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Abstract
Venous thromboembolism (VTE) is a common and
life-threatening complication in cancer patients af-
ter treatment. Early risk assessment and detection
of VTE primarily rely on clinical indicators, such
as blood test results. However, existing studies are
limited to static or snapshot-based models, failing
to capture the evolving dynamics of disease pro-
gression, as deep time-series modeling is hindered
by the lack of longitudinal clinical data. To address
this gap, we introduce CliTsVTE, a large-scale
clinical time-series dataset curated for VTE model-
ing, comprising 501,063 samples from 26,022 pa-
tients over seven years across nine cancer types.
The dataset contains continuous time gaps between
consecutive time points. Unlike many benchmarks,
CliTsVTE reflects real-world clinical settings and
presents unique challenges in continuous irregu-
lar time-series modeling with long-term irregular-
ity and varying data granularity, which makes miss-
ingness significantly consequential. To tackle this,
we propose a deep learning framework integrating
multiple sequential backbones with an adversari-
ally regularized autoencoder (ARAE) that learns la-
tent representations to eliminate missingness. Ex-
periments on CliTsVTE show that our best model
achieves 88.7% accuracy and an AUC of 0.952,
significantly outperforming traditional time-point
models and regular time-series benchmarks. These
results establish a strong benchmark for deep mod-
eling of continuous irregularity in clinical time-
series data and highlight the potential of AI-driven
large-scale clinical datasets in solving real-world
medical research challenges.

1 Introduction
Venous thromboembolism (VTE) is a frequent and serious
complication of cancer and its treatments [Mulder et al.,
2021; Grilz et al., 2021]. Its incidence is markedly higher
among cancer patients [Lee et al., 2017]. Beyond the acute
thrombotic event, VTE contributes to post-thrombotic syn-
drome and significantly worsens overall survival [Khorana
et al., 2022; Guntupalli et al., 2023]. Early and accurate
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Figure 1: Comparison Between Existing Methods and Our Method.
CliTsVTE and the proposed model framework significantly sur-
passes existing datasets and methods.

identification of patients at risk is therefore essential, as it
directly influences both prognosis and subsequent treatment
decisions [Nicholson et al., 2020]. In clinical practice, VTE
risk stratification remains largely dependent on the Khorana
score [Khorana et al., 2008] and related heuristic systems
[Verso et al., 2012], which capture only coarse, static risk fac-
tors. The approaches predominantly depend on static, time-
point blood test results [Kearon et al., 2022; He et al., 2022;
Wang et al., 2024a], offering only a snapshot of patient sta-
tus and neglecting the dynamic evolution of the disease. Re-
cent efforts have attempted to incorporate time-series clinical
data into machine learning frameworks [Posch et al., 2020;
Alexander et al., 2019], yet their effectiveness is constrained
by small cohorts, as it is challenging to obtain large-scale,
long-term and fine-grained time-series datasets required for
robust modeling of disease trajectories. As a result, existing
models struggle to capture the evolving clinical patterns that
herald VTE onset, leaving a critical gap in the development of
effective real-time early-warning systems from clinical time-
series data.
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Figure 2: Irregularities in CliTsVTE. Features of different colors are measured by different types of blood tests, and not all tests are conducted
at each visit. The dataset features both intra-series and inter-series irregularities, both high and low granularity in different periods, and
includes continuous timestamps, further compounded by long-term observation periods, resulting in complex missingness patterns.

To fill the gap, we constructed a large-scale clinical time-
series dataset CliTsVTE, a longitudinal cohort of 26,022 pa-
tients for seven year of studies across nine cancer types, com-
prising 501,063 samples with 21 longitudinal and 24 static
features. This dataset is specifically curated for dynamic
VTE modeling. Due to disease incidence, the dataset con-
tains significant distributional bias. Unlike typical time-series
datasets, clinical time-series datasets exhibit both intra-series
and inter-series irregularities. Due to the uncontrollable na-
ture of patient visits for examinations, patient features are
sampled at irregular time intervals. Additionally, the vari-
ability in the types of tests conducted during each visit results
in different sampling rates for different features. Moreover,
as shown in Fig. 2, CliTsVTE presents unique challenges
with its long observation lengths and both high-granularity
and low-granularity data. The same patient may undergo tests
frequently during certain periods, while in other periods, tests
may be conducted only once every few months. The unique
data structure requires specialized handling.

