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Ao Tnv Emrpotr) ‘Exdoong
Ayarrnroi ZuvadeAgol,

21nv didpkeia Tou 2021 Eyive TpooTrdBeia KUpiwg ammé TIC OpAdEC epyaciac atov
eUAOUTIONO TG UANG TNG NAEKTPOVIKNG €KBOONG TOU TRIMNVICioU TIEPIOBIKOU HOC.

Ymapyel duvaromra mepaitépw avdmTugng KaBws  Kai TEPAV TNG ETTIOTNHOVIKAC
apBpoypapiag. Mapapévoupe avoikToi kal TrEPIUEVOUPE aTTé BAOUC UAIKO, OXOAIQ,
TpoPAnuariopols kai Bépata  yio oulitnon. Emiong kpioeic-oulnmoeig yia TIG
EPYQOIES TTOU AVOKOIVWVOVTAI

H TpoomdBeia aut eival evappoviopévn pe Ty TpooTrdela Tou Mpoédpou Kai Tou
A.Z. Tng eraipeiag pag atnv avioAAayr aTOWewY Kal TNV eEENEN TWV YWROEWY HaC,
AUTO BIaTTICTWVETAI KO OTT6 TIG ETITUXEIS GUVaVTATEIS TToU yivay (webinars) Trapd v
ouYKUpia TG Travonuiag.

Me Tg Bepuorepeg €UXES yia KONEG YIOPTEG Kal yia Wi Xpovid YepdT uyeia Kal
onuioupyia.
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CLINICAL PRACTICE GUIDELINE: FULL TEXT

2021 ACC/AHA/SCAI Guideline for
Coronary Artery Revascularization

A Report of the American College of Cardiology/American Heart Association
Joint Committee on Clinical Practice Guidelines
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COR LOE RECOMMENDATIONS
Left ventricular dysfunction and multivessel CAD
1. In patients with SIHD and multivessel CAD appropriate for CABG with severe left ventricular systolic
1 B-R dysfunction (left ventricular ejection fraction <35%), CABG is recommended to improve survival (1,2).
2. In selected patients with SIHD and multivessel CAD appropriate for CABG and mild-to-moderate left
= B-NR ventricular systolic dysfunction (ejection fraction 35%-50%), CABG (to include a left intermal mammary
artery [LIMA] graft to the LAD) is reasonable to improve survival (3-8).
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Multivessel CAD

5. In patients with SIHD, normal ejection fraction, significant stenosis in 3 major coronary arteries (with or

e i without proximal LAD), and anatomy suitable for CABG, CABG may be reasonable to improve survival
(10,13-15).
6. In patients with SIHD, normal ejection fraction, significant stenosis in 3 major coronary arteries (with or without
b B-R proximal LAD), and anatomy suitable for PCI, the usefulness of PCI to improve survival is uncertain (14-24).
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COR LOE RECOMMENDATION

1. In patients with SIHD and multivessel CAD appropriate for either CABG or PCI, revascularization is
= S reasonable to lower the risk of cardiovascular events such as spontaneous MI, unplanned urgent re-
vascularizations, or cardiac death (1-8).
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COR LOE RECOMMEMNDATIONS

1. In patients who require revascularization for significant left main CAD with high-complexity CAD, it is
1 . recommended to choose CABG over PCl to improve survival (1,2).

2. In patients who require revascularization for multivessel CAD with complex or diffuse CAD (e.g., SYNTAX

= o score >33), it is reasonable to choose CABG over PCI to confer a survival advantage (2-5).
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INCLUSION CRITERIA: Three-vessel CAD (>50%
diameter stenosis) not involving the left main
, coronary artery amenable to revascularization

PATIENTS

FFR-GUIDED PCI CABG
(N=757) (N=743)

PRIMARY COMPOSITE OUTCOME

10.6% vs. 6.9% (P=0.35 FOR NONINFERIORITY)

SECONDARY OUTCOMES

1.6% vs. 0.9%

5.2% vs. 3.5%

0.9% vs. 1.1%

5.9% vs. 3.9%

CONCLUSION

FFR-guided PC| was not found to be noninferior to CABG
with respect to Incidence of death, M|, stroke, or repeat revascularization.
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Figure 1. Kaplan—Meier Curves for the Primary End Point.
The primary end point was the occurrence within 1 year of a major adverse
cardiac or cerebrovascular event, defined as death from any cause, myocar-
dial infarction, stroke, or repeat revascularization. The inset shows the same
data on an enlarged y axis. CABG denotes coronary-artery bypass grafting,
and PCl percutaneous coronary intervention.
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Table 2. Angiographic and Procedural Characteristics.*
PCI CABG
Characteristic (N=757) (N=743)
Median time to procedure (IQR) — days 4 (1-13) 13 (6-26)
Median procedure duration (IQR) min 87 (67-113) 197 (155-239)
Median length of hospital stay (IQR) — days 3 (1-7) 11 (7-16)
No, of lesions 43+1.3 42412
At least one chronic total ecclusion — no./total no. (%6) 157/755 (20.8) 171/739 (23.1)
At least one bifurcation lesion — no, [total no. (%6) 5227755 (69.1) 491/739 (66.4)
SYNTAX scoref 26.0=7.1 25.8+7.1
SYNTAX score category — no.[total no. (26) T
Low, O to 22 237/734 (32.3) 245/710 (34.5)
Intermediate, 23 to 32 365/734 (49.7) 343/710 (48.3)
High, >32 132/734 (18.0) 122/710 (17.2)
PCI characteristics
Staged procedure — no. total no. (%) 166/750 (22.1) NA
No. of stents 3.7+1.9 NA
Median total length of stents placed (IQR) — mm 80 (52-116) NA
Intravascular imaging used — no.total no. (36) 87/744 (11.7) NA
CABG characteristics
Multiple arterial grafts — no./total no. (%) NA 1731705 (24.5)
No. of distal anastomoses NA 3.4:1.0
LITA used as graft— no.jtotal no. (%) NA 684,705 (97.0)
Off-pump surgery — no.[total no. (%) NA 168/698 (24.1)
FFR used before CABG — no./total no. (%) NA 72/718 (10.0)
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Subgroup PCI  CABG PCI  CABG Adjusted Hazard Ratio {95% Cl)
totai no 1-yr incidence (%)
All patients 757 743 10.6 6.9 e
AF-
=65 yt 434 400 9.4 8.1 P S,
<65 yt 323 334 12.1 5.4 ——
Sex
Female 141 124 11.3 13.7 —_—
Male 616 612 10.4 5.5 ——
Diabetes
Na 543 529 94 70 e lff—
Yes 214 214 13.6 6.5 —_—
NSTE-ACS
No 456 454 10.1 5.9 ——
Yes 300 287 11.3 8.4 —t—
LVEF
>50% 616 610 10,4 6.6 ——
30-50% 137 130 10.9 8.5 ———
Previous PCI
No 658 637 9.3 0.8 -—8—
Yes 93 104 19.4 7.7 e =
SYNTAX score
0-22 237 245 55 8.6 =
23-32 365 343 13.7 6.1 e
=33 132 122 12,1 6.6 . P —
f)IzJ 0.1'10 1.0 2.0 1[0 3.0
- L
PCI Better CABG Better
Figure Z. Subgroup Analyses of the Primary End Point.
The Synergy between Percutaneous Coronary Intervention with Taxus and Cardiac Surgery (SYNTAX) score is an
angiography-based score evaluating the severity of coronary artery disease; lower scores indicate less complexity
of coronary artery disease and predict a better outcome with PCl (the lowest score is 0, and there is no upper limit).
Scores were caleulated by the core laboratory. €l denotes confidence interval, LVEF left ventricular ejection fraction,
and NSTE-ACS non—ST-segment elevation acute coronary syndrome.
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Tahle 1. Characteristics of the Patients at Baseline.*
PCI CABG

Characteristic (N=757) (N=743)
Age —yr 65.248.6 65.148.3
Male sex — no. (%) 616 (81.4) 619 (83.3)
White race — no. (%)7 711 (93.9) 686 (92.3)
Body-mass indexi. 28.614.5 28,7443
Diabetes — no. (%) 214 (28.3) 214 (28.8)

Insulin-dependent 55 (7.3) 61 (8.2)

Non-insulin-dependent 159 (21.0) 153 (20.6)
Hypertension — no./total no. (26) 538/756 (71.2) 556/741 (75.0)
Dyslipidernia — no./total no. (%) 521/756 (68.9) 531/741 (71.7)
Smoking status — no.[total no. (%6)

Current tobacco user 145/756 (19.2) 136/741 (18.4)

Previous tobacco user 296/756 (39.2) 296/741 (35.9)
Family history of coronary artery disease — no./total no. (%) 246756 (32.5) 213/740 (28.8)
Previous myocardial infarction — no.ftotal no. (%) 252/756 (33.3) 248/741 (33.5)
Previous PCl — no, [total no. (36) 98/756 (13.0) 104/741 (14.0)
History of TIA or CVA — no./total no. (%) 49/756 (6.5) 56/741 (7.6)
Kidney disease — no./total no. (%)} 371756 (4.9) 44/741 (5.9)
Noninvasive test for ischemia — no./total no. (%) 311/756 (41.1) 301/741 (40.6)
LVEF =50% — no./total no. (%) 137/753 (18.2) 130/740 (17.6)
Hospitalized with NSTE-ACS — no./total no, (%) 300/756 (39.7) 287/741 (38.7)
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Table 3. End Points at 1 Year.

