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Abstract
Objective: Machine learning (ML) algorithms are promising tools for managing anemia in hemodialysis (HD) patients. However, their efficacy in 
predicting erythropoiesis-stimulating agents (ESAs) doses remains uncertain. This study aimed to evaluate the effectiveness of a contemporary 
artificial intelligence (AI) model in prescribing ESA doses compared to physicians for HD patients.
Materials and Methods: This double-blinded control trial randomized participants into traditional doctor (Dr) and AI groups. In the Dr group, 
doses of ESA were determined by following clinical guideline recommendations, while in the AI group, they were predicted by the developed 
models named Random effects (REEM) trees, Mixed-effect random forest (MERF), Long short-term memory (LSTM) networks-I, and LSTM-II. 
The primary outcome was the capability to maintain patients’ hemoglobin (Hb) value near 11 g/dL with a margin of 0.25 g/dL after treating the 
suggested ESA, with the secondary outcome being Hb value between 10 and 12 g/dL.
Results: A total of 124 participants were enrolled, with 104 completing the study. The mean Hb values were 10.8 and 10.9 g/dL in the AI and Dr 
groups, respectively, with 69.7% and 73.5% of participants in the respective groups maintaining Hb levels between 10 and 12 g/dL. Only the 
REEM trees model passed the non-inferiority test for the primary outcome with a margin of 0.25 g/dL and the secondary outcome with a margin 
of 15%. There was no difference in severe adverse events between the 2 groups.
Conclusion: The REEM trees AI model demonstrated non-inferiority to physicians in prescribing ESA doses for HD patients, maintaining Hb lev
els within the therapeutic target.
ClinicalTrials.gov Identifier: NCT04185519.

Lay Summary
This study evaluated the effectiveness of Machine learning (ML) models in predicting erythropoiesis-stimulating agent (ESA) doses for anemia 
management in hemodialysis (HD) patients, compared to doctors’ prescriptions. In this double-blinded randomized control trial, HD patients 
were assigned to either a traditional doctor-led (Dr) group using clinical guidelines or an artificial intelligence (AI) group utilizing ML models, 
including REEM trees, MERF, LSTM-I, and LSTM-II. The main goal was to keep patients’ hemoglobin (Hb) levels close to 11 g/dL, with a secon
dary goal of keeping levels within the range of 10-12 g/dL. On average, Hb levels were 10.8 g/dL in the AI group and 10.9 g/dL in the doctor-led 
group. Around 70% of the AI group and 74% of the doctor group stayed within the 10-12 g/dL range. REEM trees model was the only AI model 
that achieved both main and secondary goals as well as doctors. There were no major differences in serious side effects between the 2 groups. 
In these results, the REEM trees model successfully matches doctors’ prescriptions for ESA doses, ensuring Hb levels remain within the 
desired range, and proving its ability to manage anemia in HD patients.
Key words: artificial intelligence (AI); ESA prescription; hemodialysis; anemia; model selection. 

Background and significance
Erythropoiesis-stimulating agents (ESAs) and intravenous 
iron supplements are fundamental in managing anemia in 

end-stage kidney disease (ESKD) patients undergoing hemo
dialysis (HD).1–3 Over the past decades, several randomized 
trials and meta-analyses have refined the target hemoglobin 
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(Hb) levels (10-12 g/dL) as normalization of Hb in ESKD 
patients has been associated with an increased risk of throm
boembolic events.1,4–8 Patients with significant Hb level var
iations are more prone to complications.9 Thus, maintaining 
Hb within the target range is a key goal in ESKD patient care.

For optimized anemia management, the National Kidney 
Foundation Kidney Disease Outcomes Quality Initiative 
(NKF-K/DOQI) developed and published guidelines, employ
ing protocols or algorithms for ESA prescription.10 The 
NKF-K/DOQI guidelines recommended implementing ESA 
therapy for Chronic Kidney Disease (CKD) patients with Hb 
levels lower than 11 g/dL to reduce symptoms and improve 
quality of life.10 A target Hb of 11-12 g/dL was recom
mended while a concentration above 12 g/dL was not advised 
due to potential cardiovascular risks.10 Monitoring Epoetin 
responses requires monitoring Hgb/Hct every 1-2 weeks, 
until stabilizing Epoetin doses and Hgb/Hct levels are 
achieved.10 Most HD facilities use non-validated algorithmic 
anemia management protocols based on these guidelines.11

