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SUPPLEMENTARY METHODS 

DNA extraction 

Genomic DNA was extracted from blood samples by the automated extractor EZ1 Advanced XL 

using the EZ1 DNA Blood Kit (Qiagen, Hilden, Germany). DNA concentrations and purity were 

determined by the NanoDrop™ 2000 spectrophotometer (Thermo Fisher Scientific, Waltham, MA, 

USA). Samples from datasets 2 and 3 were shipped in dry ice for SNP genotyping, which was 

performed by iPLEX® assay (Life & Brain GmbH, Bonn, Germany) as an on-demand service 

including primer probes design and validation. 

 

SNP selection for association in the dataset 1 

The list of 171 SNPs selected from literature was evaluated for their statistical association with the 

risk of DTC in the dataset 1 (Supplementary table S1). In Supplementary Table S1 significant SNPs 

are ranked in ascending order of the P-values of the association tests referring to the best model of 

inheritance (r=recessive; d=dominant; a=additive). The non-significant SNPs are reported in 

alphabetical order of the gene names. SNPs within the same block of linkage disequilibrium (LD) 

are reported consecutively. Within each gene, the blocks of LD are numbered progressively. For 

each SNP, the parameter r
2
 is showed as measure of LD and it is referred to the pair-wise distance 

to the first listed SNP within the block. SNPs associated at nominal level of <0.05 were further 

genotyped in a replication set (second stage, last column), with the exception of rs1048943 because 

the low minor allele frequency (MAF=0.021) could not provide the adequate statistical power. 

 

Bayesian statistics for population genetics 

In the “assisted” analysis, the STRUCTURE software runs using genetic data of 15 SNPs found to 

be associated with DTC after the selection procedure. The case/control status of all individuals was 



known to the software and used to assist inference using the LOCPRIOR model. The Bayesian 

inference was launched using Markov chain Monte Carlo (MCMC) simulations after burn-in 

periods. The number of possible subpopulations (K) ranged from 1 to 10, for a total of 20 iterations. 

The most probable K number was calculated using the online tool STRUCTURE Harvester [1] 

applying the ΔK method [2]. Results from the 20 iterations were packaged by the Cluster Markov 

Packager Across K (CLUMPAK) online tool [3] using the default settings. Separate runs on 

unmerged datasets were also performed. 

To test if this method was suitable for diverse datasets, we repeated the same protocol using dataset 

3 (Table 1) as input, consisting of a balanced pool of 796 individuals, and report results using the 

same metrics. 

 

Machine Learning-based disease analysis 

The performance of a Machine Learning (ML) model in describing the patient/control state was 

evaluated. To evaluate the performance of different ML methods, an extended dataset was built by 

merging the two largest datasets (1 and 3), to obtain a highly informative and balanced pool of 

training data: randomly chosen 80% of this extended set was used to train ML models, with the case 

or control state known to the classifier, and the remaining 20% of the subjects was used for an 

initial performance evaluation, with the original labels hidden. After finding the most effective ML 

algorithms for the present scenario, i.e using the 15 SNPs as input variables, their predictive 

capability was validated on the dataset 2, to quantitatively assess their generalization capabilities. 

The whole procedure is summarized in the main article (Figure 1). 

ML methodologies were applied to predict the patients’ disease state based solely on the 

information coming from the previously selected 15 SNPs. Thus, we used the three datasets (Figure 

1A) as inputs for different types of classifiers. To prepare the data and increase ML performance 

and robustness, any individual with missing data in the genotype was pruned from all datasets, to 

avoid that ML algorithms interpret missing data as a genetic information. SNP variables were 



encoded as follows: firstly, each SNP genotype was split into its two alleles, thus yielding a total of 

30 variables, for which ordinal variable encoding was used, to convert the four-letter genetic code 

(A-T-G-C) to numerical values (1-2-3-4). Since individuals with missing values were pruned from 

the datasets, no other numerical value was present in the training data. The final composition of the 

three datasets after the pruning of missing values is summarised (Table 1). 

