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Background: The primary treatment goals in acromegaly patients are complete surgical removal of
underlying pituitary tumors and biochemical remission. One of the challenges in developing countries is the
difficulty in monitoring postoperative biochemical levels in acromegaly patients, particularly those who live
in remote areas or regions with limited medical resources.

Methods: In an attempt to overcome the abovementioned challenges, we conducted a retrospective study
and established a mobile and low-cost method to predict biochemical remission in acromegaly patients after
surgery, the efficacy of which was assessed retrospectively using the China Acromegaly Patient Association
(CAPA) database. A total of 368 surgical patients from the CAPA database were successfully followed up to
obtain their hand photographs. Demographics, baseline clinical characteristics, pituitary tumor features, and
treatment details were collated. Postoperative outcome, defined as biochemical remission at the last follow-
up timepoint, was assessed. Transfer learning with a new mobile tailored neurocomputing architecture,
MobileNetv2, was used to explore the identical features that could be used as predictors of long-term
biochemical remission after surgery.

Results: As expected, the MobileNetv2-based transfer learning algorithm was shown to predict biochemical
remission with statistical accuracies of 0.96 and 0.76 in the training cohort (n=803) and validation cohort
(n=200), respectively, and the loss function value was 0.82.

Conclusions: Our findings demonstrate the potential of the MobileNetv2-based transfer learning
algorithm in predicting biochemical remission for postoperative patients who are at home or live far away

from a pituitary or neuroendocrinological treatment center.
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Introduction

Acromegaly is a rare neuroendocrinological disorder
characterized by over-secretion of growth hormone (GH)
and insulin-like growth factor 1 (IGF-1) levels (1,2). The
majority of GH-secreting pituitary tumors are benign,
although some tumors may present with aggressive features
and have a high risk of recurrence after surgical treatment (3).
Persistently high levels of GH and/or IGF-1 can lead to
comorbidities of the cardiovascular, respiratory, bone,
and endocrine systems, and are associated with increased
mortality rates (2,4,5). Therefore, normalizing GH and/
or IGF-1 levels is a critical treatment goal for acromegaly
patients.

According to the most recent consensus statement
on acromegaly management (6), surgical resection of
the pituitary tumor is recommended as the first-line
medical therapy. Surgical treatment can effectively lead to
biochemical control. Furthermore, baseline characteristics
that can impact long-term outcomes include age at
diagnosis (7), gender (7), preoperative serum levels of GH
and IGF-1 (8-13), preoperative medication (12), tumor size
(8,9,12), invasiveness (12,14), Knosp grading scores (8,9,12),
and histological pathology [Ki-67, somatostatin receptor
subtype 2 expression, arylhydrocarbon receptor inter acting
protein (AIP) expression, and granularity] (14). Therefore,
identifying independent factors that predict long-term
outcomes, such as biochemical remission or recurrence,
may be crucial in facilitating clinical management.

As a rare disease, patients are usually diagnosed
with acromegaly in a special pituitary surgery center or
neuroendocrinological department, and many of them,
particularly those in the developing countries, usually come
from remote areas, resulting in a high rate of loss to follow-
up (12,15). With the emerging development of artificial
intelligence (AI), some algorithms have demonstrated a
potential application in auto-segmentation (16,17), early
preoperative diagnosis (18,19), subtype classification (20-22),
personalized treatment (23), assessment of response to
treatments (24-26), outcome prediction (27-29), and
other decision-making roles in the clinical management
of patients with pituitary or other brain tumors (30).
Theoretically, an ideal Al model should be trained and
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generated using a wealth of data, however, this is a major
challenge in real-world applications. Although it is possible
to obtain enough data to establish a classification task in
1 domain of interest, it is a challenge to apply this model
to another dataset wherein the domain of interest is
different to that in the parent dataset. To overcome the
data shortage in many medical disciplines, the promising
machine learning technique, transfer learning, has shown
its advantage in classification, regression, and clustering
problems (31). Therefore, clinical translational researchers
may apply Al in the management of postoperative follow-
up in acromegaly patients, with the aim of improving their
quality of life (32-34).