PCl CABG Hazard Ratio
End Point (N=757) (N=743) (95% Cl) P Value

no. of patients (%) *
Primary end point

Death from any cause, myocardial infarction, stroke, 80 (10.6) 51 (6.9) 1.5 (1.1-2.2) 0.357
or F(’pé‘f]t ff‘\l.]ﬁfUIJf??:lth"l

Secondary end points

Death 12 (1.6) 7 (0.9) 1.7 (0.7-4.3)
Death from cardiac causes 6 (0.8) 4 (0.5)
Myocardial infarction 39 (5.2) 26 (3.5) 1.5 (0.8-2.5)
Spontaneous 25 (3.3) 17 (2.3)
Procedural 13 (1.7) 9(1.2)
Stroke 7 {0.9) 8(1.1) 0.9 (0.3-2.4)
Death, myocardial infarction, or stroke 55 (7.3) 39 (5.2) 1.4 (0.9-2.1)
Repeat revascularization 45 (5.9) 29 (3.9) 1.5 (0.9-2.3)
PCI 39 (5.2) 26 (3.5)
CABGC 6 {0.8) 3 (0.4)
Safety end points]
BARC type 3-5 bleeding 12 (1.6) 28 (3.8) <0.01
Acute kidney injury 1 (0.1) 7 (0.9) <0.04
Atrial fibrillation or clinically significant arrhythmia 18 (2.4) 105 (14.1) <0.001
Definite stent thrombosis 6 (0.8) NA
Definite symptomatic graft occlusion NA 10 (1.3)
Rehospitalization within 30 days 42 (5.5) 76 (10.2) <0.001
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BACKGROUND

Patients with three-vessel coronary artery disease have been found to have better
outcomes with coronary-artery bypass grafting (CABG) than with percutaneous
coronary intervention (PCI), but studies in which PCI is guided by measurement
of fractional flow reserve (FFR) have been lacking.

METHODS

In this multicenter, international, noninferiority trial, patients with three-vessel
coronary artery disease were randomly assigned to undergo CABG or FFR-guided
PCI with current-generation zotarolimus-eluting stents. The primary end point was
the occurrence within 1 year of a major adverse cardiac or cerebrovascular event,
defined as death from any cause, myocardial infarction, stroke, or repeat revascu-
larization. Noninferiority of FFR-guided PCI to CABG was prespecified as an upper
boundary of less than 1.65 for the 95% confidence interval of the hazard ratio.
Secondary end points included a composite of death, myocardial infarction, or
stroke; safety was also assessed.

RESULTS
A total of 1500 patients underwent randomization at 48 centers. Patients assigned
to undergo PCI received a mean (#SD) of 3.7£1.9 stents, and those assigned to
undergo CABG received 3.4%1.0 distal anastomoses. The 1-year incidence of the
composite primary end point was 10.6% among patients randomly assigned to
undergo FFR-guided PCI and 6.9% among those assigned to undergo CABG (haz-
ard ratio, 1.5; 95% confidence interval [CI], 1.1 to 2.2), findings that were not
consistent with noninferiority of FFR-guided PCI (P=0.35 for noninferiority). The
incidence of death, myocardial infarction, or stroke was 7.3% in the FFR-guided
PCI group and 5.2% in the CABG group (hazard ratio, 1.4; 95% CI, 0.9 to 2.1). The
incidences of major bleeding, arrhythmia, and acute kidney injury were higher in
the CABG group than in the FFR-guided PCI group.

CONCLUSIONS

In patients with three-vessel coronary artery disease, FFR-guided PCI was not
found to be noninferior to CABG with respect to the incidence of a composite of
death, myocardial infarction, stroke, or repeat revascularization at 1 year. (Funded
by Medtronic and Abbott Vascular; FAME 3 ClinicalTrials.gov number, NCT02100722.)
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H Texvnt Nonuoouvn kai Mnxaviki Maénon otnv agioAéynon Twv
TTAISOKAPSIOXEIPOUPYIKWY ATTOTEAECTHATWYV

H a&loAdynon Twv KapdIoXEIPOUPYIKWY ATTOTEAEOHATWY Eival aTTapaitnTn, AP’ evog
yiQ TNV ETTIOTNHOVIKI aQvAAUCT TNG ATTOTEAEOUATIKOTNTAG TWV KAPOIOXEIPOUPYIKWV
TIPGALEWY, aP’ ETEPOU Oav EPYAAEIO OTA TTPOYPAUHATa dIac@AAIong Kal BEATiwoNg
NG TTOIOTNTAG TWV KAPDIOXEIPOUPYIKWY UTTNPETIWV.

O1 TrpoUTToB£0EIg yia TNV agloAdynon Twv KapdIOXEIPOUPYIKWY ETTEUPACEWY
oupTrEPIAaUBAvouy TNV UIoBETNON KOIVAG OVOUATOAOYIaG yia TIG dlayVWOEIS Kal
QVTIOTOIXEG KAPDIOXEIPOUPYIKEG TIPALEIG, TNV KATAYPAPT) TOUG O€ HEYAAEG BACEIG
OeBOMEVWY, KAl TNV OTATIOTIKA avAAuon TwWV CUCOWPEUOPEVWY dedopévwy. Eival
YVWOTEG o1 Baoelg dedopévwy TG Society for Thoracic Surgeons (adult and
congenital databases) Twv HIA, o1 diagopeg EBvikEC Baoeig Aedopévwy (Hvwpévo
BaaoiAcio, Neppavia) kaBwg kal n European Congenital Heart Surgeons Association
Congenital Database).

O1 TTOAAQTTAEG avaAUOEIG TV OEBOMUEVWY OTIG BACEIC QUTEG £XOUV 0ONYNOEl O
TTOAAEG KAl ONUAVTIKEG ETTIOTNHOVIKES dNPOOIEUoEIS. Opwg, o1 TTapadooiakeg
OTATIOTIKEG HEBODOI TTOU £XOUV XPNOILOTTIOINBEI yIa OAEC TIG TTpOAVAPEPBEIOES
avaAuoeig Kal dnpooleuoelg BacifovTal O€ YPapuIKES peBOdouUG (T1.X., linear
regression), ol otroie¢ Baaifovral oTnv TTapadoxn o1l n emidpacn Twv dlaPOPwWV
TTapayoviwy Kivouvou (risk factors) gival ypappik@ TpooTIBEPEVN, TIPAYHA TTOU
ao@AAWG OEV AVTATTOKPIVETAI OTAV TTPAYHATIKOTNTA. [1.X., TO CWUATIKO BAPOG EVOG
aoBevoug TTou UTTORBAAAETaI O€ VEOYVIKN BIOPBWON TNG HETABEONG TWV PEYAAWY
ayyeiwv eTTnpeadlel onuavTika TNV éKBacn, aAAd To cwpaTiko Bapog evog epriou
TTOU UTTORGAAETQI 0€ GUYKAION HECOKOATTIKNG ETTIKOIVWVIAG OEV £XEI TTPAKTIKG Kaia
eTTNPEIa oTNV EKBaon. Zav aAAo TTapadelyua, N €KQuUon TNG TTEPIOTIWHEVNS
oTeEQavIaiag apTnpiag atro Tnv €A oTe@aviaia eTTNPEAlel apvnTIKA TNV EKBaon
oTnV ETEPRAON TNG AVTIMETABEONG TWV PEYAAWY ayyeiwy, aAAd gival EVTEAWG
adia@opn oTnV CUYKAEION MIOG HECOKOATTIKNAG ETTIKOIVWYVIAg. Me pabnuartikoug
0OpouUG, auTo onuaivel 0TI N aAAnAsmidpaon ueraéu mapayoviwyv mapayovres
KivoUuvou O¢v gival ypauuiky. EmMTpooBETwe, N TTapadooiakn aTATIOTIKY) avaAuon,
oTnNV OTToIa 0 £PEUVNTAG TTPoKaBopIlel TTOI0I Eival Ol TTAPAYOVTEG KIVOUVOU TTOU
EPEUVWIVTAI, EPTTEPIEXEI OE PEYAAO BaBPO avBpwTTIVOUG HEPOANTITIKOUG TTAPAYOVTEG
(human bias).

Na Toug avwTépw Adyoug, n nyeaia tng American Association for Cardiothoracic
Surgery, oTo £11|010 ouvEdpIo TNG ETaipeiag Tov Mdio 2019, avakoivwoe 611 Ba
oTpa@ei TTAéov o€ peBodoAoyieg avaAuong Twy dedopévwy HE xpnon Texvnng
Nonuoouvng. MaAioTa, eil0nynTig TNG VEAG AQUTNG TTIPOCEYYIONG ATAV O iBI0g O
Eugene Blackstone, o TTAéov £yKUpOg ETTIOTHHOVAG TTAYKOOUIWG O€ BEpara 1aTpIkng
oTaTIoTIKAG oTNV Kapdioxeipoupyikr. 2Tn ouvéxela, n Society for Thoracic Surgeons
£xel dnuioupynoel 18Ik Opada Epyaciag (Task Force for Artificial Intelligence) yia
TNV avamrtué¢n autg g peBodoAoyiac.
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‘HON raviwg ato 1ig apxeg Tou 2019, n Eupwtraikn MNaidokapdioxEipoupyIkn
Eraipeia (European Congenital Heart Surgeons Association, ECHSA), Tnv oTroia
EXW TNV TIKA va uTTNPETW WG MNpoedpog, ot ouvepyaoia pe Tov Kabnynt K.
Anuntpn Mtreptoipd oto Massachusetts Institute of Technology (MIT), €xel
OPYQAVWOEI EPEUVNTIKO TTPOYPAMMA AKPIPWG HE OTOXO TNV e@apuoyn peBodoAoyiag
avaAuaong TTaidokapdIoXEIPOUPYIKWY BEDONEVWY UE Xprion TNG TexvNTAg
Nonpoouvng kai Tng Mnxavikic Maénong.