The timestamps in CliTsVTE are continuous, which re-
stricts the applicability of regular time-series models (e.g.,
Medformer [Wang et al., 2024b]) and discrete irregular time-
series models, such as ISTS-PLM [Zhang et al., 2025]. Ex-
isting methods [Lee et al., 2022; Tipirneni and Reddy, 2022;
Zhang et al., 2023] attempt to model continuous irregular
clinical time series either by converting irregularity to reg-
ularity or by learning the relationships between observations
and time intervals. These methods have been validated on
ICU records with short-term irregularities, where observa-
tion density is higher and irregularity is typically localized
in time. The sampling gaps are generally small, and missing
data can often be inferred from nearby observations in time.
In contrast, CliTsVTE poses substantially greater challenges.
It exhibits long-term continuous irregularity with varying data
granularity. VTE detection, as a classification task, requires
recognizing entire long-term time series, which makes data
missingness far more consequential.

To address the challenges, we propose a deep learning
framework equipped with novel representation learning and
data augmentation modules for accurate VTE detection on
large-scale irregular clinical time series. The representation
learning module extracts essential information from inputs
with missing data while preserving observed information,
converting inputs into latent time series that eliminate miss-
ingness. Meanwhile, feature space data augmentation bal-
ances data classes to mitigate data bias introduced by long-
tail distributions. Experiments on CliTsVTE demonstrate that
the proposed models remarkably outperforms existing time-
point and time-series methods, and the best model architec-
ture achieves state-of-the-art performance with 88.7% accu-
racy and 0.952 AUC. We summarize our contributions as fol-
lows:

• We introduce a large-scale clinical dataset CliTsVTE for
dynamic VTE studies. To the best of our knowledge,
it will be the largest open-source clinical time series
dataset available.

• We address continuous irregular time series, especially
long-term time series with varying data granularity.

• We propose a deep learning framework that achieves
precise VTE detection, and capable of providing early
warnings of high VTE risk, which could be crucial for
practical therapeutic intervention.

2 Related Works
Several studies have explored machine learning for VTE risk
estimation and detection, employing methods such as Mul-
tilayer Perceptron (MLP) [Qatawneh et al., 2019]. Nafee
and his team [Nafee et al., 2020] compared 39 different ma-
chine learning algorithms with scoring systems in the task of
VTE prediction, showing that ML models remarkably out-
perform scoring systems. Other studies [Park et al., 2021;
He et al., 2021] compared most of the available ML algo-
rithms and further demonstrated that combining ML mod-
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Figure 3: (a) Distribution of Cancer Types. Due to the varying incidence rates of different cancer types, the dataset is unevenly distributed.
(b) Sample Distributions. The gray bars represent total samples, while the salmon and sky blue bars show the VTE and non-VTE samples,
respectively. Different cancer types present varying distributions of VTE and non-VTE patients, forming a long-tailed distribution.

els with traditional scoring systems can achieve improved
performance. Several studies have also highlighted the dy-
namic changes in patients with VTE [Posch et al., 2020;
Alexander et al., 2019]. These studies primarily focused on
analyzing specific blood features rather than detecting VTE.
Although ML models often advance scoring systems, most
existing research was based on small sample sizes, overlook-
ing the data-volume advantage of clinical data. The scarcity
of data has also constrained existing studies to traditional ma-
chine learning models and statistical approaches, preventing
the effective utilization of more advanced deep learning algo-
rithms. We propose a large-scale clinical time series dataset,
CliTsVTE, to address this gap.

CliTsVTE presents long-term continuous irregularity. Ex-
isting studies on continuous irregular clinical time series can
be broadly classified into two categories: (i) converting irreg-
ular time series to regular time series; (ii) learning joint rela-
tionships between observed values and time intervals. Warp-
former [Zhang et al., 2023] modeled multi-scale irregular-
ity via differentiable temporal warping and attention-based
fusion, mapping irregular time intervals to calibrated posi-
tions. On the other hand, for methods that learn observation-
time relationships, MIAM [Lee et al., 2022] integrated multi-
view signals (values, missingness, and time intervals) through
attention, and STraTS [Tipirneni and Reddy, 2022] repre-
sented records as sets of triplets and improved robustness via
self-supervised Transformer pretraining. These studies have
largely focused on short-term irregularity, where sampling
gaps are relatively limited and missing information can often
be approximated from temporally adjacent observations. By
comparison, CliTsVTE features long-term irregularity with
varying data granularity, in which missingness becomes far
more consequential due to larger time gaps and greater vari-
ability. Our proposed framework lies between the two cate-
gories, which converts a continuous irregular time series into

a complete latent-space time series that is regularly sampled
across features while irregular with respect to time.

