSS), guideline 
adherence and clinical outcomes included nine studies and found that 
CDSS implementation did significantly improve process outcomes and 
guideline adherence but no improvement in clinical outcomes (Klar-
enbeek et al., 2020). Importantly, these two reviews did not focus on 
implementation of CDSS in MDT settings and both included only two 
articles that focused on CDSS for decision-making in the MDT. More-
over, implementation of CDSSs in the clinical workflow is challenging, 
which makes the implementation of CDSS in clinical practice lag behind 
(Chua et al., 2021). A recent systematic review and meta-analysis 
described the usage and accuracy of CDSSs for multiple tumor types, 
but did not focus on MDT decision support (Oehring et al., 2023). 

Overcoming the challenges as mentioned above implies the need for 
a scoping review focusing on the currently reported CDSSs for MDT 
decision-making in solid cancer and to identify the reported barriers and 
facilitators for implementation of these CDSSs. Based on these barriers 
and facilitators, a CDSS implementation model will be composed to 
support future development and implementation of CDSSs in clinical 
practice. 

2. Methods 

2.1. Search strategy and selection criteria 

Based on the aims of our study, a scoping review was chosen as study 
design (Munn et al., 2018; Peters et al., 2015). To provide an overview of 
the currently existing CDSSs for multidisciplinary decision-making in 
solid cancer, a search strategy was determined with the support of two 
health information specialists. The conducted search syntax is reported in 
supplemental table A. The syntax combined synonyms for ‘multidisci-
plinary’, ‘decision support’, ‘cancer’ and ‘human’. The Cochrane Library 
(https://www.cochranelibrary.com/cdsr/reviews/topics, MEDLINE 
(accessed through PubMed) and Scopus were systematically searched up 
to November 20th, 2023. 

A CDSS is defined as a system intended to improve healthcare de-
livery by enhancing medical decisions with targeted clinical knowledge, 
patient information, and other health information (Osheroff et al., 
2012). A CDSS can be any software in which individual patient char-
acteristics (data-items) are matched to a computerized knowledge 
data-base (e.g. rule-based, using IF-THEN statements) or a data-base 
leveraging artificial intelligence, machine learning or statistical 
pattern recognition. Based on this match patient-specific recommenda-
tions are generated (Sutton et al., 2020). Studies concerning CDSSs for 
multidisciplinary decision-making in solid cancer were included if they 
met the following inclusion criteria. The CDSS should: 

1) be data-driven, making usage of information technology and/or 
data science. Preferably, a description of the CDSS explaining the CDSS 
methodology should be available; 2) the CDSS should go beyond fixed 
decision rules (i.e. the system should be able to support decision-making 
for multiple possible combinations of patient and/or tumor character-
istics by using a computerized knowledge data-base or a data-base 
leveraging artificial intelligence, machine learning or statistical 
pattern recognition); 3) support multidisciplinary decision-making by 
MDTs. CDSSs focusing on only one discipline were not eligible; 4) focus 
on medical professionals, not patients; 5) focus on solid cancer; 6) 
should be reported in a peer-reviewed journal in English. Articles 
reporting on the design and implementation of CDSSs for MDT in solid 
cancer were also eligible for inclusion. 

2.2. Screening, data abstraction & statistics 

Two reviewers (MH & KE) independently screened the title and ab-
stract of all identified articles for compatibility with the research topic. 
In case of non-uniform assessment, discrepancies were resolved by dis-
cussions between the two reviewers. The references listed in studies that 
were selected for full-text review were screened for potentially useful 
studies. EndNote X9 was used for reference management. The result of 
the selection process was visualized according to the PRISMA 2009 flow 
diagram (http://www.prisma-statement.org/documents/PRISMA%20 
2009%20flow%20diagram.pdf). 

To summarize the reported CDSSs and to identify barriers and fa-
cilitators for implementation of CDSSs in daily clinical practice, the 
following data were extracted for each included study: study aim 
(including reporting main findings of the most frequent aims), study 
design, CDSS characteristics, CDSS knowledge base, main study 
outcome, barriers and facilitators for implementation of the CDSS. For 
descriptive statistics, Microsoft Excel was used. Data were presented by 
CDSS, in order of frequency. Numbers were indicated as absolute 
numbers with or without percentages, or as a median with range. The 
scoping review included, by design, no meta-analysis of the included 
studies (Munn et al., 2018). The identified CDSSs were not scored for 
risk of bias, as there is no available tool for systematically assessment, 
such as QUADAS-2 for assessment of diagnostic test accuracy or the 
prediction model risk of bias assessment tool (PROBAST) (Whiting et al., 
2011; Wolff et al., 2019). 

2.3. Composition of a CDSS implementation model 

The basic principle of a CDSS is that the appropriate clinical data is 
processed in such way that these data can be adequately matched to the 
database of the CDSS in order to reach a valid recommendation. Sub-
sequently, this recommendation should be applicable to decision- 
making at the point of care. All identified barriers and facilitators 
were categorized and ranked in order of reported frequency. The five 
most frequently reported categories of both barriers and facilitators 
qualified for a detailed report. Based on the identified categories, a 
model was composed highlighting all important aspects that need to be 
covered by the CDSS for implementation in daily practice. This imposes 
requirements on the validity of a CDSS respectively. The model had to 
cover both the input level of the CDSS with accurate clinical data (i.e. 
analytic validity) and the output level with valid recommendations (i.e. 
clinical validity), resulting in a balanced weighing favoring clinical 
utility of the CDSS. 