Machine learning (ML) and artificial intelligence (AI) algo
rithms have been increasingly employed in nephrology, 
including anemia management in HD patients.12–15 Subse
quently, various individualized algorithms and prediction 
models have been developed and tested by data to recom
mend suitable ESA doses in HD patients.12,13,16–19 Among 
these, the artificial neural network (ANN) model has recently 
gained popularity for ESA dose-response prediction.17,20,21 A 
previous study by Barbieri et al. and colleagues demonstrated 
that the ANN model with 2 layers of 10 neurons each was a 
reliable tool for predicting long-term outcomes in HD 
patients receiving ESA/Iron therapy.20 Model inputs included 
the last 90 days of patient’s medical history and the subse
quent 90 days of darbepoetin/iron prescriptions.20 A compar
ison between predicted and observed Hb concentrations 
during training and testing was conducted to evaluate the 
accuracy of model prediction.20

Anemia control assisted by ML/AI technologies shows 
promise, but the evidence base is limited, with only a few 
randomized clinical trials testing their effectiveness.11,12,22

Many reported ML/AI models for individualized ESA dose 
recommendations do not consider the correlated nature of 
patient data. Specifically, a patient’s records of ESA dose- 
response information form a sequence of events/outcomes 
during anemia treatment, which should be treated as longitu
dinal data that violates the assumptions of these ML/AI mod
els.23–25 Over the past decades, there has been significant 
progress in anemia control-assisted modeling, with collabora
tion between ML and medical research.19,20,26–28 Therefore, 
the main goal of this study is to evaluate the effectiveness of 4 
contemporary models in predicting ESA dose-response in HD 
patients, compared with physicians’ prescriptions through a 
randomized control trial (RCT).

Materials and methods
Study participants and randomization
This double-blind, parallel RCT was conducted at a tertiary 
hospital dialysis clinic in Taiwan from July 2019 to July 2020 
(ClinicalTrials.gov Identifier: NCT04185519). Approved by 
the Institutional Review Board of Kaohsiung Medical Univer
sity Hospital (KMUHIRB-F(I)-20190094), the study adhered 
to the Declaration of Helsinki and CONSORT reporting 
guidelines. The trial enrolled ESKD patients over 20 years old 

undergoing regular HD (4 hours per session, 3 times per 
week). Inclusion criteria required a minimum of 6 months of 
laboratory data with at least 1 Hb level within 10-12 g/dL 
and receipt of at least 1 ESA prescription to maintain Hb lev
els in this range in the past 6 months, with consistent use of 
the same ESA brand for at least 6 months prior to enrollment. 
Exclusion criteria included recent blood transfusion, active 
bleeding, active infection or malignancy, or inability to 
adhere to the study protocol. Participants could withdraw if 
they received different ESA treatments, had major bleeding 
surgery, or underwent transfusion, chemotherapy, radiother
apy, or immunosuppressive therapy.

Predictive models used in this study
Four AI models were developed for this study, including the 
bagged Regression trees with random effects (REEM) trees 
model,29–31 Mixed-effect random forest (MERF),32 Long 
short-term memory (LSTM) networks LSTM-I, and LSTM- 
II.33,34 To better capture the relationship between ESA dos
age and changes in Hb levels in different patients, we chose 
models that incorporate random effects because our dataset 
includes multiple records for individual patients. The random 
effects in the study quantify the difference between each sub
ject’s Hb value and the average among study subjects and the 
deviation of the average change in Hb value from the overall 
average change. Both the bagged REEM tree model and the 
MERF estimate random effects using the expectation- 
maximization algorithm. The expectation-maximization 
algorithm assumes some information in data has not been 
obtained but could be assumed the existence to obtain the 
model parameters from collected data. In the study, some 
information, such as the patient’s nutrition, inflammatory 
status, and potential blood loss, were not usually collected in 
clinical practice, which may affect the Hb responses after 
treating ESAs.

The LSTM models comprised 2 main branches: a fixed- 
effect branch for general patterns and a random-effect branch 
for patient-specific dose-response patterns. The fixed-effect 
branch, composed of 2 dense layers, processed general infor
mation such as demographics and comorbidities. The 
random-effect branch, on the other hand, first extracted 
sequential patterns from lab tests and medications using an 
LSTM layer and a dense layer. The resulting sequence repre
sentation was then combined with an embedding vector of 
patient identity from a fully connected layer to create a com
prehensive patient-specific representation. The final outputs 
from both branches were concatenated and fed into a final 
dense layer to predict changes in normalized Hb.

