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A B S T R A C T   

Objective: The Dutch Congenital hypothyroidism (CH) Newborn Screening (NBS) algorithm for thyroidal and 
central congenital hypothyroidism (CH-T and CH-C, respectively) is primarily based on determination of 
thyroxine (T4) concentrations in dried blood spots, followed by thyroid-stimulating hormone (TSH) and 
thyroxine-binding globulin (TBG) measurements enabling detection of both CH-T and CH-C, with a positive 
predictive value (PPV) of 21%. A calculated T4/TBG ratio serves as an indirect measure for free T4. The aim of 
this study is to investigate whether machine learning techniques can help to improve the PPV of the algorithm 
without missing the positive cases that should have been detected with the current algorithm. 
Design & methods: NBS data and parameters of CH patients and false-positive referrals in the period 2007–2017 
and of a healthy reference population were included in the study. A random forest model was trained and tested 
using a stratified split and improved using synthetic minority oversampling technique (SMOTE). NBS data of 
4668 newborns were included, containing 458 CH-T and 82 CH-C patients, 2332 false-positive referrals and 1670 
healthy newborns. 
Results: Variables determining identification of CH were (in order of importance) TSH, T4/TBG ratio, gestational 
age, TBG, T4 and age at NBS sampling. In a Receiver-Operating Characteristic (ROC) analysis on the test set, 
current sensitivity could be maintained, while increasing the PPV to 26%. 
Conclusions: Machine learning techniques have the potential to improve the PPV of the Dutch CH NBS. However, 
improved detection of currently missed cases is only possible with new, better predictors of especially CH-C and a 
better registration and inclusion of these cases in future models.   

Abbreviations: CH, congenital hypothyroidism; CH-C, central congenital hypothyroidism; CH-T, thyroidal congenital hypothyroidism; NBS, newborn screening; 
ROC, receiver operating characteristic; SMOTE, synthetic minority oversampling technique; PPV, positive predictive value; T4, thyroxine; TBG, thyroxine-binding 
globulin; TSH, thyroid stimulating hormone. 
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1. Introduction 

Congenital hypothyroidism (CH) is thyroid hormone deficiency 
present at birth, mostly caused by defective thyroid gland development 
or hormone biosynthesis (primary or thyroidal CH, CH-T). An equally 
important, less frequently occurring cause is hypothalamic or pituitary 
dysfunction resulting in secondary or central CH (CH-C) [1]. Early 
detection of CH by newborn screening (NBS) successfully contributes to 
adequate treatment and the prevention of neurodevelopmental disabil
ities, associated with this disorder [2–4]. 

Most NBS algorithms detect CH-T by a low total thyroxine (T4) blood 
concentration in combination with increased thyroid stimulating hor
mone (TSH) concentration. These TSH based programs will miss new
borns with CH-C because they have low T4 concentrations in 
combination with normal or low serum TSH. Primary T4-based NBS 
algorithms thus potentially also detect newborns with CH-C, however 
unfortunately often at the cost of false-positive referrals due to low T4 
caused by (non-thyroidal) illness or T4-binding globulin (TBG) defi
ciency [1,5–6]). In the Netherlands NBS program, T4 is measured in all 
newborns, followed by TSH measurement in case the T4 concentration is 
within the lowest 20% of the day. TBG is measured in the lowest 5% of 
daily T4 concentrations, and a calculated T4/TBG ratio is used to reduce 
false-positive referrals due to benign TBG deficiency [6–7]. Weight and 
(gestational) age are not used in the current NBS algorithm except in 
premature newborns with a birth weight of ≤2500 g and a gestational 
age of ≤36 (+0 days) weeks. Infants that received the heel puncture on 
or later than day 60 of life are also subject to the decision rule for pre
mature newborns and referred based on only TSH (only measured in 
newborns with a T4 ≤ − 0.8 Standard Deviation (SD)). The Dutch T4- 
TSH-TBG based algorithm effectively detected 86 CH-C patients in the 
period 2007–2017 but at the cost of a low positive predictive value 
(PPV) of 21%, mainly due to the screening criteria T4 and T4/TBG ratio 
[6]. In addition, the currently used T4-TSH-TBG algorithm does not have 
100% sensitivity; it is generally accepted that a few CH-C cases will be 
missed and diagnosed later in childhood [13]. 

