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Abstract

Background and objective: Radioiodine therapy (RAI) is one of the most common Key Words
treatment solutions for Graves' disease (GD). However, many patients will develop
hypothyroidism as early as 6 months after RAI. This study aimed to implement machine
learning (ML) algorithms for the early prediction of post-RAI hypothyroidism.

Methods: Four hundred and seventy-one GD patients who underwent RAI between
January 2016 and June 2019 were retrospectively recruited and randomly split into

the training set (310 patients) and the validation set (161 patients). These patients

were followed for 6 months after RAI. A set of 138 clinical and lab test features from

the electronic medical record (EMR) were extracted, and multiple ML algorithms were
conducted to identify the features associated with the occurrence of hypothyroidism

6 months after RAL.

Results: An integrated multivariate model containing patients’ age, thyroid mass, 24-h
radioactive iodine uptake, serum concentrations of aspartate aminotransferase,
thyrotropin-receptor antibodies, thyroid microsomal antibodies, and blood neutrophil
count demonstrated an area under the receiver operating curve (AUROC) of 0.72 (95% Cl:
0.61-0.85), an F1 score of 0.74, and an MCC score of 0.63 in the training set. The model
also performed well in the validation set with an AUROC of 0.74 (95% Cl: 0.65-0.83), an

F1 score of 0.74, and a MCC of 0.63. A user-friendly nomogram was then established to
facilitate the clinical utility.

Conclusion: The developed multivariate model based on EMR data could be a valuable tool
for predicting post-RAI hypothyroidism, allowing them to be treated differently before
the therapy. Further study is needed to validate the developed prognostic model at
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Introduction

Graves’ disease (GD) is an autoimmune disease with
the overproduction of thyroid-stimulating hormones
(TSH) induced by the activation of thyrotropin-receptor
antibodies (TRADb) (1). It is the most common cause of
hyperthyroidism, which has significant adverse effects on
many organ systems, such as cardiovascular, metabolism,
growth, and gastrointestinal (2). Epidemiological studies
showed that the incidence of Graves’ hyperthyroidism
in the United States is around 20-40 cases per 100,000
individuals per year (3, 4).

Current treatment for GD patientsincludes antithyroid
drugs (ATDs), radioiodine therapy (**' therapy) (RAI), and
thyroidectomy (5). ATDs tend to have a higher failure
rate. In addition, approximately half of patients treated
with ATDs relapse within 2 years of drug withdrawal and
require additional treatment such as RAI (6, 7). Although
there was no significant difference in the recurrence
of hyperthyroidism between RAI and surgery (8), post-
thyroidectomy complications may occur at various
incidence rates such as hypocalcemia. RAI is increasingly
considered as a safe and inexpensive modality of treatment
for GD (9). Although most of the side effects of RAl are mild,
many patients will develop early hypothyroidism (HT)
within 6 months after RAIL. Given that patients with post-
RAI HT may require lifelong thyroid hormone replacement
therapy, it is essential to identify the GD patients with a
high risk of early HT before RAI.

The pathophysiological mechanisms of the
development of early HT after RAI are complicated, and
the risk factors remain largely unknown. Several potential
biomarkers, including thyroid mass and 24-h radioactive
iodine uptake (RAIU), had been reported to have predictive
values for early HT (10). Some studies also suggested that
the female gender was a potential risk factor for HT (11, 12).
However, these studies were limited by small sample size,
low prognostic accuracy, and lack of external validation. In
addition, the development of previous models has typically
relied on conventional modeling approaches. Real-world
electronic medical records (EMR), including demographic
information, diagnoses, medications, laboratory tests, and
radiologic findings, have the potential to accelerate data-
driven clinical decision support (13). Strategies to enhance
the prediction accuracy of the personalized responses to
RAI using EMR are urgently needed.

Machine learning, a data analysis technique that
develops algorithms to predict outcomes by ‘learning’ from
data, isincreasingly emphasized as a competitive alternative
to regression analysis (14). Moreover, machine learning
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has the potential to outperform conventional regression,
possibly by its ability to capture nonlinearities and complex
interactions among multiple predictive variables (15).
However, to date, the application of machine learning
approaches in thyroid-related diseases has primarily
focused on the ultrasonic diagnosis or the optimization of
levothyroxine dose after thyroidectomy, but prediction of
early HT after RAI has not been reported (16, 17).