We collected laboratory data from individuals on regular 
HD who had previously used ESAs to maintain Hb levels 
between 10 and12 g/dL from January 1, 2015, to June 30, 
2019. Using this data, along with ESA and iron supplement 
doses, Hb levels, demographic, and biochemical data from 
305 HD patients (22 649 records with 67 features), we 
trained our models. (Tables S1 and S2) After applying exclu
sion criteria, 17 553 records from 263 patients (dated 2015/ 
01/01 to 2019/06/30) were used, with holding out the final 6 
months as a validation set (N¼ 2431) and earlier data 
(N¼ 15 112) used for training to avoid temporal leakage 
issues.35 The Hb levels of the most records in the training set 
(N¼ 16 678, 71.8%) and the validation set (N¼1903, 
71.4%) are between 10 and 12. There are 239 and 212 
patients in the training and validation set, respectively, with 
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an intersection of 188 patients. Employing ensemble ML 
techniques such as bootstrap aggregating, we predicted Hb 
levels based on administered ESA doses, achieving robust pre
dictive accuracy with a mean absolute error (MAE) under 
0.5 g/dL, validating their effectiveness in clinical settings.26,36

To accommodate the sequential nature of medical data, we 
employed distinct preprocessing strategies for REEM trees/ 
MERF and LSTM models. For REEM trees and MERF, 
which are inherently less suited for handling sequential data, 
we augmented the feature set by incorporating information 
from the 3 preceding patient visits. This contextual enrich
ment aimed to mitigate the limitations of these models in cap
turing temporal dependencies.

In contrast, for LSTM models, we applied standard prepro
cessing techniques: normalization of continuous features to a 
0-1 range and one-hot encoding of categorical features to 
ensure optimal performance. Patient data was then organized 
into sequences, with a maximum length of 12 records, based 
on patient ID.

To address missing values, we utilized a combined 
approach: “Last observation carried forward (LOCF)” for 
general missingness and “Next observation carried backward 
(NOCB)” for missing values in the initial records of each 
patient, which often arise due to varying examination 
intervals.

The 4 models are developed using REEM tree (version 
0.90.4), ranger (version 0.14.1), tensorflow (version 2.11.0), 
and keras (version 2.11.0) in an environment with an Intel(R) 
Xeon(R) CPU E5-2650 and an NVIDIA GeForce GTX1080 
Ti GPU.

Study protocol
Our study protocol is shown in Figure 1A. After a 3-month 
screening period, all eligible subjects who signed informed 
consent were randomized into the control arm (Dr group) 
and the intervention group (AI group). To ensure an equal 
balance in sample size, we divided the patient pool into 22 
blocks, with 6 subjects in each block (3 assigned for the AI 
group and 3 to the Dr group by randomization). Using SAS, 
we applied the random seed (6457149) to generate sequential 
group name assignments. The study period was 6 months, 
with 2 tests conducted each month.

The study utilized 4 AI models to evaluate ESA dose- 
response in HD patients. The models employed, based on 
increasing complexity, were bagged REEM trees (tests 1-3), 
MERF (tests 4-6), LSTM-I (tests 7-9), and LSTM-II (tests 10- 
12). Two ESA brands with equivalent potency, Recormon® 

(5000 IU Epoetin beta) and Nesp® (20 mcg darbepoetin alfa) 
were administered, represented by syringes with a maximum 
of 2 per week, adhering to local regulations.37 Intravenous 
iron supplements were given to maintain ferritin levels 
between 200 and 500 ng/mL and transferrin saturation 
(TSAT) between 20% and 30%, monitored quarterly.

The primary outcome was to assess whether AI is not infe
rior to physicians in prescribing ESA doses to maintain Hb 
near 11 g/dL, with a margin of 0.25 g/dL. The secondary out
come aimed to determine the non-inferiority of AI in main
taining Hb within the target range of 10-12 g/dL, with a 
margin of 15%. In addition to Hb levels and ESA doses, all 
HD-related bio-information data from 6 consecutive months 
before enrollment were uploaded.

The study protocol was double-blind, ensuring patient 
safety (Figure 1B). ESA prescriptions from physicians and AI 

models were reviewed by a second blinded physician. If a pre
scription risked Hb deviation from 9 to 13 g/dL, it was 
deemed a failure and replaced. The study would terminate if 
failures exceeded 5% at any assessment point.

