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Abstract
Objective  The objective of this study was to validate the PredictAI models for predicting major bleeding (MB) in patients 
with active cancer and venous thromboembolism (VTE) with anticoagulant (ACO) therapy, within 6 months after primary 
VTE, using an independent cohort of patients from the TESEO database.
Methods  This study conducted an external validation of the PredictAI models using the international, prospective TESEO 
registry from July 2018 until October 2021. Data from 40 Spanish and Portuguese hospitals recruiting consecutive cases of 
cancer-associated thrombosis under anticoagulant treatment and without missing values regarding the model outcome or 
predictors were used. Patients with baseline MB or unknown MB status during follow-up were excluded for the validation 
analysis. Logistic regression (LR), decision tree (DT), and random forest (RF) approaches were used to validate the models.
Results  Included patients from the TESEO cohort (2179 patients) had similar key demographics and clinical characteristics 
to the PredictAI cohort (21,227 patients). During the 6-month follow-up period, 10.9% (n = 2314) and 5.9% (n = 129) of 
patients experienced at least one MB event in the PredictAI and TESEO cohorts, respectively. Hemoglobin, metastasis, age, 
platelets, leukocytes, and serum creatinine were described as predictors for MB in PredictAI; the external validation results 
in TESEO showed statistical significance by LR and RF approaches, with ROC-AUC values of 0.59 and 0.56, respectively 
(both p < 0.05).
Conclusion  PredictAI models for predicting MB in anticoagulant-treated cancer patients within the first 6 months follow-
ing VTE diagnosis have been externally validated. These models may be considered as a tool to guide objective decisions 
regarding the indication or extension of anticoagulant therapy in this population.
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Introduction

Cancer patients are at high risk for developing venous 
thromboembolism (VTE), which in turn is a leading cause 
of bleeding complications and morbimortality in this popu-
lation [1–4]. From a clinical standpoint, the management 
of bleeding events, including major bleeding (MB), in 

individuals with active cancer and VTE is complex and often 
entails delay and stop of anticancer therapy [5, 6]. Determin-
ing the individual features that prelude the occurrence of 
bleeding events is crucial to identify high-risk patients and 
support further decisions regarding the initiation or duration 
of anticoagulant therapy.

Existing models and risk scores for the prediction of 
bleeding events in patients with VTE have shown impor-
tant methodological limitations and suboptimal predictive 
accuracy [7, 8]. While previous studies have assessed the Extended author information available on the last page of the article
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impact of bleeding in anticoagulated cancer patients with 
VTE [9–14], risk factors of bleeding in this population 
remain largely unexplored. Although active cancer is a pre-
dictive factor of bleeding in the available models developed 
in patients with VTE, no specific risk scores had been devel-
oped in anticoagulant-treated cancer patients until the recent 
development of CAT-BLEED and B-CAT score [8, 9]. How-
ever, as with some of the aforementioned models in VTE, 
CAT-BLEED was developed using only clinical trial data 
with restrictive inclusion criteria and patients undergoing 
treatment with specific anticoagulant drugs. Then its gen-
eralizability and clinical utility may, thus, be largely com-
promised. Neither model has yet been externally validated.

To circumvent some of these limitations, Muñoz and col-
leagues have recently developed and published the results 
of the PredictAI study, which includes a machine learning 
(ML)-based algorithm to predict MB in anticoagulant-
treated cancer patients within the first 6 months following 
VTE diagnosis [10]. From a target population of 21,227 
patients in Spain, all potential predictors and the outcome 
(MB) were retrospectively extracted from the unstructured 
information in electronic health records (EHRs) between 
2014 and 2018, using EHRead® technology (Medsavana, 
Madrid, Spain) which includes natural language process-
ing (NLP) and machine learning (ML). Several statistical 
approaches were evaluated for the development of the pre-
dictive model, namely logistic regression (LR), decision tree 
classifiers (DT), and random forest (RF) models. The models 
identified the following predictors of MB at baseline: hemo-
globin levels, presence of metastasis, patient’s age, platelet 
count, leukocyte count, and serum creatinine. The LR model 
had an area under the receiver operating characteristic curve 
(AUC-ROC) (95% CI) of 0.60 (0.55, 0.65), the DT of 0.60 
(0.55, 0.65), and the RF of 0.61 (0.56, 0.66).

The overarching goal of the present study was to exter-
nally validate the PredictAI models using an independent 
cohort of patients from the TESEO registry [11], managed 
by the Spanish Society of Medical Oncology (SEOM).