The China Acromegaly Patient Association (CAPA)
database captures data from 112 hospitals over an extended
period of time in China; however, to date, the hand
photograph dataset on acromegaly has not been fully
reported. Large population series such as the CAPA database
enable us to effectively identify and report predictors of long-
term biochemical recurrence in acromegaly patients after
surgery. Taking advantage of Al techniques and the CAPA
database, this study used the transfer learning approach with
an updated mobile tailored neurocomputing architecture,
MobileNetv2, to predict the postoperative long-term
biochemical remission of patients diagnosed with acromegaly.

Methods
Study design and database
The CAPA database [July 1998-December 2018; (https://

capa.wohenok.com/)] is a patient-advocacy and non-
profit organization, aiming to facilitate the recognition
of acromegaly for patients and their families in mainland
China. Demographics, clinical characteristics, radiographic
features, hands photographs, and treatment approaches
and outcomes have been described and reported by
members in the Chinese Pituitary Adenoma Collaborative
Group (12,19,32,35). Photographs of hands were taken at
3 months postoperatively by members of our research team
(Mengqi Wang, Chengbin Duan, and Wenli Chen) at the
outpatient department. All patients in the CAPA database
were clinically diagnosed with acromegaly according to
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Figure 1 Illustration of background removal in hand photographs using Otsu’s thresholding method.

the established guidelines for acromegaly management
[2021] (36). Diagnostic measurements included clinical
findings, radiological identification of a pituitary tumor, and
biochemical analyses (fasting GH >2.5 pg/L and lowest GH
>1 pg/L in glucose GH inhibition tests, and IGF-1 levels
higher than the normal range of age- and sex-matched
healthy cases where there is available information of IGF-1
in some hospitals). The disease duration was calculated
from the time of the report of the first alteration. In this
study, we only enrolled acromegaly patients with long-
term (over 6 months) follow-up after surgery. In total, 368
surgical patients from the CAPA database were successfully
followed up and their hand photographs were obtained.

Outcomes of interest

The outcomes were assessed using the biochemical
measurements at last follow-up after surgery (over 6 months).
The dataset was divided into two groups according to
the last follow-up biochemical status: a remission group,
and a non-remission group. The criteria of postoperative
biochemical remission/recurrence were based on the
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Chinese Guideline of Acromegaly Diagnosis and
Management [2021] (36). Patients were determined to be
in biochemical remission if random serum GH levels were
below 1.0 pg/L or GH nadir levels were <1 pg/L after an
oral glucose tolerance test (OGTT), and/or IGF-1 levels
were decreased to normal levels.

Removal of background noise in hand photographs

To reduce the computing burden and improve the
predicting accuracy, background noise in the hand
photographs was removed for image analysis. There are
several different color spaces, each with its own significance,
including RGB (red, green, blue), HIS (hue, intensity,
saturation), HSL (hue, saturation, lightness), HSV (hue,
saturation, value; also known as HSB), YCrCb, CIE XYZ,
CIE Lab, and so on. To process the Cr component in
YCrCb, we converted RGB to YCrCb, and applied the
Otsu’s thresholding method in OpenCV (Open-Source
Computer Vision) to remove the background noise (37).
Finally, a total of 420 hand photographs were available for
further analysis (Figure I).
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Figure 2 Illustration of the residual bottleneck block structure
used in the MobileNetv2 algorithm.

