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Abstract: To predict bilateral renal curves and glomerular filtration rate (GFR) following unsuccessful tracer injection in SPECT renal dy-
namic imaging using a Transformer model, thereby obviating the need for repeat examinations. We retrospectively studied patients who 
underwent repeat imaging post-extravasation (2015-2025). Patient height, weight, serum creatinine, urea, uric acid, and renal dynamic 
curves were used as inputs to develop a Transformer deep learning model for calibrating curves and predicting GFR. Following injection 
extravasation during SPECT renal dynamic imaging, the proposed model achieved a high overall alignment with the ground truth curves 
(Median R2>0.93). However, performance variability was observed, with a small subset of outliers showing poor fit (minimum R2<0) due 
to complex noise artifacts. For the left kidney, the model achieved an R2 of 0.9288, with 91.78% of predictions falling within a clinically 
acceptable tolerance of ±5 ml/min of the ground truth. Similarly, for the right kidney, the R2 reached 0.9216, with an accuracy rate of 
93.15% based on the same tolerance threshold. It is important to note that the ±5 ml/min criterion was used strictly as a statistical 
threshold to define ‘clinical accuracy’ and did not involve any modification of the predicted values. In conclusion, a Transformer model 
can accurately calibrate and predict bilateral renal curves and GFR values after injection extravasation in SPECT renal dynamic imaging, 
potentially enhancing clinical workflow efficiency and diagnostic accuracy.
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Introduction

Single-Photon Emission Computed Tomography (SPECT) 
renal dynamic imaging is a valuable modality for assess-
ing renal blood perfusion, location, size, and morphology. 
This technique also enables a comprehensive evaluation 
of glomerular filtration rate (GFR), bilateral renal blood 
flow, renal parenchymal function, and urinary tract ob- 
struction [1], providing clinically meaningful diagnostic 
information. Consequently, SPECT renal dynamic imaging 
is widely regarded as the gold standard for assessing split 
renal function [2]. However, its measurements are influ-
enced by multiple factors, including bolus injection quali-
ty, renal depth measurement, hydration status, radioac-
tive drug dose determination, and delineation of the ren- 
al region of interest (ROI) [3]. Among these, bolus ad- 
ministration quality of the radiopharmaceutical is a key 
determinant. To obtain accurate renal dynamic images, 
time-activity curves, and GFR values, the radioactive 
agent technetium-99m diethylenetriaminepentaacetic 
acid (99mTc-DTPA) must be rapidly injected intravenously 
as a “bolus” maintaining an aggregated “mass” that pass-
es through the perfusion area without diffusion [4]. The 
quality of this bolus injection directly affects bilateral 
renal perfusion and GFR values, thereby impacting the 

diagnosis of renal function [5]. Given the stringent require-
ments for bolus administration, injection failure necessi-
tates allowing the radionuclide to be excreted and decay- 
ed on the same day, with re-imaging scheduled for the 
next day [6]. This increases patient radiation exposure, 
prolongs hospital stay, wastes radioactive drugs, and 
delays treatment [7, 8]. Therefore, avoiding such re-exami-
nations is a pressing clinical challenge.

In recent years, Artificial Intelligence (AI) has become 
increasingly crucial in disease prediction [9]. The Tran- 
sformer model excels at constructing models for long time 
series: it automatically identifies key target information 
via the attention mechanism, enabling efficient extrac- 
tion of image features from imaging data and accurate 
prediction model development [10-12]. Consequently, it 
holds strong potential for predicting GFR values and bi- 
lateral renal curves after failed injections in SPECT renal 
dynamic imaging. This study aimed to use Transformer 
deep learning for multi-modal modeling (including time-
series curves, anthropometric features-instead of “human 
body characteristics”, a more academic term, clinical in- 
dicators, and injection-related information) on large data-
sets of failed SPECT renal dynamic imaging injections. 
The goal is to calibrate post-extravasation renal curves 
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and predict GFR values, thereby improving clinical effi-
ciency and diagnostic accuracy, and resolving the long-
standing issue of next-day re-examinations.

Materials and methods

Patient characteristics

A total of 275 patients who underwent SPECT renal 
dynamic imaging at our hospital from January 2015 to 
May 2025 and required re-examination the next day due 
to 99mTc-DTPA extravasation were included. Among them, 
146 were male and 129 were female, with a mean age of 
(48.6 ± 17.2) years. Inclusion criteria: (1) Patients with 
injection site counts accounting for >5% of total counts 
and a bimodal radioactive peak in the curve; (2) Patients 
with undiagnosable images due to drug extravasation 
who consented to re-examination. Exclusion criteria: (1) 
Children <10 years or adults >85 years; (2) Patients with 
a single kidney or post-renal transplantation; (3) Patients 
lacking clinical indicators, anthropometric features, or 
injection-related information; (4) Inpatients who under-
went renal function blood tests within 3 days prior to the 
examination; (5) Patients with repeated failed re-exami- 
nations on the next day.