3. Results 

3.1. Study selection 

The search strategy in the following database Cochrane Database, 
MEDLINE (accessed through PubMed) and Scopus resulted in 27, 881 
and 326 hits respectively. After removal of duplicates, 1083 abstracts 
were screened based on title and abstract. Of these, 81 studies fulfilled 
the inclusion criteria and were considered eligible for full text review. 
After reading the full text, 44 articles describing twenty CDSS were 
included in this scoping review (Fig. 1) (Aikemu et al., 2021; Alcorn 
et al., 2022; Bouaud et al., 2014, 2012; Bouaud and Séroussi, 2011; 
Bouaud et al., 2015; Choi et al., 2019; Cypko et al., 2017; Ebben et al., 
2022; Eccher et al., 2014; Epstein et al., 2006; Gaudioso and Elkin, 2017; 
Griewing et al., 2023; Heiden et al., 2015; Hendriks et al., 2020, 2019; 
Keikes et al., 2021; Kim et al., 2019, 2020; Lee and Lee, 2020; Lee et al., 
2018; Lin et al., 2016; Liu et al., 2018; Lukac et al., 2023; Macchia et al., 
2022; Ng et al., 2023; Chaudhari et al., 2008; Prebet et al., 2018; Redjdal 
et al., 2020, 2021; Rossille et al., 2005; Séroussi et al., 2007, 2017, 
2013a, 2012, 2013b; Sesen et al., 2014; Shekarriz et al., 2020; Soma-
shekhar et al., 2018; Thavanesan et al., 2023; Tian et al., 2020; Zhao 
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et al., 2020; Zhou et al., 2019; Zou et al., 2020). A meta-analysis of 
Watson for Oncology’s (WFO) clinical performance was excluded 
because two of the included studies were in Chinese, for one study there 
was no full paper available and all other studies were already included in 
our scoping review (Jie et al., 2021). 

3.2. Existing CDSSs for multidisciplinary decision-making in solid cancer 

Table 1 depicts a detailed summary of all included articles. Most 
articles originated from European (n = 26) and Asian study groups 
(n = 12). Twenty-three papers (52%) focused on breast cancer exclu-
sively. Most articles were single center studies (n = 28) and had a 
retrospective design (n = 22). Decision support was investigated in the 
non-metastatic setting in 22 studies (50%), the metastatic setting in two 

studies (5%), and 19 studies (43%) in both settings. One study did not 
report the disease setting. 

In the 44 included articles, twenty unique CDSSs were described. The 
most frequently described CDSSs were WFO (n = 12), OncoDoc 2 
(n = 8), the guideline-based decision support system (GL-DSS) (n = 3), 
and Oncoguide (n = 4). WFO used a cognitive computing system (which 
refers to the use of reasoning, language processing, machine learning 
and human capabilities that help regular computing better solve prob-
lems and analyze data) as knowledgebase. OncoDoc2, GL-DSS and 
Oncoguide used decision trees as knowledgebase. Of all included 
studies, 27 studies (61%) reported reference guideline(s) or databases 
(in case of survival prediction CDSSs) used as knowledgebase for the 
studied CDSS. In all included studies, a median of 250 (range 10 – 420) 
patients were described and a median of 512 (range 158 – 1861) 
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eligibility (�tle & abstract) 

1002 excluded: 
817 no focus on MDT 
116 no solid cancer 
60 no CDSS 
5 no English language 
3 no full paper published 
1 ar�cle retracted 

81 screened for eligibility 
(full text) 

 
              37  excluded: 
24 no focus on MDT 
8 no CDSS 
2 no solid cancer 
1 no full paper published 
1 review with one (already 
included) eligible ar�cle 
1 meta-analysis with 2 
Chinese studies and 1 
study without full paper, 
other studies already 
included 

44 studies included in 
scoping review 

1083 abstract remained a�er deduplica�on 

1234 abstracts iden�fied through database 
searching (supplement 1) 

Fig. 1. Flow diagram.  
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Table 1 
Characteristics of all 44 included articles in this scoping review.  

Paper Study 
period 

Cancer type Country Setting Study design CDSS Knowledge base Reference 
guideline 

Decisions 
(n) 

Patients 
(n) 

Aikemu, 2021 2017 - 
2018 

colorectal 
cancer 

China M- & 
M+

prospective, 
single center, 
observational 
study 

WFO cognitive 
computing 
system 

NA $  250 

Choi, 2019 2017 - 
2017 

gastric cancer Korea M- & 
M+

retrospective, 
single center, 
observational 
study 

WFO cognitive 
computing 
system 

NA $  65 

Kim, 2019 2016 - 
2017 

colorectal 
cancer 

Korea M- & 
M+

retrospective, 
single center, 
observational 
study 

WFO cognitive 
computing 
system 

NA $  69 

Kim, 2020 2018 lung cancer Korea M- & 
M+

retrospective, 
single center, 
observational 
study 

WFO cognitive 
computing 
system 

NA $  405 

Lee, 2020 2018 breast, 
colorectal, 
gastric, 
gynecological, 
liver, lung, 
thyroid cancer 