In this study, we developed a multi-feature predictive
model based on the real-world EMR using the combination
of multiple machine learning approaches for the
prediction of GD patients with the occurrence of early HT
within 6 months after RAI. The prognostic accuracy of the
developed model was further validated in another cohort,
and a clinician-friendly nomogram was then established to
compute the probability of post-RAI HT.

Materials and methods
Patients

A total of 840 patients who received their first RAI in our
hospital fromJanuary 2016 toJune 2019 were retrospectively
evaluated. The diagnosis of hyperthyroidism was based
on the 2016 American Thyroid Association Guidelines
for Diagnosis and Management of Hyperthyroidism and
Other Causes of Thyrotoxicosis (18). Inclusion criteria
include : (i) signs and symptoms of hypermetabolic state
such as palpitations and increased perspiration caused by
thyrotoxicosis (See Supplementary Table 1, see section on
supplementary materials given at the end of this article);
(ii) diffuse enlargement of the thyroid gland (confirmed
by physical examination and imaging examination); (iii)
low serum TSH concentration and high serum thyroid
hormone concentration; (iv) the presence of exophthalmos
or pretibial myxedema; and (v) increased 'l rate (RAIU)
or enhanced thyroid uptake function revealed by
thyroid radionuclide imaging. Exclusion criteria include:
(i) patients with hyperthyroidism of other etiology, such
as toxic polynodular goiter and solitary toxic adenoma;
(ii) patients who did not complete the follow-up at
6 months after RAI; (iii) a history of thyroidectomy; and
(iv) a history of treatment with RAIL. The study protocol
was approved by the Ethics Committee of Changzhi
Medical College (IRB approval no.: CZMC-20191026)
and conducted in accordance with the World Medical
Association Declaration of Helsinki-Ethical Principles
for Medical Research Involving Human Subjects. Written
consent was obtained from all patients before RAI.
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After the assessment, 369 patients who did not
meet the inclusion criteria were excluded, and a total of
471 patients were included in our analysis. The GD patients
were randomly split into the training set and the validation
set by a 2:1 ratio (310 patients in the training set and 161 in
the validation set). A total of 138 clinical features and lab
test results from the EMR were obtained for the enrolled
patients, such as demographics, vital signs, symptoms, lab
tests, RAIU, thyroid mass, and radiologic findings.

RAIU determination

Prior to RAIU calculation, all patients were requested to
avoid taking any iodized food, drugs, and ATDs for at least
1 week. The patients were given Na'*'I solution orally at the
dose of 74-370 kBq (2-10 uCi) on the empty stomach and
fasted for 2 h. The laboratory background count rate and
the standard source count rate were then measured first
and then the thyroid radiation count rate was measured
at the 3rd, 6th, and 24th h after the patient took the
Na®®' solution orally, 60 seconds for each time. The RAIU
calculation formula is as follows:

RAIU (%)

_ Thyroid radiation count rate — background count rate 1)
Standard source count rate — background count rate

x100%

Determination of thyroid mass

Thyroid mass was estimated by thyroid ultrasonography
combined with palpation. Briefly, patients lie flat on their
back, and their necks were fully exposed. The thyroid
size was measured using an ultrasound system by an
experienced ultrasound technician. The thyroid mass
was then estimated by two experienced nuclear medicine
physicians based on ultrasonic data using the following
formula, and the adjustment was verified by palpation.

W:(%)X(LXBXH) 2)

W (g) is the thyroid mass. L (cm), B (cm), and H (cm)
are the length, width, and height of the thyroid gland,
respectively.

Determination of '3'l dose for RAI therapy

The 1 dose of RAI was calculated based on the thyroid
mass, the radioactive activity per gram thyroid gland was
set at 2.59-4.44 MBq (70-120 uCi) (5). The calculation
formula is as follows:
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N RAIU at 24 hours

Aisthe dose of ¥l dose (mCi), W is the thyroid mass (g), Ag
is the radioactivity per gram of the thyroid gland (xCi), and
RAIU,,, is the RAIU at 24 h.