3 CliTsVTE
We collected data from patients diagnosed with nine can-
cer types and received treatments at the institution from Jan
2017 to Jan 2024. These nine cancer types were selected
based on their high incidence and mortality rates, including
lung cancer, breast cancer, cervical cancer, liver cancer, rec-
tal cancer, colon cancer, esophageal cancer, gastric cancer,
and pancreatic cancer. Among the eligible cases, data were
collected based on potential risk factors for VTE in previ-
ous related studies and clinical practice [Tang et al., 2022;
Murariu-Gligor et al., 2025]. Each sample contained 21
blood test features, including Coagulation Tests (APTT, PT,
TT, FIB, D-dimer, FDP), Complete Blood Count (WBC,
PLT, Hb, NE, LYM, MONO), Liver Panel (ALB, GLB,
GGT), Renal Panel (β2, CR), Immunology Panel (CD4, CD8,
CD4/CD8), and other related features (LDH), along with the
corresponding timestamp information. Additionally, each pa-
tient was associated with static features such as gender and
blood type, and cancer types were encoded as one-hot vec-
tors. The diagnosis of deep vein thrombosis (DVT) relied
on vascular ultrasound examination or computed tomography
angiography (CTA), while pulmonary embolism (PE) was di-
agnosed through computed tomography pulmonary angiog-
raphy (CTPA) or enhanced computed tomography (CT) scan
of the chest. All VTE diagnoses were confirmed by two ex-
perienced physicians to ensure accuracy. The final dataset
included 501,063 samples from 26,022 patients with 21 lon-
gitudinal and 24 static features.

As shown in Fig. 3 (a), lung cancer represented the largest
subgroup (30.3%), followed by breast cancer (18.9%) and
cervical cancer (16.2%). Other cancers—including rectal
(7.5%), colon (7.3%), liver (7.1%), esophageal (6.6%), and
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Feature Overall Non VTE VTE
(n = 26, 022) (n = 22, 573) (n = 3, 449)

Age Groups
< 20 n = 27 n = 25 n = 2
20 - 40 n = 1, 852 n = 1, 708 n = 144
40 - 60 n = 14, 953 n = 13, 400 n = 1, 553
> 60 n = 9, 190 n = 7, 440 n = 1, 750

Genders
Male n = 11, 391 n = 9, 753 n = 1, 638
Female n = 14, 631 n = 12, 820 n = 1, 811

Blood Types
A n = 5, 748 n = 5, 013 n = 735
B n = 3, 912 n = 3, 372 n = 540
AB n = 1, 848 n = 1, 600 n = 248
O n = 5, 410 n = 4, 741 n = 669
Unknown n = 9, 104 n = 7, 847 n = 1, 257

Body Factors
Height (cm) 161.29 (±7.60) 161.19 (±7.57) 161.93 (±7.77)
Weight (kg) 62.31 (±9.94) 62.10 (±9.73) 62.94 (±10.14)
BMI (kg/m2) 23.90 (±3.26) 23.87 (±3.19) 23.99 (±3.44)