Imaging methods

Siemens SPECT Symbia T16 and GE Xeleris 860 systems 
were used for image acquisition, and curves from the two 
devices were normalized following sensitivity calibration. 
Drug preparation: A 2.5 ml syringe was used to aspirate 
fresh technetium solution, which was then injected into 
DTPA. After mixing, 111-185 MBq of the radiopharmaceu-
tical (volume: 0.5-1 mL) was administered according to 
the patient’s weight, with radiochemical purity >95%. 
Drug measurement: The syringe containing the radionu-
clide tracer was placed on a prefabricated rack near the 
center of the SPECT detector for full-syringe count acqui- 
sition for 1 min. After dynamic image acquisition, the 
patient’s injection site and post-injection syringe were 
separately placed at the detector center to measure injec-
tion site counts and residual syringe counts for 1 min.

Patient preparation: Patients were advised to avoid renal 
venography or contrast-enhanced renal CT within 2 days 
prior to the examination. They were advised to ensure 
adequate sleep. Consume a light diet on the examination 
day, drink 300-500 mL of water 30 minutes pre-examina-
tion, and empty the bladder prior to imaging.

Image acquisition: The patient lay supine on the examina-
tion table with a fixed position to ensure that both renal 
regions and the bladder remained within the detector’s 
field of view. The sleeve on the injection side was kept 
loose, and a thick, straight vein was prioritized for injec-
tion. The imaging agent was administered as a bolus into 
one cubital vein, with simultaneous initiation of bilate- 
ral renal dynamic image acquisition for 21 minutes. 

Specifically: Blood perfusion imaging: 1 frame per second 
for 60 consecutive seconds; Renal dynamic function 
imaging: 1 frame per minute for 20 consecutive minutes. 
Acquisition parameters: Low-energy general collimator, 
energy peak = 140 keV, window width = 20%, matrix = 
64×64, zoom = 1.26.

Image processing

A single physician with professional training in nuclear 
medicine and more than 15 years of clinical experience 
independently performed image analysis. Image analysis 
was conducted using the built-in software of the SPECT 
renal dynamic imaging workstation. First, the patient’s 
height and weight were entered. The ROI technique was 
used to uniformly delineate the contours of the left/right 
kidneys, abdominal aorta, and background ROI on the 
posterior image; Bilateral renal blood perfusion curves, 
function curves, and split renal GFR values (used the 
Gates method) were generated using the instrument’s 
standard processing protocol.

Data collection

Patient demographics (age and gender) and laboratory 
data (serum creatinine, urea, and uric acid) measured 
within the preceding 3 days were retrieved from the 
Hospital Information System (HIS) using each patient’s 
admission number. Subsequently, regions of interest 
(ROIs) were delineated on the image processing work- 
station to obtain full-syringe radioactivity counts, empty-
syringe radioactivity counts, and injection-site radioactiv-
ity counts.

Time-radioactivity count curves of the left kidney, right 
kidney, and background at 0.5-1230 seconds, as well as 
the GFR values of the bilateral kidneys, were collected. 
Time-radioactivity count datas from the SPECT worksta-
tion exported directly to Microsoft Excel, while other infor-
mation was entered manually. A database was estab-
lished, containing time-radioactivity counts, anthropo- 
metric features, clinical lab indices, and injection-related 
information of patients with injection extravasation. This 
database was subsequently divided into an injection ex- 
travasation group and a normal bolus injection group.

Transformer model establishment

Model architecture design: A Transformer-based renal 
function prediction model was designed with the follow- 
ing structure: Input Layer: Time-series inputs were ma- 
pped to a fixed dimension (d_model = 32) via a linear pro-
jection layer, while static features were mapped to 16 
dimensions through a fully connected layer. Transformer 
Encoder: Comprising 2 Transformer encoder layers, each 
equipped with 4 attention heads (nhead = 4), a feed-for-
ward network with a dimension of 64 (dim_feedforward = 
64), and batch_first = True to enable batch processing. 
Output Layer: The Transformer output was concatenated 
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with the static feature output and mapped to the target 
dimension through a final fully connected layer. The mo- 
del was run on a GPU (if available), with the Adam opti-
mizer (learning rate = 0.001) and Mean Squared Error 
(MSE) as the loss function.

Given the sample size (N = 275) relative to the complexity 
of renal physiological features, we implemented a light-
weight Transformer encoder with 2 layers and 4 attention 
heads. This shallow architecture was chosen to prevent 
overfitting, ensuring the model learns generalizable fea-
tures rather than memorizing training noise.