Statistical analysis
The study conducted 4 sequential 2-armed ESA prescription 
experiments, with 3 tests for each model on the same sub
jects. We assumed no carryover effect of ESA dosage between 
tests. Initially, 62-119 participants were arranged to be 
included, based on 90% power, 2.5% type 1 error, a mean 
Hb level difference of 0.8 g/dL, a standard deviation of 0.3, a 
non-inferiority margin of 25%-33%, and a 90% response 
rate.

Subject characteristics and outcomes were described as 
mean ± SD or median (interquartile range) for continuous 
variables, and percentages for categorical variables. Group 
distributions and adverse events were analyzed using t-tests, 
Mann-Whitney tests, Chi-Square, and Fisher’s Exact tests as 
appropriate. Missing data due to withdrawal were handled 
with LOCF, and outcomes from 3 visits were averaged per AI 
model and comparator.

The primary outcome was tested with a one-tailed inde
pendent samples t-test, assuming a 0.25 g/dL margin. The 
secondary outcome was tested using the Farrington-Manning 
test, one-tailed, with a 15% margin. Failed prescriptions 
were excluded from as-treated analyses but included in 
intention-to-treat analyses. Holm adjustment was applied to 
handle raising alfa errors by multiple statistical comparisons. 
AI was considered non-inferior to physicians in prescribing 
ESA doses to maintain Hb near 11 g/dL if the adjusted 
P-value was <0.05. Data management and statistical opera
tions were performed using SAS (version 9.4) and RStudio 
(version 1.2.5042).

Results
A total of 124 participants who signed informed consent 
were included for randomization, as shown in the participant 
flow diagram (Figure 2). Of these, 62 were randomized to the 
AI group and the remaining to the Dr group. During the 
study, 20 participants (15.5%) withdrew, with 50 and 54 
patients completing the study in the AI and Dr groups, 
respectively. The primary reasons for dropouts in both 
groups were blood transfusion events (N¼5 in each group). 
In the Dr group, other withdrawal causes included referral to 
another HD clinic and joining a different clinical trial. In the 
AI group, 3 participants failed to follow the study protocol, 
and 2 received ESA of various brands. Figure S2 shows the 
number of participants and failed ESA prescriptions for each 
study test. There was neither a point nor an accumulated rate 
of failed ESA prescriptions higher than 5%.

The summaries of baseline characteristics of participants in 
the 2 groups demonstrate similarity in clinical and laboratory 
parameters post-randomization (Table 1). Both groups, aver
aging around 65 years old, comprised slightly more males 
and mirrored the disease distribution of the general HD pop
ulation, with nearly 45% having diabetes mellitus and high 
rates of cardiovascular and cerebrovascular disorders. Most 
participants had undergone HD for years, with over 80% uti
lizing arteriovenous fistula as vascular access. The mean Hb 
level hovered around 11 g/dL, with over 60% receiving iron 
supplements. The average ESA dose before the study was 
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comparable between the AI and Dr groups at 1.08 and 1.11 
syringes per participant per week, respectively.

The mean Hb levels in both groups during the study are 
shown in Figure S3. Throughout the 12 tests of the study, the 

mean Hb levels of the AI and Dr groups were maintained in 
the range of 10.4-11.1 and 10.6-11.1 g/dL, respectively. In 
the first 3 tests, the AI group (REEM trees) had mean Hb lev
els that were not lower than those in the Dr group. However, 

Figure 1. (A) Study protocol: visit and assessment schedule. This study conducted 12 tests over 6 months to validate 4 candidate models: the bagged 
REEM tree model for the first 3 tests, the MERF model for the 4th to 6th tests, the LSTM-I model for the 7th to 9th tests, and the LSTM-II model for the 
10th to 12th tests. (B) Study protocol: processes of giving EPO order on each test. Failure was defined as the second physician considering the ESA dose 
to have the potential to cause the subject’s Hb levels to fall outside the range of 9-13 g/dL. The study would be terminated if the rate of failed 
prescriptions exceeded 5% at any test point or cumulatively.

Figure 2. Study flow diagram.
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the results were reversed in the subsequent tests, except for 
the last test of the LSTM-II model. Upon further comparison 
between the AI and Dr groups in each test, there was no sig
nificant difference between the 2 groups except for the 8th, 
9th, and 10th tests (Figure S3).