The aim of this study is to investigate whether machine learning can 
help to improve the Dutch CH screening algorithm by reducing the 
number of false-positive referrals (and increase the PPV) while main
taining the algorithm’s current sensitivity [6]. 

2. Methods 

A national database containing data from NBS referrals (newborns 
with CH as well as false-positive referrals) in the period 2007–2017 was 
used for this study [6]). The NBS algorithm for CH and the assays used, 
performance and cut offs were extensively described [6]. All CH-C and 
CH-T cases were included in this study; from the 86 CH-C cases, 4 were 
excluded because gestational age was missing. In short, between 72 and 
168 h after birth, heel puncture blood is collected on filter paper and 
sent to one of the five regional screening laboratories in the Netherlands. 
Based on a National algorithm using 5 criteria [6], patients are referred 
to a clinician; inconclusive results are referred for a second heel punc
ture. Criterion 1: T4 ≤ ¡3.0 SD & TBG >40 nmol/L blood. Newborns 
with an abnormal TSH concentration are referred based on referral 
criterion 2: T4 ≤ ¡0.8 SD & TSH ≥22 mIU/L blood. A borderline TSH 
concentration (8≤ TSH <22 mIU/L blood) and/or a borderline T4 
(− 3.0< T4 ≤ − 1.6 SD) in combination with a T4/TBG ratio ≤17 are 
considered inconclusive results, leading to a request for a second blood 
sample. In all second heel punctures T4, TSH and TBG are measured, and 
subsequently all newborns with a T4 ≤ − 3.0 SD are immediately 
referred (referral criterion 3: T4 ≤ ¡3.0 SD). Newborns with a 
borderline (8≤ TSH <22 mIU/L blood) or abnormal TSH (≥22 mIU/L 
blood) concentration (referral criterion 4: TSH ≥8 mIU/L blood) and/ 
or a borderline T4 (− 3.0< T4 ≤ − 1.6 SD) in combination with a T4/TBG 
ratio ≤17 (referral criterion 5: ¡3.0 < T4 ≤ ¡1.6 SD & T4/TBG ratio 
≤17), are also referred. Premature newborns often have a low T4 

concentration associated with prematurity or illness. Therefore, new
borns with a birth weight ≤2500 g and a gestational age of ≤36 (+0 
days) weeks are only assessed for their TSH, with the abovementioned 
cut-off values. This also applies to infants that received the heel punc
ture ≥ day 60 of life. 

