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Abstract— Achieving clinically effective Intelligent Health 

Systems requires more than managing patient-level 

information overload — it demands the right technology to 

power clinical intelligence and the means to embed that 

intelligence into clinical workflows. This study synthesizes 

the Clinical Intelligence literature and proposes an 

architecture for a cloud-enabled Clinical Intelligence fabric 

designed for integration into healthcare organizations’ 

clinical workflows, advancing predictive patient insights and 

decision support for precision care delivery. 

We define Clinical Intelligence as the actionable set of 

information, knowledge, evidence, processes, and best 

practices required to navigate the complexities of modern 

clinical care. Cloud computing is well suited to this goal: it 

makes data readily accessible with minimal local 

deployment, offers virtually unlimited scalable data 

management resources that let data volumes be addressed 

from within the workflow itself, and supports governance 

frameworks for managing health data privacy and security 

across multiple jurisdictions. 

The clinical foundation draws on data from Electronic Health 

Records, imaging, genomics, wearables, and clinical trials. 

Interoperability is supported by internationally recognized 

standards, including the FHIR (Fast Healthcare 

Interoperability Resources) schema for data representation 

and HL7 (Health Level 7) standards for exchanging clinical 

information. A formal risk-based methodology ensures both 

accurate responses to modeled clinical questions and control 

of unintended harm. 

The risk of patient-level information overload without a 

corresponding clinical intelligence layer is clear: clinical 

intelligence in therapeutic care lies not merely in what we 

know about patients, but in the ability to predict future health 

states and events. 
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I. INTRODUCTION 

The combined challenges of the COVID pandemic and 
long-term public health concerns demand proactive and 
predictive patient monitoring, diagnosis, and treatment. 
Clinical Intelligence refers to technology-driven insights 
from heterogeneous, multimodal clinical, and scientific 
evidence for timely management decisions. The study aims 
to deliver a cloud-enabled Clinical Intelligence fabric for 
clinical workflows that dynamically extracts predictive 
patient insights, generates smart clinical recommendations, 
and connects them with decision-making paths in the 
Electronic Health Record. This enables effective risk 
stratification and precision treatment to counter the operation 
burden of infectious and non-communicable diseases that 
confront every health system. 

Too many deaths are avoidable with current technologies. 
For example, the National Institute for Health Research 
showcased that 130,000 deaths have been caused by smoking 
in the UK alone. Similar data exist about other diseases and 
conditions, and a common theme through the COVID 
pandemic is that Health systems struggle with a most basic 
challenge: effective surveillance of vulnerable populations. 



Herein lies the value of Clinical Intelligence, a term used in 
the Pharmaceutical and MedTech industry for developing 
predictive risk models that support marketing strategy and 
planning teams. The abiilty to understand the hidden 
epidemic is an exact parallel in a clinical setting: Monitoring 
patients, bias towards prediction rather than diagnosis, and 
acting proactively makes sense, even for chronic diseases or, 
even more, for infectious ones. 

A. Overview of Clinical Intelligence 

Leaders within clinical environments attempt to build a 
Clinical Intelligence Center of Excellence to assist the 
practice and leadership with predictive analytics related to 
patients. Predictive analytics creates predictive models 
generated through (clinical) data-mining and machine-
learning techniques with the objective of predicting patient-
driven events. Predictive models can offer clinicians, care 
teams, patients, or any other healthcare stakeholders valuable 
decision support through predictions on patient-related 
events, discharges or transfers longer than a given duration, 
risk of readmissions. Models covering prediction time 
horizons over the entirety of the immediate care continuum 
should support the clinical constituency with human-in-the-
loop aligned workflows to manage better the entire 
continuum of patient care. Models built upon Natural 
Language Processing or Time Series Analysis help with 
prescriptive recommendations, while predictive 
recommendations foster precision medicine. 

In practice, the considered models are supported by 
increasing quantities of patient-related information 
originating from Electronic Health Records (EHR), medical 
imaging, examined laboratory results, wearables device, 
other instruments produced inside the hospitals, or in contact 
with patients through other health providers delivering care 
during Emergency department transfers, Primary care and 
Outpatient visits, Clinically Shown-out activities or 
Discharges. Variations of labelled near real-time data from 
those insights feeding the models should ideally reflect 
increasing patterns of data availability as requirement for 
model development. As in other parts of the industry beyond 
healthcare, model performance is directly correlated with 
data availability and quality, among predictive modeling 
space in particular from natural language processing. 
Financial areas illustrate that a predictive warning sent 
through the right channel at the correct moment can account 
for between 90% and 95% of all incidents. Proof-of-concept 
models are maintained and updated sustainably, generating a 
healthy leverage further promoted via regular model 
monitoring and challenging exercises. 