Follow-up and efficacy evaluation

The patients were followed up at 6 months after RAI
treatment and divided into three groups according to the
laboratory tests and clinical symptoms as follows: (1) The
thyroid function was restored to be normal (euthyroidism,
the normal group). The symptoms and signs of
hyperthyroidism disappeared completely at 6 months
after RAI treatment, and serum total triiodothyronine
(TT,), total thyroxine (TT,), free triiodothyronine (FT;),
and free thyroxine (FT,) concentration returned to normal.
(2) The thyroid function was reduced (HT group). The
signs and symptoms of HT occurred at 6 months after RAI
treatment. The serum thyroid hormone concentration was
lower than the normal, while TSH was higher than the
normal. (3) Hyperthyroidism was not relieved at 6 months
after RAI treatment, including (i) no improvement or
aggravation in symptoms and signs of the patients,
and no significant decrease in serum thyroid hormone
concentrations; (ii) the symptoms of hyperthyroidism
were relieved and signs partially disappeared. Serum TT;,
TT, FT; and FT, were significantly reduced but not restored
to the normal concentration; (iii) the symptoms, and
signs of hyperthyroidism after post-RAI remission within
6 months, and serum thyroid hormone concentrations
increased again after remission.

Data analysis

All general statistical analyses were performed in GraphPad
Prism 9.0 unless specified in the methods and legends.
Continuous variables with normal distribution are
expressed as mean + S.D., while non-normally distributed
continuous variables are expressed as the median and
interquartile range (IQR). Categorical variables are
expressed as value (%). Machine learning analysis was
conducted in R 4.0.3 with the corresponding packages.
A decision tree-based ensemble method (random forest,
RF) was performed with 1000 trees. The mean decrease
accuracy (MDA) scores were calculated. Partial least
square discriminant analysis (PLS-DA) was conducted,
followed by variable importance in projection (VIP)
analysis. VIP > 1.2 was considered statistically significant.
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A forward selection and backward elimination approach
was then used to determine the final optimal set of
features. The performance of the predictive models was
assessed using the receiver-operating characteristic curve
(ROC) analysis, and 95% CIs for the area under ROC
curves (AUROC) were calculated by bootstrap resampling
(100 times). Classifier robustness was estimated by
permutation tests (1000 times). The sensitivity, specificity,
accuracy, positive predictive value (PPV, %), and negative
predictive value (NPV, %), were calculated by 2 x 2
contingency table analyses. The F1 scores and Matthews
correlation coefficient (MCC) were calculated in R 4.0.3,
which provided complementary information to AUROC,
especially with class-imbalanced datasets.

Results

Patient characteristics

As shown in Table 1, 471 GD patients were enrolled in this
study, and a total of 322 (68.4%) patients were female.
The age of the enrolled patients was 44.9 £ 0.6 years old.
The median course of the disease was 12 months (IQR:
3-72). Before RAI treatment, 357 (75.8%) patients had
taken ATDs, among which 334 (93.5%) took methimazole
orally, 21 (5.9%) took prothiouracil orally, and 2 (0.6%)
took herbal medicine orally, with an average duration of
5 months. Among the GD complications before RAI, 105
cases (22.3%) had exophthalmos, 64 cases (13.6%) had
hyperthyroid cardiopathy, 141 cases had an abnormal
liver function, 157 cases (33.3%) with leukopenia, 52 cases
(11.0%) with diabetes, 29 cases (6.2%) with drug allergy,
and 23 cases (4.9%) with hypokalemia periodic paralysis.
At 6 months after RAI, 122 cases (20.9%) were restored to
normal thyroid function, 22 cases (4.7%) with no remission
of hyperthyroidism, and 327 cases (69.4%) developed HT.

Predictor importance evaluation using multiple
machine learning algorithms

We used multiple machine learning algorithms to rank
the importance of baseline clinical features prior to RAI
in predicting early HT at 6 months after RAI (Fig. 1A).
Random forest (RF) is a widely used machine learning
algorithm for the construction of predictive models due to
its resilience to high dimensionality, insensitivity to noise,
and robustness to overfitting (19, 20). We applied RF to
identify which variables have more determinant impact on
the prediction outcomes. The importance of the variables
contributed to the classification between the HT, and the
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normal control (NC) group was ranked by MDA scores
(Fig. 1B for the training set and 1C for the validation set).
PLS-DA was then used for feature reduction, and partial
separation of baseline clinical features was achieved
between patients with and without HT at 6 months after
RATin both the training and the validation set (Fig. 1D and
E). The top 15 discriminant features in the PLS-DA model
were ranked by their VIP scores (Fig. 1F and G). Mann-
Whitney U test was further applied to verify the machine
learning results, and the features were selected based on the
criteria of MDA >0, PLS-DA VIP >1.2, and Mann-Whitney
Utest, P < 0.05 (Fig. 1H and I).

