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Recently, research on artificial intelligence (AI), the most important element of the Fourth 
Industrial Revolution, has been actively conducted in the medical field. Medical AI is mainly 
applied to predict treatment outcomes or medical image diagnosis.1,2 In the field of spinal 
surgery, in particular, there is a lot of interest in developing a machine learning (ML) model 
that predicts the outcome of patients after spinal surgery.3 Regarding adult spinal deformity 
(ASD), studies were conducted to predict postoperative complications, mortality, and length 
of hospital stay.4,5 In addition, a ML model that automatically measures spinopelvic parame-
ters in spinal radiographs was also introduced.3

Many AI studies that predict postoperative outcomes adopt a retrospective approach.6 
They retrospectively organize data from patients who underwent previous surgeries, using 
it as training data. Subsequently, they compare the performance of existing algorithms or 
modified algorithms in predicting patient outcomes such as surgical results, complications, 
and mortality.

This study7 followed a similar research process. Instead of inputting as many variables as 
possible, as seen in other studies, this study found the independent prognostic factor through 
a statistical approach to reduce the number of variables in the input data.

The study7 went a step further by creating an online calculator program based on the 
predictive model. This program is available to other surgeons for easy and free access. By 
entering eight data points (type of deformity, age at the time of surgery, body mass index at 
the time of surgery, Scoliosis Research Society (SRS)-curve pattern, SRS-PI–LL (pelvic inci-
dence minus lumbar lordosis) modifier, SRS-global balance modifier, pelvic incidence at 
baseline, and proximal junctional angle at the postoperative state) surgeons can promptly 
confirm the probability of proximal junctional kyphosis (PJK) after ASD surgery. The min-
imal input items and the ease of data entry through a click interface were designed to en-
hance user convenience. This feature distinguishes it from other ML studies.

In contrast to the typical approach of AI models yielding results in a yes or no or A, B, C, 
D classification, the online calculator adopts a method of deriving probability values. Instead 
of making a binary decision like ‘PJK will occur’ or ‘will not occur,’ it produces results stat-
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ing, for example, that the patient’s PJK risk is 13.81%. This ap-
proach shares similarities with tools like FRAX, used for calcu-
lating the risk of osteoporotic fractures.8 When provided with 
key risk factors for osteoporotic fractures, FRAX calculates and 
presents the individual’s 10-year fracture probability through the 
interactions among these risk factors.

Recently, there has been a growing trend in AI research fo-
cused on predicting the treatment outcomes for patients like 
this. It is crucial to engage in fundamental discussions regard-
ing these studies. Firstly, is the training data used for the predic-
tive model both qualitatively and quantitatively satisfactory? 
The data used for training AI models should be of high quality 
and quantity, aligning with the intended purpose, and ideally 
reflecting clinical realities because ultimately, AI operates based 
on training data.6 Therefore, the process of constructing train-
ing data is considered one of the most crucial stages in ML re-
search. It would be helpful to provide an example using FRAX, 
the fracture risk assessment tool mentioned earlier. FRAX was 
developed based on large-scale cohort study results in Europe, 
North America, Asia, and Australia.8 It evaluated the absolute 
risk of fractures by analyzing data from a total of 60,000 partici-
pants, including 5,400 fracture cases, and 1,000 hip fractures, 
from 12 prospective cohort studies.8 Although FRAX has some 
limitations, it is presently employed as a crucial tool for predict-
ing fractures in clinical practice for osteoporosis treatment. In 
this context, there are limitations in both quantitative and qual-
itative aspects of the data in the study. Out of 201 ASD patients 
undergoing surgery over 10 years across 16 centers, only 49 of 
them experiencing PJK. The training data for ML appears lim-
ited considering recent trends in AI research. Additionally, sur-
gical outcomes may be influenced by the medical center or sur-
geon, with the possibility that more than 16 surgeons could im-
pact the occurrence of PJK. However, if the research group con-
sistently and accurately maintains a database for ASD surgery 
patients and continuously updates the calculator, it could become 
an excellent program.

Secondly, in the realm of recent advancements in medical AI, 
a pivotal focus lies on the validation of AI systems.6 Typically, 
the validation of AI performance is divided into internal and 
external validation. Internal validation involves a simple assess-
ment of the performance of AI algorithms during their devel-
opment, often leading to a tendency to overestimate performance. 
In this study, a commonly employed method of internal valida-
tion, namely cross-validation, was used. However, recent AI re-
search emphasizes the importance of external validation. Exter-
nal validation refers to evaluating the performance of AI using 

data collected independently of the initial dataset. Unfortunate-
ly, in this study, external validation was not employed. The use 
of the term “validation” in the paper’s title could potentially mis-
lead readers into thinking that the AI program underwent ex-
ternal validation. It is speculated that external validation was 
challenging due to the already collected patient data from mul-
tiple institutions and the relatively low frequency of ASD sur-
geries. Furthermore, the occurrence of PJK was evaluated at the 
final follow-up of each patient. The final follow-up time varied 
among patients. The assessment timing for determining PJK 
occurrence is vague, and the criteria for external validation also 
seem ambiguous. Generally, PJK is known to occur relatively 
shortly after surgery, often within the first few months postop-
eratively.9 Therefore, it seems necessary to establish an expected 
occurrence time, similar to examining the 10-year probability 
of fracture in FRAX. Considering these uncertainties, careful 
consideration is needed for future external validation of this AI 
system.

The third issue is whether the AI program is genuinely bene-
ficial in practically assisting patient treatment. While an AI pro-
gram may demonstrate outstanding performance, it may essen-
tially be of little uses if it does not contribute significantly to pa-
tient diagnosis or treatment. To assess the practical utility of AI, 
randomized clinical trials comparing a group using the AI pro-
gram with a control group are necessary. However, examples of 
AI validated for such clinical utility are rare to date.6 In this study, 
the authors concluded that predicting PJK probability through 
the online calculator would assist in formulating subsequent 
treatment strategies. So, if PJK probability is confirmed using 
this program, how can it be beneficial for the patient’s progno-
sis? For instance, if the PJK probabilities immediately after sur-
gery are 75%, 50%, and 25%, how should treatment strategies 
be approached for each individual patient? The results of AI pre-
dicting a patient’s prognosis should not be dismissed as a mere 
‘So what?’. Medical AI predicting surgical outcomes requires 
additional research to demonstrate future clinical utility.

In summary, the study developed a predictive model for PJK 
but distinguished itself by creating an online calculator for PJK 
probability for surgeons. Despite data limitations, it shows prom-
ise for medical AI research. Future improvements are expected 
for enhanced findings and a better AI program benefiting pa-
tients and surgeons. In future spine surgery AI research, we hope 
for an advanced program considering both qualitative and quan-
titative data, alongside external validation and clinical utility.
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