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Prognostic models are important tools in forecasting

survival outcomes. Prognostication facilitates patient–

physician discussions and serves as a critical first step in

identifying patient subgroups and potentially individuals

with a markedly distinct prognosis. Although such prog-

nostic stratification cannot directly predict treatment

benefit, it can help to inform clinical decision-making. In

trial design, by directing interventions toward appropriate

high-risk groups, prognostic indicators can maximize the

likelihood of a clinically meaningful trial. Accurate indices

often can allow inclusion of patients most likely to benefit

and help to reduce trial cohort size.

One of the first prognostic models for patients with

resectable colorectal liver metastasis (CRLM) was devel-

oped by Fong et al.1 in 1999. In a cohort of 1001 patients

from the Memorial Sloan Kettering Cancer Center

(MSKCC) treated between 1985 and 1998, the authors

selected five independent, preoperatively available predic-

tors of survival for incorporation into a clinical risk score

(CRS). The weight assigned to each prognostic factor was

deliberately the same (although the relative hazards of

death varied somewhat between predictors), transforming

the model into an easy-to-calculate, 0- to 5-point score.

Importantly, the CRS successfully distributed patients

across a wide range of outcomes, with 5-year survival rates

ranging from 60% for patients with 0 points to 14% for

patients with 5 points, thus helping to identify potentially

actionable patient subgroups. The original publication

discussed the possible importance of neoadjuvant

chemotherapy for patients with high CRS, which currently

is standard practice. This description of combined charac-

teristics associated with poor survival can render a model

clinically relevant even if the discriminatory ability as

reflected by the concordance index (c-index) and area

under the curve (AUC) is not high. The CRS remained a

valuable clinical tool for two decades.

With the advent of modern chemotherapy and broad-

ened surgical indications for patients with CRLM, a

number of reports appropriately began to question the

discriminatory power of the CRS, with AUCs ranging from

0.53 to 0.68 in external validation cohorts.2 Although

attempts to develop updated risk scores were made, gains

in discriminatory ability were modest at best. A model

recommended by Rees et al.3 reported a promising AUC of

0.8, but that decreased, ranging from 0.59 to 0.66 in the

external validation.2 It slowly became accepted that the

combination of biomarkers reflecting the underlying tumor

biology and traditional risk factors might increase dis-

criminatory power. Vauthey et al.4 demonstrated that in

addition to a well-established predictive role indicating

resistance to anti-epidermal growth factor receptor agents,

the presence of KRAS mutations had a prognostic role

among patients with CRLM.

Subsequent studies by a group at Johns Hopkins and

others confirmed these findings and raised the possibility that

KRAS mutation status may be an appropriate candidate for

incorporation into clinical risk scores.5 In 2018, two such

prognostic models were reported: the genetic and morpho-

logical evaluation (GAME) score, developed at Johns

Hopkins and validated at MSKCC, and the modified CRS

(m-CRS), developed at MD Anderson and validated in an

international cohort.6, 7 The GAME score used a weighted

� Society of Surgical Oncology 2020

First Received: 5 June 2020

Accepted: 16 August 2020;

Published Online: 31 August 2020

G. A. Margonis, MD, PhD

e-mail: margonig@mskcc.org

Ann Surg Oncol (2020) 27:4861–4863

https://doi.org/10.1245/s10434-020-09053-w

http://crossmark.crossref.org/dialog/?doi=10.1245/s10434-020-09053-w&amp;domain=pdf
https://doi.org/10.1245/s10434-020-09053-w


approach, whereas the m-CRS retained the same statistical

design as the original CRS, assigning 1 point each to the

presence of primary tumor lymph node metastasis, KRAS

mutation, and largest CRLM diameter ([ 5 cm). The

GAME score and the m-CRS had slightly better discrimi-

natory power than the original CRS, achieving c-indexes of

0.625 to 0.645 and 0.69, respectively.

In the current study, Paredes et al.8 built on these two

models by developing an alternative clinical score (a-CS),

which incorporated KRAS status and preoperatively

available clinical risk factors in a cohort of 1406 patients

derived from five collaborating institutions in the United

States and Europe. The model included 11 prognostic

factors and had good discriminatory ability to determine 1-,

3-, and 5-year recurrence-free survival (RFS) for patients

with known KRAS status in the validation cohort [AUC:

0.642, 0.660 and 0.667, respectively (for patients with

known KRAS status)]. The AUC confidence intervals were

narrow, indicating good reliability, and the model was

well-calibrated. Importantly, the discriminatory ability of

the a-CS surpassed that of both the CRS and the m-CRS.

The a-CS differed from these models by incorporating

additional prognostic factors, assigning different weights to

incorporated predictors and using a bootstrap aggregation-

based (‘‘bagging’’) approach to the analysis. These features

likely underlie the improved discriminatory ability of the

model, which because it included a sizeable minority of

patients from outside the United States in the study popu-

lation will hopefully prove to be applicable internationally.

Notably, the m-CRS was originally created on the basis

of risk factors for poor overall survival (OS), rather than

RFS.7 Although Brudvik et al.7 demonstrated that the

m-CRS is an adequate predictor of RFS in addition to OS,

the correlation between these two survival metrics is known

to be imperfect. Further analysis is required to establish

whether the prognostic advantage demonstrated by the a-CS

over the m-CRS in terms of RFS is also applicable to OS, a

finding that would enhance the impact of the current study.

