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Author,  Year, Data sources Type of data Number of Core focus area | Post-implementation challenges

[Ref] warehouse hospitals
identified involved

Priou et al. 2023, (1) | Analysis of whether the CDW can deliver on its | Electronic Health Record | General Data warchouse | Not specified Complexiies of Data | Hospital subsystem integration
promise, based on expert interviews (EHR) Integration
Henley-Smith et al. | Proposed framework for the quality of data in the | EHR General Data warchouse | Not specified Issues in Data Quality | Inconsistent use, incorrect coding due to
2019, 2) CDW for secondary use Management different EHR systems
Wade et al. 2014, (3) | Proposed dimensional bus model to integrate EMR, | Electronic medical Record | General Data warchouse | More than 5 Hospitals/ | Challenges in Decision | Improve query formulation and execution time
sponsored study and biorepository data. (EMR) Clinies Support Quality
Sebaa et al. 2017, (4) | Developed a decision support system for medical | General clinical or health | General Data warchouse | More than 5 Hospitals/ | Concerns in Data Data protection and privacy policies in the
resource allocation in Bejaia. data Clinies Privacy and Security | different regions
Baghal et al. 2019, (5) | Proposed a graph model for visualizing and EMR: Acute kidney injury | Specialised data warehouse | One Hospital only Challenges in Decision | The traditional relational model lacks aglity
exploring acute kidney injury (AKD) entitis. (AKI) related (Image based data) Support Quality and scalability for evolving data needs.
Atay et al. 2020, (6) | Development of a clinical data warchouse for lung | Prostate, lung, colorectal, | Specialised data warchouse | United States National | Challenges in Decision | Effective decision-making remains challenging.
cancer data and ovarian (PLCO) data Cancer Institute Support Quality
Ritzwoller et al. 2014, | Assessing the accuracy of treatment data in the | Tumor Registry data Specialised data warchouse | More than 5 Hospitals/ | Issues in Data Quality | Lack of published validation studies assessing
%) Cancer Research Network's Virtual Data Warchouse Clinics Management the quality of automated data
(VDW)
De Assis Vilcla et al. | Suggested real time extract, transform and load | General clinical or health | General Data warchouse | Not specified Complexities of Data | Dealing with data collection frequency
2023, (8) (ETL) into the data warehouse data Integration
Freund et al. 2014, | Use data warchouse technology to characterise | EMR General Data warchouse | More than 5 Hospitals/ | Concerns in Data Limited support for medical resource allocation.
an medication use across age groups. Clinics Privacy and Security
Puppala et al. 2016, | A focus on the issue of data protection and data | EHR General Data warchouse | One Hospital only Concerns in Data Data privacy concern
12) security in the CDW Privacy and Security
Nobles et al. 2015, (13) | EHR data quality assessment for secondary analysis | EHR General Data warchouse | More than 5 Hospitals | Issues in Data Quality
Management
Neamah, 2020, (14) Integration of different sources of EHR data EHR General Data warehouse Not specified Challenges in Decision | Data integration
Support Quality
Krause et al. 2015, (15) | Faciltate health planning by building and General clinical or health | General Data warchouse | More than 5 Hospitals/ | Complexities of Data | Data has historically been held in data silos and
coordinating infrastructure, capacity, tools, and | data Clinics Integration not easily shared.
resources.
Khan et al. 2015, (16) | Explores health data warehousing and mining in | General clinical or health | General Data warchouse | More than 5 Hospitals/ | Complexities of Data | Unstructured Data Integration Issue
Bangladesh. data Clinics Integration
McGlothlin et al, | Using an enterprise data warchouse and business | EHR General Data warchouse | One Hospital only Challenges in Decision
2016, (17) intelligence tools to improve clinical outcomes Support Quality
Wood et al. 2016, (23) | Building a data warchouse of patients undergoing | Obesity related EHR Specialised data warchouse | Geisinger Bariatric Complexities of Data | The availability and integity of different types
Roux-en-Y gastric bypass (RYGB) surgery (Obesity) Surgery clinical program | Integration of data in EHRs can vary widely.
Abouzahra et al. 2014, | Framework for Integrating EHR Data to Enhance | EHR General Data warchouse | More than 5 Hospitals/ | Complexities of Data | EHR Interoperability and Information Overload
a8) Clinical Decision-Making Clinics Integration Challenges
Baghal, 2019, (24) | Enhances DW analysis using NLP for pathology | EMR: Clinical reports, | Specialised data warehouse | Not specified Challenges in Decision
documents. Pathology reports (Text based data) Support Quality
Teixeira t al. 2015, | Proposed DW for medical image management | Image data, such as brain | Specialised data warehouse | Not specified Challenges in Decision
©3) images (Image based data) Support Quality
Shin et al. 2014, (19) Characterise the issue of CDW implementation General clinical or health General Data warehouse More than 5 Hospitals/ Challenges in Decision | Efficient CDW implementation remain
data Clinies Support Quality undefined.
Artemova et al. 2021, | Established a COVID-19 data warchouse for daily | COVID-19 data Specialised data warehouses | One Hospital only Challenges in Decision | Addressing challenges for hospitals and city
©6) spatial-temporal monitoring. Support Quality administrations.
Agapito et al. 2020, | Proposed a COVID-19 Data WAREHOUSE COVID-19 data Specialised data warehouse | Not specified Challenges in Decision | Addressing COVID-19 data integration issues.
@ Support Quality
“Scheer et al. 2020, (28) | Proposed a new method for monitoring ICU Intensive care units (ICUs) | Specialised data warehouse | More than 5 Hospitals/ | Challenges in Decision | Intensive care units (ICUs) are under constant |
transfers using a data warehouse. related data Clinics Support Quality pressure to balance capacity
Faridoon et al. 2022, | Proposed an advanced data privacy management | General clinical or health | General Data warchouse | Not specified Concerns in Data Handling sensitive health data
o) architecture data Privacy and Security
Ren et al. 2018, (21) | Proposed an ontology-based method for medical | EMR General Data warchouse | Not specified Complexities of Data | Medical data sources face diverse types, large
data warehouse to prevent semantic heterogeneity. Integration volumes, and lack associations.
Karami etal. 2017, | Established CDW to reduce the incidence of disease, | General clinical or health | General Data warchouse | Not specified Challenges in Decision | Evaluate disease management programs
@) improve patient care data Support Quality affecting patient quality of lfe.
Grammatico-Guillon | Evaluates data warchouse use for pacdiatric Antibiotic Prescribing Data | Specialised data warehouse | One Hospital only Challenges in Decision
etal. 2019, (29) antibiotic prescribing patterns. Support Quality