Ta TpwTa ATTOTEAECUATA TNG CUVEPYAOIAG Pag autng, Baciopéva oTnv
ETTECEPYAOTia OEQOHEVWV EKATOVTADWY XIAIGOWYV TTaIOOKAPDIOKEIPOUPYIKWV
eMEPPBAceEWY, amobnkeupévwy otnv Eupwtraikn Baon MNaidokapdioxeipoupyikuwyv
Aedopévwy (European Congenital Database), nrav n avamru¢n aAyopiBuwyv
€CATOUIKEUPEVNG OTOV A0Bevr) TTPOYVWONG TOU XEIPOUPYIKOU KIvOUvou. H TTpoyvwaon
autn (risk prediction), AauBaver uTTOWIV TNG, AUTONATWS KAl HE HaBnuaTika
QVTIKEIMEVIKO TPOTTO, OAOUG TOUG TTAPAYOVTEG KIVOUVOU, EEATOHIKEUMEVA YIA TOV
KGBe aocBevr). H peBodoAoyia autr, TTou TEXVIKA £XEl AaBel To 6voua “Optimal
Classification Trees, OCT’s”, oc¢v civar ypauuikn, sivar dnAadrn eAelBepn atmo
TNV Kpatouoda aAAd ecQaApPEVN TTPOUTTOBECN TNG YPAMMIKNG aAANAeTTiOpaong
TWV TTAPAyOVTWY KIVOUVOU, Kal €ival TTAVTEAWG AVTIKEIPEVIKT), KaBapd
HaBnuaTtikn Kal EAeUBepn atrd “human bias”. EmTpooBeTwe, o€ avriBeon pe
TTOAAEG GAAEG pEBOBOoUG Texvnmc Nonuoouvng (11.x., “Deep Neural Networks"),
TToU Xapakrtnpi¢ovral wg “black box methods”, e1re1dn givar aduvarov o
avBpwITIvOG Voug va TTapakoAouBnoel Tnv cuAAoyIoTIKA Toug, N eBodoAoyia
pag Twv OCT's eival o€ KABe Bripa TG diagavng Kai karavonTr}, dnAadr), oTnv
vyAwooa 1ng Texvntg Nonpoouvng, “interpretable”. Auto eival iIdiaitepa
ONMAVTIKO TTAEOVEKTNHUA OTNV IATPIKK, OTTOU O YIATPOG TTPETTEI va gival o€ BEon
va KaTtavorjo€l TNV JeBodoAoyia yia va EPTTIOTEVETAI TA ATTOTEAEOUATA TNG.

[Na Toug Adyoug autoug, N HeBodoAoyia TTou avaTITUEaPE OCUVIOTA TTOAUTIHO
BonBnua otnv KAIVIKN diaxgipion Twyv acBevwy, a@ou CUYKEVTPWVEI TNV EPTTEIRIA
XIAIGO WV y1aTpwyVv o€ XIAIGdEG aoBEVEIG, oav apwyr] OTOV KAIVIKO yiaTpO TTou
avalnTta Tov KAAAITEPO TPOTTO dlaxEipIoNG TOU acBEVOUG TOU E OUYYEVN
kapdiotrabela. H oxeTikr pag dnuoaoicuon (emouvarntetral PDF) oto World Journal
for Pediatric and Congenital Heart Surgery Tov louAio 2021, givar ndén 1o 1o ouxva
oiaBalouevo apbpo ToU ITAyKOOUIWS KOPUQAIOU ETTIOTNUOVIKOU TTEPIOOIKOU
[1ai1doKapdIOXEIROUPVIKNC:

Bertsimas D, Zhuo D, Dunn J, Levine J, Zuccarelli E, Smyrnakis N, Tobota Z,
Maruszewski B, Fragata J, Sarris GE. Adverse Outcomes Prediction for
Congenital Heart Surgery: A Machine Learning Approach. World Journal for
Pediatric and Congenital Heart Surgery. 2021;12(4):453-460.
doi:10.1177/21501351211007106

2aV OUVEXEIQ TNG idIag EpeUvVNTIKAG ouvepyaoiag pag pe 1o MIT, dnuooielTnke Kai
deuTEPN epyacia pag, kal TaAl oto World Journal for Pediatric and Congenital Heart
Surgery, ue TiTAo "Benchmarking in Congenital Heart Surgery Using Machine
Learning-Derived Optimal Classification Trees."
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Bertsimas D, Zhuo D, Levine J, Tobota Z, Maruszewski B, Fragata J, Sarris GE..
Benchmarking in Congenital Heart Surgery Using Machine Learning- Derived
Optimal Classification Trees. WorldJournal for Pediatric and Congenital Heart
Surgery. November 2021. doi:10.1177/21501351211051227

21NV gpyaocia autn (emouvanteral PDF) emekTeivoupe TNV EQapuoyn g
peEBodoAoyiag TexvntAg Nonuoouvng TTou £XOUNE avaTttTUgEl Kal oTnv agioAdynon
TWV XEIPOUPYIKWYV ATTOTEAEOHATWY EEXWPIOTA KABE TTaIOOKAPBIOXEIPOUPYIKOU
KEVTPOU / Xelpoupyou, AauavovTag auTodaTtwg UTTowiv OAOUG TOUG TTAPAYOVTEG
KIVOUVOU TTOU EVOEXOUEVWG EXOUV CUMPBAAAEI OTNV SIQNOPPWON TWV
XEIPOUPYIKWYV ATTOTEAECHATWY, OTTWG gival, TT.X., N didyvwaon, To €id0¢TNG
ETTEPPAONG, TO IOTOPIKO TOU acBevVOUC, T CUVUTTAPXOVTA VOO |HATA, N KAIVIK
TOU KATAOTAON, KATT. ZaV TTAPAUETPOI OE TWV ATTOTEAEOUATWY £€eT@lovTal, Ol
HOVOV N BvnNTOTNTA, AAAQ KAl TTOAAEC GAAEC ECAIPETIKA ONUAVTIKES TTAPAMETPOI YIA
TNV TTOIOTIKN agloAdynaon evog TTaidoKapdIOXEIPOUPYIKOU KEVTPOU, OTTWG, TT.X.,
XPOVOG HETEYXEIPNTIKAG SIaCWARvVWonNGg, Xpovog trapapoving otnv MEG®, ocuvoAikn
dIapKela voonAgiag, Kal ETTITTAOKES. ETTITTPOOBETWG, N auTdéuaTn Kal atroAuTa
QVTIKEIMEVIKT) aAyopIOuIK avaAucon avadelkvuel OXI HOVOV OUYKEVTPWTIKA
aTToTEAEOUATA, GAAG Kal EEXWPIOTA VIO OUYKEKPIMEVEG KATNYOPIEG ETTEUPACEWY —
OeIKTWV (T1.X., AilopBwan Tetpaloyiag, AvtipetaBeon Twv MeyaAwv Ayyeiwy, Fontan,
K.Q.).

ETropévwg, Xwpig TNV avaykn HaKpOXPOoVWYV Kal ETTITTOVWY JEAETWY TWV IATPIKWYV
PAKEAWV Kal BAAWYV OTATIOTIKWY avaAUoewy, N HEBOBOAOYIa ATTOKAAUTITE
QUTOMATWG UTTOKATNYOPIEG AOBEVWV TTOU £XOUV OTATIOTIKA €IiTE AIlYOTEPO
IKQVOTTOINTIKA 1 KAl KAAAITEPA ATTOTEAEOUATA TOU AVAPEVOUEVOU, AVECAPTNTA ATTO
TQ OUYKEVTPWTIKA attoTEAEopara, dnAadn atrd Tov HECO OPO OAWYV TwWV
ATTOTEAEOPATWY. ME TOV TPOTTO AUTO, APEVOS dIac@AAIZETAI N AVTIKEIMEVIKOTNTA
Kal N S1a@AveEIa TWV ATTOTEAECUATWY, TA OTTOIA TTIOTEUOUUE OTI TTRETTEI vdA
AvakoIvwvovTal e dIa@Aavela, aQeTEPOU, EVIOXUOVTAI O TIPOOTTABEIEC TOU KABE
KEVTPOU Yia BeATILWON TNG TTOIOTNTAG TWV TTAIOOKAPDIOXEIPOUPYIKWY TOUG
UTTNPECIWY, a@OU AUTEG PTTOPOUV va eival EEUTTVA OTOXEUMEVEG Kal apa
TTEPICOOTEPO ATTOTEAECUATIKEG, TTPOG OPEAOG TWV ACBEVWV.

MNwpyog Zappng
Mpoedpoc OEZK EEXOKA
9 AekepPpiou 2021
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Abstract

Objective: Risk assessment tools typically used in congenital heart surgery (CHS) assume that various possible risk factors
interact in a linear and additive fashion, an assumption that may not reflect reality. Using artificial intelligence techniques, we
sought to develop nonlinear models for predicting outcomes in CHS. Methods: We built machine learning (ML) models to
predict mortality, postoperative mechanical ventilatory support time (MVST), and hospital length of stay (LOS) for patients who
underwent CHS, based on data of more than 235,000 patients and 295,000 operations provided by the European Congenital
Heart Surgeons Association Congenital Database. We used optimal classification trees (OCTs) methodology for its interpret-
ability and accuracy, and compared to logistic regression and state-of-the-art ML methods (Random Forests, Gradient Boosting),
reporting their area under the curve (AUC or c-statistic) for both training and testing data sets. Results: Optimal classification
trees achieve outstanding performance across all three models (mortality AUC = 0.86, prolonged MVST AUC = 0.85, prolonged
LOS AUC = 0.82), while being intuitively interpretable. The most significant predictors of mortality are procedure, age, and
weight, followed by days since previous admission and any general preoperative patient risk factors. Conclusions: The nonlinear
ML-based models of OCTs are intuitively interpretable and provide superior predictive power. The associated risk calculator
allows easy, accurate, and understandable estimation of individual patient risks, in the theoretical framework of the average
performance of all centers represented in the database. This methodology has the potential to facilitate decision-making and
resource optimization in CHS, enabling total quality management and precise benchmarking initiatives.
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Submitted October 07, 2020; Accepted March 09, 2021.