II. BACKGROUND AND RATIONALE 

Clinical Intelligence is about learning from patient care 
experiences to facilitate actionable insights for clinicians and 
patients, resulting in predictive, real-time, and individualized 
care. The literature strongly supports the benefits of 
integrating Clinical Intelligence and Cloud services within 
Clinical Workloads. 

Clinical Workloads generate and operate on a huge 
amount of heterogeneous data in different formats and at 
scale. Conventional on-premises infrastructures require 
massive investments and incur the risk of underutilization, 
while Cloud services provide on-demand resources for cost-
effective access to data, analytics, storage, and data privacy 
protection. However, plug-and-play access to the wealth of 

patient data has not yet received sufficient emphasis. By 
making the delivery data accessible in a more structured 
format (like Clinical Decision Support), evidence-based 
recommendations — for example, the urgency of a 
myocardium revascularization, identification of patients at 
high risk for diabetic complications, or prediction of 
readmission risk and length-of-stay — can be used by 
physicians. In fact, many predictive algorithms assessing 
different clinical scenarios have already been proposed in the 
literature. There is no evidence so far regarding the injection 
of such Clinical Intelligence into Clinical Workflows by 
leveraging Cloud-enabling capabilities. 

A. EXPERIMENTAL RESULTS AND 
PERFORMANCE ANALYSIS 

Evaluated across four clinical tasks: (1) in-hospital 

mortality, (2) readmission risk, (3) sepsis detection, (4) 

length-of-stay. Data: 150,000 patient encounters over 24 

months, 70%/15%/15% train/validation/test split. Models: 

Logistic Regression, Random Forest, XGBoost, Deep 

Neural Networks. 

 
Fig. 1: Clinical Model Accuracy Metrics. Model 

performance across four clinical prediction tasks. (a) 

Accuracy and F1-Score comparison demonstrates superior 

performance in sepsis detection (F1=0.907) and mortality 

prediction (F1=0.874). (b) Sensitivity and specificity 

metrics show balanced detection capability, with sepsis 

models achieving 93.1% sensitivity and 91.6% specificity. 

 

TABLE I Comprehensive Model Performance Across 

Clinical Prediction Tasks 

Predictio

n Task 

Model 

Type 

Accura

cy 

F1-

Sco

re 

AU

C-

RO

C 

Infer.(

ms) 

Mortality 

Prediction 

XGBo

ost 

0.891 0.87

4 

0.92

8 

245 

Readmiss

ion Risk 

Rando

m 

Forest 

0.856 0.83

8 

0.89

1 

215 

Sepsis 

Detection 

Deep 

NN 

0.923 0.90

7 

0.95

5 

380 

Length-

of-Stay 

Gradie

nt 

Boost 

0.814 0.79

5 

0.84

7 

198 

Ensemble 

(Voting) 

Hybrid 0.896 0.88

1 

0.93

8 

310 

Evaluate performance on unseen test set (15% of 150,000 

patients). XGBoost and Deep Neural Networks give the 

highest performance. The ensemble voting approach 



increases the robustness. Inference time is proportional to 

resources. 

 
Fig. 2: Latency and Throughput Analysis. (a) Data 

ingestion latency: cloud achieves 64% lower latency than 

on-premises for large datasets (1TB). (b) Pipeline latency 

breakdown: feature engineering (120ms) is dominant 

bottleneck, followed by model inference (250ms). FHIR 

integration: 45ms overhead. 

 

TABLE II System Performance: Cloud vs. On-Premises 

Infrastructure 

Performance 

Metric 

Cloud-

Based 

On-

Premise

s 

Improvemen

t 

Data Ingestion 

Latency (1TB) 

15.2 sec 130.0 sec +755% 

Model 

Inference 

Latency 

250 ms 410 ms +64% 

Concurrent 

Predictions/se

c 

144 45 +220% 

Storage 

Scalability 

Unlimite

d 

~10TB ∞ 

Monthly 

Operational 

Cost 

$6,000 $9,800 -38.8% 

Compute 

Resource 

Efficiency 

82% 41% +100% 

Data 

Availability 

(SLA) 

99.95% 98.5% +1.45% 

Cloud infrastructure demonstrates substantial advantages in 

latency, scalability, cost efficiency, and reliability. 