Referral rates are: 16.3% CH-T, 2.8% CH-C, 1% CH-unknown and 
79.9% false-positive. Documented variables include gestational age, 
birth weight, age at NBS sampling, T4, TSH, TBG concentrations and the 
T4/TBG ratio. Approval was obtained from the NBS privacy committee 
of the Netherlands Organization for Applied Scientific Research (TNO, 
department of Child Health). This study complied with the World 
Medical Association Declaration of Helsinki regarding ethical conduct of 
research involving human subjects and/or animals. By nature of the 
Dutch screening algorithm [6], T4 is measured in all newborns (100%) 
followed by TSH measurement in the 20% lowest T4 of the day and TBG 
measurement in the 5% lowest T4 of the day. Therefore, in the National 
dataset, T4 is measured in 100%, TSH in 20% and TBG in 5% of new
borns. Since the National database [6] did not include results of healthy 
newborns with a negative screening result, data (n = 1670) of a recent 
study to establish neonatal reference intervals for T4, TSH, TBG and the 
T4/TBG ratio were added to the data set [8]. For this dataset, T4, TSH 
and TBG were measured in 100% of healthy newborns. There were no 
missing features in both datasets and hence, no imputation was applied. 
The data set was split into a training (67%) and a test set (33%) using a 
stratified split, retaining the actual (unbalanced) ratio between healthy 
versus CH (N = 13%). To improve the training of the random forest [9] 
of an unbalanced dataset, we used synthetic minority oversampling 
technique (SMOTE) in the training set to create synthetic data points 
based on existing CH data [10]. For SMOTE the default settings were 
employed using traincontrol function in the Caret package (perc.over =
200, k = 5, perc.under = 200). A random forest model was trained and 
hyperparameters of the approach were tuned using 10-fold stratified 
cross-validation on the training set to select the optimal settings for 
these hyperparameters, being a random forest with 500 trees and 4 
variables tried at each split. A random forest is a commonly used model 
in machine learning and creates a forest of trees. Each tree in the forest is 
trained on a randomly drawn sample of the training set and when 
building these trees a random subset of variables can only be used to 
increase diversity of trees. When the forest is used for classification, an 
aggregate score is taken over all trees. Diagnostic accuracy was calcu
lated using receiver operating characteristic (ROC) analyses whereby 
the per class probabilities of the random forest classifier as generated 
using the Caret package are used to create the ROC curve. Different 
points on the ROC curve are then chosen based on sensitivity (resulting 
in a threshold selection of the random forest), whereby the PPV is 
calculated using the selected threshold. Variable importance was 
determined by decrease in accuracy when removing variables from the 
model using the Gini Index. This is done for all trees and the difference 
between the two accuracies are then averaged over all trees and 
normalized by the standard error. Because we do not know how many 
cases are missed in the current NBS algorithm, 100% sensitivity for the 
machine learning algorithm was defined as detection of all positive cases 
detected by the current NBS algorithm. The aim of this study was to 
improve the PPV of the current NBS algorithm and hence, we could 
compare the PPV of the current algorithm [6] with the new machine 
learning algorithm because it was applied to the same data set with the 
same CH prevalence. Based on previous work, registries and clinical 
experience, no patients with CH-T and approximately 2–4 patients/year 
with CH-C are missed by the current NBS algorithm and hence, the re
ported CH prevalence in this study is slightly underestimated. All ana
lyses were performed in R (version 3.6.3) and Caret (version 6) [11–12]. 

3. Results 

Data of 4668 newborns (gestational age (mean ± SD): 39.5±1.4 
weeks) were included in this study; 458 CH-T and 82 CH-C patients, 
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2332 false-positive referrals [6] and 1670 healthy newborns. In order of 
importance, variables determining identification of CH were TSH, T4/ 
TBG ratio, gestational age, TBG, T4 and age at NBS sampling (also 
referred to as ‘age’). Birth weight was not of importance for the model 
(Fig. 1) probably because it is correlated with gestational age. In a ROC 
analysis on the test set, a sensitivity of 100% could be maintained, while 
reaching a model specificity of 63% and a PPV of 26% (Table 1). Other 
cut-offs on the ROC could be chosen, allowing a sensitivity of 98–99% 
with a specificity of 66–74% and PPV of 28–33%. Possible sensitivity, 
specificity, accuracy and PPV of the model with the corresponding 
numbers of true negatives, false-negatives, true-positives, and false- 
positives are reported in the table below the ROC (Fig. 1, Table 1). Re
sults with a sensitivity <98% resulted in more than 4 missed cases in the 
test set and were considered undesired in the context of this study. 
SMOTE improved diagnostic accuracy, the area under the ROC 
increased from 0.85 (95% CI: 0.76–0.93) to 0.89 (95% CI: 0.87–0.90; 
test set). 

CH: congenital hypothyroidism, FN: false-negatives, FP: false- 
positives, PPV: positive predictive value, ROC: receiver operator char
acteristic, TN: true-negatives, TP: true-positives. 

4. Discussion 

We show that a random forest machine learning algorithm improved 
the current PPV of the Dutch NBS algorithm from 21% [6] to 26% while 
maintaining 100% sensitivity. Increasing the PPV to 26% using our 
Machine Learning algorithm would reduce the number of false-positive 
referrals by 48 per year. Lowering the desired 100% sensitivity to a 
sensitivity of 99 or 98%, increased the PPV to 28–33%. 