Figure 3A and B display the primary and secondary out
comes of the study by the as-treated method. The AI and Dr 
groups had an absolute difference of Hb between 11 g/dL in 
the range of 0.7-1.0 and 0.7-0.9 g/dL, respectively, and 2 
tests (second and third) in the AI group had a smaller mean 
difference than the Dr group. Regarding the primary out
come, only the first model passed the non-inferior test with 
an upper bound of <0.25 g/dL. The AI and Dr groups main
tained their Hb between 10 and 12 g/dL in 62.5%-78.0% 
and 68.3%-81.5%, respectively, and 4 tests (2nd, 4th, 11th, 
and 12th tests) in the AI group had a greater percentage than 
the Dr group (Figure S4). When further conducting the group 
comparison in each test, there was no significant difference 

between AI and Dr groups over all 12 tests (Figure S4). 
Regarding the secondary outcome, again, only the first model 
passed the non-inferior test with an upper bound of <15%. 
The primary and secondary outcomes were the same if ana
lyzed using the intention-to-treat method.

The AI and Dr groups show some noted characteristics in 
ESA prescription dose (Table 2). The average total ESA doses 
for AI and Dr groups were 1.24 and 1.31 syringes per partici
pant per week, respectively. As expected, the AI and Dr 
groups had the average doses cycled up and down, while AI 
had a shorter cycle length than the Dr group. The AI group 
also had a similar average dose range (1.04-1.50 syringe/par
ticipant/week) as the Dr group (1.06-1.47 syringe/partici
pant/week). However, considering the average ESA dose 
distribution, the AI group tended to have their doses located 
at both extremities while the Dr group was in the middle. 
The AI group, especially for the LSTM models, easily had 
their prescriptions of extreme doses, either zero or ceiling 

Table 1. Baseline characteristics of study participants.

AI group (n¼ 62) Dr group (n¼ 62) P value

Age, years 66.9 (14.8) 65.8 (14.2) .69
Gender, female, (%) 27 (43.5) 27 (43.5) 1
Vintage of dialysis, months 68.5 (115.3) 62.0 (123) .52
Causes of dialysis, n (%) .42

Diabetes mellitus 28 (45.1) 25 (40.3)
Hypertension 10 (16.1) 15 (24.2)
Chronic GN 12 (19.4) 15 (24.2)
Others 12 (19.4) 7 (11.3)

Vascular access, n (%) .60
Fistula 52 (83.9) 55 (88.7)
Graft 10 (16.1) 7 (11.3)

Blood pressure, mmHg
Systolic 144 ± 28 149 ± 29.5 .36
Diastolic 80 ± 16 83 ± 13 .22

Comorbidity, n (%)
Cerebrovascular disorder 11 (17.7%) 11 (17.7%) 1
Cardiovascular disordera 42 (67.7%) 40 (64.5%) .85
2o Hyperparathyroidism 9 (14.5%) 10 (16.1%) 1
HBV or HCV infection status .34

Both negative 56 (90.3) 60 (96.8)
HBV positive only 1 (1.6) 0 (0)
HCV positive only 2 (3.2) 0 (0)
Both positive 3 (4.8) 2 (3.2)

Biochemical study on enrollment
Hemoglobin, g/dL 10.8 ± 1.1 11.1 ± 0.8 .10
Hematocrit, % 33.6 (3.4) 34.3 (3.6) .30
MCV, pg/mL 89.4 (7.0) 89.7 (8.8) .28
Ferritin, ng/mL 229.6 (316.5) 264.4 (239.4) .90
Transferrin saturation, % 29.6 (13.1) 31.6 (8.5) .53
Albumin, g/dL 3.9 ± 0.3 4.0 ± 0.4 .14
Calcium, mg/dL 4.5 ± 0.4 4.6 ± 0.4 .18
Phosphorus, mg/dL 4.8 ± 1.2 5.0 ± 1.3 .40
C-reactive protein, mg/dL 2.7 (5.4) 2.1 (3.8) .78
iPTH, pg/mL 309.7 (339.6) 332.3 (267.1) .78
URR, % 74 (5) 75 (7) .93

Iron supplementb .35
IV supplement, n (%) 43 (69.4) 38 (61.3)
Oral supplement, n (%) 0 (0) 1 (1.6)
None 19 (30.6) 23 (37.1)

ESA prescription
Nesp, n (%) 31 (50.0) 37 (59.7) .37
Mean dose, syringe per weekc 1.11 1.08 .80

a The presence of a history or image study suggesting the diagnosis of cerebrovascular disorders.
b Available within 3 months before the study enrollment.
c The mean ESA doses of the last 2-week prescriptions before the study enrollment.