Blood Indicators
NE (109/L) 4.65 (±1.56) 4.57 (±1.48) 5.28 (±2.06)
LYM (109/L) 1.17 (±0.42) 1.17 (±0.42) 1.13 (±0.41)
MONO (109/L) 0.47 (±0.16) 0.47 (±0.15) 0.51 (±0.18)
WBC (109/L) 6.46 (±1.75) 6.37 (±1.68) 7.11 (±2.24)
PLT (109/L) 199.09 (±60.37) 197.47 (±58.73) 211.24 (±71.46)
Hb (g/dL) 117.96 (±15.71) 118.61 (±15.47) 113.50 (±16.80)
APTT (s) 26.87 (±2.28) 26.85 (±2.22) 27.08 (±2.78)
PT (s) 11.16 (±0.79) 11.11 (±0.75) 11.43 (±1.00)
TT (s) 16.55 (±0.79) 16.57 (±0.76) 16.40 (±0.98)
FIB (g/L) 3.42 (±0.80) 3.39 (±0.77) 3.65 (±1.00)
D-dimer (mg/L/FEU ) 1.14 (±1.20) 0.91 (±0.79) 2.58 (±2.53)
FDP (mg/L) 4.14 (±3.60) 3.70 (±2.80) 7.79 (±7.77)
ALB (g/L) 39.99 (±4.03) 40.35 (±3.87) 37.59 (±4.24)
GLB (g/L) 30.02 (±4.31) 30.14 (±4.26) 29.30 (±4.58)
GGT (U/L) 47.89 (±48.64) 46.48 (±46.68) 57.78 (±60.85)
Beta2 (mg/L) 2.58 (±0.81) 2.54 (±0.77) 2.83 (±0.98)
CR (umol/L) 59.72 (±14.19) 59.52 (±13.93) 61.20 (±16.05)
CD4 (cells/µL) 494.44 (±220.20) 495.82 (±220.41) 485.20 (±218.94)
CD8 (cells/µL) 334.61 (±156.52) 336.74 (±156.37) 320.34 (±157.58)
CD4/CD8 Ratio 1.64 (±0.75) 1.63 (±0.74) 1.72 (±0.83)
LDH (U/L) 211.19 (±67.77) 207.77 (±63.83) 234.65 (±89.37)

Table 1: Basic Characteristics of The Dataset Population. We found
that the p-value of D-dimer, HB, ALB, and FDP are significantly
below the threshold (0.05). However, the standard deviations were
large, reflecting substantial inter-patient heterogeneity.

gastric cancer (4.8%)—each contributed moderate propor-
tions, while pancreatic cancer accounted for the smallest
share (1.3%). This distribution generally reflected the clin-
ical incidence rate. As shown in Fig. 3 (b), lung cancer not
only comprised the largest overall patient group but also con-
tributed the second highest VTE rate at 17.0%. Whereas,
pancreatic cancer had the highest VTE rate of 21.5% with
the smallest number of patients. For other cancer types,
VTE-positive and VTE-negative cases were clearly delin-
eated, showing heterogeneity in thrombotic risk, ranging
from 7.9% (cervical) to 14.7% (liver). The basic demographic
and clinical characteristics of the study population are shown
in Table 1. Among 26,022 patients, the VTE cohort (n =
3,449) showed a higher proportion of older individuals and
a slightly higher BMI distribution. Several laboratory indi-
cators, including neutrophil count, platelet count, D-dimer,
FDP, gamma-glutamyl transferase (GGT), and Beta2, also ex-
hibited elevated mean values in VTE patients compared with
the non-VTE group.

A time series of a patient is recorded with irregular time
intervals. The practical situation of clinical testing results in
long-term irregularities with an average observation length
(from the first observation to the last observation of a pa-
tient) of 330.50 days. The presence of high data sparsity
necessitates specialized processing, which prevents off-the-
shelf models from being directly applied. To the best of our
knowledge, CliTsVTE is the largest VTE time-series clinical

dataset in terms of data volume, patient population, temporal
coverage, and comprehensiveness of feature information.

Ethics is of paramount importance in our research. All sen-
sitive information in the dataset was meticulously removed.
Our study strictly adheres to the ethical principles outlined in
the Declaration of Helsinki regarding the use of human sub-
jects in medical research. The study has been reviewed and
approved by Chongqing University Cancer Hospital’s Ethics
Committee (Approval Number -CZLS2023343-A).

4 Problem Formulation
For each patient i, the corresponding data X(i) is de-
scribed as X(i) = (x

(i)
sta,S(i), y(i)), where x

(i)
sta ∈ Rdsta

is a vector representing the static features of the patient
and y(i) ∈ {0, 1} indicates whether the subject i was
diagnosed with VTE. Let S(i) = {(x(i)

j , t
(i)
j )|t(i)j =

cumulative time of oberseving x
(i)
j }j=0,1,...J(i) be the set of

the time-series features of the patient i, where J (i) denotes
the number of valid records for each patient i. We follow the
independent and identically distributed (i.i.d.) assumption,
where each patient is treated as independent from the others.
Without loss of generality, the timestamp of the first record
for each patient is set to t

(i)
0 = 0, for all i, and t

(i)
j ∈ R+

for j = 1, ..., J (i) are continuous timestamps of subsequent
records calculated as time elapsed since the first observation.

