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“Healing is a matter of time, but it is sometinmaso a matter of opportunity.”

-Hippocrate$

In the “good old days,” Hippocrates narrowed thsibanderstanding of disease and clinical
practice to four “humors”: blood, phlegm, yelloweband black bile. Today, medical practice
takes place in a rapidly expanding realm of an-ehanging knowledge base that makes it
difficult to include all evidence-based informatioabout etiology, epidemiology,
phenomenology, assessment, prevention, treatmedtnere, in day-to-day patient care.
This is made more challenging by the complexity gnowing interest in “personalized
medicine” and “precision medicine.” While some @ians read widely and have prodigious
memories, few of us are able to apply all availapertinent knowledge to our patients’ care.
We do have options. We can revert to the four hgmBetter yet, we can look for modern
technology to support complex clinical practice hwitomputer capacity and artificial
intelligence. These innovative processes have lwegrtured for clinical use in what is

referred to as Clinical Decision Support System3$Ss).

What isa Clinical Decision Support System?

Patient electronic health records (EHRS) are rgaalailable to practitioners but rarely
provide adequate insight into complex clinical aitons intrinsic to psychiatric care,
including how best to address newly-developed Ikgickl frameworks for disorders,
emerging methods for phenotyping symptoms, andtifyery syndrome$. A CDSS can
offer evidence-based guidance by using practicearpetrers, standardized guidelines,
evolving scientific literature, and/or datasets pded from actual experience, assembled in a
scalable informatics framework. Essentially, a CC#fg8esses large amounts of information
and then uses algorithms for matching patient ¢mrdi and phenotypic patterns to the most
relevant recommendations, so as to provide the pedinent information and alternative
actions, at each step in the clinical decision-mgkirocess. A CDSS is not a replacement for
practitioners. It is designed to offer practitiameptimal, individualized, real-time support. A
CDSS allows practitioners to apply compiled evidero that each patient receives efficient,

effective, and customized care at every encouftiter.

Functionality of a Clinical Decision Support System



CDSS architecture typically includes three parts:

1. Knowledge Base the domain of expertise, translated into rulegigien trees, or

process models;

2. Reasoning Engine applies the domain of knowledge to clinical findsngnd the
patient EHR and, then, ranks the advisable cliractibns;

3. User Interface- electronic display that provides alerts, accepisries, and provides
relevant, timely recommendations for the clinic{aee Figure 15

Generally, the Knowledge Base is designed to swvidence from clinical guidelines, patient
health datasets, and the scientific literature. l&Vguidelines can be aggregated and modeled
to provide suggested care pathways, the use ofdaig” in a CDSS requires analytics/data
mining to identify relevant patterns within exteresidata/databasésData from various
patient data sources are mapped into a hierarghtalictured domain of inter-related
concepts. The mapping is done using artificial liiggence (Al)-based and Al-trained
classifiers that identify patterns in patient ditarhe hierarchical care patterns are first
shared with the Knowledge Base before being sethitetdReasoning Engine to be ranked and,
then, delivered to the User Interfaoeassist the clinician.

The care patterns generated by the CDSS are restdetl to be prescriptive. Rather, they
serve as an experience-based process map to predidee and guidance. Prior to
implementation of the CDSS, actively practicinguians will pilot test the system to ensure
it is reliable, valid, and relevant for clinicalgmtice. When the CDSS is integrated with the
patient’'s EHR, the Reasoning Engine sends alefqsampts to the clinician. These prompts,
customized to meet clinical needs during the patscounter (i.e., medication reminders,
etc.), are displayed in the User Interface witlia patient's EHR. The process is activated
when the EHR is opened. De-identified patient imfation is shared with the Reasoning
Engine, avoiding the need for the clinician to mahuinput each patient’s information.
Afterwards, the analysis of the data and relevafurmation are returned to the clinician. In
this way, each patient receives individualized daased on big data analytics while the
patient’s de-identified clinical information coritites to the expansion of the database for
decision-making support. With this type of artificiintelligence, the system’s database
continuously learns and expands in light of treatmeecurrenced? If the CDSS reasoning



engine is not integrated with the EHR, the Useerfatce is either a web or computer/smart

device-based applicatidn.

A CDSS is a dynamic tool that supports clinicalecar real-time. Optimally, it is curated, so
that the generated recommendations for cliniciales“ap-to-date” with the ever-growing
body of scientific evidence and guidelines. Thisdionality assures the CDSS is sustainable

and adaptable for evolving clinical needs and stardards:

Development of Clinical Decision Support Systems

Multiple medical specialties have produced evideabeut CDSS effectiveness, including
medical oncology (i.e., OncoDoc2endocrinology (i.e., CHICAj,and ophthalmology (i.e.,
Google Convolutional Neural Networks)incorporating data-driven decision-making in
child and adolescent mental health services (CAMISS3till relatively novef. One such
approach is théendividualizedDigital DEcision AssistSystem (IDDEAS), a broad-spectrum,
guideline- and data-based CDSS being built to impriiagnosis and treatment of child and
adolescent mental health disorders in Norway. IDBE&es aggregated clinical guidelines,
practice parameters, and clinical care datasets frultiple sources (e.g., patient and user
registries, youth public health surveys, etc.).sTBDSS will be integrated with the patient
EHR (see Figure 1).