Abbreviations: AI ¼ artificial intelligence; GN ¼ glomerular nephritis; HBV ¼ hepatitis B virus; HCV ¼ hepatitis C virus; MCV ¼mean corpuscular volume; 
iPTH ¼ intact parathyroid hormone; URR ¼ urea reduction rate; IV ¼ intravenous; ESA ¼ erythropoietin stimulating agent.
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syringes (4 syringes in 2 weeks and 6 syringes in 3 weeks). 
Four tests in average ESA dose (4th, 9th, 10th, and 11th) and 
seven (1st, 2nd, 4th, 9th, 10th, 11th, and 12th) in ESA pre
scription dose distribution had statistical differences between 
the AI and Dr group.

During the study period, 16 prescription failures (1.26%, 
16/1348) were recorded, as shown in Figure S2, with 11 in 
the AI group and 5 in the Dr group, without a statistical dif
ference between the groups (P¼ .11). Among the failed pre
scriptions, there were a total of 5 overdosages and 6 
underdosages in the AI group, compared to 2 overdosages 
and 3 underdosages in the Dr group. Twenty-eight severe 
adverse events occurred during the clinical study without 
statistical difference between AI and Dr groups. Hospitaliza
tion was the most reported major adverse event, with 7 in the 
AI and 9 events in the Dr group (P¼ .8). Both AI and Dr 
groups had 5 blood transfusions and 1 death event (P¼1, by 
Fisher’s Exact test).

Discussion
We present the result of a double-blind, RCT in HD patients 
to test the performance of 4 AI models (bagged REEM trees, 
MERF, LSTM-I, and LSTM-II) in predicting ESA-dose 
response as compared to physicians’ prescriptions. We dis
covered that the model, bagged REEM trees, is not inferior to 

the physician’s decision in prescribing an ESA dose to keep 
Hb levels near 11 g/dL and maintain between 10 and 12 g/dL. 
The serious adverse effects (SAEs) between the 2 groups are 
similar, while the average ESA doses prescribed differ in some 
tests during the study. Compared with the Dr group, ML/AI 
models suggest more extreme ESA doses of either zero or max
imal syringes.

In the 4 AI models, it is surprising that only the less com
plex one, bagged REEM trees, has passed the non-inferior 
test in both primary and secondary outcomes. All 4 models in 
this study passed the validation using MAE <0.5 g/dL as the 
training and model selection target. We assumed such predic
tion error was adequate to keep the Hb within the therapeu
tic range of 10-12 g/dL when aiming at 11 g/dL. It should be 
noted, however, that 3 of 4 models failed to pass the non- 
inferiority test, raising questions about the viability of using 
the common prediction error measurement for model selec
tion, such as MAE or RMSE (root-mean-square error), in this 
study.38 A possible explanation is that model improvement 
might weigh the Hb response by ESA dose equally, whether 
the Hb level is within 10-12 g/dL. In other words, the learned 
model might recognize no difference for increasing Hb from 
9 to 10 g/dL with Hb from 10 to 11 g/dL when selecting a 
better model by minimizing the MAE/RMSE during ML/AI 
model development. We discovered it might be fragile to rely 
solely on standard ML/AI error measurement to select and 

Figure 3. (A) Primary outcome: AI versus Dr on the mean absolute difference between Hb and 11 g/dL by various models. The margin is set at 0.25 g/dL, 
assuming that the mean absolute difference between Hb and 11 g/dL is 0.75-0.8 g/dL in the dataset, allowing 0.20-0.25 g/dL as the tolerable space to 
keep Hb between 10 and 12 g/dL. Thus, the margin effect in this study is defined as 0.2/0.8-0.25/0.75, which is 25%-33%; we used the latter in the 
figure. (B) Secondary outcome: AI versus Dr on the portion of Hb between 10 and 12 g/dL by various models. The vertical dash line indicates the margin 
effect of the non-inferior test in this study. The margin is set at 15%, allowing the Hb portion between 10 and 12 g/dL to be higher than 60% since the 
mean value is around 75% in the training dataset.
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improve the models. From the perspective of clinical out
comes, there is a need for a new index or measurement 
regarding therapeutic goals when testing ML/AI models on 
decision-making assistance, a crucial consideration for apply
ing ML/AI to clinical research. We propose that this new 
index will primarily focus on the recommended ESA dosage, 
reflecting its direct impact on patient outcomes by maintain
ing Hb levels within the therapeutic range, rather than merely 
mimicking the prescription pattern.