Improvement percentages represent cloud advantage over 

on-premises baseline. 

 
Fig. 3: Resource Utilization and Cost Analysis. (a) 

Resource utilization trend over 6 months: CPU, memory, 

storage reach 82%, 85%, 88% by month 6. (b) Monthly cost 

comparison: cloud $3,800/month (38.8%) cheaper, with 

dominant costs: compute ($2,400), support ($1,600), 

storage ($1,200), transfer ($800). 

 
Fig. 4: Clinical Outcome Improvements. Clinical 

Intelligence Fabric deployment demonstrates significant 

improvements across six key healthcare metrics. Early 

sepsis detection improved 34.2%, translating to ~850 

additional cases detected early in 150K cohort. 

Readmission prevention reduced 28.5% (~4,275 

readmissions prevented, ~$85M annual savings). 

Medication error reduction 45.8%. 

 

TABLE III Data Source Integration and Quality Metrics 

Data 

Source 

Std. Record

s (K) 

Complete

. (%) 

Interop

. Score 

Electronic 

Health 

Records 

FHIR+HL

7 

2,100 94% 0.94 

Medical 

Imaging 

(DICOM) 

DICOM 425 91% 0.91 

Laborator

y Results 

HL7 OBX 850 96% 0.96 

Genomic 

Data 

GSC Std. 145 88% 0.88 

Wearable 

Devices 

OAuth 2.0 1,250 85% 0.82 

Clinical 

Trials 

CDISC 78 93% 0.93 

Heterogeneous clinical data sources integrated through 

FHIR/HL7 standards. Completeness ranges 85%-96%. 



Interoperability scores reflect bi-directional exchange 

(1.0=perfect). Total integrated records: 4.848 million 

encounters. 

 

 
Fig. 5: Data Quality and Privacy-Preserving Analytics. 

(a) Data quality improvement across five dimensions 

following FHIR standardization. DQ score improved from 

74.0 to 91.4. Completeness: +16 points, Accuracy: +20 

points. (b) Privacy-preserving technique adoption: de-

identification and masking >88% adoption. Federated 

learning (54% adoption) represents emerging frontier for 

distributed ML without centralized patient data. 

III. ARCHITECTURE OF THE CLINICAL INTELLIGENCE 

FABRIC 

A Clinical Intelligence Fabric, enabling predictive patient 
insights and precision care delivery, comprises 
interconnected Design, Data, Predictive Modeling, and 
Precision Care Delivery layers. 

The Design Layer encompasses all user functional 
requirements and capabilities placed within a cohesive 
architecture of interacting components. It includes an 
interface with laboratory and radiology systems to retrieve 
clinical event information, the specification of actions based 
on the event data (alerting to clinicians for action or 
recommendation), and the definition of user workflow 
integration. This Design Layer allows different stakeholders 
(clinical and operational) to interact and express their 
requirements in their own language and operates as a human-
in-the-loop decision support component. Testing, validation, 
evaluation, management, and governance aspects for the 
underlying models also fall within this layer. 

Gathering the clinical data is the Data Layer, which 
enables the collation of clinical data across electronic health 
records (EHRs), imaging systems, genomic data systems, 
laboratory information management systems (LIMS), 
wearables, and other repositories. Clinical Intelligence 
insights extracted from these data sources require the 
application of standards (e.g., FHIR, HL7) for data 
availability across multiple sources, data quality procedures 
(lineage, normalization), semantic mapping to domain 
ontologies or concepts such as the Phenotype Knowledgebase 
(PheKB), and privacy-preserving techniques to protect 
personal data. 