The dataset is then formulated as D = {X(i)}i=1,...,N ,
where N is the number of patients. The goal is to determine
y(i), given x

(i)
sta and S(i).

5 Framework for Long-term Irregular
Clinical Time Series

CliTsVTE presents unique challenges of modeling continu-
ous irregularity with long-term observation lengths and vary-
ing data granularity. Large gaps between consecutive ob-
servations and substantial variability in feature values make
missingness highly consequential. To guarantee more com-
prehensive information at each time point and undermine the
impact of missingness, we map inputs to complete latent time
series.

5.1 Representation Learning
Assuming that features across samples and time points follow
the same distribution, it allows the model to learn representa-
tions that capture missing information. We employ an adver-
sarially regularized autoencoder (ARAE) [Zhao et al., 2018;
Makhzani et al., 2016] to regularize the latent space, aligning
it with a predefined prior distribution through a discriminator.
This regularization facilitates effective data augmentation di-
rectly in the latent space. Let z(i)j denote the latent represen-

tation generated by the encoder Φenc given the input x(i)
j , and

let x̂(i)
j represent the reconstruction produced by the decoder

Φdec. The discriminator, denoted as Dψ , aims to distinguish
between the learned representations z(i)j and synthetic repre-
sentations ẑm, where ẑm ∼ p(ẑm) is sampled from a prede-
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Figure 4: Overall Architecture of CliTs- Framework. The model consists of several submodules, including the representation learning module,
the time-series module, and the final decision head. Blank dots in inputs represent missing entries. The two ARAE in the representation
learning modules are independent without shared weights.

fined prior distribution. In our case, we align the latent repre-
sentations with a Gaussian distribution N (0, I). According to
the conventional framework for maximum likelihood estima-
tion, the reconstruction process is optimized using the Mean
Squared Error (MSE) loss, while the discriminator is trained
using the Binary Cross-Entropy (BCE) loss.

Ldisc = − 1∑N
i=1 J

(i)

∑N
i=1 J

(i)∑
m=1

logDψ(ẑm)

− 1∑N
i=1 J

(i)

N∑
i=1

J(i)∑
j=1

log(1−Dψ(z
(i)
j )), (1)

Lrec =
1∑N

i=1 J
(i)

N∑
i=1

J(i)∑
j=1

||x(i)
j − x̂

(i)
j ||2, (2)

Ladv = − 1∑N
i=1 J

(i)

N∑
i=1

J(i)∑
j=1

logDψ(zj), (3)

LARAE = Lrec + αLadv. (4)

The reconstruction objective is not to recover the entire
dataset but rather to minimize the reconstruction error specif-
ically for the observed (known) entries. During the compu-
tation of losses, all missing entries are masked to ensure that
they do not contribute to the loss calculation.

5.2 Feature Space Data Augmentation
With the regularized latent representation space, we perform
data augmentation to balance the data classes. Unlike tradi-
tional data augmentation techniques, feature space augmen-
tation operates directly on the latent representations. Draw-
ing from various augmentation methodologies for time-series
data [Wen et al., 2021; Iglesias et al., 2023], we implement
four specific strategies: interpolation, random drop, random
slice, and Gaussian noise addition. Each augmentation strat-
egy is assigned an adjustable effectiveness probability and
applied independently, allowing multiple methods to be com-
bined on a single data sequence for richer latent space explo-
ration.

5.3 Time-Series Module and Decision Head
To evaluate the performance of different backbone architec-
tures, we implement four variations for the time-series mod-
ule based on common sequence neural networks: Trans-
former [Vaswani et al., 2017], RNN [Elman, 1990], LSTM
[Hochreiter and Schmidhuber, 1997], and GRU [Cho et al.,
2014]. As we formulate the problem as a binary classification
task, the objective function for VTE detection is optimized
using the BCE loss.