 

For the subsequent ML implementation, three datasets were extracted: (1) a training set, used for 

the training of the algorithm, composed of a randomly extracted 80% of the merged dataset 1+3; (2) 

a test set, for an initial performance evaluation and hyperparameter tuning, composed of the 

remaining 20% of the merged 1+3 dataset; (3) a validation set, corresponding to dataset 2 after 

pruning missing values, which constitutes a third, unseen dataset used for external validation. 

Indeed, it should be noted that the earlier discovery of potentially informative SNPs to genotype 

(see paragraph “SNP selection”) did not involve any ML algorithm: since the selection was not 

performed based on ML performance outcome, the validation set has never been fed to the 

algorithm at any earlier stage.  

Conversely, the rationale behind merging datasets 1 and 3 to obtain a large training set lies in the 

uniformity of sampling location and the goal to obtain a large pool of data for improved ML 

training. A graphical summary of the ML pipeline is reported (Supplementary figure S1). 

The performance of the tested ML algorithms was evaluated both on the internal test set and on the 

external validation set, to ensure the generalization ability of the trained algorithms and to assess the 

tendency towards overfitting. More in detail, the following metrics were calculated and reported: 

Receiver Operating Characteristic area under the curve (ROC-AUC), Accuracy, Positive Predictive 

Value (PPV), Negative Predictive Value (NPV), Sensitivity, Specificity, F1-Score, F0.5-score, F2-

score. 

In the preliminary phase of ML algorithm selection, different approaches were tested, namely k-

Nearest Neighbors (kNN), Naïve Bayes (NB) [4], Random Forest (RF), Gradient Boosting (GB) 



[5], AdaBoost (AB) [6] and Support Vector Machine (SVM) algorithms, as implemented in the 

SciKit-Learn [7] library for Python. The best methodology was initially chosen based on the ROC 

AUC value, and subsequently further optimised for optimal performance in a hyperparameter 

tuning stage (Supplementary figure S1). A ROC curve describes the relationship between the 

sensitivity and specificity of a test by plotting the two against one another while varying the 

evaluation threshold, which determines the outcome of a test. Sensitivity and specificity are 

inversely related: as one increases the other decreases. Conventionally, since both values range 

between 0 and 1, the sensitivity (true positive rate) is plotted against 1 minus the specificity (false 

positive rate). The plot is, therefore, in essence, a representation of the trade-off between detecting 

true and false positive cases. 

 

Supplementary figure S1. Pipeline of ML data analysis. Randomly chosen 80% of the merged datasets 1 and 

3 served for training the ML algorithm, while the remaining, 20% was the test set. The dataset 2 was used as 

an external validation set. Individuals with missing SNP data were excluded from the ML analysis. 

 

Supervised ML approaches was applied here to classify the case/control state of the individuals. 

Three datasets were used for the training, testing and external validation of ML algorithms, 

constituted respectively by 80% of merged datasets 1+3, 20% of merged datasets 1+3, and dataset 

2. Among the tested algorithms, namely kNN, NB, RF, GB, AB and SVM, the most suitable was 

chosen based on the ROC-AUC, Sensitivity, Specificity, Accuracy and prediction probability 

calibration on both the test and validation sets (Table 5). 

 



After analysing the performances of the different classifiers (Supplementary Figure S1 and S3), the 

Naïve Bayes classifier and the Adaptive Boosting (AdaBoost) classifier were chosen for further 

performance tuning and evaluation.  

The Naïve Bayes classifier is a supervised learning algorithm relying on Bayes’ theorem and 

assuming naïve conditional independence between features. In detail, in this study a Gaussian Naïve 

Bayes algorithm was used, as implemented in the SciKit-Learn library for Python. 