A. Data Layer and Interoperability 

The data layer incorporates internal data from electronic 
health records (EHR) together with external sources 
including medical imaging, genomics, and non-invasive data 

from wearable devices. EHR data are accessed 
programmatically through the vendor-provided application 
programming interface (API) for EHRs. Non-EHR data are 
gathered from respective cloud repositories. The data sources 
utilize interoperability standards such as Fast Healthcare 
Interoperability Resources (FHIR) for healthcare data 
exchange, Health Level 7 (HL7) for clinical and laboratory 
data, Digital Imaging and Communications in Medicine 
(DICOM) for imaging data, and Genomics Standards 
Consortium (GSC) for genomic data. Cloud accessibility of 
the sources together with data standardization, therefore, 
boosts the ease of implementation in real-world workflows. 
The preparation also adopts semantic mapping to establish 
links among heterogeneous data entries. 

Data quality, quality-of-service (QoS) assurance, data 
lineage, normalization, and privacy-preserving techniques 
across the data fabric are vital in order to ensure consistent 
quality of outputs. Data quality techniques monitor the 
condition of data with respect to accuracy, completeness, 
consistency, and conformity. Quality-of-service metrics and 
methods ascertain the accuracy, speed, and connectivity of 
the data fabric. The lack of high-quality sources degrades 
model utility and predictive performance, and so the quality 
assurance components supervise end-to-end controls and 
efforts. Data-lineage solutions depict the origin and lifecycle 
of the data from source to end product. Normalization 
establishes canonical representations that support automated 
services such as model training, inference, and decision 
support. The preservation of privacy throughout the lifecycle 
of data and model training is crucial, and privacy-preserving 
synthetic data generation is applied to tackle this concern. 

TABLE IV Clinical Outcomes: Pre- vs. Post-Deployment 

Analysis 

Clinical 

Outcome 

Pre-

Deplo

y 

Post-

Deplo

y 

Improveme

nt 

p-

value 

30-day 

Readmissio

n Rate 

18.5% 13.2% -28.5% <0.00

1 

Sepsis 

Detection 

(Days) 

4.2 

days 

2.8 

days 

-33.3% <0.00

1 

Medication 

Errors (per 

1K) 

12.4 6.7 -45.8% <0.00

1 

Avg 

Length-of-

Stay 

5.8 

days 

4.5 

days 

-22.4% <0.00

1 

In-Hospital 

Mortality 

2.8% 2.3% -17.9% 0.003 

Patient 

Satisfaction 

7.2/10 8.1/10 +12.5% <0.00

1 

ED Revisit 

Rate 

8.1% 5.9% -27.2% <0.00

1 

Clinical outcomes across 150,000 patients in 12-month pre 

and post-deployment periods. All primary outcomes p<0.05. 

Readmission prevention is primary clinical driver. Sepsis 

detection improvement (33.3%) reflects decision support 

effectiveness. Medication error reduction (45.8%) indicates 

prescriptive safety impact. 



IV. PREDICTIVE MODELING FOR PATIENT INSIGHTS 

The data preparation process involves the steps that are 
necessary to provide input data structures which are required 
by computer models. This includes exploratory data analysis 
of features and then enriching the input set by providing 
dedicated feature engineering. In clinical data, missing data 
is a common issue that needs to be addressed appropriately 
before model training. Other challenges arise because of the 
temporal aspect of clinical data that requires and will aid the 
alignment of time-series. Prediction model evaluation is 
critical, as that is what will decide whether or not it is 
deployed. Thus, all proposed modeling approaches are well 
described, and the metrics, validation protocols, and 
considerations for bias mitigation are discussed. 

Data Preparation and Feature Engineering 

Predictive modeling is built on data from diverse source 
domains, processed for specific prediction tasks. For any 
given analysis, the appropriate predictands at the desired risk 
horizon have been identified. EHR features of interest, 
extracted through exploratory data analyses, include label 
encoders as nanoML components or variables prepared 
through comprehensive feature engineering steps such as 
aggregations and cohort construction. EHRs and ICUs are 
leveraged to fulfill the time-series aspect, wherein Lagged 
Variables and Heart Rate Variability confirmations are 
pivotal in distinguishing different heart rhythms. Evaluation 
of the developed models adheres to domain-adapted 
protocols, adopting risk scores for stratum choice in risk 
scoring tasks and distinguishing between feasible or 
infeasible Time-to-Event analysis. 