Introduction

Despite great progress achieved in the surgical management

congenital heart disease (CHD), there is still considerable asso-
ciated risk of death and complications, nonuniformly distribu-
ted across specific conditions and treatments. Complications
may lead to prolonged length of postoperative mechanical ven-
tilatory support time (MVST) and overall hospital length of
stay (LOS). In the context of efforts to promote quality
improvements in congenital heart surgery (CHS), large data-
bases of such operations have been developed, along with
methodologies seeking to establish benchmarks for surgical
results, and to devise risk models for predicting important out-
come parameters."18 However, methodologies used typically
assume that various possible risk factors interact in a linear
and additive fashion, an erroneous assumption. Using artificial
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Abbreviations

Al artificial intelligence

AUC area under the curve (or c-statistic)

CHD congenital heart disease

CHS congenital heart surgery

CPB cardiopulmonary bypass

EACTS European Association for Cardiothoracic Surgery

ECDB European Congenital Heart Surgeons Association
Congenital Database

ECHSA European Congenital Heart Surgeons Association

GPRF general preoperative risk factor

LOS length of hospital stay

ML machine learning

MVST mechanical ventilatory support time

OCT optimal classification trees

STS- Society of Thoracic Surgeons Congenital Heart
CHSD Surgery Database

intelligence (Al) techniques, we developed nonlinear models
devoid of any assumptions regarding possible variable interac-
tions, aiming to predict outcomes after CHS.

Methods
Data

The data, provided by the European Congenital Heart Surgeons
Association (ECHSA) Congenital Database (ECDB; https://
echsacongenitaldb.org) after study review and approval by the
ECDB Committee regarding compliance with all ECHSA ethi-
cal and patient data protection policies, comprise fully anon-
ymized information regarding patients with CHD who have
undergone surgery in participating hospitals from Europe and
around the world. The full spectrum of pediatric acquired and
congenital, and adult congenital cardiothoracic operations is
represented in the database. Exclusion and inclusion criteria
used to select the data cohort of 221,335 procedures analyzed,
covering admissions from January 1, 2000, to September 30,
2019, are shown in supplemental Table S1-A, and relevant
summary descriptive statistics in Tables S1-B and S1C.

Machine Learning Methodology

In the quest to achieve improved patient outcomes after CHS, it
is important to be able to make accurate predictions of the risk
of patient-specific adverse outcomes such as mortality, MVST
intensive care unit (ICU), and LOS. Furthermore, it is impor-
tant to be able to understand the predictive model’s decision
process, that is, the model needs to be logically interpretable
and intuitively understandable. Traditionally used linear mod-
els (eg, logistic regression) do not capture nonlinear effects of
risk-factor interplay and are accordingly limited in this regard.
On the other hand, “black box™ machine learning (ML)-based
models can be very accurate but are complex and not intui-
tively understandable. However, in medicine, it is crucial that
prediction models be transparent and understandable by clin-
icians. Accordingly, we decided to use ML methods providing

Table |. The Preoperatively Known Variables (Potential Risk
Factors) Analyzed.

Variable
Age
Weight
Gender
History of any prior cardiac procedure(s)
Days since previous admission, if any
Number of preoperative diagnoses
Antenatal diagnosis known
Any noncardiac abnormalities present
Any general preoperative risk factor present
Case category (CPB vs non-CPB)
Number of concomitant procedures performed
Year of procedure
Procedure

Abbreviation: CPB, cardiopulmonary bypass.

interpretability, ranging from population level to individual
level, therefore limiting the use of “black box™ approaches.
Methods providing individual-level interpretability allow under-
standing of which variables are important for a particular patient,
as opposed to other variables (eg, body weight), which may be
significant for the population but may indeed be unimportant for
an individual. We used a recent breakthrough in ML methodol-
ogy, the optimal classification trees (OCTs), which can capture
nonlinear variable interactions while providing individual-level
interpretability.' > For comparison, we also used the following
ML methodologies: logistic regression, random forests, and gra-
dient boosting. Logistic regression, widely used in medical sta-
tistics and a classic example of linear models, is simple to
understand. Random forests and gradient boosting are state of
the art in performance but are considered “black box™ methods,
as they do not provide individual-level interpretability.

The entire data set was analyzed for estimating mortality
risk and surgical survivors for MVST and LOS. For each of the
three models built (mortality, MVST, and LOS), only the pre-
operatively known patient variables listed in Table 1 are used,
with more detailed information provided in Table S2. The data
were split into @ fraining set (procedures prior to January 1,
2016, N = 175,239), used to train the ML model, and a rest set
(procedures on or after January 1, 2016, N = 46,096), that is,
data hidden from the model, in order to test the model's per-
formance on previously “unseen” data. Compared with training
data, the test data set describes “future™ operations.

The training set was further split (using stratified sampling,
ensuring a similar proportion of survivors and nonsurvivors in
cach subset) to produce a separate validation set, the role of
which was to tune algorithm hyperparameters: We select a set
of hyperparameters (eg, for OCT models, tree depth, or the
minimum number of patients in each leaf), a classification tree
was built using training data, and then those hyperparameter
values which perform best in the validation set were chosen.

The ML predictive task consists of a binary classification
problem aiming to predict one of two possible outcomes for
mortality, MVST, and LOS:
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Table 2. Comparative Performance of Different Methods of Building Risk Estimation Models for Mortality, Prolonged MVST, and

Prolonged LOS.

AUC for mortality

AUC for prolonged MVST AUC for prolonged LOS

Method Training (%) Testing (%) Training (%) Testing (%) Training (%) Testing (%)
Logistic regression 75.3 772 80.9 81.3 71.5 728
Oprimal classification trees 85.5 86.2 85.6 84.8 80.4 81.0
Random forest 85.9 87.3 85.2 85.4 80.1 82.1
Gradient boosting 85.6 874 85.5 85.6 80.4 82.0

Abbreviations: AUC, area under the curve; LOS, length of hospital stay; MVST, mechanical ventilatory support time.

For Mortality, the binary outcome is whether the patient
died in the hospital (or within 30 days) after the pro-
cedure or not.

For prolonged Postoperative MVST defined as Time of
extubation in ICU (or, time of last extubation in cases
of reintubation(s))—Time of end of surgery, the binary
classification problem was to predict whether the dura-
tion of MVST was prolonged, selected as being above
or below the 85th percentile MSVT (94.5 hours).

For prolonged LOS, defined as date of discharge-date of
surgery, the binary problem was to predict whether the
duration of hospitalization is above or below the
selected threshold of 85th percentile (19 days).

Results

Average mortality is 5.1% in the training, 3.0% in the test, and
4.7% in the overall data sets analyzed. Univariate associations
between preoperative variables and mortality in the training set
are shown in Table S3. By definition, the average rate for
prolonged LOS and prolonged MVST is 15%. For the three
models built, the area under the receiver operating character-
istic curve (AUC) for the outcomes of mortality, LOS, and
MVST, using the different methodologies, is reported in
Table 2. Area under the curve was chosen as a metric particu-
larly useful to evaluate binary classification tasks, especially
for highly unbalanced data sets, like the one analyzed. Calibra-
tion plots for the OCT models in training and testing data are
shown in supplemental Figure S1.

The importance of each preoperative variable in predicting
outcome was also computed and listed in Table S4. The most
important risk factors are procedure and patient’s age and
weight. Procedure alone accounts for >50% of the features’
contribution. A short time (<12 days) since the last (of any)
prior operation and the presence of any general preoperative
risk factors (GPRFs) also contribute significantly to the like-
lihood of mortality. The remaining factors have marginal sig-
nificance, with each contributing less than 2% toward the odds
of mortality.

The mortality risk model presents itself clearly as a decision
tree, shown for the outcome of mortality in Figure 1A. It is
possible to follow this tree along its branches to the lowest level
terminal leaves, which identify 23 distinct patient cohorts and

their respective predicted mortalities. A summary description
of an example cohort is presented in Table S5. At each branch-
ing step along the decision tree, the combination of factors
involved and the logic behind each step is fully transparent.
Thus, given the preoperative features of an individual patient,
one can read the tree along its branching points and arrive at the
predicted risk, as shown in Figure 1B. By direct analogy, the
decision trees for predicting MVST and LOS (shown in Figures
S3 and S4) are also fully interpretable. Therefore, it becomes
clear why our OCT methodology is fully interpretable at the
individual patient level.

Congenital Heart Surgery Adverse Outcome
Prediction Tool

The OCT-derived risk models were used to produce a clinician-
friendly software tool that aims to permit easy estimation of an
individual patient’s risk for a given procedure in the theoretical
framework of the average performance of all centers repre-
sented in the database. One can input preoperatively available
patient information on the smartphone app (Figure S2), leading
to the immediate calculation of risk estimates (mortality, pro-
longed MVST, or prolonged LOS) for the specific patient and
the proposed procedure.