Korea M- & 
M+

retrospective, 
single center, 
observational 
study 

WFO cognitive 
computing 
system 

NA $  285 

Lee, 2018 2009 - 
2016 

colon cancer Korea M- & 
M+

retrospective, 
single center, 
observational 
study 

WFO cognitive 
computing 
system 

NA $  656 

Liu, 2018 2017 lung cancer China M- & 
M+

retrospective, 
single center, 
observational 
study 

WFO cognitive 
computing 
system 

NA $  149 

Somashekhar, 
2018 

2014 - 
2016 

breast cancer India, USA, 
UK 

M- & 
M+

retrospective, 
single center, 
observational 
study 

WFO cognitive 
computing 
system 

NA $  638 

Tian, 2020 2016 - 
2018 

gastric cancer China M- & 
M+

retrospective, 
single center, 
observational 
study 

WFO cognitive 
computing 
system 

NA $  235 

Zhao, 2020 2016 - 
2018 

breast cancer China M- & 
M+

retrospective, 
single center, 
observational 
study 

WFO cognitive 
computing 
system 

NA $  302 

Zhou, 2019 2017 lung, breast, 
gastrointes- 
tinal, 
gynecological 
cancer 

China M- & 
M+

retrospective, 
single center, 
observational 
study 

WFO cognitive 
computing 
system 

NA $  362 

Zou, 2020 2016 - 
2018 

cervical cancer China M- & 
M+

retrospective, 
single center, 
observational 
study 

WFO cognitive 
computing 
system 

NA $  246 

Bouaud, 2014 2009 - 
2010 

breast cancer France M- prospective, 
multicenter 
cluster RCT 

OncoDoc2 decision tree local 
CancerEst 
CPG 

557  

Bouaud, 2012 2007 - 
2009 

breast cancer France M- prospective, 
multicenter 
cluster RCT, 
subanalysis 

OncoDoc2 decision tree local 
CancerEst 
CPG 

199  

Bouaud, 2011 2007 - 
2009 

breast cancer France M- prospective, 
multicenter 
cluster RCT, 
subanalysis 

OncoDoc2 decision tree local 
CancerEst 
CPG 

169  

Bouaud, 2015 2009 - 
2010 

breast cancer France M- prospective, 
multicenter 
cluster RCT, 
subanalysis 

OncoDoc2 decision tree local 
CancerEst 
CPG 

394  

Séroussi, 2007 2005 - 
2006 

breast cancer France M- prospective, 
single center, 
uncontrolled 
before/after 
intervention 
study 

OncoDoc2 decision tree local 
CancerEst 
CPG 

467 316 

(continued on next page) 
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Table 1 (continued ) 

Paper Study 
period 

Cancer type Country Setting Study design CDSS Knowledge base Reference 
guideline 

Decisions 
(n) 

Patients 
(n) 

Séroussi, 2013 2007 - 
2009 

breast cancer France M- prospective, 
single center, 
observational 
cohort 

OncoDoc2 decision tree local 
CancerEst 
CPG 

1624  

Séroussi, 2012 2007 - 
2009 

breast cancer France M- prospective, 
single center, 
observational 
cohort 

OncoDoc2 decision tree local 
CancerEst 
CPG 

1624  

Séroussi, 2013 2009 - 
2010 

breast cancer France M- prospective, 
multicenter 
cluster RCT, 
subanalysis 

OncoDoc2 decision tree local 
CancerEst 
CPG 

825  

Redjdal, 2020 NA breast cancer France M- retrospective 
study 

GL-DSS; 
OncoDoc 

rule-based & 
subsumption- 
based; decision 
tree 

local 
CancerEst 
CPG 

1861  

Redjdal, 2021 NA breast cancer France M- retrospective 
study 

GL-DSS; 
OncoDoc 

rule-based & 
subsumption- 
based; decision 
tree 

local 
CancerEst 
CPG 

1861  

Séroussi, 2017 NA breast cancer France M- original report 
with a case 
study 

GL-DSS rule-based & 
subsumption- 
based 

eight (inter) 
national 
CPGs   

Ebben. 2022 2019 breast, 
colorectal, 
prostate cancer 

Netherlands M- & 
M+

prospective, 
multicenter, 
observational 
study 

Oncoguide decision tree Dutch 
guideline for 
breast, colo- 
rectal and 
prostate 
cancer 

296  

Hendriks, 
2019 

NA breast cancer Netherlands M- original report Oncoguide decision tree Dutch 
guideline for 
breast cancer   

Hendriks, 
2020 

2012 - 
2015 

breast cancer Netherlands M- retrospective, 
single center, 
observational 
study 

Oncoguide decision tree Dutch 
guideline for 
breast cancer  

394 

Keikes, 2021 2016 - 
2017 

colorectal 
cancer 

Netherlands M- & 
M+

original report Oncoguide decision tree Dutch 
guideline for 
colorectal 
cancer 

158  

Alcorn, 2022 2007 - 
2013 

lung, breast, 
prostate cancer, 
other 

USA M+ retrospective, 
single center, 
observational 
study 

BMETS-DSP machine-learning 
model 

institutional 
database  

397 

Cypko, 2017 not 
reported 

laryngeal 
cancer 

Germany, 
Poland, 
USA 

M- & 
M+

retrospective, 
validation 
workflow 

Kernal for 
Workflow, 
Knowledge, 
and Decision 
Management 

Bayesian network 
model 

not reported   

Eccher, 2014 2009 
and 
2012 

breast cancer Italy M- prospective, 
single center, 
observational 
cohort 

OncoCure Asbru-based (inter) 
national 
guidelines  

61 

Epstein, 2006 not 
reported 

breast cancer Hong Kong M- prospective, 
single center, 
observational 
cohort 

Adjuvant! Bayesian network 
model 

SEER 
database  

102 

Gaudioso, 
2017 

NA breast cancer USA not 
reported 

prospective, 
single center, 
observational 

not reported not reported not reported   

Griewing 2023 breast cancer Germany M- & 
M+

prospective, 
single center, 
observational 

ChatGPT 3.5 AI-based large 
language model 

German 
breast cancer 
guideline  

20 

Heiden, 2015 NA breast, colon, 
prostate cancer 

Germany M- & 
M+

original report Health Care 
Management 
Platform 

meta-model existing 
clinical 
practice 
guidelines   

Lin, 2016 2007- 
2015 

breast cancer Australia M- retrospective, 
single center, 
original report  

supervised 
machine learning 

ESMO & 
NCCN  

1065 

Lukac, 2023 2023 breast cancer Germany M- retrospective, 
single center, 
observational 
study 

ChatGPT 3.5 AI-based large 
language model 

German 
breast cancer 
guideline  

10 

(continued on next page) 
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decisions were reported. 