Methods

Study design and data source

To externally validate the PredictAI models, we used an 
independent cohort of patients from the TESEO registry 
which is an international, prospective registry with data from 
40 Spanish and Portuguese hospitals that recruit consecutive 
cases of cancer-associated thrombosis since July, 2018 [11]. 
To optimize reliability and data completeness, the registry 
is managed via a web-supported platform that allows to per-
form targeted queries and data filtering [12]. In this regard, 
the study used data from TESEO, which was extracted from 

July 2018 to October 2021. Further details are shown in 
Table 1, where a comparison of data source and study design 
between PredictAI and TESEO is provided.

Participants

For this study, patients prospectively and consecutively 
included in the TESEO registry were analyzed. Eligibility 
criteria include: over 18 years of age; histologically con-
firmed malignant tumor; VTE episode, symptomatic or inci-
dental, confirmed with an imaging technique, in the month 
prior or any time until 2 years after the cancer diagnosis; 
and sign the informed consent form [13]. Table 1 shows 
additional inclusion and exclusion criteria in the PredictAI 
and TESEO databases.

Outcome, predictors, and other clinical data

The event to predict (i.e., outcome) was MB within 6 months 
following VTE diagnosis, which included all events origi-
nally coded by medical oncologists in the TESEO registry 
as either MB or clinically relevant bleeding (CRB). MB was 
defined by the International Society on Thrombosis and Hae-
mostasis (ISTH) criteria in both cohorts. In TESEO regis-
try, the MB was collected as MB or CRB. The analyzed 
predictors for MB at baseline comprised those originally 
described in PredictAI, namely patient’s age, presence of 
metastasis, hemoglobin levels, platelet count, leukocyte 
count, and serum creatinine levels [10]. All variables were 
directly captured from the TESEO database; the calcula-
tion of leukocyte count was inferred by adding neutrophils 
and lymphocytes. The assessment of both the outcome and 
predictors was based on routine clinical practice. The assess-
ment of MB was blind from the influence of the predictors 
or the main goal of the present study.

Predictive model validation

We followed the same strategy as in PredictAI for select-
ing patient population to validate PredictAI models with the 
TESEO dataset. Then participants who had experienced a 
MB event at baseline, as well as patients with follow-up peri-
ods shorter than 6 months after VTE diagnosis and with no 
record of an MB during that period, were excluded for model 
development. Since the models were developed using clas-
sification algorithms, this group of patients with uncertain 
outcomes was excluded from the PredictAI study as well as 
from this external validation, as they could not be assigned 
to either the event or non-event groups. Patients with at least 
one missing value regarding the model outcome (MB) or 
any of the considered predictors were also excluded from 
further analyses. No imputation methods for missing data 
were performed.
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Table 1   Data source, study design, and key study characteristics of both databases, for the development and validation of the predictive model

CRB clinically relevant bleeding, MB major bleeding, SD standard deviation, TEE thromboembolic event, VTE venous thromboembolism
*Both incidental and symptomatic VTE were considered in both databases as inclusion criteria

Development database Validation database
PredictAI
N = 21,227

TESEO
N = 2179

Data source and design
 Data source and extraction Unstructured data in EHRs extracted using EHRead® 

(ML and NLP technology)
Prospective registry with structured data manually col-

lected from EHRs
 Data collection period January 2014–December 2018 July 2018–October 2021
 Study design Retrospective data collection from patients prospec-

tively attending the participating hospitals
Prospective data collection

 Setting Multicenter; 9 Spanish hospitals; all available depart-
ments and services

Multicenter; 40 Spanish hospitals; oncology depart-
ments

 Participants Anticoagulant-treated cancer patients with VTE Anticoagulant-treated cancer patients with VTE
 Key inclusion criteria* - Age ≥ 18 years

- VTE ± 6 months from cancer diagnosis
- Ongoing treatment with anticoagulant therapy

- Age ≥ 18 years
- VTE −1 month or any time after the cancer diagnosis 

up to 2 years
 Key exclusion criteria - Anticoagulation treatment for an indication other 

than VTE
- Malignancy + 6 months from VTE
- Non-metastatic patients with cancer diagno-

sis > 6 months prior to VTE
- VTE while having cancer on complete remission 

for > 2 years
- Acute leukemia

- Clinical diagnosis of TEE without radiological con-
firmation

- Patients with no MB information < 6 months follow-
up

- Incomplete information on any study variables

 Outcome Major bleeding Major or CRB
Key study characteristics
 Follow-up (months)
  Median (Q1, Q3) 8 (1, 24) 6 (2, 14)

 Demographics
  Male sex n (%) 11,431 (53.9) 1130 (51.9)