Comment

The ECHSA ECDB was established in 1995, originally as the
European Congenital Heart Defects Database and renamed as
the European Association for Cardiothoracic Surgery (EACTS)
Congenital Database in September 1999, acquiring its current
final name in 2015. The ECDB collects data from participating
centers regarding pediatric and adult congenital cardiac oper-
ations, aiming to assess results for scientific study and to pro-
vide tools for individual programs’ own quality improvement
efforts. The ECDB has collaborated closely with the Society of
Thoracic Surgeons (STS) Congenital Heart Surgery Database
(CHSD), developing common nomenclature of cardiac defects
and identical data fields, enabling sharing data in joint research
efforts.” European Congenital Heart Surgeons Association
Congenital Database research is documented in multiple pub-
lications listed on its website: https://www.echsacongenitaldb
.org/publications/.
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Figure |. A, Mortality decision tree based on the optimal classification tree (OCT) algorithm. Greater intensity of the color in each leaf depicts
increased mortality of the cohort. At the root level, the overall mortality rate for 175,239 procedures analyzed in the training data set is 5.1% (note
that since the rate is limited to training data prior to 2016, the rate is higher than the overall database average of 4.7%, and of 3.0% in the test data
set of 3.0%). The first branch split occurs based on the presence of any general preoperative risk factors (GPRF). If we follow the right branch (no
GPRF), we see that the next branching is based on days since previous admission, age, procedure, and weight. If we follow the left branch again,
depending on the procedure and age, the mortality can range from 2.8% to 40.2%. Itis therefore possible to follow the tree along its branches to the
lowest level terminal leaves, which identify 23 patient cohorts and their respective predicted moralities. At each branching step along the decision
tree, the combination of the factors involved and the logic behind each step is fully transparent. Thus, given the preoperative features of an individual
patient, one can read the tree along its branching points and arrive at the predicted risk, as shown in B. (B) The prediction of morality risk (16.2%)
for a patient with diagnosis transposition of the great arteries with VSD, weight 3 kg, preoperative ventilation and resolved shock at the time of
surgery, age 2 weeks, undergoing an arterial switch operation with VSD closure, is highlighted on the decision tree.
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It is established that assessment of surgical results must
take into account, on one side, the inherent complexity of the
diagnosis, the individual patient’s characteristics, the dis-
ease’s severity, and the nature of the procedure, and on the
other side, the performance of the surgeon, team, and institu-
tion. In this article, we have focused on the impact of various
features of the underlying pathologies and preoperative
patient characteristics recorded in the ECDB. Important out-
comes to study include not only mortality but also the dura-
tion of stay in the ICU, on ventilator support (MVST), or in
the hospital (LOS). Other quality metrics are also important,
as well as costs, which, in turn, are influenced by complica-
tions, MVST, and LOS. Such additional outcome metrics
along with relevant institutional factors are the focus of fur-
ther studies by our group.

Major efforts to adjust for “case-mix,” that is, for varia-
bility in the inherent risk of various procedures, and to
account for effects of variation in patient characteristics, have
evolved from initial attempts based on expert consensus
(RACHS-1'? and Aristotle®* methods), to those empirically
derived, based on outcome measures provided by real data®'®
(STS-EACTS Mortality Score and Categories, so-called
STAT Score and Categories, and STS Morbidity Score and
Categories, and use of accurate risk prediction models, such
as the STS-CHSD Mortality Risk Model'* and the UK
PRAiS2 Model)."'" Still, it is recognized that patient factors
typically used in these models only explain a small proportion
of variation in mortality. '

However, the aforementioned analytical methods, although
achieving very high predictive accuracy, are flawed in assum-
ing that various possible risk factors for adverse outcome inter-
act in a linear and additive fashion, an assumption which
frequently does not reflect reality. For example, although pre-
maturity and low birth weight are intuitively understood risk
factors for CHS, their influence is practically absent in older
patients and for most procedures. In recognition of the exis-
tence of potential nonlinear interactions of risk factors, the
STS-CHSD Mortality Risk Model has included several vari-
ables and adjustments, such as condition/age interactions and
condition/age/procedure interactions. For example, the effect
of Down syndrome was estimated based on age and procedure
subgroups, including atrioventricular canal repair and single
ventricle palliation."* However, capturing the importance of
such interactions required prior manual creation of possible
candidates of interactions and use of a Bayesian model to iden-
tify groups as similar as possible.

Furthermore, published methods have not provided physi-
cians with a practical tool to predict mortality or morbidity of a
given patient with CHD considered for surgery, given his pre-
operative risk profile.

To circumvent such limitations, we have used Al tech-
niques, which some of us have previously used in other medical
applications, ' seeking to develop (1) nonlinear models, free
from any assumptions regarding the importance and interplay
of preoperative variables or their combinations, aiming to pre-
dict outcome after CHS and (2), a user-friendly tool enabling

clinicians to estimate outcome risks by inputting a specific
patient’s characteristics. Thus, we sought to develop models
to predict mortality after CHS, and for survivors, to estimate
the risk of prolonged MVST and LOS.

Our results demonstrated that OCTs consistently outper-
formed the simpler linear regression and had similar predictive
accuracy (within 1.5%) as the more complex ML models, how-
ever, with the significant advantage over the latter of ensuring
full interpretability. It is, in fact, a major advantage of OCT
methodology that the prediction model generated, presenting
itself as a decision tree, is fully transparent. Furthermore, in
addition to enabling a clear understanding of how any predic-
tion is reached for an individual patient, the methodology auto-
matically reveals patient cohorts of similar risk. These model
features are evident by studying the OCT presented in Figure 1.
It is easy to see the influence of each feature (“risk factor™) by
following the tree to each successively deeper level. Given the
preoperative characteristics of a patient, one can follow the
decision “path™ along the branches of the tree, understanding
at each step the sequential decisions taken, and also compre-
hend the characteristics of resulting patient cohorts with similar
risk, as revealed by the tree's terminal leaves. The ability to
understand the decisions of the OCT algorithm is in advanta-
geous contrast with findings of various studies in similar set-
tings showing the use of “black-box™ deep learning
solutions,”'**” which, despite higher performance indicators,
have architectural inner workings which are obscure not just
for clinicians, but for Al experts as well. Such black-box meth-
ods cannot provide interpretable explanations of “why™ a given
patient is assigned a certain outcome risk. The interpretability
of our OCT methodology is extremely important since physi-
cians, not typically versed in the complex Al and ML algo-
rithms, need to understand how mathematical models achieve
their predictions if they are to trust their results.

The risk factors identified by this analysis are consistent
with clinical experience: procedure, age, and weight are the
most powerful predictors of aggregate mortality, with signifi-
cant contributions from the occurrence of a very recent other
cardiac operation (<12 days, suggesting an unplanned ecarly
procedure possibly addressing some complication), and the
presence of any of the various GPRFs listed in Table S2 (such
as mechanical circulatory or ventilatory support). Of note, in
our model, we have not used the factor of preoperative diag-
nosis leading to operation because it neither increased model
accuracy nor did it result in clinically more useful decision
trees.

Interestingly, the contribution to the models’ predicting
power of other preoperative variables was very small (eg, case
category, cardiopulmonary bypass [CPB] vs non-CPB) or even
absent (eg, vear of surgery), despite the univariate association
of these variables with the outcome (mortality), as shown in
Table S3. In this nonlinear analytic system, the importance of
such variables is overshadowed by the more powerful predic-
tors listed above, especially when considering the effect of a
variable such as vear of surgery on procedures with a small
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number of vearly observations, which precludes statistical
significance.

Several additional points deserve emphasis: Because of
well-known progress achieved over the last several years in
CHS, particularly with regard to complex high-risk lesions,"?
we expect the model to overestimate mortality. When we reca-
librate the model with a more recent validation set (2016-2017)
and show results with validation and testing (2018-2019) cali-
bration plots (Figure 1S), the model still overestimates risks for
higher risk procedures, but, its predictions stabilize. In addi-
tion, our models still provide comrect risk estimation in terms of
order as reflected by high AUCs. In other words, AUC is a
measure of ordering, not of the absolute magnitude of risk.
Thus, although the overall risk in the “new data™ is lower than
predicted for higher risk procedures, AUC is still high because
the order is comrect. Clearly, to keep the predictive capacity of
the model always current, our plan is to recalculate the model
periodically, as new data accumulate.

We emphasize that our model predictions result mathema-
tically from the given data set which is inclusive of data sub-
mitted from surgical practices of all ECDB participants,
comprising both European and (for 1/3 of data) non-
European centers. We did not limit our analysis to European
centers, which might have resulted in greater data uniformity
and model predictive accuracy, aiming to provide self-
assessment tools applicable to a/l ECDB participating centers.
It is possible that specific predictions of the model regarding
particular patients and procedures may well be different if a
different data set were analyzed, for example, our Ewropean
data subset, or the STS-CHSD data reflecting North American
practices. Although important lessons could be drawn from
such possible future comparative studies, the focus of this study
is to establish the new ML methodology of OCTs, not to derive
specific clinical lessons from analysis of CHS data for any
particular clinical application. In other words, we acknowledge
that the emphasis of our current work is to demonstrate the
utility of this ML methodology in the evaluation of CHS data
in the framework of the total (geographically and temporally
heterogeneous) experience recorded in the ECDB. Accord-
ingly, precisely because of this heterogeneity, our presented
model is not to be considered “a final product” to be used for
assessment by all CHS centers, nor by all ECHSA or European
centers. Such applications will obviously require recalculation
of the models using the appropriate region-specific and con-
temporaneous homogencous data sets.

We also acknowledged that the same data fields are
recorded for all patients in the ECDB, it being a registry aim-
ing to record all CHS activity in participating centers. There-
fore, the ECDB has not captured all features, which may be
important for all pathologies, procedures, and their innumer-
able combinations. Accordingly, efforts are underway to
develop additional data fields to capture important diagnosis
and procedure-specific preoperative variables, such as ana-
tomic information of coronary arteries in Transposition of the
Great Arteries (TGA) or Tetralogy of Fallot (TOF), and so on.

Future availability of such granular data may well further
increase the predictive power of our methodology.

We note that all predictions are made on the procedure
instead of on the patient level. Therefore, the cumulative esti-
mated risk for a patient who may undergo multiple procedures
would be higher than the individual procedure prediction.

We also note that surgical outcomes do not only depend on
the disease, procedure, and patient-specific factors but also on
other variables relating to the availability, quality, and organi-
zation of necessary health care resources, determined, for
example, by geography, center, program size, and so on. The
effects of such factors external to the patient were not
addressed in this article, but are being analyzed in our continu-
ing research, using the presented methodology, and will be
presented in subsequent reports. Consequently, although our
current risk calculator provides a user-friendly tool to predict
risks of various procedures taking into account individual
patient characteristics, we emphasize that such outcome pre-
dictions are based on cumulative data of all participating cen-
ters and do not reflect any individual center experience and
performance level. Accordingly, our current version of the cal-
culator is to be considered as a pilot tool for theoretical general
risk prediction and is not intended to advise patients in the
context of care provided by individual centers.