3.3. Study aims of the 44 included studies 

There were differences in main aims per study (supplemental table 
B). Most studies (n = 25) investigated the concordance rate between the 
CDSS and MDT generated recommendations and searched patient pat-
terns associated with disconcordance. Nine studies focused on the 
development or methods to design a CDSS. Two studies described the 
development of a machine learning model to predict MDT decisions. 
Two studies investigated the integration of complementarity of different 
guidelines in the CDSS. Two studies evaluated the impact of CDSS based 
survival prediction on MDT decision-making. The remaining four 
studies all had different goals (supplemental table B). 

3.4. The main findings of the defined aims of 44 included studies 

Of the 25 studies that focused on concordance rate between the CDSS 
and MDT generated recommendations, four studies compared concor-
dance rates in both situations, where the CDSS was used and was not 
used (control arm): three studies with OncoDoc2 and one study with 
WFO. These four studies considered a MDT recommendation concordant 
if the recommendation corresponded to the ‘to be recommended’ or ‘for 
consideration’ category of the CDSS. The studies concluded that CDSS 
usage improved the concordance rate (Bouaud et al., 2014; Séroussi 
et al., 2007, 2013b; Somashekhar et al., 2018). In the other 21 studies, 
there was no control arm. Five studies focused on reasons for 
non-concordance between CDSS and MDT recommendations (Bouaud 
et al., 2012; Bouaud and Séroussi, 2011; Séroussi et al., 2013a, 2012, 
2013b). The study of Bouaud et al. proposed four reasons for 
non-concordance: (1) practice evolution; (2) particular cases not 

covered by current guideline; (3) MDT judgment that an alternative 
treatment is better suited for the patient than the CDSS recommenda-
tion; (4) specific patient preference (Bouaud and Séroussi, 2011). 

Nine studies described the development and/or validation of a CDSS 
(Cypko et al., 2017; Gaudioso and Elkin, 2017; Hendriks et al., 2019; 
Keikes et al., 2021; Macchia et al., 2022; Sesen et al., 2014) or method to 
design a CDSS (Heiden et al., 2015; Redjdal et al., 2021; Rossille et al., 
2005) to support treatment decisions. Two studies developed machine 
learning models to predict MDT decisions. In a breast cancer study, 
machine learning did more accurately predict adjuvant chemotherapy 
recommendation by the MDT compared to simple application of 
guidelines. The authors concluded that some non-clinicopathologic 
variables such as patient preference and resource availability are 
weighted by the MDT, but these factors are not captured by guidelines 
(Lin et al., 2016). Another study showed that machine learning-based 
models trained on pretreatment clinicopathological variables of pa-
tients with esophageal cancer can predict curative MDT treatment de-
cisions with good accuracy (Thavanesan et al., 2023). Two studies 
demonstrated that CDSSs can use multiple reference guidelines as 
knowledgebase to generate recommendations and this complementarity 
improves and enriches coverage of more specific clinical situations 
(Prebet et al., 2018; Séroussi et al., 2017). 

One study with survival prediction model Adjuvant! found that MDT 
initial treatment recommendations for breast cancer were modified after 
showing the impact of adjuvant systemic therapy on survival in 12.7% of 
cases (Epstein et al., 2006). A pilot study with BMETS-DSP, a CDSS for 
multidisciplinary management of bone metastases, showed significantly 
improvement of survival estimation accuracy by physicians and selec-
tion of prognosis-appropriate palliative radiotherapy regimens (Alcorn 
et al., 2022). A study investigating MDT attitude towards CDSS usage 
found that a guideline-based CDSS, when wrongly used, could deliver 

Table 1 (continued ) 

Paper Study 
period 

Cancer type Country Setting Study design CDSS Knowledge base Reference 
guideline 

Decisions 
(n) 

Patients 
(n) 

Macchia, 2022 2015 - 
2018 

cervical cancr Italy M- retrospective, 
single center, 
observational 
study 

MTB virtual 
assistant 

natural language 
processing & 
supervised 
learning 
technique 

medical 
guidelines 
and machine 
learning  

96 

Ng, 2023  NA liver cancer Germany M- & 
M+

prospective, 
single center 
RCT 

ADBoard natural language 
processing & 
machine learning 

current 
guidelines   

O’Reilly, 2008 2004 colorectal 
cancer 

UK M+ retrospective, 
single center, 
external 
validation 
study 

Oncosurge RAND/UCLA 
Appropriateness 
Method (RAM) 

NA  98 

Prebet, 2018 NA breast cancer France M- original report  decision tree ESMO & 
NCCN   

Rossille, 2005 NA breast cancer France, 
Canada 

M- original report  multi-model 
reasoning (rule- 
based & case- 
based) 