Table 1 Patient characteristics.

Variables Values
n 471
Male (%) 149 (31.6%)
Age, mean (s.0.) (Years) 449 + 0.6
Duration of hyperthyroidism (months), 12 (3-72)
median (IQR)
Thyroid texture, n (%)
Hard 172 (36.5%)
Soft 299 (63.5%)
Thyroid nodule, n (%)
Yes 126 (26.8%)
No 345 (73.2%)
Anti-thyroid drugs (ATDs), n (%)
Yes 357 (75.8%)
No 114 (24.2%)
Classification of ATDs, n (%)
Methimazole 334 (93.5%)
Propylthiouracil 21 (5.9%)
Herbal medicine 2 (0.6%)
ATDs duration (months), median (IQR) 5.0 (0.20-35.0)
Presence of eye disease, n (%)
Yes 105 (22.3%)
No 366 (77.7%)
Hyperthyroid cardiopathy, n (%)
Yes 64 (13.6%)
No 407 (86.4%)
Abnormal liver function, n (%)
Yes 141 (29.9%)
No 330 (70.1%)
Leucopenia, n (%)
Yes 157 (33.3%)
No 314 (66.7%)
Diabetes, n (%)
Yes 52 (11.0%)
No 419 (89.0%)
Drug allergy, n (%)
Yes 29 (6.2%)
No 442 (93.8%)
Hypokalemia periodic paralysis, n (%)
Yes 23 (4.9%)
No 448 (95.1%)

Data are mean = s.p., n (%), or median and interquartile range (IQR).
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Figure 1

The selection of baseline clinical features from EMR data using multiple machine learning methods for predicting future early hypothyroidism at

6 months after RAI. (A) The flow chart of feature selection using the combinations of multiple machine learning methods. (B) Top 15 features ranked by
MDA scores in the random forest model for classification between the HT group (n =222) and the NC group (n =98) in the training set. (C) Top 15
features ranked by MDA scores in the random forest model for classification between the HT group (n = 105) and the NC group (n =56 in the validation
set. (D) PLS-DA showed the partial separation of baseline EMR data between the HT group (n =222) and the NC group (n =98) in the training set. (E)
PLS-DA 2-D plot for the separation of baseline EMR data in the HT group (n = 105) from that in the NC group (n = 56) in the validation set. (F) The top 15
differential features between the HT group (n =222) and the NC group (n = 98) ranked by VIP scores in the training set. (G) The top 15 differential
features between the HT group (n = 105) and the NC group (n = 56) ranked by VIP scores in the validation set. (H) The selection of optimal clinical
features in the training set. (I) The selection of optimal clinical features in the validation set. EMR, electronic medical record; RAI, radioiodine therapy;
MDA, mean decrease accuracy; HT, hypothyroidism; NC, the normal control group; PLS-DA, partial least squares discriminant analysis; VIP score, variable
Importance in projection score.
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Assessment of the performance of the developed
multi-feature model for predicting future early
hypothyroidism at 6 months after RAI

