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Artificial intelligence for 
cancer-associated 
thrombosis risk 
assessment
We read, with great interest, the 
Lancet Haematology  Article by 
Ingrid Pabinger and colleagues1 
reporting the development and 
validation of a nomogram (including 
only tumour site risk category 
and D-dimer) to assess the risk of 
venous thromboembolism (VTE) 
in chemotherapy-treated cancer 
patients. The development of risk 
assessment models to predict the 
risk of cancer-associated VTE is a 
compelling challenge in contemporary 
oncology, and the prediction tool 
described by Pabinger and colleagues1 
has the potential for a substantial 
improvement over the Khorana 
score. Application of the proposed 
equation to a different dataset of 
patients enrolled in our Institutional 
Biobanks2 resulted in a c statistic 
similar to those reported in Pabinger 
and colleagues’ study1 and superior 
to that obtained through the use of 
the Khorana score. At a 10% cutoff for 
predicted cumulative 6-month VTE 
risk, the analytical performance was 
also similar (table) to that reported by 
Pabinger and colleagues.1 The D-dimer 
assay used in our centre (HemosIL 
D-dimer HS500) was different from 
the assays used in the developmental 
phase, suggesting a wide clinical 
applicability of the proposed 
nomogram.

In our opinion, the availability 
of an online risk calculator—which 
is undoubtedly more convenient 
than a paper-based nomogram—
confers strength to the proposed 
risk assessment model; therefore, 
we disagree with Khorana’s concern 
“about the number of steps that this 
process asks of busy clinicians”.3 On 
the one hand, the rapid development 
of information and communication 
technologies in the past 20 years 
has allowed the development of 

customised interfaces extracting 
data from available electronic health 
records for a real-time VTE risk 
calculation on the basis of the Khorana 
score.4 On the other hand, the way in 
which enterprise tools and platforms 
for the mining of knowledge from 
big data have flourished over the past 
couple of years has posed new and 
challenging possibilities to deploy 
clinical data for precision medicine.5

In 2017, we introduced a new 
method on the basis of a combination 
of artificial intelligence and machine 
learning for VTE risk prediction.2 A 
summary of the model performance 
is reported in the table. Although 
the different patient cohorts mean 
similarities between models are few, 
we do believe a machine learning 
approach to electronic health records 
big data might help to achieve optimal 
prediction, and has the potential to 
revolutionise the practice of evidence-
based, cost-effective, personalised 
medicine. We acknowledge that 
barriers to implementation of 
information and communication 
technologies must be overcome 
in privacy protection before this 
approach can be made available in 
clinical practice.
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Nomogram* Khorana score* Machine learning 
predictor†

Area under the curve 0·65 (0·61–0·68) 0·55 (0·51–0·59) 0·72 (0·68–0·75)

Bayesian analysis

Sensitivity 12% (6–21) 8% (3–16) 67% (52–80)

Specificity 93% (93–94) 94% (93–95) 71% (69–72)

Positive predictive value 15% (7–27) 11% (4–24) 15% (12–18)

Negative predictive value 91% (91–92) 91% (90–92) 97% (95–98)

Positive likelihood ratio 1·74 (0·78–3·59) 1·22 (0·43–3·05) 2·30 (1·70–2·82)

Negative likelihood ratio 0·95 (0·84–1·02) 0·99 (0·89–1·04) 0·46 (0·28–0·69)

Data are c statistic (95% CI), % (95% CI), or ratio (95% CI). *Evaluated on a cohort of 726 patients. 
Nomogram was categorised on a 10% cutoff for predicted cumulative 6-month venous thromboembolism risk; 
Khorana score was categorised according to the suggested three-point cutoff. †Based on a validation cohort of 
608 patients from the same dataset and a voting on the positive class.2

Table: Analytical performance of cancer-associated venous thromboembolism risk assessment 
models
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Author’s reply
I appreciate the comments from 
Patrizia Ferroni and colleagues 
regarding the use of artificial 
intelligence and machine-learning 
approaches to better predict the 
risk of venous thromboembolism 
(VTE) in patients with cancer. I agree 
with the authors that automated 
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