 Outcome
  Frequency of MB (%) 10.9% at 6 months 5.9% at 6 months

 Predictors at baseline
  Age at inclusion
   Mean (SD) 69 (15) 65 (11)
   Median (Q1, Q3) 70 (59, 80) 65 (58, 73)
  Metastasis (%) 9466 (44.6) 1549 (71.1)
  Hemoglobin (g/dl)
   N (%) 18,884 (89) 2179 (100)
   Mean (SD) 11.8 (2.5) 11.8(1.9)
   Median (Q1, Q3) 11.8 (10.2, 13.4) 11.8 (10.4, 13)
  Platelet count (103/mm3)
   N (%) 17,110 (80.6) 2179 (100)
   Mean (SD) 244 (128) 242 (120)
   Median (Q1, Q3) 224 (165, 296) 220 (160, 303)
  Leukocyte count (103/mm3)
   N (%) 16,120 (75.9) 2179 (100)
   Mean (SD) 13.9 (51.6) 7.4 (4.9)
   Median (Q1, Q3) 8.4 (6.1, 11.6) 6.4 (4.5, 9.0)
  Serum creatinine (mg/dl)
   N (%) 17,071 (80.4) 2179 (100)
   Mean (SD) 1.26 (2.56) 0.83 (0.32)
   Median (Q1, Q3) 0.88 (0.69, 1.2) 0.78 (0.63, 0.94)
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The three predictive models developed in PredictAI (i.e., 
DT, RF classifier, and LR) were tested for validation using 
the TESEO database. Model performance was assessed in 
terms of accuracy, precision, recall, F1, and ROC-AUC. ROC 
confidence intervals and p values were computed using the 
approach proposed by Green & Sweets [14], retaken by Hanley 
& McNeil [15]. ROC curves were compared using the statistic 
proposed by Hanley & McNeil [15, 16].

Data analysis

Descriptive tables were elaborated to show the distribution 
of variables in each set. Categorical variables were presented 
as frequencies and numerical variables as median and inter-
quartile range (Q1, Q3). Predictive model metrics were pre-
sented in tables. ROC curves were displayed as plots. Data 
were analyzed and represented using IBM SPSS (version 26) 
and Python (version 3.7.12) [17].

Sample size

A priori sample size calculations were not performed for the 
validation of the predictive model. In PredictAI, it was esti-
mated that the minimum sample size required to establish the 
risk of MB in the target population was 1050 patients. This 
was estimated considering the development of a multiple LR 
model with an observed small effect size (0.05), a significance 
level of 0.05, and a statistical power of 0.9 [10].

Ethical considerations

All methods and analyses followed legal and regulatory 
requirements and generally accepted research practices 
described in the Helsinki Declaration in its latest edition. Data 
were collected from the TESEO registry of patients with can-
cer-related thrombosis [11, 12]. The development of TESEO 
was originally approved by a multicenter Research Ethics 
Committee of all the Autonomous Communities and partici-
pating centers; the study was classified by the Spanish Agency 
of Medicines and Medical Devices as a post-marketing, pro-
spective follow-up study [12]. Consent forms were signed by 
all patients who were still alive at the time of data collection. 
Results here are reported following the Transparent Reporting 
of a multivariate prediction model for Individual Prognosis 
or Diagnosis based on artificial intelligence (TRIPOD + AI) 
guidelines [18].

Results

PredictAI and TESEO patients’ characteristics

The TESEO cohort used to conduct the external valida-
tion comprised 2,179 patients with active cancer and 
VTE under anticoagulant treatment (51.9% male, mean 
age = 64.7 ± 11.3 years). A direct comparison of key demo-
graphics, clinical characteristics, MB rates, and predictive 
variables in the PredictAI and TESEO cohorts is shown in 
Table 1. Additional information regarding disease-specific 
clinical characteristics and comorbidities at baseline are 
included in supplementary Table S1 and Table S2, respec-
tively. In TESEO, the median (Q1, Q3) follow-up duration 
across patients was 6 (2, 14) months. During the 6-month 
follow-up period, at least one MB event was registered in 
5.9% (n = 129) of patients. Among this population, 1,863 
patients were finally included in the external cohort to test 
the PredictAI models after applying the corresponding 
filters.

Validation of the predictive models

When applying the predictive models developed in PredictAI 
to the TESEO database, the results showed a performance 
significantly above chance for the LR (ROC-AUC = 0.59; 
95% CI = 0.53, 0.65; p = 0.002) and RF (ROC-AUC = 0.56; 
95% CI = 0.51, 0.62; p = 0.023) approaches, while it yielded 
a ROC-AUC of 0.53 for the DT model (0.48, 0.59) (Fig. 1). 
The rest of the performance metrics, as well as a comparison 
with the internal validation metrics, are shown in Table 2. 