Figure 2A, B, C, D, E, F and G show the group differences (HT
vs NC) of the selected seven features in the predictive model
for evaluating the risk of HT in the training set (n =310
patients). We found that age, TRAb, thyroid microsomal
antibodies (TMA), and aspartate aminotransferase (AST)
were significantly higher for GD patients with post-RAI
HT than those in the normal group without HT after [-131
therapy (Fig. 2A, B, C and D). In contrast, the pre-RAI
concentrations of 24-h RAIU, thyroid mass, and blood
neutrophil count in GD patients with post-RAI HT were
dramatically lower compared with those in the normal
group (Fig. 2E, F and G). The performance of the single
and multi-feature models in the training set was assessed
using the ROC analysis and confusion matrices. Here, 24-h
RAIU alone had low accuracy, sensitivity, NPV, PPV, F1
score, and MCC score (Table 2). Surprisingly, an integrated
model with the combination of seven features before I-131
therapy performed well for predicting future early HT at
6 months after RAI with an AUROC of 0.72 (95% CI:
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0.61-0.85) (Fig. 2H and I). The predictive accuracy,
sensitivity, and specificity of the developed multi-feature
model in the training set were 71.2% (95% CI: 61.9-81.3%),
74.5% (95% CI: 68.3-84.8%), and 76.4% (95% CI: 67.8-
85.1%), respectively (Table 2). In addition, the developed
multi-feature model yielded a PPV of 72.9% (95% CI: 65.1-
79.5%), a NPV of 69.6% (95% CI: 51.4-83.2%), an F1 score
of 0.77, and an MCC score of 0.65. The classifier robustness
was further estimated by permutation tests (1000 times)
with a P value of 0.01 (Fig. 2I).

Validation of the developed multi-feature model

The developed multi-feature predictive model was
then validated in the validation set of another 161 GD
patients (105 in the HT group and 56 in the NC group).
Consistently, high pre-RAI age, TRAb, TMA, and AST in
GD patients tend to develop HT within 6 months (Fig. 3A,
B, C and D). Similar to the training set, we also observed
significantly lower concentrations of 24-h RAIU, thyroid
mass, and blood neutrophil in GD patients with HT after
RAI compared with those in the NCs (Fig. 3E, F and G).

P =0.008 P =0.042 P=0.023
80 1 400 [F£=0042 s
150 =
ol " 1001 P=0.025 80
— ) —
— g S 300 S
2 60 S 80 —~ . = =
8 c 2 100 . £ ze
g %0 5 3 % 200 =
2 » 60 z £ S
40 5 = o I3 40
3 2 " s . & <
30 £ 40 100f Y .
S S s
20 RSt i % o % 20
20 0 0 ~
HT NC HT NC HT NC HT NC HT NC
21 o
B -
© o |
20 5 o £ 31
150 P=0.031 2 s
= ‘g © 2 ©
% = 15 g o 2 31
1] Q o~ = = o
e 100 [ = < AUC =0.72 9 -
£5 £ < o Gl 2
z § 3 10 =z o 95% Cl: 0.61-0.85, £ 31 =001
- > >
z - 3 =
= 3 5 2 g &
50 ® s & ° 2
o @ o]
ol T T T T T T o T T T T T T
0 0.0 0.2 04 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
HT NC HT NC 1-Specificity (False positive rate) 1-Specificity (False Positive rate)
Figure 2

The selected clinical features in the developed multivariate model and the predictive performance in the training set evaluated by the ROC curve analysis.
(A, B, C, D, E, F, and G) The significant differences of the selected pre-RAl clinical features between GD patients with post-RAI hypothyroidism (the HT
group, n =222) and the normal controls after RAI (the NC group, n =98) in the training set. Mann-Whitney U test was performed to verify the results of
machine learning. (H) Evaluation of the selected pre-RAl features for predicting post-RAI hypothyroidism in the training set. (I) A permutation test

(1000 times) for the cross-validation of the ROC curve in the training set. RAI, radioiodine therapy; ROC, receiver operator characteristic curve; HT,
hypothyroidism; NC, the normal control group; AST, aspartate aminotransferase; TRAb, thyrotropin-receptor antibodies; 24-h RAIU, radioactive iodine
uptake at 24 h; TMA, thyroid microsomal antibodies; HT, hypothyroidism; NC, the normal control group.
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Table 2 The predictive accuracy of the developed model for the development of early hypothyroidism at 6 months after

radioiodine therapy.