The development of a knowledge-based CDSS, augohdntebig data, often occurs as
follows: 1) collecting and validating clinical exddce; 2) modeling for clinical practice; and,
3) aggregating and evaluating big data. Evidenceaton entails compiling relevant
practice parameters, clinical guidelines, and digieriterature, to be held in the Knowledge
Base® Recommendations are shared with practitionersdtidation, prior to modeling and
encoding’ With IDDEAS, community-based child and adolescpsychiatrists, and other
stakeholders, joined the project consortium, engbé collaborative, targeted approach to
validating the Knowledge Base clinical content tgpports clinicians.

Upon validation, all practice parameters and gingsl are encoded as clinical pathway
models, using web ontology language (OWL) and Adduhclassifiers. They are then stored
using decision support software (e.g., Deonticse&uovorks, London, UK) linked to the
Knowledge Basé’ The guidelines are commonly represented as asidectree” in order to

provide step-by-step support through diagnostic eatment decision-makirtd. Al-based



classifiers are selected based on the structuteeoincluded data and the objectives of the
system. A hybrid CDSS, like IDDEAS, uses a mix of-based classifiers, including
machine-learning algorithms (i.e., clustering) fwg data analytics, in order to provide
guidance based on practice parameters and sinailinp cases.

The final step involves aggregating any and allilakke healthcare datasets (i.e.,
demographic data, patient clinical data, laboratdata, imaging data, etc.) within the
Knowledge Basé. IDDEAS, for example, utilizes rich datasets dedivefrom
multidisciplinary EHRs, accrued over the past dedaylthe Norwegian National Association
of Child and Adolescent Mental Health. Because psydc health data are often
inaccessible, access to aggregated health datagelises compliance with ethical clearance
and data protection parameters. Once approvede@ds are de-identified before sharing
with the Knowledge Base and Reasoning Engine.

Reliability and utility of the CDSS in practice avéien evaluated using fictional patient case
examples and clinical focus groups; this ensurasttie Knowledge Base provides sufficient
evidence for the Reasoning Engine to rank and oéfavant recommendatioR<linicians
must be able to quickly view and interpret CDS®nemendations while feeling assured that
their queries receive appropriate, timely responséhis makes the design and
implementation of the User Interface critical. Tilwtional patient case examples can be used
to test how well the system addresses cliniciangrigs, based on both the patient's needs
and the evidence in the Knowledge B3se.

For IDDEAS, a patient-oriented design is importantsystem development as Norwegian
patients have access to their EHRsS, making it pes$or them to discuss their evaluations,
specific diagnoses and treatments with their alamc This level of participation allows the
patient, and their family, to be more involved imeit own care, while also improving

understanding of clinical management and how demssare mad&?

Strengths and Weaknesses of Clinical Decision Support Systems

CDSSs improve patient safety and quality of care rfaltiple medical conditions by
integrating individual patient data and evidencéalbases to facilitate clinical decision-
making? CDSSs can potentially use existing resourcesdwige similar decision support for



CAMHS while providing earlier access to care amtloeng inefficiency, including the costs

of unnecessary testing, misdiagnosis, and suboptiinical managemertt.

While CDSSs have a generally favorable profileksislso exist. The most common
challenges relate to data-availability and confiddity, with the reuse of clinical information
within the systeni. Analysis of individuals’ health data raises comserabout de-
identification of personal health information, r@fug ethical clearance and data access
approval; IDDEAS also adheres to General Data Btiote Regulations (GDPR)Another
significant challenge for CDSS implementation isating a system that is value-added for
the practitioner, user-friendly, and improves cateAl allows the CDSS to consider
assimilation and cultural bias that arises, basethe evident frequency of a treatment, rather
than just clinical validity’® Even the best CDSS may fail if its utility and bisiay do not
directly benefit clinicians. Therefore, practicinfnicians must be included in development,
testing, implementation, and evaluation of each 8DBor IDDEAS, the clinicians are
invited to share perspectives on the CDSS withdcdiild adolescent mental health colleagues
in Norway and beyond, as part of an internationakemination plan for future CDSS

projects’

Conclusion

Hippocrates suggested that we seize the opporttmityprove the care for our patients. In
addition to continuing to use guidelines and eteutr health records, other technological
innovations can improve the effectiveness and iefficy of child and adolescent psychiatry
practice. CDSSs are opportunistic, technologicabvations that aggregate evidence-based
care and valuable clinical wisdom in order to d@gm prevent, and treat psychiatric
disorders in children and adolescents. To seize tgportunity, child and adolescent
psychiatrists, and other mental health professgnalust take a leading role in guiding
prompt development and implementation of CDSSs,improve our efficiency and
effectiveness, as well as to expand our reach. Wdaged with a choiceCarpe Diem?or

Carpe Cras (mafiana)?
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Figure 1. Individualized Digital DEcision Assist System (IEAS)
Note: *EHR= Electronic Health Record; OWL=Web Owigy Language;
IDDEAS=Individualized Digital DEcision Assist Syste
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