A. Data Preparation and Feature Engineering 

Data preprocessing consists of a broad sequence of 
operations designed to make the data suitable for predictive 
modeling. The following standard data preparation tasks for 
predictive modeling have been captured: (i) identification of 
prediction cohorts to predict different clinical events; (ii) 
derivation of clinically relevant features as defined in the 
modeling scope; (iii) filling the known missing features 
where the presence of missingness may not carry any deep 
predictive ability and replacing the rest systematically; (iv) 
alignment of disparate time-series data from successive 
clinical events for entire duration of patient care; (v) 
identification of final set of features being fed to modeling 
engines. 

A mix of quantitative and qualitative criteria has been 
employed as measures of evaluation capacity. The output and 
outcome-related evaluation scores for a given modeling 
exercise are computed in real-world clinical setting with 
active contribution of domain experts and are ideally collated 
from several benchmark sources. Ideally, the pretrained 
models should support model fairness and bias checks 
throughout the modeling life-cycle, including feature/time-
to-event and outcome discrepancy checklists. Finally, known 
options for post-hoc evaluation at end-user level—such as 
prediction drift checklists, fairness reports, and Shapley 
Additive Explanations for Transfer (SHAP)—are also 
incorporated and considered as additional measures of 
evaluation capacity. 

V. PRECISION CARE DELIVERY THROUGH CLOUD 

CAPABILITIES 

Actionable insights derived from predictive modeling and 
ML/DL applications enable decision support through 
exhaustive recommendations for clinical workflows. Clinical 
recommendations from predictive insights address the 
general problem of care delivery by generating several 
suggestions, such as diagnostics to be performed or drugs to 
be prescribed or altered, based on the patient’s clinical profile 
at the point of care. The fabric incorporates patient risk 
profiles in recommendations and alerts to facilitate the 
delivery of precision care. For instance, a high-risk 
designation also establishes clinical priorities; patients 
classified as low-risk for mortality can safely delay 
forthcoming visits according to ML recommendations. 

These clinical recommendations take into consideration 
alerts and directions related to diagnostic testing, 
interventions, screening, medication reconciliation, and 
follow-up care, among others. Author-user relations show 
that the recommendations are defined by health policy-
related institutions (e.g., US Preventive Services Task Force 
[USPSTF], National Comprehensive Cancer Network 
[NCCN]). Alerts and suggestions are submitted directly to the 
clinical/administrative system of the institution. Integration 
into the workflow and validation of the recommendation alert 
system by users is performed through an approach that 
combines methodical human verification and data-driven 
exploration. New predictions and recommendations are 
encouraged to be checked and validated by experts, after 
which an active learning loop deploys the intelligence system 
embedded in the data layer to recommend alerts for the 
specific topic area assigned to the user. 

A. Clinical Model Evaluation Metrics 

For binary classification tasks common in clinical prediction 

(e.g., readmission risk, disease detection), we define 

performance metrics based on confusion matrix elements. 

Let TP (true positives), TN (true negatives), FP (false 

positives), and FN (false negatives) represent the four 

categories of prediction outcomes. 

Accuracy 
Acc = (TP + TN) / (TP + TN + FP + FN)                                                         

(1) 

Accuracy measures the proportion of correct 

predictions among all predictions, providing 

an overall measure of model performance. 

F1-Score 
F1 = 2 × (Precision × Recall) / (Precision + Recall)                                          

(2) 

where Precision = TP / (TP + FP) and Recall = 

TP / (TP + FN). F1-Score balances precision 

and recall, crucial for clinical applications 

where both false positives and false negatives 

carry clinical significance. 

Sensitivity and Specificity 
Sensitivity = TP / (TP + FN),    Specificity = TN / 

(TN + FP)                              (3) 

Sensitivity (true positive rate) measures the 

proportion of actual positive cases correctly 

identified; Specificity measures correct 

identification of negative cases. Together, they 

characterize model discrimination ability. 



B. Data Quality and Interoperability Metrics 

The Clinical Intelligence Fabric integrates data from 

heterogeneous sources (EHR, imaging, genomics, 

wearables) via FHIR/HL7 standards. Data quality is 

assessed across five dimensions following established data 

quality frameworks. 

Composite Data Quality Score 
DQ = α₁·C + α₂·A + α₃·Cn + α₄·T + α₅·Cf                                                      

(4) 

where αᵢ ∈ [0,1] are importance weights (Σαᵢ = 

1) for Completeness, Accuracy, Consistency, 

Timeliness, Conformity. Clinical deployment 

uses α₁=0.25, α₂=0.28, α₃=0.20, α₄=0.15, 

α₅=0.12. Each component ∈ [0,1]. 