Transfer learning

The traditional deep learning method usually assigns
randomized initialization parameters to the neural network
which will learn each task from scratch. Under certain
circumstances, the neural network can use the previously
learned knowledge to solve the new problems it faces. This
kind of knowledge transfer is called transfer learning. In the
field of image classification, transfer learning is a technique
that utilizes a model already trained on a specific data
set (31). The model is reused to solve other classification
problems, and the model is used as the starting point of
training to update the parameters so that it is adapted to the
target data set. ImageNet is an excellent image classification
data set with 3.2 million images, and is widely used in
the field of object detection and image classification. The
experiment in this study transferred the parameters obtained
from the training of MobileNetv2 (38) on ImageNet to
our model, aiming to build an optimal model suitable for
the identification of postoperative biochemical remission
in patients with acromegaly. Compared with learning from
scratch, transfer learning can effectively speed up network
convergence and guarantee the efficiency and accuracy of
model learning in the case of insufficient samples.
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Network architecture

In this investigation, the MobileNetv2 algorithm was used
for the identification of postoperative biochemical remission
in patients with acromegaly through transfer learning. The
MobileNetv2 algorithm is an improved algorithm based
on the MobileNetvl algorithm and it still deploys the
depthwise separable convolutions (DSCs) implemented in
the MobileNetvl algorithm, and introduces the bottleneck
block inverted residual module, which effectively improves
the accuracy of image classification and inspection tasks that
are used on the mobile application (38).

DSC consists of a depth wise convolution (DConv)
operation and a pointwise convolution (PConv) operation (39).
The former runs a convolution operation with a single
convolution kernel size of 3x3 in each channel dimension
of the input, and the latter combines all input channel
dimensions by performing a standard convolution operation
with a convolution kernel size of 1x1 features to build the
improved features. The calculation amount of the standard
convolution is k2 times different from the depth separable
convolution (k is the size of the convolution kernel). The
MobileNetv2 network uses k=3 (namely 3x3), so without
reducing the accuracy, the amount of calculation is only 1/9
to 1/8 of the standard convolution.

Performing the rectified linear unit (ReLU) activation
function operation on the low-dimensional convolutional
layer can easily cause the loss of feature information,
whereas performing the ReLLU activation function operation
on the high-dimensional convolutional layer can effectively
reduce the loss of feature information (40). Therefore, the
MobileNetv2 algorithm does not use the activation function
in the low-dimensional convolutional layer of the bottleneck
block, that is, the linear bottleneck layer is used, and the
ReLU6 activation function proposed in the MobileNetV1
algorithm is more suitable for quantizing the network in
other layers to prevent the nonlinear layer from destroying
too much feature information.

The residual bottleneck block structure of the
MobileNetv2 algorithm is shown in Figure 2. The inverted
residual block is mainly used to promote the effective
transmission of multi-layer feature information and
enhance the feature extraction capability of the network.
The input of the inverted residual module is first subjected
to convolution with a convolution kernel size of 1x1 for
channel expansion, and then a deep convolution with a
convolution kernel size of 3x3 is used to extract features,
and finally through the convolution kernel size in the linear
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Figure 3 Illustrative framework of our proposed MobileNetv2-based transfer learning algorithm to automatically predict postoperative

remission for acromegaly patients using hand photographs. s, stride; p, padding; inc, input channel; t, expansion factor.

bottleneck layer. It is a point-by-point convolution of 1x1,
which reduces the channel dimension. When the number
of bottleneck blocks used in the MobileNetv2 algorithm
is more than 1 block, the bottleneck block contains the
inverted residual module, otherwise it does not contain the
inverted residual module.

The overall structure of MobileNetv2 network is
shown in Figure 3. The input to the network is the hand
photographs of acromegaly patients, the standardized image
size is 224x224, and the output is the patient’s long-term
outcomes consisting of biochemical remission and non-
remission.

Loss function

The loss function categorical cross-entropy was used
for binary classification of hand photographs (see the
formula below). The model output layer used the softmax
activation function for two classifications, and calculates the
classification probability of the pixels.

loss = _Zj}il log, p,, + ¥, log, p, +...+ ¥, log, p,, [1]
p

In the formula, n is the number of sample size, m is

the number of categories, 7, refers to the first category
of the first sample in the first category, and P, 1 refers to
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the probability of the first sample in the first category, and
finally, the loss value of the n samples is obtained.