Any real-world, real-time model and application used in
clinical practice to predict CHS risks requires the use of fairly
contemporancous data to develop the model. Although the
models reported in this article demonstrate the potential of
ML in the analysis of CHS outcomes, they are not yet ready
for actual clinical application in a bedside calculator designed
to predict CHS risks in specific centers. However, we hope that
our ongoing evolving research, focusing on deep analysis of
individual center performance, will allow center-specific pre-
dictions. Such more refined models to be developed, based on
more homogeneous data subsets and taking into account insti-
tutional and possibly surgeon factors, may form the basis of
future versions of the calculator which could have more clinical
relevance to specific patient counseling.

Limitations

This methodology depends on a large number of good quality
data, as are those in the ECDB. Although only a minority of
data (approximately 14%) in the ECDB has been subjected to
our on-site data verification process (in which independent
database auditors visit volunteering centers and perform, on-
site, detailed verification of 100% of submitted data fields and
for 100% of the submitted patients), the outcomes of these
verification analyses are regularly updated and published on
the ECDB website (https://echsacongenitaldb.org/data_verifi
cation_results/), the results to date consistently demonstrating
no statistically significant differences between the verified and
unverified subsets.”® Another limitation is that our analyses
have involved a large variety of diagnoses, procedures, and
their combinations, with major variation in their frequencies,
ranging from relatively common to extremely rare. This
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variability precludes having large numbers of data for rare
conditions, for which many centers and surgeons may have
little or no experience. Accordingly, the terminal leaves of the
decision trees indicate frequently heterogencous patient
cohorts of similar risk. Finally, due to the large number of
heterogeneous procedures with few observations, we chose not
to use procedure-specific but rather cumulative 85th percentile
MSVT and LOS. Although this could introduce bias against
more complex procedures, auxiliary analyses using procedure-
specific MSVT and LOS demonstrated similar model perfor-
mance for various procedure types (Table S6). Such limitations
originating in data heterogeneity are also addressed by our
ongoing research analyzing the more common and most clini-
cally important operations, chosen to be, for comparative pur-
poses, the same ten “benchmark operation groups™ as
introduced by the STS-CHSD analyses.” Finally and most
importantly, we acknowledge that the wide temporal and geo-
graphic heterogeneity of the data on which the models were
trained, which likely reflect widely varying patterns of practice
and outcomes, precludes the specific application of these mod-
els to any one specific regional practice (eg, Europe or North
America). However, the same methodology can be easily
applied to recalculate the models, for example, using European
only data for application in Europe.

Conclusions

In summary, in seeking improved tools for risk prediction in
CHS via analysis of the large data set in the ECHSA ECDB, the
presented Al and ML-based models of OCT's, which are devoid
of assumptions such as risk factor linearity, provide predictive
power superior to traditional logistic regression and other com-
petitive ML models, and, due to their intrinsic power, may need
fewer variables than traditional methods to achieve accurate
statistically significant predictions. Our methods operate
entirely objectively, yet their decision-making process is easily
understandable at each step. In other words, our approach has
the added advantage of full intuitive interpretability of the
method and its results, and its predictive models can be easily
updated as new data accumulate. Our current risk calculator,
based on these models, allows easy estimation of risks for
individual patients given different preoperative scenarios, in
the theoretical framework of the average performance of all
centers represented in the Database.

Our work represents an initial evaluation of powerful ML
tools and their application in the estimation of adverse outcome
risks after CHS in the context of the challenges and limitations
presented by the diverse spectrum of diagnoses, patients, pro-
cedures, and important limitations noted, including heteroge-
neity of patients, procedures, practices, and outcomes in a great
variety of ECDB centers across multiple geographic regions, as
well as necessary use of “historical” and limited data in devel-
oping predictive algorithms. Therefore, we consider the
strength of this study to rest more on its focus and demonstra-
tion of the potential of the methodology presented, rather than

on the actual results and clinical conclusions generated with
the current “training” or development data set.

In short, our article demonstrates the potential of ML in the
analysis of pediatric and congenital cardiac surgical outcomes.
The approach described represents the initial step in an iterative
process that will certainly evolve over time. Our methodology,
which we plan to develop further to take into account hospital-
derived features, has the potential to contribute significantly to
quality control initiatives in CHS, opening the door to more
precise and transparent benchmarking of outcomes. The cur-
rent model reported in this article is a preliminary model; this
current model is a scientific analysis that is not ready for clin-
ical application. This current model is a general prototype
developed based on heterogeneous sources of data, including
both geographic heterogeneity and temporal heterogeneity. In
order for such a model to be suitable for clinical application, it
would need to be recalculated using data from a contemporary
interval of time and a geographically proximate source (ie,
using only European data rather than global data if the model
is to be used clinically in Europe).
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Abstract

Background: We have previously shown that the machine learning methodology of optimal classification trees (OCTs) can
accurately predict risk after congenital heart surgery (CHS). We have now applied this methodology to define benchmarking
standards after CHS, permitting case-adjusted hospital-specific performance evaluation. Methods: The European Congenital
Heart Surgeons Association Congenital Database data subset (31 792 patients) who had undergone any of the 10 “benchmark
procedure group” primary procedures were analyzed. OCT models were built predicting hospital mortality (HM), and prolonged
postoperative mechanical ventilatory support time (MVST) or length of hospital stay (LOS), thereby establishing case-adjusted
benchmarking standards reflecting the overall performance of all participating hospitals, designated as the “virtual hospital.”
These models were then used to predict individual hospitals’ expected outcomes (both aggregate and, importantly, for risk-
matched patient cohorts) for their own specific cases and case-mix, based on OCT analysis of aggregate data from the “virtual
hospital.” Results: The raw average rates were HM =4.4%, MVST =15.3%, and LOS = 15.5%. Of 64 participating centers, in
comparison with each hospital's specific case-adjusted benchmark, |17.0% statistically (under 90% confidence intervals) overper-
formed and 26.4% underperformed with respect to the predicted outcomes for their own specific cases and case-mix. For MVST
and LOS, overperformers were 34.0% and 26.4%, and underperformers were 28.3% and 43.4%, respectively. OCT analyses reveal
hospital-specific patient cohorts of either overperformance or underperformance. Conclusions: OCT benchmarking analysis
can assess hospital-specific case-adjusted performance after CHS, both overall and patient cohort-specific, serving as a tool
for hospital self-assessment and quality improvement.
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Congenital heart disease, congenital heart surgery, database (all types), outcomes, statistics, risk analysis/modeling, statistics-
survival analysis
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Introduction

Quality improvement efforts in congenital heart surgery (CHS)
depend on the determination of appropriate benchmarking stand-
ards and on comparison of measured outcomes to the benchmark,
while adjusting for variation in case-mix and in various patient and
institutional factors that may affect such risk. Adjustment for vari-
ability in outcome attributed to the inherent risk of different proce-
dures and different patient characteristics has evolved from initial
attempts of risk stratification based on expert consensus (Risk
Adjustment for Congenital Heart Surgery [RACHS-1]' and
Aristotle” methods) to those based on outcome measures provided
by real data (STS-EACTS [STAT] Mortality Score, recently
updated as STAT 2020, and Society of Thoracic Surgeons [STS]
Morbidity Score.™'*) Risk prediction models have been developed
and refined (STS Congenital Heart Surgery Database [CHSD]
Mortality Risk Model ™' and the UK PRAiS2 models'®), adjusting
for differences in both case-mix (risk stratification) and patient-
specific factors, achieving remarkable accuracy (area under the

curve [AUC] in the range of 0.852-0.875).%!"" These
approaches have received criticism for both data limitations
(eg, the availability of only a limited subset of many potentially
important patient-related factors) and for methodological
issues, such as emphasis on a single summary measure of
hospital performance, the overall observed/expected (O/E)
mortality ratio, which may either mask underperformance of
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Abbreviations

Al artificial intelligence
AUC area under the curve (or c-statistic)

CHS congenital heart surgery

CHSD CHS database

CPB cardiopulmonary bypass

ECHSA  European Congenital Heart Surgeons Association
ECDB ECHSA congenital database

LOS length of hospital stay

ML machine learning

MVST mechanical ventilatory support time
OCT optimal classification trees
| VsSD ventricular septal defect

centers for some low-volume complex procedures or may do
injustice when applied to centers performing rare or even
unique and high-risk procedures.'* This latter issue has been
partially addressed by comparative performance analyses
focusing on “benchmark procedures™ as well as on additional
metrics including adjusted mortality rates, both overall and
for ecach STAT Mortality Category.*'?

An important limitation of traditional analytical methods
(linear regression) is the incorrect assumption that various possi-
ble risk factors interact in a linear and additive fashion, ie, that the
odds ratio for each risk factor is the same for all patients and does
not interact with other factors. This limitation has been partially
addressed in the STS CHSD Mortality Risk Model in which intu-
itively preselected feature interactions have been considered.'’

We have previously shown'® that the artificial intelligence
(Al)-machine learning (ML)-based nonlinear methodology of
optimal classification trees (OCTs) can be used to accurately
and interpretably predict risk after CHS even at the individual
patient level, taking into account all relevant recorded risk
factors, automatically identifying important ones without any a
priori assumption of factor interaction, thereby avoiding human
bias introduction. We now apply this methodology to demon-
strate how benchmarking standards after CHS can be calculated
objectively, with case-mix adjustment customized to individual
hospitals, permitting practical self-evaluation of hospital perfor-
mance, both overall and also regarding cohort-specific outcomes.
We emphasize that we aimed to define the methodology to be
used for center self-assessment using European data, and not to
establish generally applicable benchmarking standards or for
the purpose of public reporting. Furthermore, in recognition of
the fact that there is a wide spectrum of CHS procedures that
are performed quite infrequently even in large centers, we
limited this analysis to the 10 so-called “benchmark procedure
groups,” a practice also adopted by the STS CHSD.*'?