SOR 
guidelines & 
case series   

Sesen, 2014 2006 - 
2010 

lung cancer UK M- & 
M+

original report Lung Cancer 
Assistant 

rule-based & 
probalistic 
interference 

four (inter) 
national 
CPGs  

4020 

Shekarriz, 
2020 

2008 - 
2017 

pancreatic 
cancer 

Germany M- retrospective, 
single center, 
observational 
study 

MEBDAS® quantitative 
calculation 

NA  126 

Thavanesan, 
2023 

2010 - 
2020 

esophageal 
cancer 

UK M- retrospective, 
single center, 
observational 
study 

not reported machine-learning 
model 

NA  399 

Abbreviations: BMETS-DSP, bone metastases ensemble trees for survival decision support platform; CDSS, clinical decision support system; CPG, clinical practice 
guideline; EHR, electronic health record; EP, emerging pattern; ISPM, IntelliSpace Precision Medicine; Multidisciplinary Team 
Orchestrator; MSM, multidisciplinary staff meeting; MDT, multidisciplinary team; MTB, multidisciplinary Tumor Board; RCT, randomized clinical trial; WFO, Watson 
for Oncology. 
$ Watson for Oncology is based on relevant studies, expert recommendations by doctors of Memorial Sloan-Kettering Cancer Center and American guidelines 
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non guideline-based recommendations (automation bias) (Bouaud et al., 
2015). Lee and Lee found that WFO usage during MDT meetings posi-
tively changed patient satisfaction and leads to a positive patient 
perception after treatment (Lee and Lee, 2020). Redjdal et al. investi-
gated the interoperability between two CDSSs for breast cancer. The 
authors of that study had to solve semantic and structural interopera-
bility issues to make OncoDoc data reusable by the GL-DSS of DESIREE 2 
(Redjdal et al., 2020). And finally, one retrospective study found a low 
data availability in patient records for adequate application of a CDSS in 
breast cancer (Hendriks et al., 2020). 

3.5. Barriers for CDSS implementation 

Specific information on barriers for CDSS implementation was re-
ported in 35 studies (supplemental table C & Fig. 2). All mentioned 
barriers (n = 102, supplemental table C) were categorized in groups and 
reported in order of frequency (Fig. 2). Definitions of all categories are 
included in supplemental table E. 

The first most frequently reported barrier concerns CDSS mainte-
nance. For example, guideline-outdated recommendations should be 
updated (Bouaud et al., 2012; Bouaud and Séroussi, 2011; Choi et al., 
2019; Hendriks et al., 2020; Tian et al., 2020; Zhao et al., 2020; Zhou 
et al., 2019; Zou et al., 2020). Another example: some patient cases are 
not supported by CDSSs due to recommendation gaps in the guideline 
(Eccher et al., 2014; Keikes et al., 2021; Redjdal et al., 2021; Séroussi 
et al., 2007). Further, identified discrepancies between different 
guidelines (NCCN & ESMO) should be addressed by guideline working 
parties to update the CDSS (Prebet et al., 2018). 

A second largest barrier is the lack of internal and external validation 
of CDSSs. A potential risk of converting text-based guideline 

recommendations and considerations into computer interpretable de-
cision trees is losing nuance (Keikes et al., 2021). This is an example of 
potential loss of internal validity. Most CDSSs have been tested by the 
developers of the CDSS, without sufficient external validation. 

The third most often mentioned barrier reflects loco-regional feasi-
bility of the recommendations, pinpointing the importance of CDSSs to 
deal with context specific requirements or limitations: e.g. CDSSs can 
recommend certain treatments that are not available (or tolerated) 
locally or lack reimbursement (Choi et al., 2019; Kim et al., 2019, 2020; 
Lee et al., 2018; Liu et al., 2018; Somashekhar et al., 2018; Tian et al., 
2020; Zhao et al., 2020; Zhou et al., 2019; Zou et al., 2020). 

Fourth, CDSS do not include clinicians’ and patients’ preferences in 
their recommendations. This means that that CDSS include not all fac-
tors that are relevant to the clinician and/or patient in their recom-
mendation (Bouaud and Séroussi, 2011; Choi et al., 2019; Lukac et al., 
2023; Thavanesan et al., 2023). Clinicians’ treatment decisions can be 
influenced by additional covariables that are not included in the 
guideline (and therefore not in de CDSS) (Epstein et al., 2006). Two 
studies reported that clinicians have a holistic view on the disease which 
can alter parameter thresholds in patient subpopulations based on co-
morbidity, patient preferences and level of social support systems, 
which is not supported by the CDSS (Eccher et al., 2014; Somashekhar 
et al., 2018). 

Another barrier reflects data accuracy. Manual input of patient data 
in the CDSS is sensitive to errors (Keikes et al., 2021). Moreover, the lack 
of interoperability between CDSSs and other sources like electronic 
health records is challenging and threatening the availability of accurate 
data (Eccher et al., 2014; Macchia et al., 2022). 

Other barriers that were identified more frequently were: the fact 
that certain subpopulations are treated differently based on age and/or 

Fig. 2. Barriers and facilitators mentioned in the 44 included studies. For details, see supplementary tables C, D & E. For each included study the number of reported 
barriers (B) and facilitators (F) are scored for each category. Note: in total there were 188 barriers and facilitators, however this table only reflects the 15 most 
common categories, reflecting 98 barriers and 82 facilitators. 
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medical history (Bouaud and Séroussi, 2011; Choi et al., 2019; Epstein 
et al., 2006); ambiguous guideline terminology usage for guideline 
rule-based CDSSs reflecting the need for an information standard 
(Hendriks et al., 2019; Sesen et al., 2014), and the usability of the CDSS 
in daily practice. Manual input of data in a CDSS is time consuming 
(Bouaud et al., 2014; Hendriks et al., 2019; Keikes et al., 2021; Ng et al., 
2023; Sesen et al., 2014). If a CDSS is being used, it is important to use it 
well. A study with OncoDoc2 found that MDT compliance with clinical 
practice guidelines was better when the CDSS was not used than navi-
gating through the system improperly (Bouaud et al., 2014, 2015). 

3.6. Facilitators for CDSS implementation 

Facilitators for CDSS implementation were reported in 37 studies 

(supplemental table D + Fig. 2). All mentioned facilitators (n = 86, 
supplemental table D) were categorized in groups and reported in order 
of frequency (Fig. 2). 