Ldet = − 1

N

N∑
i=1

y log ŷ + (1− y) log(1− ŷ). (5)

Here, ŷ represents the model’s prediction. The final in-
tegrated model, which comprises the representation learn-
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Models Validation Test
AUC Accuracy F1-Score Recall Precision AUC Accuracy F1-Score Recall Precision

LR 0.754 (±0.002) 0.694 (±0.002) 0.684 (±0.002) 0.662 (±0.002) 0.708 (±0.003) 0.790 (±0.002) 0.725 (±0.002) 0.721 (±0.002) 0.711 (±0.002) 0.731 (±0.003)
DT 0.808 (±0.002) 0.731 (±0.002) 0.673 (±0.005) 0.558 (±0.010) 0.860 (±0.008) 0.789 (±0.002) 0.717 (±0.002) 0.649 (±0.003) 0.525 (±0.008) 0.860 (±0.010)
RF 0.832 (±0.002) 0.752 (±0.001) 0.714 (±0.002) 0.619 (±0.003) 0.843 (±0.003) 0.804 (±0.002) 0.728 (±0.002) 0.677 (±0.002) 0.570 (±0.001) 0.834 (±0.004)
SVM 0.845 (±0.002) 0.752 (±0.002) 0.729 (±0.002) 0.666 (±0.003) 0.805 (±0.003) 0.852 (±0.002) 0.767 (±0.002) 0.748 (±0.002) 0.693 (±0.002) 0.814 (±0.003)
MLP 0.857 (±0.002) 0.773 (±0.002) 0.766 (±0.003) 0.745 (±0.006) 0.791 (±0.005) 0.858 (±0.002) 0.767 (±0.002) 0.761 (±0.003) 0.740 (±0.006) 0.784 (±0.005)

MIAM 0.925 (±0.001) 0.849 (±0.002) 0.846 (±0.003) 0.829 (±0.007) 0.864 (±0.005) 0.918 (±0.002) 0.836 (±0.002) 0.833 (±0.003) 0.819 (±0.007) 0.848 (±0.005)
Warpformer 0.923 (±0.001) 0.843 (±0.001) 0.845 (±0.001) 0.852 (±0.005) 0.839 (±0.004) 0.936 (±0.002) 0.852 (±0.002) 0.853 (±0.002) 0.862 (±0.005) 0.847 (±0.003)

Transformer 0.919 (±0.002) 0.839 (±0.003) 0.830 (±0.003) 0.786 (±0.008) 0.881 (±0.006) 0.915 (±0.002) 0.836 (±0.002) 0.826 (±0.003) 0.782 (±0.008) 0.879 (±0.006)
RNN 0.928 (±0.001) 0.847 (±0.002) 0.839 (±0.003) 0.801 (±0.005) 0.882 (±0.004) 0.924 (±0.002) 0.845 (±0.002) 0.837 (±0.003) 0.800 (±0.006) 0.880 (±0.004)
LSTM 0.926 (±0.002) 0.847 (±0.002) 0.839 (±0.003) 0.799 (±0.005) 0.885 (±0.004) 0.922 (±0.002) 0.842 (±0.002) 0.834 (±0.002) 0.793 (±0.005) 0.880 (±0.004)
GRU 0.934 (±0.001) 0.855 (±0.002) 0.847 (±0.003) 0.803 (±0.006) 0.896 (±0.004) 0.934 (±0.001) 0.856 (±0.002) 0.848 (±0.002) 0.806 (±0.005) 0.897 (±0.004)

CliTsTransformer 0.936 (±0.002) 0.873 (±0.002) 0.867 (±0.002) 0.828 (±0.005) 0.911 (±0.005) 0.933 (±0.002) 0.862 (±0.002) 0.855 (±0.002) 0.816 (±0.005) 0.900 (±0.005)
CliTsRNN 0.948 (±0.001) 0.887 (±0.002) 0.882 (±0.002) 0.843 (±0.004) 0.925 (±0.004) 0.946 (±0.001) 0.878 (±0.002) 0.872 (±0.002) 0.833 (±0.005) 0.916 (±0.004)
CliTsLSTM 0.952 (±0.001) 0.894 (±0.002) 0.889 (±0.002) 0.853 (±0.004) 0.930 (±0.002) 0.950 (±0.001) 0.885 (±0.002) 0.880 (±0.002) 0.840 (±0.004) 0.924 (±0.004)
CliTsGRU 0.953 (±0.001) 0.895 (±0.002) 0.890 (±0.002) 0.854 (±0.004) 0.930 (±0.002) 0.952 (±0.001) 0.887 (±0.002) 0.883 (±0.002) 0.847 (±0.004) 0.922 (±0.004)

Table 2: Performances of VTE Detection Models. Results are averaged over 100 independent runs, with 95% confidence intervals shown in
parentheses. Sequential models substantially improve detection accuracy comparing with the non-temporal machine learning benchmarks,
demonstrating the effectiveness of incorporating time-series information with our CliTs- framework.

ing module, the data augmentation module, and the detection
module, is optimized using a composite loss function.