Material and Methods

The data, provided by the European Congenital Heart Surgeons
Association (ECHSA) congenital database (ECDB) after study
review and approval by the ECDB Committee regarding com-
pliance with all ECHSA ethical and patient data protection

policies, validated in accordance with ECDB procedures,
encompass fully anonymized information regarding patients
who have undergone CHS in participating hospitals. The
ECDB is fully compliant with the European General Data
Protection Regulation, and all its participating hospitals have
agreed to provide fully anonymized data to the ECDB to be
used in data analyses for research and patient care quality
improvement initiatives, in full compliance with every applica-
ble local law and internal Institutional Review Board
Procedure. This study focuses on a subset of the total data of
>235000 patients and 295 000 operations, pertaining to
64 202 patients who had undergone operations belonging to
the 10 “benchmark procedure groups” (see Table 1 and
Supplemental Table S1) from January 1, 2010, to December
31, 2018. Non-European hospitals and their data have been spe-
cifically excluded from this analysis. After limiting to European
centers only, the outcomes of 31 792 “benchmark™ operations
were analyzed. The 2010-2015 data subset was used to train
the models and those from 2016 to 2019 for testing.

Methods

The collective data of all 64 ECDB participating hospitals are
considered to define the “virtual hospital,” ie, as if the total
patient population and all surgical outcomes reflected the practice
of CHS at a single theoretical hospital containing all participating
hospitals. The OCT ML-based method previously described'®
was applied. OCTs, compared to traditional methods such as
logistic regression, can capture nonlinear variable interactions
while providing individual-level interpretability. The output is
a single decision tree where the user can trace the decision
path that leads to the prediction, hence providing the level of
interpretability that other black box methods such as random
forests and gradient boosting are unable to achieve. The
modem optimization techniques used in OCTs also allow them
to perform competitively with the black-box methods.

The risk factors entered in the model, all being preoperative
features, are shown in Table 2. The risk of postoperative
adverse outcomes previously defined'® (hospital mortality
[HM], prolonged postoperative mechanical ventilatory
support time [MVST], and prolonged postoperative length of
hospital stay [LOS]) was calculated. The model for each
outcome presents itself in the form of a decision tree, with pre-
dictive power (out-of-sample AUC) 0.871, 0.814, and 0.813,
respectively. Other performance characteristics of the models
are shown in Supplemental Table S2 and Figures S1 and S2.
The relevant preoperative risk factors for each model are
shown as split variables in the respective virtual hospital deci-
sion tree, of which, for simplicity, only a portion for the mortal-
ity model is shown in Figure 1.

In addition, the OCT algorithm automatically determines
“patient pathways™ along the virtual hospital decision tree,
cach of which (a) describes a patient cohort with a combination
of particular characteristics having a similar risk profile and (b)
presents outcome statistics for the particular patient cohort,
averaged for all hospitals.



Assessment of the Virtual Hospital

The full virtual hospital decision tree has many splits, defining
18 terminal patient cohorts. For simplicity, we show in detail
(Figure 1) only part (first 2 levels) of the entire virtual hospital
tree for the mortality outcome. The virtual hospital average HM
(for 23 380 patients in the training set) is 4.6%. The tree part
shown magnified consists of 4 pathways leading to 4 distinct
cohorts:

Cohort 1 (mortality risk: 7.5%): This cohort underwent
atrioventricular septal defect repair, arterial switch opera-
tion, arterial switch operation/ventricular septal defect
(VSD) repair, off-bypass coarctation repair, tetralogy of
Fallot repair, and VSD repair, and it has been <1569
days since the previous operation.

Cohort 2 (mortality risk: 2.0%). This cohort underwent the
same set of procedures as cohort 1, but has either never

Table 2. Preoperative Risk Features (Potential Risk Factors) Analyzed
and the Features’ Relative Importance for Mortality Prediction.

Importance
Predictive variable (%)
Procedure 710
Days since the previous operadon, if any 1.9
Weight 9.2
Age (months) 3.7
Number of preoperative diagnoses 3.1
Any general preoperative risk factor present 1.0
Case category (cardiopulmonary bypass [CPB] vs 0.0
non-CPB)
Gender 0.0
Number of concomitant procedures performed 0.0
Any noncardiac abnormality present 0.0
Any prior operation 0.0
Year of procedure 0.0

days since the previous one.

Cohort 3 (mortality risk: 31.4%): This cohort underwent the
Norwood procedure.

Cohort 4 (mortality risk: 9.9%): This patient cohort under-
went a procedure belonging to 1 of the following 3 pro-
cedure groups: Fontan, Glenn Hemi-Fontan, and
Truncus Repair.

In this nonlinear methodology, all patients of a cohort share
similar risk by virtue of various features, but may well have
undergone different procedures. The same procedure may
appear in different risk cohorts, depending on other features,
but a given patient belongs only to 1 same-level cohort.

The collection of terminal nodes at the end of each pathway
forms a set of patient cohorts, each defined by specific features
and including patients of similar risk. The 18 terminal leaves of
the entire tree define all of the similar risk cohorts of the virtual
hospital.

The entire collection of cohorts makes up the whole patient
population, and any patient analyzed by the virtual hospital
OCT will be categorized into 1 and only 1 terminal cohort.
Furthermore, a comparison of the percentage of patients in
each cohort to the overall population provides an appreciation
for patient case-mix as illustrated in Figure 2, which sorts all
cohorts from low to high risk. Some cohorts have a high risk
(cohort 3) and some have a low risk (cohort 2). It is evident
that some nodes have a high percentage of patients (cohort
2): some do not (cohorts 1 and 3). Bar height represents the per-
centage of patients in each cohort. Thus, the pathways enable a
logical presentation of the virtual hospital case-mix.

Assessment of the Individual Hospital

We assess ecach individual hospital’s (“index hospital™) perfor-
mance compared to the virtual hospital by calculating the poten-
tial outcome of each individual hospital’s patient population in
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Table |I. The 10 Benchmark Procedures Studied.

Training (2010-2015) Testing (2016-2019)

Number of Mortality Number of Mortality
Procedure procedures (%) procedures (%)
Off-bypass coarctation repair 3519 22 1248 1.0
Fon@an procedure 1264 4.7 420 29
Glenn or hemi-Fontan procedure 832 7.5 423 4.0
Arterial switch operation with ventricular septal defect (VSD) 895 82 312 74

repair

Arterial switch operation 2175 4.0 757 54
Complete atrioventricular canal repair 2157 4.7 821 38
Tetralogy of Fallot repair 728 1.5 249 1.2
VSD repair 7257 0.9 2503 0.6
Norwood procedure 1288 314 564 284
Truncus repair 3265 4.0 1115 24
Overall 23 380 4.6 8412 4.1
Results had a previous operation, or it has been at least 1569
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Figure |. The mortality model optimal classification tree (OCT) for the virtual hospital (A), with a zoomed-in version of the top 2 levels

shown (B). Each of the terminal boxes refers to a cohort defined by the criteria for its pathway. For each cohort, the average mortality and the
number of procedures (in the training data subset) for that cohortare shown. At the top level, there are 23 380 cases of benchmark procedures
analyzed. The first split divides the total sample into 2, based on the variable procedure: on the left branch, there are 20 579 procedures falling
under 6 categories (details in the legend) with mortality 2.5% and on the right branch 2801 procedures in 4 categories, with mortality 19.8%.
The left branch is further split based on the variable days since the previous operation if any, leading to cohorts | and 2, and the right branch is
further split again according to the variable procedure, leading to cohorts 3 and 4. Note that the splits along the pathways are chosen by the
algorithm to be the optimal ones and are based on different variables every time, as the methodology is not linear. The table insert shows, as an
example, which procedures are used to split into cohorts 3 and 4. The terminal leaves of the entire tree (not shown in detail for simplicity)

define all the similar risk cohorts revealed by the algorithm.

the virtual hospital’s performance environment. This is a 2-step
process: First, we calculate the aggregate outcome rate for mor-
tality, prolonged MVST, and prolonged LOS of the index hos-
pital's case-mix in the virtual hospital’'s performance
environment (decision tree), yielding what we define as the
expected rate, both cumulatively, for all patients, and, second,
also for each patient cohort. In other words, the expected
rates provide measures of performance assuming the index hos-
pital’s actual case-mix is being treated at the virtual hospital’s
objectively known performance level. Thus, the calculated
expected rates serve as each index hospital’s case-adjusted
and hospital-specific benchmarks.

Stated altematively, since, clearly, the performance of an indi-
vidual hospital can only be “quantified” in relation to their own
unique case-mix, our methodology achieves such comparison of

the performance of a hospital to their own predicted outcomes for
their own specific cases and case-mix, based on our OCT analy-
sis of aggregate data from the “virtual hospital.”

The calculation of these metrics is illustrated with an
example of hospital’s case-mix in Figure 2. To adjust for the
difference in case-mix, we calculate the expected rate by apply-
ing the virtual hospital performance on this hospital’s case-mix.
We multiply the mortality rates observed at the virtual hospital
for each cohort by the number of patients that this index hospital
sees for each corresponding cohort and divided by the total
number of patients at this hospital, yielding the expected rate.

Next, to further analyze the index hospital’s performance,
we identify: first, “areas of distinction,” ie, cohorts for which
the observed index hospital’s measured performance is statisti-
cally better than that of the same patient cohort’s calculated risk




Figure 2. Example case-mix for the virtual hospital, and an example hospital for comparison. The cohorts appear on the x-axis (ordered from
lower to highest risk). The y-axis represents the percentage of the total patient number in each cohort. Shading represents a risk, higher risk is
indicated by darker shading. Comparison of the case-mix of the index hospital to that of the virtual hospital shows that the index hospital has
relatively fewer low-risk patients (cohort 2) and more high-risk patients (cohort 3).

in the virtual hospital (“expected rate™) and second, “areas of
opportunity,” ie, cohorts of greater observed risk in the index
hospital compared to the “expected rate,” ie, the calculated
risk of a patient cohort with identical characteristics in the
virtual hospital. This is accomplished by comparing the entire
virtual hospital tree to the entire individual index hospital
tree, pemmitting a direct comparison of identical terminal
nodes of the pathways of the index and virtual hospitals, ie,
direct comparison of outcomes of patient cohorts with similar
risk characteristics.