Summary of data sources, data warehouse types, number of hospitals involved, and types of challenges addressed.
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Adaboosting 7 0.62[0.59, 0.65] 0.000
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TEG-PM parameter No ATE group ATE group (n = 56) Total (n = 308) p-value

(n = 252)
Reaction time (R) in min 77(5) 87(39) 79(36) 009
Lysis at 30 min (LY30) in % 0.8(1.7) 05(0.7) 0.7(1.6) 0.13
CRT Mas amplitude (MA) in mm 64.5(7.0) 65.2(63) 64.6(69) 0.1
CEF Max Amplitude (MA) in mm 280 (106) 2911.2) 282(107) 057
HKH MA (mm) 60.6(9.7) 59.7(10.2) 60.4(9.8) 053
ActF MA (mm) 15.3(7.9) 154 (8.1) 15.4(7.9) 098
ADP MA (mm) 44.0(180) 4230176) 4360179 052
AAMA (mm) 32.8(209) 325(182) 32.7(203) 092
CKR (min) 76(32) 8.4(4.0) 7.8(34) 0.15
CKK (min) 18013) 1903 18013) 067
CK angle (deg) 69.6(10.2) 684 (10.4) 693(10.2) 045
CK MA (mm) 62.2(7.8) 61.2(8.6) 62.0(8.0) 043
CRT MA (mm) 63.7(8.7) 64.8(6.3) 63.9(8.3) 0.26
CKH R (min) 7.2(34) 7.1(1.9) 72(3.1) 0.64
CFF MA (mm) 280(11.1) 28.5(11.5) 28.1(11.1) 0.76
CEF FLEV (mg/dL) 4846 (1640) 4963 (1826) 4§70 (167.9) 066

Data are presented as mean + standard deviation (SD). AA Aggregation, Percentage o platelet aggregation induced by arachidonic acid; AA Inhibition, Percentage of platelet inhibition in
response to arachidonic acid, often used to monitor COX inhibitors like aspirin; AA MA, Arachidonic Acid Maximum Amplitude, assesses platelet function influenced by arachidonic
related to cyclooxygenase (COX) activity; ActF MA, Activated Functional Maximum Amplitude, represents the overall clot strength in functional assays; ADP Aggregation, Percentage of
platelet aggregation induced by ADP stimulation; ADP Inhibition, Percentage of platelet inhibition in response to ADP, often used to monitor antiplatelet therapy ADP MA, Adenosine
Diphosphate Maximum Amplitude, measures platelet contribution to clot strength mediated by ADP receptors; CFF FLEY, Coagulation Factor Fibrinogen Functional Level, a quantitative
measure of functional fibrinogen in the blood; CFF MA, Coagulation Factor Fibrinogen Maximum Amplitude, measures the clot strength specificall attributed to fibrinogen; CK Angle,
trated Kaolin Angle, the rate of clot formation, measured as the angle of the TEG curve; CK K, Citrated Kaolin Clot Formation Time, the time for the clot to reach a certain strength; CK.
MA, Citrated Kaolin Maximum Amplitude, the maximum clot strength; CK R, Citrated Kaolin Reaction Time, time to initial clot formation; CKH R, Citrated Kaolin Heparin Reaction Time;
CRT MA, Citrated Rapid TEG Maximum Amplitude, maximum clot strength assessed with the rapid TEG protocol; HKH MA, Heparin Kaolin High Maximum Amplitude, assesses clot
strength in the presence of heparin and kaolin as activators.
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Model Accuracy  Sensitivity ~ Specificity PPV NPV F1 Score