Experiments

The hardware configurations of the workstation used in
this experiment are as follows: 64-bit Window10 operating
system, Intel(R) Core (TM) 19-10900K CPU @ 3.70 GHz
processor, and 1 graphics processing unit, namely, the
NVIDIA GeForce RTX 3080 (NVIDIA Corp., Santa
Clara, CA, USA). The software environment was Python3.6
(Python Software Foundation, Wilmington, DE, USA)
and TensorFlow 2.41 (Google Brain, Mountain View, CA,
USA). Model training was completed on the JupyterLab
platform (https://jupyter.org/). Adam (41) was used as
the model optimizer with 15 iterations, 4 batches, hand
photograph size of 224x224x3, and the ReLU function
was used as the activation function. The different sizes of
hand photographs were adjusted to a standardized size of
224x224 in the preprocessing stage. All hand images were
finally classified as remission or non-remission.

Statistical analyses

According to variable types, baseline characteristics are
presented as mean = standard deviation (SD), medians

Quant Imaging Med Surg 2023;13(6):3747-3759 | https://dx.doi.org/10.21037/qims-22-1101



3752

Table 1 Demographics and clinical characteristics of the patients

(N=368)

Category Distribution
Mean age (years), mean + SD 36.6+9.8
Male/Female 144/224
Disease duration (years), median (IQR) 5.0 (3.0-8.0)
Follow-up after initial surgery (months), median 31 [13-60]
[IQR]
Clinical symptoms and signs, n (%)
Enlarged nose and prognathism 368 (97.8)
Overgrowth of extremities 346 (94.0)
Menstrual disturbance (female) 156 (69.4)
Snoring or sleep apnea 230 (62.5)
Headache 225 (61.1)
Hyperhidrosis 210 (57.1)
Visual field abnormalities 193 (52.4)
Hypertrophy of frontal bones 180 (48.9)
Cardiovascular disease 136 (37.0)
Hypertrichosis 133 (36.1)
Impaired glucose tolerance 116 (31.5)
Jaw malocclusion 93 (25.2)
Osteoporosis 70 (19.0)
Avrthritis 60 (16.3)
Galactorrhea 51 (13.9)
Colonic polyps 50 (13.6)
Colonic cancer 3(0.8)
Chinese Pituitary Adenoma Cooperative 275 (74.7)
Group, n (%)
Resident area, n (%)
Large city 164 (44.6)
Medium city 127 (34.5)
Small city/town 77 (20.9)

SD, standard deviation; IQR, interquartile range.

[interquartile range (IQR)], or frequencies (proportion).
Statistical analyses included the two-sample Student’s #-test
for normally distributed values, the Mann-Whitney U-test
for continuous variables for nonparametric values, and
Fisher’s exact and Pearson’s Chi-Squared test for categorical
variables. All statistical analyses were performed using
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the R software, version 3.6.3 (R Foundation for Statistical
Computing, https://www.R-project.org/).

Ethical statement

This study was conducted in accordance with the Declaration
of Helsinki (as revised in 2013) and was approved by the
Ethics Committee of the First Affiliated Hospital of Sun Yat-
sen University. The requirement for individual consent was
waived due to the retrospective nature of the study.

Results
Baseline characteristics

A total of 368 acromegaly patients were selected from the
CAPA database. The detailed baseline characteristics and the
long-term outcome of recurrence are shown in Zable 1. The
mean patient age was 36.6x9.8 years old. There were more
females than males, but there was no significant difference
in postoperative remission between the sexes. The median
history of disease course and follow-up was 4.5 and 2.6 years,
respectively. The most common clinical symptoms and signs
were enlarged nose and prognathism (97.8%), overgrowth
of extremities (94.0%), menstrual disturbance in females
(69.4%), snoring or sleep apnea (62.5%), headaches (61.1%),
hyperhidrosis (57.1%), and visual field abnormalities
(52.4%). Other comorbidities were also noted in clinics,
including cardiovascular diseases, impaired glucose tolerance,
osteoporosis, arthritis, galactorrhea, and colonic polyps.