L = Ldet + βLARAE . (6)

5.4 Implementation Details
Several implementation details are noteworthy in our ap-
proach. Specifically, the modules Φenc, Φdec, and Dψ were all
implemented using multi-layer neural networks. Time em-
beddings were encoded as sin/cos positional encoding and
concatenated with zj following the data augmentation pro-
cess to incorporate temporal information. The static features
xsta were processed through a separate ARAE, to mitigate the
impact of missing data. The resulting representations of static
features were concatenated with the output of the time-series
module before being passed to the decision head. Moreover,
a two-stage training strategy was employed. In the first stage,
the representation learning module was pre-trained. During
the pre-training phase of the ARAE, the discriminator and
the representation network were trained alternately, follow-
ing the standard adversarial learning paradigm. In the second
stage, when training the integrated model, the discriminator
network was frozen to ensure stability.

6 Experiments
6.1 VTE Detection with Large-Scale Time-Series

Data
To validate model performance, from related VTE studies
[Ferroni et al., 2017; Nafee et al., 2020; Shohat et al., 2023;
Liu et al., 2021; Jin et al., 2022], we identified five com-
monly discussed machine learning algorithms as our time-
point model benchmarks with the latest longitudinal features,
namely Logistic Regression (LR [McCullagh, 2019]), Deci-
sion Trees (DT [Breiman et al., 2017]), Random Forests (RF
[Breiman, 2001]), Support Vector Machines (SVM [Cortes
and Vapnik, 1995]), and Multi-Layer Perceptrons (MLP
[Rumelhart et al., 1986]). The performance of the models was
assessed using key evaluation metrics, including AUC, accu-
racy, F1-score, recall, and precision. We divided the dataset
into training, validation, and test sets at a 0.7/0.15/0.15 ratio
at the patient level.

The results are summarized in Table 2. Among the time-
point models, MLP achieved the best performance with an
AUC of 0.858 and an accuracy of 0.767, while the logistic
regression model and decision tree performed worse, show-
ing limited recall and unstable results. In contrast, the time-
series models achieved a substantial performance improve-
ment across all metrics, demonstrating the advantage of in-
corporating longitudinal clinical dynamics. All of the time-
series benchmark models achieved AUCs exceeding 0.9, sig-
nificantly outperforming all time-point models.

6.2 Learning Complete Latent Series
We compared the proposed framework to existing meth-
ods on continuous irregular time series [Lee et al., 2022;
Zhang et al., 2023] and the backbone time-series models
without the representation learning and augmentation mod-
ules. For the baseline models, zero imputation was employed
to address missing entries. As shown in Table 2, Warpformer
performed moderately on the validation set, with an AUC of
0.923 and accuracy of 0.843, but showed better generalization
on the test set, achieving an AUC of 0.936 and accuracy of
0.852. Among backbone models, the GRU model maintained
high performance on both the validation set (AUC 0.934 and
accuracy 0.855) and the test set (AUC 0.934 and accuracy
0.856).

Models with our proposed framework (CliTsTransformer,
CliTsRNN, CliTsLSTM, and CliTsGRU) achieved a further
breakthrough, with CliTsGRU reaching the best AUC of
0.953 ± 0.001 and accuracy of 0.895 ± 0.002 on the vali-
dation set, as well as 0.952 ± 0.001 and 0.887 ± 0.002, re-
spectively, on the test set. CliTsGRU maintained high preci-
sion (0.922) and recall (0.847) on test set, indicating its strong
capability to generalize across unseen data while effectively
capturing the temporal dependencies crucial for VTE detec-
tion. These results were statistically superior to all baselines
(p < 0.01), highlighting both the robustness and generaliza-
tion of the model. We attribute this to that our framework ef-
fectively handles irregular trajectories by learning complete
latent representations.