Regarding Positional Encoding (PE), we adopted a task-
specific strategy. For the Curve Calibration module, PE 
was omitted because the input and output sequences 
share identical temporal alignment; the attention me- 
chanism focuses on point-to-point amplitude correction, 
where explicit positional indices on irregular time points 
introduced unnecessary noise. Conversely, for the GFR 
Prediction module, explicit PE was retained, as the re- 
gression of functional parameters (e.g., Tmax, T1/2) is 
strictly dependent on the absolute temporal position of 
the curve features.

Establishment of curve calibration model after injection 
extravasation: We constructed a multi-modal Transfor- 
mer-based time-series model. Inputs included both ex- 
travasation and non-extravasation data, comprising full 
time-series sequences (time-radioactivity counts for the 
left kidney, right kidney, and aorta) and static features 
(e.g., height, weight, serum creatinine, urea, uric acid). 
The model architecture is as follows: Time-series embed-
ding: Linear projection to d_model = 128, Transformer 
Encoder: 2 layers, 4 attention heads, dropout = 0.2, ReLU 
activation, Static feature embedding: Fully connected (FC) 
layer to 128 dimensions, Fusion: Concatenation → FC 
(256→128) → Dropout → Output layer, Positional encod-
ing: Not used (irregular time points), Sequence length: 
220 (resampled/aligned); Features per time step: 3 (left 
kidney, right kidney, aorta); Training details: Adam opti-
mizer (lr = 0.001), MSE loss, batch size = 32, 1500 
epochs, no early stopping. Inputs were standardized 
using StandardScaler; outputs were inverse-transformed 
for evaluation.

Establishment of GFR prediction model after injection 
extravasation: Patients’ height, weight, serum creatinine, 
urea, uric acid, and renal dynamic curve data were used 
as input sequences, with GFR values as the output. Data 
were preprocessed to remove background noise and to 
exclude outliers in GFR. A Transformer model with posi-
tional encoding was used, trained via 5-fold cross-valida-
tion (100 epochs per fold), and the optimal model was 
saved. Model accuracy was statistically defined based on 
a tolerance threshold of ±5 ml/min between the predict-
ed and actual GFR, as detailed in the Evaluation Metrics 
section.

Model evaluation and optimization

A total of 275 patients who underwent a next-day re-
examination after injection extravasation during renal 
dynamic imaging were included. Model performance was 
evaluated using 5-fold cross-validation (5-fold CV) on the 
full dataset, with each fold randomly split into training/
validation sets (80%:20%). Final metrics report the mean 
± standard deviation across folds. Specifically, the train-
ing set comprised 220 cases for model training and 
parameter fitting; the validation set comprised 55 cases 
for hyperparameter tuning, model selection, and monitor-
ing for overfitting.

Multiple metrics were used to comprehensively evaluate 
the performance of the proposed Transformer model in 
addressing failed injections in SPECT renal dynamic imag-
ing. Five-fold cross-validation was applied to assess 
model performance, including regression task metrics 
such as Mean Squared Error (MSE), Mean Absolute Error 
(MAE), R2, and accuracy. Scatter plots of predicted versus 
actual values were generated to analyze the deviation dis-
tribution of model predictions. The model was iteratively 
optimized to enhance its robustness and generalization 
capability.

Results

Prediction results of extravasation curves in SPECT renal 
dynamic imaging

Based on the extravasation curve prediction model for 
SPECT renal dynamic imaging, we separately evaluated 
the left and right kidneys of Sample 6 (Figure 1) and 
Sample 15 (Figure 2) with respect to perfusion and func-
tional time-activity curves. The specific results are as 
follows:

Prediction Results for the Perfusion Curve (A): For the left 
kidney, MSE = 63.71, MAE = 6.18, and R2 = 0.93 - indicat-
ing excellent consistency between predicted and actual 
values, with the model exhibiting a good fit. For the right 
kidney, MSE = 107.71, MAE = 8.66, and R2 = 0.99 - dem-
onstrating an extremely high fit for the right kidney’s per-
fusion curve and higher predictive accuracy than for the 
left kidney.

Prediction Results for the Functional Curve (B): For the 
left kidney, MSE = 255.60, MAE = 15.46, and R2 = -13.17, 
indicating substantial deviations and that the model fails 
to capture the left kidney’s functional curve. For the right 
kidney, MSE = 55.45, MAE = 4.60, and R2 = 0.99, indicat-
ing highly accurate prediction of the right kidney’s func-
tional curve by the model, with an ideal fitting effect.