The AdaBoost algorithm was implemented using decision stumps, i.e. decision trees with depth of 

1, as base estimators, and the number of the latter was tuned to obtain the best AUC while at the 

same time optimising the computational effort. The performance of both classifiers was first 

evaluated on the test set, and subsequently on dataset 3 used as an external validation set, to further 

check the performance of classification of unseen data. Furthermore, the individual metrics 

including PPV, NPV, specificity, sensitivity and accuracy were analysed along with the prediction 

probability calibration to choose the final model, reported in the main text. Finally, the AdaBoost 

algorithm was found to be the most effective and well-calibrated in classifying individuals 

(Supplementary figure S3). 

 

SUPPLEMENTARY RESULTS 

SNPs associated with DTC 

Considering that the candidate SNPs were associated with the risk of DTC in previous studies and 

that, in the present work, a further validation step was carried out, we considered positive the SNPs 

associated with the risk of DTC with a P-value below the classical statistical significance level of 

0.05. Thus, 34 candidate SNPs were associated with the risk of DTC in the dataset 1 and were 

further evaluated in the dataset 2. The results of genotyping of this series were evaluated alone and 

combining the populations. Some of the SNPs were clearly associated with the risk of DTC in the 

dataset 2, also accomplishing the more stringent statistical significance threshold following 

Bonferroni’s correction. Other SNPs were less clearly associated with the risk. For example, some 



were associated in both populations at the level of 0.05 (e.g. rs6759952), others were associated 

only when the two populations were combined (e.g. rs10238549). We were aware that setting a 

stringent threshold could lead to discharge truly positive SNPs. Thus, we relaxed the selection, by 

applying the criteria reported in the flowchart (Figure 2) and we drew the following conclusions:  

(a) 4 SNPs (rs965513, rs3758249, rs7048394, rs944289) were robustly associated with the risk of 

DTC, as they accomplished the Bonferroni’s threshold of the statistical significance in dataset 2; 

(b) 3 SNPs (rs6759952, rs966423, and rs1203952) were considered highly likely markers of risk of 

DTC as they were positive in both datasets at the nominal P-value of 0.05; 

(c) 8 SNPs (rs10238549, rs7800391, rs1799814, rs7617304, rs4808708, rs10781500, rs1061758, 

and rs10877887) were considered as possible marker risk of DTC, as they were statistically 

significant at the level of 0.05 in the GWAS and in the merged dataset; 

(d) the remaining 156 SNPs were considered not associated (at least in our Italian populations) with 

the risk of DTC: 137 were negative in the GWAS, 19 were classed as “likely negative” according to 

the results of the dataset 2.  

Considering the number of risk alleles, and weighing each allele based on the measured OR, the 

ROC curve analysis demonstrated an AUC of 0.65, with 10 alleles as the cut-off to better predict 

the risk of having DTC. 

 

Polygenic risk score: OR calculation 

OR was calculated in each quintile under both additive and weighted models, in the three merged 

datasets (Table 4; Supplementary figure S2). 



 

Supplementary figure S2. ORs calculated for each quintile. A) Multiplicative model. B) Additive model. The 

quintile number is indicated in the x-axis. Dots are adjusted ORs, while bars are the 95% CIs. 

 

Choice of ML model 

The ROC curve of different types of classifiers (kNN, NB, RF, GB, AB, SVM) on both the test and 

external validation sets are reported (Supplementary figure S3). 

 

Supplementary figure S3: ROC curves of different types of classifiers. Inset reports the legend and AUC 

values in brackets. 

 

Internal Test Set External Validation Set



Based on the initial AUC value, the AdaBoost classifier was chosen for further performance 

assessments and optimization. For the AdaBoost classifier, we tuned the hyperparameter regarding 

the number of base estimators, in a range from 1 to 100 (Supplementary figure S4). 

 

Supplementary figure S4. Tuning of number of base estimators of AdaBoost classifier based on ROC-AUC 

maximization. Red dashed line represents optimal value of 25. 