Unlike the primary and secondary outcomes, the different 
total and mean ESA doses used between the AI and Dr groups 
imply that the AI models are not similar to the nephrologists 
when predicting the Hb response. The very high portion of 
extreme ESA dose in the AI group, either zero or ceiling, is 
quite the opposite of physicians’ prescription patterns. 
Though trained with the dataset curated by nephrologists, 
based on clinical expertise and patient data, these models 
seem not to follow the guideline recommendations to titrate 
the ESA dose gradually as physicians did in the Dr group. A 
key reason why the model tends to recommend extreme ESA 
doses (either zero or ceiling) is its design, which predicts Hb 
changes based solely on ESA dosages, aiming to maintain Hb 
levels near 11 g/dL. However, this structure does not inher
ently regulate dose adjustments, making it more likely to rein
force extreme dosing patterns, particularly in a dataset where 
such doses are prevalent due to local prescription regulations. 
Furthermore, our evaluation metric, MAE, does not fully 
capture the clinical priority of maintaining Hb within the 
therapeutic range (10-12 g/dL) and may insufficiently penal
ize over- or under-dosing. Even with custom loss functions, 
determining appropriate error weightings and penalties 

remains challenging. The high prevalence of extreme dosages 
in our training data may have also influenced the model’s 
ability to demonstrate non-inferiority, as such variability is 
not adequately accounted for by MAE alone. This issue may 
become more evident in clinical trials, where the true impact 
of dosage recommendations on patient outcomes will be 
directly assessed. In future work, we plan to implement a cus
tom loss function that weights the dosage effect based on Hb 
response, ensuring the model better aligns with clinical goals 
while minimizing the risks associated with extreme dosing.

Our findings also highlight another important issue: the 
interpretability of models. Take the LSTM models as an 
example, as they have the most skewed ESA dose distribution 
among our models. ANNs are commonly used for ESA dose- 
response prediction because of their better simulation quality. 
However, ANNs and their successor, Deep Learning or Deep 
Neural Networks, have long been criticized for being “black- 
box,” which means the algorithmic decision-making process 
(ie, prediction) cannot be easily comprehended without fur
ther interpretations.39–41 In many situations, an ANN model 
that underperforms in some cases is selected simply for its 
low prediction error (eg, MAE). Furthermore, without 
explaining the model, one cannot know how the model 
arrived at such a prediction result, not to mention the feed
back to improve the skewed distribution of ESA 
prescriptions.

In addition to being an RCT, the strength of our study lies 
in its emphasis on safety and the testing of multiple ML/AI 
models. Model safety is always a concern when applying AI 
to clinical research, especially with those uninterpretable 
models.42,43 Unlike the pharmacologic clinical trial to have 

Table 2. ESA prescription dose between AI and Dr groups by test.

Test 1sta 2nda 3rd 4tha,b 5th 6th 7th 8th 9tha,b 10tha,b 11tha,b 12tha

Prescription duration, weeks 2 3 2 2 2 2 2 3 2 2 2 2
AI group

Participants, number 57 55 52 52 52 52 52 50 50 50 50 50
ESA dose, syringe

Total 161 191 127 119 148 157 112 170 149 156 156 117
Averagec 1.30 1.04 1.11 1.06 1.35 1.43 1.04 1.07 1.41 1.50 1.44 1.12

Number of prescriptions by syringe, n (%)
0 14 (23) 13 (22) 14 (25) 20 (37) 14 (26) 10 (19) 22 (42) 16 (31) 13 (25) 9 (18) 10 (20) 21 (42)
1 1 (2) 7 (12) 6 (11) 3 (6) 0 (0) 4 (8) 2 (4) 4 (8) 0 (0) 1 (2) 2 (4) 0 (0)
2 6 (10) 3 (5) 8 (15) 5 (9) 4 (8) 1 (2) 1 (2) 1 (2) 2 (4) 3 (6) 23 (4) 0 (0)
3 10 (17) 7 (12) 5 (9) 0 (0) 2 (4) 3 (6) 2 (4) 4 (8) 1 (2) 1 (2) 2 (4) 2 (4)
4 29 (48) 2 (3) 22 (40) 26 (48) 33 (62) 35 (66) 25 (48) 0 (0) 35 (69) 36 (72) 34 (68) 27 (54)
5 — 16 (27) — — — — — 7 (14) — — — —
6 — 11 (19) — — — — — 19 (37) — — — —