Compared with the CRS and m-CRS, the current model

incorporated the following additional prognostic factors:

age, sex, primary tumor location, primary tumor T stage,

and receipt of pre-hepatectomy chemotherapy. Pre-hepa-

tectomy chemotherapy and primary tumor location had the

largest weight by far and likely contributed most to the

model’s improved performance. Carcinoembryonic antigen

(CEA) and disease free interval (DFI) (with the same

cutoffs used in the CRS) also had considerable prognostic

impact, whereas age and sex contributed only marginally.

The strong association of pre-hepatectomy chemotherapy

with shorter RFS has been reported previously by Margonis

et al.9 and others and, as noted by Paredes et al.,8 is likely

secondary to the considerable underlying disease burden

that leads to patients treated initially with chemotherapy.10

Nonetheless, the retrospective design of the study and the

lack of detailed information on chemotherapy indications

render the interpretation of this association a matter of

conjecture.

In recent years, primary tumor location has gradually

emerged as an important prognostic and is thought to serve

as a proxy for underlying tumor biology. This was not

known at the time the CRS was developed.11 The inclusion

of KRAS mutation status resulted in a relatively modest

difference in the AUC. Although this is consistent with

recent data suggesting that the prognostic importance of

KRAS mutation status may have been overestimated, the

impact of other RAS pathway mutations was not asses-

sed.9, 12 Given that the complexity of tumor biology is

inadequately captured by a single gene-based biomarker,

these findings are not surprising. The use of comprehensive

gene panels to simultaneously capture mutations in multi-

ple genetic loci of possible prognostic significance (e.g.,

BRAF) likely is a necessary step for the development of

more robust prognostic biomarkers. The rapid proliferation

of next-generation sequencing technologies should render

this a possibility.

Weighting prognostic factors by their respective prog-

nostic impact is intuitively sensible and likely to contribute

to prognostic accuracy. The bootstrap aggregation algo-

rithm used by the authors is an ensemble method that trains

multiple different models from a single training dataset and

averages their predictions. This approach generally pro-

duces more accurate predictions than the individual

models, thus improving the stability of high-variance

models. Although logistic regression does not traditionally

belong to the latter (e.g., decision trees are high-variance

machine-learning algorithms), ‘‘bagging’’ likely con-

tributed to the narrow confidence intervals observed. The

model’s superior discriminatory ability probably stemmed

largely from the incorporation of multiple prognostic fac-

tors and the use of appropriate prognostic weighting.

Paredes et al.8 successfully developed a model with

better discriminatory ability than both the CRS and the

more recent m-CRS by successfully incorporating multiple

predictors according to prognostic weight and maximizing

the robustness of traditional regression via innovative use

of bootstrap aggregation. Whereas these results demon-

strate the potential of well-known prognostic factors

combined with new analytic approaches, they also confirm

the current limitations in forecasting survival among

patients with CRLM. Improving AUC substantially beyond

the 0.7 range for patients with CRLM likely will require

the discovery of new and novel prognostic biomarkers as

well as the inclusion of interactions between known

prognostic factors.12 For example, it has recently been

reported that the poor prognostic impact of a right-sided

primary tumor among patients with CRLM may manifest
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only in the absence of KRAS mutations.11 Assessing each

factor in isolation would have failed to detect this interplay,

thus emphasizing the need to recognize that combination

indices are important and additive to their individual

components.

Artificial intelligence-based methods are ideal for cap-

turing such interactions, which the ‘‘bagging’’ technique

does not address. Other approaches to modeling complex

interactions between prognostic variables with the aid of

Bayesian methodology have received little emphasis to

date and deserve further study.13 Assuming that interac-

tions are difficult and impractical to capture, a different

strategy would be to try limiting their impact by separating

patients into smaller biologically and/or clinically homo-

geneous groups within which the effect of prognostic

factors is more likely to be uniform. This approach has

been used successfully for soft tissue sarcoma, in which the

original nomograms developed nearly 20 years ago with

‘‘all-comers’’ have been subdivided gradually into site-,

histology- and post-recurrence-specific versions, with

considerable improvement in prognostic accuracy.14–16

Nonetheless, this approach remains imprecise for the

individual patient because although the effect of interac-

tions is reduced, it can never be eliminated entirely, and the

nomograms fail to account for it.

Future models with improved discriminatory ability may

not automatically be of clinical interest unless they success-

fully identify discrete patients or patient subgroups that could

potentially inform management and clinical trial design as

was originally the intent of the CRS. Although the current

model by Paredes et al.8 allows us to anticipate the likelihood

of recurrence with improved accuracy, predicting the site and

distribution of recurrent disease may help to guide manage-

ment further. Specifically, the ability to identify patients that

may be technically but not ‘‘biologically’’ resectable due to

the high likelihood of multifocal extrahepatic recurrence as

well as patients at high-risk for isolated intrahepatic recur-

rence who may be candidates for aggressive re-resection or

liver-directed treatment (e.g., hepatic arterial infusion ther-

apy) would add a predictive (rather than a merely prognostic)

dimension to the a-CS and should be considered in future

updated versions of the model.

It has taken two decades to get this far. We might hope

that with improved identification of relevant biologic

markers and improved artificial intelligence techniques we

shall make greater progress for the individual patient in the

next decade.17
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