In our study dataset (Tuble 2), the mean levels of initial
and postoperative GH were 26.0 and 6.5 pg/L, respectively,
whereas the mean level of sex-/age-normalized initial and
postoperative IGF-1 were 1.4% upper limit of normal
(ULN) and 0.5% ULN, respectively. As for imaging
features, 54 cases (14.7%) and 314 cases (85.3%) were
diagnosed with microadenomas and macroadenomas,
respectively.

Patients with microadenomas yielded higher remission
rates (35.2%) compared to those with macroadenomas
(21.7%) (Table 3), suggesting that tumor size may be
associated with long-term remission. Apoplexy, different
surgical approach, pathology, and place of residence did not
differ significantly between the remission and non-remission
subgroups. Preoperatively, 26 patients (22.9%) were on
medication and showed a slightly favorable outcome
compared to patients who did not receive preoperative
medication (29.9% vs. 19.9%, P=0.051). Most pituitary
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Table 2 Tumor characteristics and treatment (N=368)

Categories Distribution
Initial biochemical levels (mean + SD)
GH (ug/L) 26.0+20.5
IGF-1 (% ULN) 1.4+0.8

Last follow-up biochemical levels (mean + SD)

GH (ug/L) 6.5+16.6
IGF-1 (% ULN) 0.5+0.6
Tumor size, n (%)
Microadenomas (<1 cm) 54 (14.7)
Macroadenomas (=1 cm) 314 (85.3)
Knosp score, n (%)
Score 0 31(8.4)
Score 1 64 (17.4)
Score 2 31 (8.4)
Score 3 184 (50.0)
Score 4 58 (15.8)
Apoplexy, n (%) 35 (9.5)
Preoperative medication, n (%) 82 (22.3)
Pathology, n (%)
GH 301 (81.8)
GH + PRL 49 (13.3)
GH + TSH 3(0.8)
GH + ACTH 2(0.5)
GH + (>2 hormones) 13 (3.5)
Postoperative complications, n (%)
Transient hyponatremia 107 (29.1)
Transient diabetes insipidus 63 (17.1)
Cerebrospinal fluid leak 25 (6.8)
Meningitis 2 (0.5)
ICA injury (intraoperative) 1(0.3)

SD, standard deviation; GH, growth hormone; IGF-1, insulin-
like growth factor 1; ULN, upper limit of normal; PRL, prolactin;
TSH, thyroid stimulating hormone; ACTH, adrenocorticotropic
hormone; ICA, intracranial artery.

patients with tumor invasion to the cavernous sinus (Knosp
3-4) showed lower surgical remission versus patients who
did not have evidence of invasiveness (Knosp 0-2) (16.5%
vs. 37.3%). Interestingly, patients who received treatment in
hospitals within the Chinese Pituitary Adenoma Cooperative
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Table 3 A comparison of the demographics and clinical presentation
between non-remission and remission cases at 3 months

Surgical remission

Yes (n=87) No (n=281)

Categories P value*

Age (years), mean + SD 38.3+9.4 36.1£9.9 0.072

Sex, n (%) 0.607
Male 32(36.8) 112(39.9)
Female 55(63.2) 169 (60.1)
Disease duration (years), 5 [2-7] 5[3-8] 0.662
median [IQR]
Initial GH levels (ug/L), 25.8+20.0 26.1+20.6 0.897
mean + SD
Tumor size, n (%) 0.031

Microadenomas 19 (21.8) 35(12.5)

Macroadenomas 68 (78.2) 246 (87.5)

Knosp score, n (%) <0.001
0-2 47 (54.0) 79 (28.1)
3-4 40 (46.0) 202 (71.9)