6.3 Monitoring of VTE Risk Over Time
To approximate a real-world clinical setting, where VTE risk
is dynamically updated as new clinical data become available,
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Figure 5: (a) CliTsGRU Predictive Scores for The VTE and Non-VTE Populations. A higher score indicates a greater probability of VTE.
Each curve represents the average prediction across the corresponding population, with the shaded areas present the quantile contours. The
initial high risks correspond to patient records right after receiving treatment. (b) Predictive VTE Risk Scores of sample non-VTE patient.
(c) Predictive VTE Risk Scores of sample VTE patient. Our system triggers risk alarm prior to real clinical diagnosis.

we simulated a sequential prediction process in which the
model computed a VTE risk score at each time point using all
historical records up to that moment. As shown in Fig. 5 (a),
the predicted VTE scores for affected patients maintained
high values throughout the observation period, whereas the
scores for non-VTE patients progressively declined. The me-
dian predictive score of VTE patients concentrated close to
1.0, resulting in the deep red color at the top of Fig. 5 (a), ev-
idencing the model’s certainty of identifying high VTE risk.
As time progresses, the model’s ability to distinguish between
the two populations became progressively stronger. These
temporal patterns aligned with known clinical observations
that thromboembolic events often follow major physiological
stressors such as surgery, chemotherapy, or targeted therapy
[Mulder et al., 2021].

The consistent high level of predicted scores prior to
clinical diagnosis suggested that the proposed model not
only identified high-risk individuals but also enabled pre-
symptomatic monitoring of thrombotic progression. We de-
termined a high risk alarm boundary as the optimal separa-
tion boundary of VTE and non-VTE risk scores (Fig. 5 (a)),
computed using SVM. Fig. 5 (b)(c) demonstrate the predic-
tive risk scores for individual patient samples. For non-VTE
samples, the risk curve consistently declined. Importantly,
for VTE patients, the alarm triggers for high-risk boundaries
occurred earlier than the actual diagnosis, indicating that the
alarm system is proactive in identifying potential risks before
clinical confirmation. This suggested that the system may be
effective in providing early warnings for VTE patients, which
could be crucial for timely intervention.

7 Conclusions
In this study, we seek to bridge the gap caused by the scarcity
of large-scale time-series datasets in cancer associated VTE
research. We introduce CliTsVTE, comprising over 500,000
samples from more than 26,000 patients spanning seven years
across nine cancer types, for VTE detection and analysis.
Each patient is associated with static features and a time se-
ries of 21 key features of blood test, providing comprehensive
information on the dynamic characteristics of the subject. Ex-

periments results evidence the potency of CliTsVTE.
Along with the dataset, we propose a deep learning frame-

work, CliTs-, to address the problems of long-term contin-
uous irregularity and varying data granularity presented in
CliTsVTE. The model integrates representation learning and
feature-space data augmentation modules. The representation
learning module plays a crucial role in fusing features from
the entire dataset and encodes vital information into com-
plete latent time-series representations and undermine the im-
pact of data missingness. The integrated CliTsGRU model
achieved state-of-the-art performance, with an AUC of 0.952
and an accuracy of 88.7%, significantly outperforming all
benchmark models. The results support the potential appli-
cation of CliTs- as a benchmark for dynamic VTE detection.

However, several limitations must be acknowledged in this
study. CliTsVTE may introduce bias due to the specific pa-
tient population and region. The proposed models serves as
benchmarks to address the challenges in the dataset rather
than making definitive diagnoses. It provides a possible path-
way for dataset processing and dynamic VTE studies. Fu-
ture research could focus on developing model architecture
to support individualized treatments, as well as investigating
treatment effects and conducting detailed pathological analy-
sis.

Nonetheless, CliTsVTE provides a strong data foundation
for applying advanced deep learning methods to dynamic
VTE studies. It demonstrates the power of clinical data, par-
ticularly the advantages derived from large sample sizes and
longitudinal data structures. Our method offers a framework
for effectively managing the challenges of working with clin-
ical data and continuous irregular time series. Our work high-
lights the potential of clinical data as a valuable resource for
deep learning applications. We envision that future research
will unlock even greater potential for clinical datasets, ulti-
mately contributing to the advancement of medical science.

8 Data and Code Availability
The full dataset is available on request and will be open-
sourced on Kaggle with formal publication. All source code
is available at https://github.com/CanXu0728/CliTs pub.
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