Dr group
Participants in the study, n 61 61 60 59 57 57 57 57 57 54 54 54
ESA dose, syringe

Total 153 233 168 170 160 164 148 224 138 137 135 115
Averagec 1.25 1.29 1.40 1.47 1.40 1.44 1.30 1.31 1.21 1.27 1.25 1.06

Number of prescriptions by syringe, n (%)
0 6 (10) 6 (10) 8 (13) 7 (12) 9 (16) 6 (11) 13 (23) 9 (16) 11 (19) 7 (13) 8 (15) 13 (24)
1 10 (16) 5 (8) 3 (5) 4 (7) 2 (3) 7 (12) 3 (5) 4 (7) 5 (9) 5 (9) 4 (7) 7 (13)
2 14 (23) 6 (10) 10 (17) 7 (12) 9 (16) 7 (12) 7 (12) 2 (4) 12 (21) 16 (30) 13 (24) 9 (17)
3 8 (13) 9 (15) 11 (18) 8 (14) 8 (14) 5 (9) 5 (9) 6 (11) 7 (12) 4 (7) 11 (20) 10 (19)
4 23 (38) 5 (8) 28 (47) 32 (55) 29 (51) 32 (56) 29 (51) 8 (14) 22 (39) 22 (41) 18 (33) 15 (28)
5 — 5 (8) — — — — — 2 (4) — — — —
6 — 24 (40) — — — — — 26 (46) — — — —

a P< .05 when comparing the ESA dose distribution between AI and Dr group by Chi-Square and Fisher’s Exact test.
b P< .05 when comparing the mean ESA dose between AI and Dr group by Mann-Whitney test.
c Mean ESA dose expressed by syringe given per participant per week.

Abbreviations: AI ¼ artificial intelligence; Dr ¼ doctor; ESA ¼ erythropoietin stimulating agent.
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phases I to III to maintain study safety,44 most AI studies do 
not have such regulations to follow, even after the publica
tion of SPIRIT-AI and CONSORT-AI extension.45,46 Intro
ducing a second physician as a “safety guard” in our study 
design and blinding to the randomization lowered the poten
tial risk caused by the prescriptions given by either AI or Dr 
group. Our study found that the AI group tended to taper the 
ESA dose too much while the Dr group kept the dose rela
tively high. Additionally, testing 4 models in the same trial 
enables the study group to collect and compare their perform
ances efficiently, especially using non-inferiority to test the 
hypothesis.47

Unavoidably, there are several limitations to our study. 
First, the study period is too short to evaluate AI’s impact on 
long-term anemia management in HD patients and possible 
lag effects of ESA on Hb. However, as a pilot study, we had 
to balance the model number and test time to select a feasible 
one for further study. Second, the ESA prescription principles 
of the Dr group might differ. Although 8 nephrologists were 
in charge of ESA prescription, the similar portion of Hb 
between 10 and 12 g/dL in either the Pretest or test period 
showed the prescription consistency in the Dr group. (Figure 
S4). Furthermore, we did not incorporate intravenous iron 
supplementation since the actual prescription may differ. 
Finally, the study demonstrates that the bagged REEM trees 
model is not inferior to the physician’s decision to prescribe 
an ESA dose. However, the generalization of the results 
should be with caution. Model performance may be affected 
by different setting criteria, heterogeneity of training data, 
and applications to various real-world patients. More 
research may be needed to develop models with larger and 
more diverse databases and apply them to external patient 
populations.

Conclusion
Maintaining Hb levels within a narrow target range is essen
tial in the treatment of anemia in ESKD patients. To achieve 
this target range with minimal variability is time-consuming 
and challenging. AI integration in healthcare is expected to 
improve patient outcomes, efficiency, and access to personal
ized treatments and high-quality care.

Our results show that the REEM tree bagging model is not 
inferior to a physician’s decision in prescribing ESA doses to 
maintain Hb level within 10-12 g/dL. We successfully demon
strated the non-inferiority of AI over physicians on ESA pre
scription to maintain Hb levels within the therapeutic range. 
Nonetheless, only 1 of 4 candidate ML/AI models passed the 
non-inferiority test, highlighting MAE/RMSE’s limitations. 
In spite of the promise of AI-assisted anemia control, there is 
still a discrepancy between the technologies and the actual 
medical practice. A new parameter should be developed 
instead of relying on prediction error measurements alone.
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