The first most frequently reported facilitator concerns CDSS main-
tenance. This included the usage of up-to-date guidelines (Bouaud and 
Séroussi, 2011; Kim et al., 2019), taking into account the loco-regional 
characteristics of patients (Choi et al., 2019; Liu et al., 2018), the pos-
sibility for modular updating of the CDSS (Hendriks et al., 2020, 2019), 
enlarging the coverage of CDSSs and enriching recommendations by 
making use of complementarity of clinical practice guidelines (Prebet 
et al., 2018; Séroussi et al., 2017). 

Secondly, evaluating CDSS validity can facilitate CDSS imple-
mentation. CDSSs can by their systematically design elucidate infor-
mation gaps, inconclusive treatment recommendations and guideline 

Table 2 
Overview of the most frequently reported categories of barriers and facilitators. For each included study the number of reported barriers (B) and facilitators (F) are 
scored for each category. Note: in total there were 188 barriers and facilitators, however this table only reflects the 15 most common categories, reflecting 98 barriers 
and 82 facilitators.    

maintenance  CDSS 
validity  

loco-regional 
feasibility  

usability  data 
accuracy  

interoperability  information 
standard  

CDSS first author  B F B F B F B F B F B F B F 

WFO Aikemu 2021 1 1 1 1 1 1         
WFO Choi 2019 1  1  1 2         
WFO Kim 2019  1 2  1          
WFO Kim 2020   1  1          
WFO Lee 2020   1            
WFO Lee 2018   2  1          
WFO Liu 2018 4 1   1          
WFO Somashekhar 2018     1          
WFO Tian 2020 1 1  1 1          
WFO Zhao 2020 1    2          
WFO Zhou 2019 2 1  1 2          
WFO Zou 2020 2 1   2          
OncoDoc2 Bouaud 2014       1 1 1 1     
OncoDoc2 Bouaud 2012 1 1             
OncoDoc2 Bouaud 2011 1 1             
OncoDoc2 Bouaud 2015       1 1 1 1     
OncoDoc2 Séroussi 2007 1 1      1       
OncoDoc2 Séroussi 2013  1             
OncoDoc2 Séroussi 2012               
OncoDoc2 Séroussi 2013               
GL-DSS Redjdal 2020           1    
GL-DSS Redjdal 2021 1 1             
GL-DSS Séroussi 2017  2          1  1 
Oncoguide Ebben 2022        1    1  1 
Oncoguide Hendriks 2019  1  1   1     1 1 1 
Oncoguide Hendriks 2020 1 1          2 1 1 
Oncoguide Keikes 2021 1 1 2 2   1 1 1 1  2  1 
BMETS-DSP Alcorn 2022   1 1           
Kernal for Workflow, 

Know- 
Cypko 2017   2 1     2      

ledge & Decision 
Management                 

OncoCure Eccher 2014 1       1 1  1    
Adjuvant! Epstein 2006               
NR Gaudioso 2017        2       
ChatGPT 3.5 Griewing 2023 1  2            
Health Care 

Management 
Heiden 2015               

Platform                 
NR Lin 2016 2 1  2         1  
ChatGPT 3.5 Lukac 2023    2    1       
MTB virtual assistant Macchia 2022   1      1   1  1 
ADBoard Ng 2023   1     1 1      
Oncosurge O’Reilly 2008    1           
NR Prebet 2018 1 1             
NR Rossille 2005    1        1   
Lung Cancer Assistant Sesen 2014  1 1    1  1   1 1 1 
MEBDAS® Shekarriz 2020    1           
NR Thavanesan 2023          1  1   
Barriers (n)  98 23  18  14  5  9  2  4  
Facilitators (n)  82  19  15  3  10  4  11  7  
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considerations which should be described in the CDSS and can be 
addressed in guideline updates (Hendriks et al., 2019; Keikes et al., 
2021). Further, it is recommended to check the validity of 
non-concordance between MDT decisions and CDSS recommendations 
by (guideline updating) experts (Bouaud et al., 2012; Cypko et al., 2017; 
Keikes et al., 2021; Lin et al., 2016; Chaudhari et al., 2008; Séroussi 
et al., 2007, 2013a; Shekarriz et al., 2020; Tian et al., 2020). 

A third facilitator involves CDSS interoperability. Important other 
conditions for implementing decision tree-based knowledge bases in 
CDSSs and interoperability with electronic health records are usage of 
unequivocal and unambiguous definitions of data (i.e. patient and tumor 
characteristics) on the basis of internationally acknowledged classifi-
cation and coding system. Reaching consensus internationally on these 

data definitions is recommended by three included studies, it can pave 
the way for reconciliation of guidelines, covering and enriching more 
clinical patient situations with CDSSs by complementarity (Hendriks 
et al., 2019; Prebet et al., 2018; Séroussi et al., 2017). 

The fourth most mentioned facilitator concerns CDSS usability. 
Gaudioso reported two important factors when starting to use a CDSS: 
(1) users prefer relevant clinical information to be displayed on a single 
screen as human cognitive load is limited and (2) users need to trust the 
system. However, one article states that medical oncologists want to 
read pathology reports fully, as they do not trust somebody else’s 
interpretation (Gaudioso and Elkin, 2017). 