 

 As shown (Supplementary figure S4), we found 25 base estimators to be an optimal compromise 

between ROC-AUC maximization and computational cost. Further details and results regarding the 

optimized AdaBoost classifier are reported in the main text. 

 

Calibration of the AdaBoost classifier 

A drawback of the classifier appears related to the weak identification of the negative class (i.e. 

controls), as emerges from the comparably low specificity on all datasets, which has a detrimental 

effect also on the ROC AUC, on the negative predictive value and on overall accuracy, which 

however also depends on the underlying class balance of the dataset being classified. Conversely, 



when factoring in the class distribution (DTC vs. controls) of the underlying datasets being 

classified, the algorithm shows a fair confidence in predicting the DTC status (PPV = 0.7 on the 

external validation), at the cost of a comparably poorer specificity. By using Platt scaling on the 

predicted probabilities, the distribution of the latter fairly matches the real distribution of DTC risk 

both in the test set and in the external validation set (Supplementary figure S5). This was not the 

case for the Naïve Bayes classifier.  

 

 

Supplementary figure S5. Calibration plot of the AdaBoost classifier on the test set (left) and the external 

validation set (right). Blue bars represent the mean predicted probability of DTC in each risk decile. Red bars 

represent the actual probability of observing DTC in each decile. 

 

Naïve Bayes classifier 

The Naïve Bayes classifier represents the second tested ML model to predict the case/control status 

using only SNP data, relying on Bayesian statistics. After training the Gaussian Naïve Bayes 

classifier on the dataset described in the Methods section, we deployed the classifier on the test set 

and obtained an AUC value of 0.65, with an overall classification accuracy of 57% and an F1 score 

of 0.57 (Supplementary table S4). The AUC of the precision-recall curve was 0.74, and a further 

10-fold cross-validation yielded an average ROC AUC of 0.64 ± 0.02 (SD). 



We again assessed the ability of the model to generalize to a further dataset containing unseen data 

by deploying the trained NB classifier on dataset 2 (Supplementary figure S6). Here, an AUC value 

of 0.67 was obtained, with an overall accuracy of 56% and an F1 score of 0.56.  

 

 

Supplementary figure S6. ROC curves obtained on all datasets. Dashed line represents random choice. A 10-

fold cross-validation ROC AUC of 0.65 ± 0.03 (SD) was found.  

 

Again, metrics from the classification of the test and validation datasets highlight no significant 

overfitting on the training set, with the AUC on the validation being slightly higher than the AUC 

obtained on both the training and test sets. In contrast to what was found for the AdaBoost 

classifier, this classifier appears to have a tendency towards classifying individuals into the negative 

class (i.e. controls), as highlighted by the higher specificity (0.76 and 0.81 on the test and validation 

sets, respectively). However, when factoring in the prevalence of each class in the datasets – i.e. 

when considering NPV and PPV values instead of specificity and sensitivity – the confidence in the 

positive prediction is higher (PPV is 0.76 on the test set, 0.81 on the validation set) if compared to 



the negative prediction (NPV values are 0.46 and 0.43 on the test and validation datasets 

respectively) (Supplementary figure S7).  

 

Supplementary Figure S7. Calibration plot of the trained Naïve Bayes classifier on the test set. Blue bars 

represent the mean predicted probability of DTC in each risk decile. Red bars represent the actual probability 

of observing DTC in each decile (ground truth). 

 

While the Naïve Bayes classifier showed comparable performance to the AdaBoost classifier in 

terms of raw AUC values, the calibration of the predicted probability turned out comparably poor 

(Supplementary figure S6). Specifically, this translates into a classifier which is overconfident in 

predicting the negative class, as highlighted by the skewed predicted probability towards higher 

deciles (Supplementary figure S7) and by the comparably high specificity and low NPV. These 

considerations justify the eventual choice of the AdaBoost algorithm in the light of its better 

probability calibration and thus increased robustness when facing imbalanced classification tasks. 