Discussion

The present study aimed to validate the PredictAI models 
for predicting MB events in anticoagulant-treated cancer 
patients within the 6 months following VTE diagnosis [10]. 
This external and independent validation was conducted 
with the TESEO prospective registry of patients with can-
cer-related thrombosis. Our results support the independent 
validation of the original predictive models for both the LR 
and RF approaches.

The clinical importance of the present validation is bet-
ter understood considering the lack of reliable algorithms 
or risk scores for the prediction of bleeding in anticoagu-
lated patients with VTE [7]. Notably, existing models in 
general population such as HASBLED [19], RIETE [20], 
Hokusai [21], EINSTEIN [22], ACCP [23], and BACS [24] 
have important limitations that impact their generalizability 
[25]. For instance, the RIETE score only predicts bleeding 
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Fig. 1   Receiver operating characteristic (ROC) curves for the pre-
dictive models for MB developed in PredictAI when applied to 
the TESEO database. ROC curves for the decision tree model 

(ROC-AUC = 0.53) (blue line), logistic regression model (ROC-
AUC = 0.59) (red line), and random forest model (ROC-AUC = 0.56) 
(green line). The yellow line represents a random classifier

Table 2   Performance metrics 
in the external validation of the 
PredictAI models

ROC curves are expressed including the 95% confidence interval
ROC-AUC​ receiver operating characteristic curve-area under the curve
*Metrics obtained in the internal validation of the model (i.e., using the validation set)**p < 0.05

Original validation (Pre-
dictAI)*

External validation
(TESEO)

Decision tree (DT) ROC-AUC​ 0.60 (0.55, 0.65) 0.53 (0.48, 0.59)
p value  < 0.0001 0.241
 Recall 0.67 0.69
 Precision 0.57 0.069
 Accuracy 0.59 0.43
 F1 score 0.61 0.13

Logistic regression (LR) ROC-AUC​ 0.60 (0.55, 0.65) 0.59 (0.53, 0.65)
p value  < 0.0001 0.002**
 Recall 0.64 0.80
 Precision 0.56 0.07
 Accuracy 0.58 0.35
 F1 score 0.60 0.12

Random forest (RF) ROC-AUC​ 0.61 (0.56, 0.66) 0.56 (0.51, 0.62)
p value  < 0.0001 0.023**
 Recall 0.62 0.69
 Precision 0.57 0.07
 Accuracy 0.59 0.39
 F1 score 0.60 0.12
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during the 3 months following anticoagulation treatment 
onset [22]. The Hokusai score is only validated in patients 
using edoxaban, and its predictive power decreases after the 
first 3 months post-treatment [21]. The EINSTEIN model 
has limited applicability in clinical settings since it can only 
be calculated through a spreadsheet [22]. The ACPP incor-
porates vaguely defined predicting variables such as frequent 
falls or ‘comorbidity [23]. Lastly, the BACS was developed 
in the subset of VTE patients with pulmonary embolism 
[24]. In this context, the further developed VTE-BLEED 
[26] aimed to solve some of these issues, and although not 
prospectively validated, it has already shown good perfor-
mance and clinical utility [27]. In a post hoc analysis of the 
randomized phase III clinical trial HOKUSAI VTE Cancer, 
different bleeding risk assessment models were evaluated 
[8]. All risk scores performed poorly for bleeding (a com-
posite of MB and CRNMB), and a pragmatic classification 
based only on cancer type provided a better estimate of 
clinically relevant bleeding risk. Based on these results, it is 
suggested that bleeding risk scores developed in the general 
population should not be used in cancer patients due to insuf-
ficient discrimination.