XGBOOST (baseline dataset) 7 3 7 2 82 025 052
XGBOOST (TEG-PM dataset) 57 64 55 29 86 0.39 0.66
XGBOOST (TEG-PM and baseline dataset) 65 68 55 30 85 041 0.68
Decision trees (baseline dataset) 66 38 7 2 81 026 050
Decision trees (TEG-PM dataset) 56 63 54 26 86 037 0.64
Decision trees (TEG-PM and baseline dataset) 54 75 49 28 88 0.40 0.63
Logistic regression (baseline dataset) 57 5 60 2 8 027 051
Logistic regression (TEG-PM dataset) 61 64 61 31 87 041 0.68
Logistic regression (TEG-PM and baseline dataset) 70 68 71 38 89 0.48 076

Data are presented as % and mean. PPV, positive predictive value; NPV, negative predictive value; AUC, area under the receiver operating characteristic (ROC) curve; TEG-PM,
Thromboelastography with Platelet Mapping,
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Variable No ATE group ATE group (n = 56) Total (n = 308) p-value

(n =252)
Age (years) 69.7(104) 680 (11.1) 69.4(106) 031
Sex (female) 87(34.5) 18(32.1) 105 (34.1) 085
Race (White) 46 (82.1) 223(88.5) 269 (87.3) 0029
BMI (kg/m?) 27.1(56) 27.4(65) 272(57) 077
Diabetes 132 (524) 36(643) 168 (54.5) 014
Hypertension 227 (90.1) 50(89.3) 277 (89.9) 10
Chronic kidney disease 025
Stage 0 82(325) 26 (46.4) 108 (35.1) -
Stage 1 24(9.5) 2(36) 26(8.4) N
Stage 2 69(27.4) 12(21.49) 81(263) -
Stage 3 57(22.6) 13232 70(22.7) -
Stage 4 7(28) 0(0) 7(23) =
Stage 5 13(5.2) 3(5.4) 16(5.2) =
Coronary artery disease 136 (54.0) 30(53.6) 166 (53.9) 10
History of MI 66(262) 17(30.4) 83(26.9) 0.64
Functional impairment 115 (45.6) 33(58.9) 148 (48.1) 0.10
Clotting disorder 9(3.6) 108) 10(.2) 0.6
Active malignancy 2. 3(5.4) 26 (84) 044
History of malignancy 60(23.8) 12(21.4) 72(23.4) 084
History of DVT 310123) 10(17.9) 41(13.3) 037
History of stroke 40(15.9) 12(21.49) 52(16.9) 042
History of pulmonary embolism 11(44) 2(6) 13(42) 10
Previous revascularization of index limb 105 (41.7) 36(64.3) 141 (45.8) 0.003
History of stent occlusion 35(13.9) 14(25.0) 49(15.9) 0.03
Rutherford score 38(14) 43012) 39(14) 0.004
ABI of affected lower extremity 12(13) 058(03) 11(0.6) 038
Artery affected - Infrapopliteal 129 (51.2) 42(750) 171(55.5) 0.002
Artery affected - Suprapopliteal 196 (77.8) 42(75.0) 238(77.3) 079
Artery affected - Aortoiliac 50(19.8) 1018) 51(16.6) 0.002
Endovascular revascularization 138 (54.8) 32(57.1) 170 (55.2) 086
Open revascularization 69(27.4) 14(25.0) 83(26.9) 084
Combined revascularization 44(17.5) 10(17.9) 54(17.5) 10
Active smoker 12(48) 00 12(39) 0242
Aspirin therapy 181 (30.8) 44/(74.6) 225(79.5) 038
Clopidogrel therapy 17 (52.2) 35(59.3) 152(53.7) 041
Atorvastatin therapy 215(76.0) 161 (71.9) 54(915) 0.003
Baseline systolic blood pressure 107.4 (54.4) 1309 (249) 1123 (506) <0001

Data are presented as 1 (%) or mean + standard deviation (SD). BMI, body mass index; MI, myocardial infarction; DV'T, deep vein thrombosis; ABI, ankle-brachial index.