The fifth most reported facilitator concerns the importance of using 
an information standard. One study reports the importance of 

patient & clinician 
preferences  

patient sub- 
populations  

data 
availability  

CDSS acceptability and 
explainability  

autonomy  shared decision- 
making  

techniqual 
skills  

data 
privacy  

B F B F B F B F B F B F B F B F   

1 1             
1  1                                                                                              

1                                

1                       
1        1 

1                  
1  1                            

1  1   1                   
1 1                                                                                     

1                                      

1 1   1            
1       1                                                                  

1                      

1 1               
1  1         1                                  

1                                                   

1                                    

1                                                            

1                           
1     

1      1 1         
10  5  4  1  2  0  0  1   

1  1  2  2  1  3  2  1  
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addressing vagueness and uncertainty in rule eligibility criteria by 
explicating the implicit expert knowledge (Sesen et al., 2014). Further, 
usage of information standards can solve the problem of limited inter-
changeability of data between various CDSSs and the electronic health 
record (Bouaud et al., 2014; Ebben et al., 2022; Eccher et al., 2014; 
Hendriks et al., 2019; Keikes et al., 2021; Macchia et al., 2022; Redjdal 
et al., 2020; Rossille et al., 2005; Sesen et al., 2014). 

3.7. Barriers and facilitators per CDSS 

Based on the most frequently reported categories of barriers and 
facilitators for CDSS implementation, we evaluated for each CDSS which 
of those categories have been explicitly addressed or not by the authors 
(Table 2). WFO is not addressing the categories usability, information 
standard and interoperability. Further, WFO is not solely based on 
guidelines, but also on expert opinion of one tertiary hospital in the USA, 
impeding localized use of WFO in other countries. OncoDoc2 has been 
extensively studied but has never been validated outside the hospital 
group of Paris. Oncoguide is a more recent developed CDSS requiring 
manual data entry and interoperability of the system with the electronic 
health record to facilitate implementation. For all CDSSs, patient pri-
vacy is an issue that needs to be addressed. This point was mentioned 
both as a barrier and a facilitator (Redjdal et al., 2020; Zhou et al., 
2019). 

3.8. A CDSS implementation model 

Based on all barriers and facilitators identified (Fig. 2; supplemental 
tables C and D), we composed an implementation model that captures 
the balance of most important factors to consider for implementing a 

CDSS for real-time MDT decision support (Fig. 3 and Table 2). Although 
some factors were mentioned more often than other ones in the included 
studies, all of them are important and need to be addressed. 

The input of a CDSS (i.e. analytic validity) is clinical data (patient 
and tumor characteristics), that need to be real-time available and ac-
curate. These data (originating from radiology reports, pathology re-
ports, standardized / synoptic reporting in electronic health records) 
should be interoperable with the CDSS and lead to a valid recommen-
dation. On the output level (i.e. clinical validity), CDSS usability and 
transparency is essential key for clinicians to use the system and trust the 
generated recommendations. As CDSSs cannot take into account clini-
cians’ and patients’ preferences, it is important that the theoretical 
treatment options generated by the CDSS can be explainable tailored to 
each specific patient during MDT meetings. The CDSS should generate 
recommendations that are locally available and feasible. Ultimately, the 
MDT must determine which recommendations are in the best interest of 
the patient and, if applicable justify when deliberate guideline de-
viations are made. 

To warrant a balance between CDSS input and output, three factors 
are important: (1) CDSS maintenance (e.g. timely updating the CDSS 
when new guidelines / evidence becomes available); (2) using an in-
formation standard to prevent vagueness and to facilitate usage of the 
complementarity of guidelines; (3) to secure data privacy (CDSSs are 
medical devices for which CE certification is mandatory). 

4. Discussion 

This is the first review focusing explicitly on CDSSs for multidisci-
plinary team decision-making in solid cancer. In the 44 included studies 
in our scoping review, only four CDDSs have been studied more 

Fig. 3. A CDSS implementation model. The left side of the scale reflects the analytic validity of the input of the CDSS: necessary data for the CDSS need to be 
available, accurate and interoperable between data sources (e.g. electronic health records) and the CDSS. The generated recommendations by the CDSS need to be 
valid (e.g. they should adequately adhere to the reference database of the CDSS such as a guideline). The right part of the scale represents the clinical validity of the 
CDSS: is the CDSS usable and transparent? Can preferences of the MDT and the patient be integrated? Are the generated recommendations of CDSS locally feasible in 
the clinic? The bottom of the scale shows the prerequisites for sustainable CDSS implementation: the maintenance (i.e. governance, regular updating the CDSS), an 
information standard (to preserve that the right data are processed at the input level of the CDSS) and data privacy (to comply with international standards like the 
General Data Protection Regulation). And "clinical utility" at the very bottom reflects the validity of the CDSS as a whole. 
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intensely with three or more publications on the same CDSS: WFO, 
OncoDoc2, GL-DSS and Oncoguide. Importantly, these CDSSs are not 
implemented yet in a broad sense in the clinical workflow. Based on the 
many barriers and facilitators for CDSS implementation identified in this 
review, a compact theoretical model has been composed aiming to 
promote and support CDSS implementation. This model visualizes the 
balance between analytic and clinical validity with a solid basis of utility 
and may guide further development and implementation of CDSSs in the 
clinical workflow at the MDT level. Further studies are warranted to 
evaluate the usability of this CDSS implementation model. 

Factors undermining implementation of CDSS use during MDT 
meetings are missing data, not easily reusable data (lack of interopera-
bility of a CDSS and the electronic health record) and data of which a 
standardized definition (information standard) is lacking. Many CDSSs 
use manual data-entry which is error prone. Moreover, data collection 
should not be time consuming, trustworthy and the CDSS should be able 
to deliver real-time support (Janssen et al., 2018). Software solutions are 
needed for incorporation of real-time decision support in clinical 
workflow (Nabhan and Feinberg, 2017). Ideally, a CDSS should import 
relevant (standardized) data from the electronic health record auto-
matically and uses these error-free copied source data for 
decision-support. This also contributes to the transparency of a CDSS, 
which is important for clinicians to trust the system. In this context, 
rule-based CDSSs are more intuitive for clinicians to understand 
compared to systems using machine learning techniques (Bradley et al., 
2019). For each CDSS counts that the system should be safe to use in 
terms of patient privacy and data security (Zhou et al., 2019). 