Apoplexy, n (%) 31(9.00 19(9.5)  0.471

Preoperative medication, n (%) 26 (29.9) 56 (19.9) 0.051

Surgical approach, n (%) 0.326
Transcranial surgery 5(5.7) 12 (4.3)
Microscopic TSS 28 (32.2) 115 (40.9)
Endoscopic TSS 54 (62.1) 154 (54.8)

Pathology, n (%) 0.582
GH 73(83.9) 228 (81.1)

GH + ACTH 1(1.1) 1(0.4)
GH + PRL 11 (12.6) 38(13.5)
GH + TSH 1(1.1) 2(0.7)
GH + (>2 hormones) 1(1.1) 12 (4.3)

*, FDR correction. SD, standard deviation; IQR, interquartile
range; GH, growth hormone; TSS, endonasal transsphenoidal
surgery; ACTH, adrenocorticotropic hormone; PRL, prolactin;
TSH, thyroid stimulating hormone; FDR, false discovery rate.

Group achieved a higher remission rate that those who
received treatment in other hospitals (26.5% vs. 15.1%).

Classification performance of transfer learning algorithm

The hand photograph dataset was divided randomly into a
training set (584 images) and a validation set (134 images).
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Figure 5 Epoch plots of the transfer learning algorithm-based predicting model performance over each epoch round.

Approximately 20% of the hand photographs were used as the
validation set. Epoch plots were created to depict the training
procedure of the transfer learning algorithm (Figure 4).
The MobileNetv2-based transfer learning algorithm was
shown to predict biochemical remission with statistical
accuracy in the training cohort (n=803) and the validation
cohort (n=200) of 0.96 and 0.76, respectively, and a loss
function value of 0.82. Receiver operating characteristic
(ROC) curve analyses showed that the classification model
derived from the transfer learning algorithm yielded modest
discrimination power for an unfavorable outcome with an
area under the curve (AUC) value of 0.605, a sensitivity
of 85.4%, a specificity/recall of 35.5%, and a precision of
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73.9% (Figure 5).

Discussion

The primary goals of surgical therapy in acromegaly are
total resection of pituitary tumors and normalization
of the hypersecreting pattern of circulating GH and/or
IGF-1 levels. The current study demonstrated that hand
photographs can be used to predict whether patients with
acromegaly will reach biochemical remission after surgery.
The outcome prediction could be conducted on mobile
devices such as a personal computer or mobile phone with
an accuracy of 81%.
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Acromegaly is the main clinical syndrome of GH
pituitary adenomas. More than 95% of acromegaly patients
present with abnormalities in their pituitary glands, with
other causes being ectopic GH adenomas or pituitary
hyperplasia. About 70% of acromegaly patients are formally
diagnosed with aggressive macroadenomas, with coexisting
conditions such as headaches and invisible acral and soft
tissue changes (12). Some patients may initially consult
a dentist, orthopedist, rheumatologist, or cardiologist,
resulting in delayed diagnosis of acromegaly for an average
of about 10 years for men and 8 years for women after the
onset of symptoms (42). Therefore, there is an urgent need
for early diagnosis in this population. Regular follow-up
over a long period after medical treatment is essential for
the overall management of patients with acromegaly (2).
The ultimate goal of surgery is to achieve long-term
biochemical remission. However, most acromegaly patients
do not achieve remission after initial surgery. A recent
large cohort study of 546 surgical patients in China
revealed that the short-term remission rate at 3 months
after their initial surgery was only 40% (12). Many of these
patients required further medical treatment, but due to
the coronavirus disease of 2019 (COVID-19) pandemic or
other unpredicted reasons, their follow-up schedules were
often not fulfilled. Therefore, there is a need to develop
a method that can monitor a patient’s biochemical status
through mobile devices.

Notably, almost all patients with acromegaly have
typical appearance changes, including enlarged nose and
prognathism, overgrowth of extremities, hypertrophy of
frontal bones, and jaw malocclusion (5,12). These features
provide us with rich resources for intuitive diagnosis in
addition to medical images and laboratory test results.
In our previous study, we applied the deep convolution
neural network (DCNN) on hand photographs to establish
a model that could effectively differentiate patients with
acromegaly and normal individuals with an accuracy of
98.3% (19). Other studies have applied facial recognition
techniques to diagnose acromegaly with a sensitivity as high
as 92.8-96% (43-46). The above findings suggest that it
is effective and feasible to apply Al in the classification of
acromegaly.