 

 

SUPPLEMENTARY DISCUSSION 

Three SNPs within the FOXE1 gene (rs965513, rs3758249, rs7048394) and one in PTCSC3- 

LINC00609 (rs944289) robustly associated with the risk of DTC. Moreover, other two SNPs within 



DIRC3 (rs6759952 and rs966423) and one in FOXA2 (rs1203952) were categorized as highly likely 

risk factors for DTC. Indeed, there is plenty of literature about the role of FOXE1, PTCSC3, 

DIRC3, and FOXA2 in affecting the individual susceptibility to thyroid cancer [8-14], revealing 

they are well-established predisposing factors for DTC. Other eight SNPs, falling within seven 

genes and known as possible risk factors for DTC, did not replicate formally in the second stage of 

the study. However, they maintained or reinforced the statistical significance of the GWAS in the 

combined analysis. For 4 of these genes there is convincing evidence from literature for their role in 

thyroid tumorigenesis: SNPs within CYP1A1 (rs1799814), NIS-SLC5A5 (rs4808708), IL11RA 

(rs1061758), and let-7i/LINC01465 (rs10877887) are highly likely to be true markers of individual 

predisposition to DTC, as well as to other cancers [15-33].  

Interestingly, there is relative lack of knowledge on the role of the remaining three genes, i.e. 

IMMP2L (rs10238549, rs7800391), RARRES1 (rs7617304), and CARD9-SNAPC4 (rs10781500) in 

thyroid cancer. However, since the selected SNPs were associated with DTC in the combined 

analysis, they could be reasonably involved in the aetiology of the disease. IMMP2L encodes for the 

inner mitochondrial membrane peptidase subunit 2 and it is a key-molecule linking cellular 

senescence to metabolism and cell death signalling pathways [34]. It could be hypothesized that 

polymorphic variants within IMMP2L might affect thyrocyte ability to undergo senescence, 

therefore sustaining immortalization. RARRES1, also known as TIG1 (tazarotene-induced gene 1), 

encodes for a retinoic acid regulated carboxypeptidase inhibitor. According to the function of a 

tumor suppressor, RARRES1 is hypermethylated in multiple cancers [35,36] and its expression is 

modulated by estrogens [37], suggesting a possible role in the known gender difference of DTC 

incidence. Finally, CARD9 encodes for the caspase recruitment domain-containing protein 9 and it 

is a central adaptor protein of innate immune responses to extracellular pathogens via releasing of 

active cytokines from the immune cells. In fact, suppression of T lymphocyte functioning was 

found in CARD9-knockout mice and was linked to lung cancer progression [38]. A role of CARD9 

in autoimmunity could be also evoked. Since it is involved in autoantibody-induced autoimmune 



disease [39], it could be hypothesized that the association with rs10781500 reflects a low-grade 

chronic state of autoimmunity against thyroid, predisposing carriers of the risk alleles to DTC.  

 The remaining 137 SNPs were not confirmed in the dataset 1, while other 19 SNPs positive 

in the GWAS were not confirmed in the dataset 2, at least in Italian individuals. They could have 

been detected as the consequence of chance findings in previously published underpowered studies, 

resulting as false or weakly positive signals. 

A previous study evaluating PRS found 10 SNPs describing genetic predisposition to DTC for 8-

11% of the total variability [40]. Among those SNPs, only three (rs2466076, rs1588635 and 

rs116909374) are in linkage disequilibrium with markers evaluated in our analysis (rs2439302, 

rs7028661 and rs925489, respectively) but discarded during the selection procedure. The rs1588635 

falls within the PTCSC2 gene, suggesting it as being a hot spot for genetic predisposition to DTC 

risk, while the others belong to genomic regions not represented by our 15-SNPs signature. 

Therefore, we may suppose that a number of unknown, low-penetrance SNPs contribute to DTC 

genetic predisposition and they may be discovered using different approaches and populations. 
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