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ABSTRACT

Randomized controlled trials (RCTs) are considered as the gold standard for testing causal hypotheses in the clinical domain.
However, the investigation of prognostic variables of patient outcome in a hypothesized cause-effect route is not feasible using
standard statistical methods. Here, we propose a new automated causal inference method (AutoCI) built upon the invariant causal
prediction (ICP) framework for the causal re-interpretation of clinical trial data. Compared to existing methods, we show that the
proposed AutoCI allows to efficiently determine the causal variables with a clear differentiation on two real-world RCTs of endometrial
cancer patients with mature outcome and extensive clinicopathological and molecular data. This is achieved via suppressing the
causal probability of non-causal variables by a wide margin. In ablation studies, we further demonstrate that the assignment of causal
probabilities by AutoCI remain consistent in the presence of confounders. In conclusion, these results confirm the robustness and
feasibility of AutoCI for future applications in real-world clinical analysis.



Abbreviation Definition
RCT Randomised controlled trials
PORTEC Post operative radiation therapy in endometrial carcinoma
EC Endometrial carcinoma (cancer)
ESGO European Society of Gynaecological Oncology
ESTRO European Society for Radiotherapy and Oncology
ESMO European Society of Medical Oncology
Grade Tumor grading
LVSI Lymphovascular space invasion
POLEmut Polymerase epsilon mutant EC
MMRd Mismatch repair deficient EC
p53abn p53 abnormal EC
NSMP EC with no specific molecular profile
L1CAM L1 cell adhesion molecule
P Pathological variables
PM Pathological and molecular variables
PMI Pathological, molecular and immune variables
HR Hazard ratio
CI Confidence interval
i.d. identically distributed

NP Non-deterministic polynomial-time
SCM Structural causal model
ICP Invariant causal prediction
PRED Predicate module
FID Fréchet inception distance
JS Jaccard similarity
FWER Family-wise error rate
ABCD Active budgeted causal design strategy

Table 1. The abbreviation table of clinical, statistical and causal definitions.
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Figure 1. The consort diagram presenting the process of patient selection. Abbreviations: QC - quality control, IHC -
immunohistochemistry, EEC- endometrioid endometrial carcinoma, NEEC- non-endometrioid endometrial carcinoma.
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Table 2. The characteristics comparison of excluded and included patients. * After a posteriori central review 2 cases were
classified as stage II, 2 as stage IIIA and 1 as stage IIIB. ** The p-values of RFS and OS are computed from log-rank test.
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Table 3. The characteristics of study participants for PORTEC 1 and 2. * After a posteriori central review 2 cases were
classified as stage II, 2 as stage IIIA and 1 as stage IIIB.
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Table 4. The JS score and its standard deviation of compared type-safe candidates for PORTEC study (PMI).

Task Typed Functional Code availability
NTPT1 Misc. ✗ ✗ ✗

NS-CL2 VQA ✗ ✓ ✓

Prob-NMN3 VQA ✗ ✓ ✓

DreamCoder4 Misc. ✓ ✓ ✗

HOUDINI5 Misc. ✓ ✓ ✓

Table 5. The comparison between existing program synthesis languages.

Table 6. The comparison of statistical measurements for toy experiments. Top: The results of the compared statistical
measurements for the Finite sample setting. Bottom: The results of the compared statistical measurements for the ABCD
setting. Here, all the measurements are applied for training the same type-safe function COMP(nn,CAT(FILTER(pred))) under
the proposed causal differentiable learning scheme. F-test + t-test is used in ICP and AICP. Levene-test +Wilcoxon-test is used
in NICP.
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Table 7. The JS score and its standard deviation of compared type-safe candidates for toy experiments (Finite sample setting).

Table 8. The JS score and its standard deviation of compared type-safe candidates for toy experiments (ABCD setting).
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