In this study, the Al-based algorithm successfully
classified patients into a remission group and a non-
remission group with high accuracy, by identifying the
different areas of interest in the hand photographs of
surgical patients with acromegaly. This demonstrated the
powerful ability of the MobileNetv2-based transfer learning
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algorithm to identify subtle differences in hand photographs
of acromegaly patients. In 2011, Miller et /. developed a
computer program that could classify facial photographs of
acromegaly patients from those of normal cases, which was
much more accurate than the classification by 10 generalist
physicians, suggesting it is theoretically possible to diagnose
acromegaly at an early stage by extracting features from
facial photographs (47). In 2018, Kong et 4/. trained several
machine learning models on a large sample size of facial
photographs from 527 acromegaly patients and 596 normal
cases. The models were then tested on a different dataset
consisting of 114 acromegaly patients and 128 controls (44).
The best results of their proposed model showed a
sensitivity of 96%, a specificity of 96%, a positive predictive
value (PPV) of 96%, and a negative predictive value
(NPV) of 95%, which overperformed 9 board-certified
physicians specializing in acromegaly. In 2020, Meng et al.
used 3D facial imaging techniques and a machine learning
approach to identify facial features to diagnose patients
with acromegaly, suggesting that 3D imaging can enable
accurate quantification of facial characteristics in patients
with acromegaly (43).

However, due to privacy concerns, facial recognition
technology may be not practical in the real world. To avoid
this limitation, our team used hand photographs to assist
the clinical diagnosis of acromegaly and showed a sensitivity
of 0.983, a specificity of 0.920, a PPV of 0.966, an NPV of
0.958, and an F1-score of 0.974, thereby demonstrating the
potential application of machine learning techniques to detect
acromegaly using hand photographs (19). We herein used a
new machine learning technique, the MobileNetv2-based
transfer learning algorithm, to extract identical features
from hand photographs to predict biochemical remission
in surgical acromegaly patients with high accuracy. With
the wide-spread use of smart mobile phones, it may be
possible to develop an application that integrates all
possible de-identified data including hand photographs and
other patient self-reported symptoms and signs to predict
biochemical remission after surgery. This information may
be useful to determine whether patients need to consult
an endocrinologist or a neurosurgeon who specializes in
pituitary diseases.

Although there were some interesting findings, our study
had several limitations that should be addressed. First, this
was a retrospective analysis. Due to the incompleteness of
data from earlier years, most cases included in this study
were newer cases. Therefore the median follow-up time was
relatively short. Also, the lack of preoperative photographs
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hindered us from monitoring the changes in the hands after
surgery. With the gradual development of the database,
related studies in the future could involve longer follow-up
time and more complete follow-up information. Second,
assays used for hormone measurements might have changed
over the extended duration of this study and IGF-1 was
not routinely measured in some hospitals, which may have
led to difficulties in the differentiation of biochemical
remission. Third, the missing data of IGF-1 levels may
have led to selection bias which may affect our model
performance. However, the CAPA database allows us to
investigate the predictive value of hand photographs on
biochemical remission for surgical outcomes using state-
of-the-art Al techniques and is the largest available hand
photograph dataset of acromegaly in China.

Conclusions

This investigation demonstrated that analysis of hand
photographs from acromegaly patients can predict
biochemical remission in such patients postoperatively. The
findings herein show that the MobileNetv2-based transfer
learning algorithm is efficient and feasible in the earlier
recognition of biochemical remission in acromegaly patients
after surgery. Future prospective, multicenter, large cohort
acromegaly studies are warranted across various under-
represented populations or regions in China to further
validate the efficacy of this model.
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