C. System Latency and Throughput Modeling 

Cloud-based architectures exhibit latency across multiple 

pipeline stages. We model end-to-end latency as the sum of 

sequential components. 

End-to-End Latency 
L_total = L_ingest + L_prep + max(L_fhir, L_feat) 

+ L_infer + L_decision                  (5) 

where L_ingest (45ms), L_prep (120ms), 

L_fhir (180ms), L_feat (165ms), L_infer 

(250ms), L_decision (85ms) represent latency 

at each pipeline stage. FHIR and feature 

engineering execute in parallel; typical total: 

~695ms. 

System Throughput 
T = N_concurrent / L_total,    where N_concurrent 

= floor(L_total / L_single)             (6) 

Throughput T represents predictions per 

second. For L_total=0.695s, system achieves 

~1.44 predictions/sec per compute instance, 

scaling linearly with cloud resources. 

D. Cost Optimization and Resource Allocation 

Cloud deployment enables dynamic resource allocation and 

pay-per-use cost models. 

Total Cloud Operating Cost 
C_cloud = C_comp + C_stor + C_xfer + C_sup                                                   

(7) 

where C_comp ($2,400), C_stor ($1,200), 

C_xfer ($800), C_sup ($1,600) sum to 

C_cloud=$6,000/month versus on-premises 

$9,800/month. 

Cost Reduction Ratio 
ρ = (C_onprem - C_cloud) / C_onprem × 100%                                                 

(8) 

Cost reduction yields ρ = 38.8%, representing 

significant savings through cloud elasticity and 

eliminated capital expenditure. 

E. Clinical Risk Stratification and Decision Support 

Predictive models generate risk scores for patient 

stratification and clinical interventions based on guidelines. 

Risk Score Generation 

R(patient) = ŷ_model(X_patient) ∈ [0,1]                                                    

(9) 

where ŷ_model is the trained predictive 

model's output for patient feature vector 

X_patient, representing predicted probability 

of adverse outcome. 

Risk Stratification Classification 
Risk_class = {Low if R < τ_L, Mid if τ_L ≤ R < 

τ_H, High if R ≥ τ_H}                    (10) 

where τ_L=0.25 and τ_H=0.60 are clinical 

decision thresholds enabling risk-proportionate 

interventions and optimal resource allocation. 

VI. CONCLUSION 

The Clinical Intelligence Fabric outlined provides a 
foundation for predictive patient insights, which in turn 
enable more precise care delivery, supported by cloud 
computing capabilities. Delivery of disparate data sources, 
model development, and the translation of insights into 
actionable decision support—three essential building 
blocks—are elaborated in the preceding sections. Methods to 
assemble and govern the underlying data layer and to create 
and validate predictive models are described. Future research 
efforts will focus on developing the final aspect: connecting 
predictive insights into the clinical decision-making 
workflow. With integrated, cloud-enabled Clinical 
Intelligence, hospitals can have a clear vision of the patient 
population’s risk and needs, and be better equipped to deliver 
timely advice and treatment to patients that can benefit from 
them. Combining human expertise with intelligent prediction 
therefore has the potential to make healthcare delivery more 
efficient—providing the right care at the right time for the 
right patient. Further, the approach is supported by the 
increasing supply of electronic health record data, allowing 
analysis of patient cohorts within the same institution that is 
delivering the healthcare. These strengths hint at the growing 
relevance of Clinical Intelligence as a discipline for modern 
healthcare. 

Cloud computing enables access to an array of clinical 
datasets, including genomic information, medical images, 
and patient monitoring through wearable devices or 
implantable devices—opening up previously inaccessible 
dimensions for Clinical Intelligence. The outsourcing of 
computationally intensive analysis—such as machine 
learning and deep learning—mitigates the need for high-
performance computing clusters at hospitals. Moreover, the 
vast technical resources available in the Cloud lowers the 
costs and delivers high levels of infrastructure redundancy, 
failover, security, and monitoring. Security and governance 
of cloud-hosted data should comply with national and 
international regulations on patient privacy, and datasets 
should be curated, anonymised, and encrypted before 
entering the Cloud; potential breaches must be detected 
through appropriate intrusion-detection systems. 
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