Prediction model performance (mean and 95% Cl)

Prediction models

Accuracy (%) Sensitivity (%) Specificity (%) PPV (%) NPV (%) F1 score  MCC

24-h RAIU 53.5(48.7-58.2) 25.4(19.9-31.5) 50.1(31.9-68.1) 62.1(53.1-70.4) 51.1(48.7-53.2) 0.36 0.1

Multi-feature model 71.2(61.9-81.3) 74.5(68.3-84.8) 76.4(67.8-85.1) 72.9(65.1-79.5) 69.6(51.4-83.2) 0.77 0.65
(training set)

Multi-feature model  74.4 (65.3-83.0) 70.8 (65.4-79.8) 73.5(68.7-82.6) 75.7(68.5-84.8) 77.3(65.5-86.9) 0.74 0.63

(validation set)

Values calculated by standard 2 x 2 contingency table analysis. Multi-feature model includes patients’ age, thyroid mass, 24-h RAIU, serum AST, TRAD,

TMA, and blood neutrophil count.

24-h RAIU, radioactive iodine uptake at 24 h; AST, aspartate aminotransferase; MCC, Matthews correlation coefficient; NPV (%), negative predictive value;
PPV (%), positive predictive value; TMA, thyroid microsomal antibodies; TRAb, thyrotropin-receptor antibodies.

An AUROCO0f0.74 (95%CI:0.65-0.83, permutation P=0.03)
was obtained using the developed multi-feature model in
the validation set. Additionally, the developed model had
an accuracy of 71.4% (95% CI: 65.3-83.0), a sensitivity of
70.8% (95% CI: 65.4-79.8), a specificity of 73.5% (95% CI:
68.7-82.6), a PPV of 75.7% (95% CI: 68.5-84.8), a NPV of
77.3% (95% CI: 65.5-86.9), an F1 score of 0.74, and a MCC
of 0.63 for predicting the risk of future development of HT
after B!T therapy in the validation set (Table 2).

Construction of the nomogram

There is still no consensus regarding the most appropriate
approach for treating Graves’ hyperthyroidism with
radioiodine. To facilitate the clinical utility, the features in
the developed predictive model were then translated into
a nomogram (Fig. 4). The nomogram maps the predicted
risk probabilities into element points on a scale from 0 to
100 in a user-friendly graphical interface. The total points
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Figure 3

The selected clinical features for predicting post-RAI hypothyroidism in the developed multivariate model and the predictive performance in the
validation set evaluated by the ROC curve analysis. (A, B, C, D, E, F, and G) The significant differences of the selected pre-RAI clinical features between GD
patients with post-RAI hypothyroidism (HT group, n = 105) and the normal controls after RAI (NC group, n = 56) in the validation set. Mann-Whitney U
test was performed to verify the results of machine learning. (H) The ROC curve for predicting post-RAI hypothyroidism in the validation set. (I) A
permutation test (1000 times) for the cross-validation of the ROC curve in the validation set. RAI, radioiodine therapy; ROC, receiver operator
characteristic curve; HT, hypothyroidism; NC, the normal control group; AST, aspartate aminotransferase; TRAb, thyrotropin-receptor antibodies; 24-h

RAIU, radioactive iodine uptake at 24 h; TMA, thyroid microsomal antibodies.
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Figure 4

The nomogram for predicting post-RAI hypothyroidism using the clinical features and lab tests results before the therapy. RAI, radioiodine therapy; AST,

aspartate aminotransferase; TRAb, thyrotropin-receptor antibodies; 24-h RAIU,

accumulated by all variables in the nomogram correspond
to the predicted probability of HT risk within 6 months
after RAL

Discussion

RAI has become one of the most economical and
convenient treatment approaches for the treatment of
GD (18). However, the potential occurrence of HT after
RAI, which requires lifelong drug replacement, limits
the clinical use of RAI (16). In this study, we successfully
developed a multivariate model to predict HT after RAI
using multiple machine learning methods and the baseline
clinical characteristics before RAI. The clinical features
in the multivariate model, include age, AST, TRADb, 24-h
RAIU, thyroid mass, TMA, and blood neutrophil count. If
replicated, this finding could have a significant impact on
clinical practice by permitting the patients to be stratified
according to their future risk of HT prior to RAI and new
preventive treatments to be tested in clinical trials.

HT following RAI may induce deleterious symptoms
and affect the quality of life such as memory impairment,
cognitive decline, fatigue, depressed mood, or heart failure
(21). Therefore, it is crucial to prevent HT in advance,
while minimizing the risk of hyperthyroidism relapse.

radioactive iodine uptake at 24 h; TMA, thyroid microsomal antibodies.