Comparative Assessment of all Hospitals

The results of comparison of overall outcome performance of
each of the 64 index hospitals against their respective expected
rate are shown in Figures 3 to 5 for monrtality, prolonged
MVST, and prolonged LOS, respectively. In Figures 6 and 7,
the observed-to-expected (O/E) mortality ratio of all hospitals
is shown, sorted from the lowest to the highest. For mortality,
17.0% of hospitals perform better and 26.4% worse than
expected, ie, with respect to the predicted outcomes for their
own specific cases and case-mix, based on the OCT analysis of
aggregate data from the “virtual hospital.” For 11.3% of hospi-
tals, the O/E mortality ratio is above 2. We observe a similar per-
formance distribution for prolonged MVST and prolonged LOS.

The result of an individual hospital’s detailed performance
analysis is illustrated by the example of an index unnamed
real hospital, labeled as “Hospital A,” with 1254 patients
included in this study. The summary assessment of this hospital
is shown in Table 3, with the actual observed versus the
expected values for HM, prolonged MVST, and prolonged

LOS rates being 7.2% versus 7.2% (p>.05), 22.7% versus
19.7% (p=.011), and 25.7% versus 21.6% (p=.002). The
expected rates are the predicted outcomes for this hospital’s
own specific cases and case-mix, based on the OCT analysis
of aggregate data from the “virtual hospital.”

Focusing on mortality, the observed HM for Hospital A is
7.2%, compared with average raw mortality in the virtual hos-
pital of 4.4%. On surface, Hospital A is doing worse than
average. However, as illustrated in Figure 8, comparison of
the risk-stratified cohorts of Hospital A and the virtual hospital,
it is evident Hospital A’'s case-mix is at higher risk.
Accordingly, when we calculate Hospital A’s expected rate,
which is predicted based on its own specific case-mix, concep-
tually, as if this hospital’s patients were to be treated at the
virtual hospital, its HM should be 7.2%, indeed higher than
the average raw mortality of the virtual hospital. Since
Hospital A’s observed mortality rate is 7.2%, similar (by
chance, here, equal) to the adjusted, expected rate, Hospital
A’s performance is not statistically significantly different
from the virtual hospital. Indeed, in Figure 6 and 7, where the
O/E ratio of all hospitals is shown, O/E for Hospital A is 1.0,
the error bar indicating the absence of statistically significant
difference. Analyzing mortality performance at a deeper level,
examination of the full Hospital A decision tree may reveal
“areas of distinction” and “areas of opportunity,” the color-
coding indicating overperformance (green) or underperform-
ance (red), compared to expected, the case adjusted benchmark.
Despite the overall performance being as expected, this full tree
(Figure 9), showing the pathways to the 8 distinct cohorts
revealed by the algorithm, demonstrates no cohorts of distinc-
tion, and some (cohorts 3, 5, and 8) providing opportunities
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Figure 3. Comparison of mortality for all hospitals. The O/E mortality ratio (y-axis) is plotted against the expected mortality for each hospital.
Dot size reflects hospital size (ie, number of patients). The vertical solid line represents the raw mortality of the virtual hospital. The horizontal
line corresponds to HM equals to its expected mortality, which is calculated by our OCT analysis as the predicted morality for the hospital's
own specific cases and case-mix, based on the OCT analysis of aggregate data from the “virtual hospital.” These 2 lines divide the x-y-plane into
4 quadrants: “lower-risk cases” and underperforming hospitals, “lower-risk cases” and overperforming hospitals, “higher risk cases™ and

underperforming hospitals, and “higher risk cases” and overperforming hospitals. Higher or lower risk is in comparison to the aggregate risk in
the virtual hospital. Red indicates statistically significant underperformance, green indicates overperformance, and white indicates no statistically

significant performance difference.

Abbreviations: O/E, observed-to-expected; HM, hospital morality; OCT, optimal classification tree.

for improvement (worse than expected performance). Figure 10
shows the characteristics of these cohorts, and Figure 11 sum-
marizes mortality performance for Hospital A, further breaking
down cohorts by benchmark procedure.

Comment

We have previously shown'® analyzing data for more than
235000 patients and more than 295 000 operations in the
ECDB that the nonlinear Al-ML methodology of OCTs
permits accurate predictions of adverse outcomes after CHS in
a fully intuitively and interpretable manner, presenting them-
selves as decision trees. The predictive power of this methodol-
ogy, which some of us have previously used successfully in other

medical applications,'” is devoid of frequently assumptions of
risk factor linearity which have been traditionally employed in
linear regression-based methods and involves no assumptions
about the potential importance of preoperative features, assump-
tions which may introduce bias. The benchmarking analysis pre-
sented herein utilizes the power of OCTs, focusing on the ECDB
data subset pertaining to 10 common “benchmark™ operation
groups, to reduce the variability related to a wide spectrum of
many more but much rarer procedures.*'® Furthermore, we
limited our analysis to European data only, to limit potential var-
iability related to the geographic heterogeneity of CHS practices.

Our risk model for each adverse outcome studied, presented as
a decision tree, takes into account all preoperatively known vari-
ables recorded in the database, including patient-specific general
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Figure 4. Comparison of prolonged mechanical ventilatory support time (MVST) for all hospitals.

preoperative factors (eg, diagnosis, age, weight, prematurity,
history of prior cardiac procedures, and presence of other noncar-
diac anomalies such as genetic and chromosomal defects), and
other preoperative factors indicating clinical status (eg, preopera-
tive mechanical ventilation or circulatory support, etc).
Importantly, this methodology does not assume that these
factors have any a priori relationship between themselves, nor
that they interact in a linear and additive fashion, as linear regres-
sion does. Once the model’s decision tree is established, it may be
considered conceptually as demonstrating the performance of a
“virtual” hospital where all ECDB patients have been treated.
The uniqueness of our methodology lies in that when an individ-
ual hospital’s performance is analyzed, our model can calculate
what the predicted outcomes would be if the given hospital’s spe-
cific case-mix were treated in the virtual hospital, thereby deter-
mining a hospital-specific case-adjusted benchmark, against
which the real observed performance of the hospital can be
assessed. Thus, the case-mix of the index hospital becomes iden-
tical, in so far as the recorded data reflect, to the case-mix of the
virtual hospital, practically eliminating the contributions of
case-mix variation to estimated risk. Accordingly, each hospital’s
performance is assessed by comparison to their own predicted

outcomes for their own specific cases and case-mix, based on
the OCT analysis of aggregate data from the “virtual hospital.”

It should be noted that, altematively, we could assess the
reverse, ie, the potential performance of each individual hospi-
tal if it treated “the virtual hospital’s” patient population.
However, if the index hospital sees none or very few patients
of a particular virtual hospital cohort, eg, if a hospital rarely per-
forms a particular operation, such as the Norwood operation,
which may be the case in situations of differing national poli-
cies, it would be unfair to extrapolate this hospital’s very
limited experience relevant to such a procedure to predict its
performance as if it treated the virtual hospital’s population.
Therefore, we focus on the expected rate comparison described
above as the hospital-specific benchmark metric.

Importantly, this methodology is not limited to evaluation of
the aggregate performance of each hospital and has the addi-
tional power to automatically assess the performance of the
same patient cohorts in the index as in the virtual hospital,
thereby revealing possible areas of strength (overperformance)
and areas of opportunity (underperformance). The analysis of
performance is available for each patient cohort, each of
which comprises patients with a similar risk. The criterion for
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Figure 5. Comparison of prolonged length of hospital stay (LOS) for

assigning a patient to a cohort is the combination of shared char-
acteristics and statistically similar risks described by the rele-
vant pathway. Therefore, heterogeneous procedures may well
be included in the same cohort. Obviously, as more data accu-
mulates in the database, greater granularity and statistical differ-
entiation of subcohorts can be revealed with the algorithm
proceeding to deeper levels.

In addition, our analysis automatically further breaks down
the performance of each cohort into its components derived
from each of the 10 benchmark procedures (Figure 11).
Therefore, a detailed risk-adjusted view of the participating
hospital is provided, analyzed both by the risk group and by
the procedure. Accordingly, our benchmarking analysis,
which is not limited to overall performance assessment, but
dissects into important components of performance, can
serve as a powerful self-assessment and quality improvement
tool for each hospital.

Limitations

While limiting the analysis to the 10 benchmark procedure
groups reduces data heterogeneity and facilitates statistical

all hospitals.

analysis, considering that benchmark procedures represent
only 45.7% of the total recorded in the ECDB, exclusion of
many albeit infrequently performed procedures may mask
potentially important overperformance or underperformance
of centers regarding procedures not studied. For many tertiary
care hospitals, the percentage of rare, complex, and high-risk
cases (some of which may be performed almost exclusively
in specialized centers) not included in the 10 benchmark proce-
dures may be substantial, and use of additional metrics, such as
adjusted outcome estimates for all procedures, both overall and
by risk category, is important. Accordingly, in our ongoing
research, hospital performance for both benchmark and non-
benchmark procedures will be addressed.

Although all preoperative factors recorded in the database
have been entered in the analysis, there are unrecorded or
unknown patient factors that may be significant risk contribu-
tors: genetic factors independent of other patient and operative
features may play a significant role (such as the apolipoprotein
E-2 allele in neurodevelopmental outcome after neonatal
CHS'), yet these are generally not clinically tracked. We
also know that there are specific features relevant only to
certain procedures (eg, coronary anatomy for transposition of
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