While active cancer is a known chief predictor of bleed-
ing in patients with VTE, there is a lack of models that have 
been specifically developed and externally validated in the 
subpopulation of patients with cancer and VTE. Two recent 
scores have been developed to assess the risk of bleeding 
in patients diagnosed with cancer-associated thrombosis 
who are receiving anticoagulant therapy. De Winter and 
colleagues developed CAT-BLEED model for bleeding 
risk at 6 months following thrombosis diagnosis identified 
age (i.e., ≥ 75 years), creatinine clearance, and four cancer-
related variables (locally advanced or metastatic stage, geni-
tourinary cancer, recent use of anticancer treatment associ-
ated with gastrointestinal toxicity, and gastrointestinal cancer 
plus treatment with edoxaban) as main risk bleeding fac-
tors. Though this model is promising and represents the first 
bleeding risk model specifically developed in cancer-related 
thrombosis, it should be noted on data from the HOKUSAI 
VTE Cancer trial. This fact may explain the high specific-
ity of the risk factors identified (treatment with edoxaban) 
which already may impact its generalizability. Moreover, it 
has been recently externally tested with PredictAI showing a 
poor performance with values of 0.53 (0.48, 0.59) [10]. The 
second model developed specifically for cancer-associated 
VTE is the B-CAT model [9]. The strength of this model, in 
contrast to the CAT-BLEED model, is that it has been devel-
oped in a real-world population outside of a clinical trial. 
However, this model has several limitations. These include 
the exclusion of patients with a history of VTE, the lack of a 
definition of minor trauma, and the non-inclusion of analyti-
cal parameters strongly associated with bleeding risk, such 
as thrombopenia. Another controversial aspect of this model 

is the definition of the target bleed in the study. In addition 
to MB, the authors only consider CRNMB requiring hospi-
talization, excluding CRNMB that result in non-admission.

In PredictAI, the inclusion of a larger and more repre-
sentative series of patients and the use of RWD extracted 
using artificial intelligence techniques to build the model 
aimed to bypass these constraints. In the original model, 
the best performing algorithm based on the RF approach 
identified three of the variables featured in CAT-BLEED 
(i.e., patient’s age, presence of metastasis, and creatinine 
levels) plus three additional laboratory values that are rou-
tinely collected in all patients in this clinical population, 
namely hemoglobin levels, platelet count, and leukocyte 
count. Interestingly, PredictAI models outperformed the 
CAT-BLEED score. Moreover, CAT-BLEED did not per-
form above chance when evaluated with PredictAI data 
[10].

The performance metrics obtained here in the external 
validation of PredictAI showed high recall values yet low 
precision. From a clinical standpoint, however, the priority 
of this model should be to detect most patients at risk for 
bleeding (i.e., high recall) to plan early prevention and sur-
veillance, even if many of them will not eventually experi-
ence MB events. PredictAI obtained an AUC-ROC (95% CI) 
for the LR of 0.60 (0.55, 0.65), 0.60 (0.55, 0.65) for the DT 
and 0.61 (0.56, 0.66) for the RF. A minor decrease in these 
metrics is observed in the present validation, and this could 
be accounted for by methodological differences as well as 
patients’ characteristics in the PredictAI vs. TESEO data-
bases. From a methodological standpoint, it should be noted 
that while the study variables in PredictAI were obtained 
from patients’ EHRs in all hospital departments and services 
available using ML and NLP, TESEO consists of a prospec-
tive registry of manually collected data in oncology depart-
ments. Thus, the definition and collection of the model’s 
outcome and predictive variables may not be homogeneous 
across databases. These methodological differences may 
also explain the smaller rates of MB found in TESEO vs. 
PredictAI, where bleeding events not documented as MB 
in patients’ EHRs may have been classified as such by the 
NLP system (e.g., incidental findings on imaging reports 
regarding tumoral bleeding) [10]. Key predictive variables 
in the original model such as demographics and labora-
tory parameters were similar in the two cohorts. However, 
the percentage of patients with metastasis in TESEO was 
markedly larger than in PredictAI, most likely due to differ-
ences in the data source and study setting; because patients 
in TESEO were recruited through oncology departments, 
the disease status in these patients is expected to be more 
severe, including larger prevalence of metastasis. Despite 
the aforementioned differences between the two studies and 
populations, the models still performed above chance for the 
detection of MB events in the independent patient cohort.
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Although the PredictAI models performed significantly 
above chance using the independent TESEO cohort and rep-
resent an important advance from previously bleeding risk 
models in anticoagulated cancer patients with VTE, their 
application in clinical settings needs to be facilitated through 
the development of a clinical score or application to evaluate 
the risk of bleeding at the individual patient level. Moreover, 
prior to their application in routine clinical practice, the cur-
rent models would benefit from further validations in other 
patient cohorts. Additional model training using more data, 
variables, and multilayer databases may allow for the refine-
ment of the models to obtain more robust metrics and reduce 
the number of false positives.

Our results support the independent validation of the 
models developed in PredictAI, which predict MB within 
6 months after VTE diagnosis in anticoagulated cancer 
patients. Given the lack of reliable predictive models for 
bleeding in patients with cancer and VTE, these results hold 
great promise for guiding objective decisions regarding the 
extension of anticoagulant therapy in this population. Future 
steps may involve further validation of the present model in 
other patient cohorts and the generation of a clinical tool to 
facilitate its use in healthcare settings.
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