The low PPV of the current Dutch NBS algorithm for CH is mainly 
caused by the criteria used to also detect CH-C cases [13]. We confirmed 
that the T4/TBG ratio was the most important variable in a separate 
random forest model for CH-C vs. healthy children with a PPV of 5% 

(results not shown), in line with the performance of the current NBS 
algorithm [6]. Using decision trees, we confirmed the appropriateness of 
cut-off values in our current NBS algorithm (data not shown). Hence, 
other CH-C predictors should be investigated and added to the currently 
used T4 and TBG to improve the PPV in CH-C NBS. In a recent study 
using a random forest model to improve the PPV of NBS for metabolic 
disorders, metabolic screening analytes were far more important than 
generic co-variates such as gestational age and weight [14]. We had 
similar findings with a major importance of parameters TSH and the T4/ 
TBG ratio, alongside minor importance of gestational age. 

The disadvantage of our approach is that we used a new technique on 
an incomplete data set of an existing algorithm (TSH and TBG in the 
lowest 20% and 5 % T4 of the day, respectively) [6]. Despite these 
limitations we could improve the PPV by 5% without missing CH cases. 
Ideally, we would like to start a prospective study measuring all vari
ables on all dried blood spots and add new features. This will allow 
development of a completely new screening algorithm with improved 
diagnostic accuracy in detecting CH-C patients maintaining the current 
accuracy for CH-T patients and reducing false-positive referrals caused 
by detecting CH-C patients. Our study demonstrates that machine 
learning algorithms have the potential to improve newborn screening 
algorithms in line with other studies [14]. 

Changes in assay performance over time [6] may influence a ma
chine learning model performance. In general, improved assay stan
dardization will result in better diagnostic accuracy for NBS screening 
algorithms. However, the random forests approach is robust against 
variation in the data because trees are built in different samples of the 
data and different subsets of features, thus the larger variation in TSH 
and small change in TBG variation over time [6] probably did not have 
much influence on the model. 

The reported accuracy of the model should be interpreted with 
caution, as it does not reflect the actual performance of the model on the 
complete Dutch newborn population. The random forest model included 
only a small fraction of healthy newborns (screen negatives), as 
compared to reality, therefore skewing the results. Also, it must be noted 
that the reported 100% sensitivity of the model reflects the population of 
patients that is presented to the model. Unfortunately, the current Dutch 
NBS for CH does not have a 100% sensitivity, and although detection of 
CH-C by the Dutch approach is better than in T4-based NBS strategies 
without TBG measurement [6–7], CH-C cases are still missed and 
diagnosed later in childhood [15]. Reducing the number of missed cases 
will only be possible if data on these cases are included in the model. 
Unfortunately, complete registration of these cases is currently lacking. 

Fig. 1. Random forest model of CH vs. healthy population: ROC analysis (ratios) and importance plot (%) on the test set.  

Table 1 
Diagnostic accuracy of the random forest model under different thresholds based 
on selected sensitivity.  

Specificity Sensitivity Accuracy TN TP FN FP PPV  

0.63  1.0  0.68 890 184 0 514  0.26  
0.66  0.99  0.70 929 182 2 475  0.28  
0.71  0.98  0.74 1000 181 3 404  0.31  
0.74  0.98  0.77 1037 180 4 367  0.33  
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In conclusion, machine learning techniques have the potential to 
improve the PPV of the Dutch CH NBS but could not improve the 
diagnostic accuracy for detecting specific CH-C cases using the current 
features of the NBS program. Before replacing the current algorithm by 
machine learning techniques, the model will need to run in parallel to 
the current NBS for several years and be re-evaluated when more data is 
available. Future research would ideally include data of all current 
screening parameters and (yet unknown) predictors of CH in all new
borns and missed patients, requiring a large prospective study and 
complete registration of missed cases, possibly also constructing sepa
rate algorithms to detect CH-T and CH-C. 
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