Besides the more technical issues, a major concern is the mainte-
nance process of a CDSS to ensure the CDSS uses the most recent 
guideline update. Most CDSSs refer to local and/or (inter)national 
clinical practice guidelines regarding the generated recommendations. 
Guideline committees can validate a CDSS when a system is referring to 
their (updated) guideline. The rule-based CDSS Oncoguide is an example 
of this (Hendriks et al., 2019). More challenging are CDSSs that use more 
knowledge bases, like WFO. The latter is based on database training with 
patients treated in a tertiary hospital in the USA and WFO does for 
instance recommend systemic therapy options that are not reimbursed 
or available in other countries or recommend treatment options that are 
not feasible locally (Choi et al., 2019; Kim et al., 2019, 2020; Lee et al., 
2018; Lin et al., 2016; Somashekhar et al., 2018; Tian et al., 2020; Zhao 
et al., 2020; Zhou et al., 2019; Zou et al., 2020). Further, it is important 
to assess the clinical utility of a CDSS, preferably by adequate multi-
center validation studies and using both an intervention arm where the 
CDSS is used and a control arm where the CDSS is not used. Importantly, 
development of internationally accepted criteria is needed to assess the 
analytic and clinical validity, the clinical utility and the risk of bias of a 
CDSS. 

The chosen focus on CDSSs for multidisciplinary team decision- 
making in solid cancer is clinically relevant and reviews on this partic-
ular topic were lacking. A limitation of our review is that included 
studies were not systematically scored for methodological quality 
because internationally accepted criteria to assess the risk of bias for 
CDSSs are lacking. Regarding the design of included studies in this re-
view, many suffered from drawbacks such as a retrospective and/or 
single center design and the lack of a control arm. Furthermore, most 
studies evaluating a CDSS were led by the developers of the particular 
CDSS. It turns out that CDSSs were more likely to improve practitioner 
performance in studies where the authors also developed the CDSS 
compared to studies in which the authors were not the developers (Garg 
et al., 2005). Of all included studies in our review, only WFO has been 
studied by authors that were not the developers of the CDSS. 

4.1. Practice implications and recommendations on the model 

To improve CDSS implementation in the clinical workflow to support 
MDT clinical decision-making in daily clinical practice, more guidance 

in CDSS development, implementation and evaluation is needed. Based 
on the identified barriers and facilitators for implementation of CDSSs to 
guide MDTs in solid cancer we recommend clinicians of MDTs, CDSS 
developers, guideline working party members and electronic health 
record suppliers to collaborate and focus on the essential prerequisites of 
a CDSS as shown in the proposed CDSS implementation model. The 
usability of this theoretical model should be explored in future studies. 

With a joint effort, it should be possible to successfully overcome the 
most important outstanding challenges: 1) to make necessary data-items 
for guideline-based decision making available during MDT meeting; 2) 
to promote data accuracy by reusing data from source documents which 
prerequisites; 3) data-interoperability with the electronic health record; 
4) to assess the CDSS validity of recommendations; 5) to improve CDSS 
usability and transparency in such a way that the CDSS is easily real- 
time usable during MDT meetings; 6) to include clinicians’ and 7) pa-
tients’ preferences in the MDT decision reporting; 8) to include the loco- 
regional feasibility in the MDT decision reporting; 9) to warrant CDSS 
maintenance procedures; 10) to reach an internationally accepted in-
formation standard that supports unambiguously guideline develop-
ment; 11) to comply with data privacy regulations; 12) to assess the 
clinical utility of the CDSS. Once these challenges are overcome, the 
data-driven CDSSs can potentially boost electronic health records into 
learning health systems, and potentially leading to growth of real-world 
population-based “big data” that can be analyzed systematically using 
both regular techniques and more modern data analysis techniques such 
as machine-learning. A huge opportunity to bring personalized medicine 
a step further (Walsh et al., 2019). 

The next step involves performing multicenter studies to evaluate the 
effectiveness of CDSS application in daily practice patient care (Oehring 
et al., 2023). As MDT workload is expanding due to increasing number 
of patients and more recommendations in the guideline related to more 
treatment options, implementation of CDSS can help to structure, reuse, 
organize and present data in MDTs to support decision-making and to 
make this process more efficiently (Ebben et al., 2022; Winters et al., 
2021). MDTs are also challenged to apply increasing knowledge 
regarding treatment data to their patients, and artificial intelligence is 
ideally suitable to deal with large amounts of data (Griewing et al., 
2023; Lukac et al., 2023). With a view to broader implementation of 
CDSS in the clinical workflow, it is important that the CDSS to be 
investigated have sufficient clinical utility, analytic validity and clinical 
validity. Future research will elucidate whether such CDSS meet the 
outlined expectations in terms of optimizing recommendation quality, 
alleviating MDT burden, and eventually enhancing care. 

5. Conclusion 

We have shown that only a few CDSSs have been externally validated 
and implemented in daily care. CDSS maintenance, validity of recom-
mendations and interoperability are important facilitators for CDSS 
implementation. Internationally accepted criteria are needed to assess 
the analytic and clinical validity, the clinical utility and the risk of bias of 
a CDSS. Our novel implementation model for CDSS development and 
implementation in the clinical workflow can hopefully fulfill the chal-
lenging aim of supporting oncological MDTs, providing an overview of 
the increasing amount of available knowledge to further generate 
personalized state-of-the-art recommendations for our patients. 
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