In the context of precision medicine, our study will help
developing a personalized treatment approach for RAI
therapy. The overall principle is to maximize the benefits
of RAI for patients with hyperthyroidism. Eventually,
patients have no symptoms of thyroid dysfunction.
The thyroid hormone concentrations were normalized
and patients could maintain their own hypothalamic-
pituitary-thyroid axis hormone concentration regulation
without taking any ATDs.

GD is not only a common thyroid disorder but also an
autoimmune disease. TRAD is an autoimmune antibody
that stimulates the TSH receptor on thyroid cells, leading
to increased secretion and synthesis of thyroid hormones.
TMA is a complement binding antibody induced by
microsomal antigen in the cytoplasm of thyroid epithelial
cells. TRAb and TMA can be detected in the serum of more
than 85% of GD patients, and elevated concentration
of these antibodies are closely associated with the
pathogenesis of GD (22). A previous study found that TRAb
was an independent risk factor affecting the prognosis of
the RAI treatment, and GD patients with positive TRAb
before treatment had a lower remission rate after RAI
treatment (23). Here, we demonstrated for the first time
that TRAb and TMA may also play a predictive role in
the occurrence of early HT after 311 therapy for Graves’
hyperthyroidism.
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Twenty-four-hour RAIU is regarded as an important
factor with the contradictory results for its association
with the outcome of radioiodine therapy. Our study found
that patients with lower 24-h RAIU before RAI are more
vulnerable to develop early HT after RAI. Consistent with
our study, Damle and the co-authors observed a similar
negative association between 24-h RAIU and the occurrence
of HT at 12 months post-therapy (24). One explanation
might be related to the method used for the calculation of
the BT dose. When RAIU at 24 h of GD patients was lower,
the calculated T dose was often higher. Another possibility
is that the GD patients with lower RAIU may have a lower
degree of hyperthyroidism, and the possibility of HT after
BB1] treatment is relatively high.

In this study, we found that thyroid quality is an
important risk factor for post-RAI HT. Patients with low
thyroid mass had a higher incidence of developing HT,
which was consistent with the previous observation (25).
In addition, we found that the softer the thyroid gland, the
more prone to develop HT. It is likely that the hard thyroid
gland is less sensitive to radiation.

Age is another important influencing factor for the
outcome of RAI, and older patients tend to develop early
HT than younger ones. This observation was opposite to
two previous reports (26, 27). The discrepancy might be
due to several reasons, such as the small size in previous
studies, different age ranges, and complications. Further
studies are warranted to investigate the effects of aging on
the responses to RAI therapy.

The blood neutrophil count is a simple and cost-
effective indicator of the host immune system and a useful
prognostic marker in many inflammatory diseases. A recent
study reported that a high neutrophil-to-lymphocyte
(NLR) ratio is associated with the relapse in Graves’ disease
after antithyroid drug therapy (28). Beyond the literature,
here, we showed that a low neutrophil count predicts the
occurrence of HT after RAI Different mechanisms could
explain the potential relationship between Graves’ HT and
neutropenia. Itislikely that dysregulated thyroid hormones
inhibit the metabolism and proliferation of hematopoietic
progenitor cells (29). Another mechanism of the reduction
in circulating neutrophils could be due to the immune-
mediated reduced survival of peripheral neutrophils (30).

This study had some limitations. First, this is a single-
center study with arelatively small sample size (471 patients
in 3 years). Additional validation should be considered in
a more diverse demographic group and larger sample size.
Secondly, the outcomes of machine learning analysis were
not verified by conventional regression analysis model.
Thirdly, the data were analyzed retrospectively using EMR

Machine learning predicts 11:5 e220119

early hypothyroidism

data, which can be plagued by missingness, inaccuracies,
and changes in practice patterns over time. However, our
study confirmed the utility of EMR data in a real-world
clinical setting, showing good performance in predicting
RAI outcomes even in the presence of missing data.

Conclusion

This study demonstrates the feasibility of multiple
machine learning algorithms for analysis of EMR and lab
tests data to accurately predict a early occurrence of HT
6 months after RAI. We have also developed a prognostic
nomogram to facilitate the clinical utility. The new model
might be useful for medical professionals to develop
further treatment options and long-term follow-up plans
for GD patients undergoing RAI.
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