Prediction Results for the Perfusion Curve (A): For the left 
kidney, the Mean Squared Error (MSE) was 21790.24, the 
Mean Absolute Error (MAE) was 123.93, and the coeffi-
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Figure 1. Comparison of actual time-activity curves and predicted curves of bilateral kidneys after injection extravasation (Sample 6). A: 
Renal blood perfusion curve (Sample 6). Blue line: actual left kidney curve; yellow dashed line: predicted left kidney curve; green line: 
actual right kidney curve. B: Renal blood perfusion curve (Sample 6). Blue line: actual left kidney curve; yellow dashed line: predicted left 
kidney curve; green line: actual right kidney curve.

Figure 2. Comparison of actual time-activity curves and predicted curves of bilateral kidneys after injection extravasation (Sample 15). 
A: Renal blood perfusion curve (Sample 15). Blue line: actual left kidney perfusion curve; yellow dashed line: predicted left kidney curve; 
green line: actual right kidney curve; red dashed line: predicted right kidney curve. B: Renal functional curve (Sample 15). Blue line: 
actual left kidney perfusion curve; yellow dashed line: predicted left kidney curve; green line: actual right kidney curve; red dashed line: 
predicted right kidney curve.

cient of determination (R2) was -0.41, indicating sub- 
stantial discrepancy between the predicted and actual 
values in overall morphology. For the right kidney, the 
MSE was 13670.98, the MAE was 98.02, and the R2  
was -0.58, suggesting that the fluctuation trend of the 

predicted perfusion curve for the right kidney did not fully 
align with the true curve.

Prediction Results for the Functional Curve (B): For the 
left kidney, the MSE was 7676.56, the MAE was 83.48, 
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the detection rate of renal cell carcinoma have risen year 
by year. Surgical resection remains the only effective 
curative treatment for localized renal tumors. Therefore, 
accurate and comprehensive preoperative assessment  
of split renal function is critically important [13].

To address this issue, this study designed an integrated  
AI method based on the Transformer architecture, con-
structing a model to predict the time-activity curves and 
GFR values of bilateral kidneys after radionuclide extrava-
sation during SPECT renal dynamic imaging. By incorpo-
rating a self-attention mechanism and leveraging multi-
modal inputs (renal dynamic curves, height, weight, se- 
rum creatinine, urea, and uric acid), the model achieved 
high-precision calibration of extravasation curves. The 
results showed that the model’s calibration of renal ex- 
travasation curves was consistent with the expected 
trend, and the predicted GFR values were highly consis-
tent with those obtained via the plasma clearance meth-
od, effectively improving the clinical efficiency and diag-
nostic accuracy of renal dynamic imaging.

Currently, AI-based approaches that extract information 
from medical images and construct predictive models  
for disease diagnosis and assessment have demonstrat-
ed increasing effectiveness [15]. For the calibration and 
prediction of renal extravasation curves (Figure 1), the 
Transformer model exhibited strong trend restoration 
capability, bringing the prediction of extravasation curves 
close to actual non-extravasation curves. However, in the 
late-stage prediction of functional curves, the predicted 
curves showed a flattening trend, with slight deviations 
from the dynamic changes in actual values. This indicates 
that the model’s ability to capture long-term time series  
is limited, and there is room for improvement in model- 
ing long-term temporal dependencies. Future work could 

and the R2 was -1.02. For the right kidney, the MSE was 
4766.43, the MAE was 50.15, and the R2 was -0.44. In 
the leakage curve prediction of Sample 15, all R2 values 
were negative, indicating that the model exhibited limited 
performance in predicting the curves of both kidneys 
under contrast medium extravasation, and the model’s 
predictive capability still has room for improvement.

Prediction results of bilateral renal GFR after extravasa-
tion of SPECT renal dynamic imaging agent

The mean R2 values of the Transformer model for GFR 
prediction of the left and right kidneys were 0.85 and 
0.88, respectively. The model demonstrated strong pre-
dictive capability. For the left kidney, the model achieved 
an R2 of 0.9288, with 91.78% of predictions falling within 
a clinically acceptable tolerance of ±5 ml/min of the 
ground truth. Similarly, for the right kidney, the R2 reached 
0.9216, with an accuracy rate of 93.15% based on the 
same tolerance threshold. It is important to note that  
the ±5 ml/min criterion was used strictly as a statistical 
threshold to define ‘clinical accuracy’ (Success Rate) and 
did not involve any modification of the predicted values. 
For the left kidney, MSE = 39.6288 and MAE = 2.5386; 
for the right kidney, MSE = 38.8615 and MAE = 2.4368. 
Scatter plot demonstrated a strong correlation between 
predicted and actual values, with minimal boundary devi-
ations (Figure 3).

Discussion & clinical implementation 
and quality control

Discussion

With the rapid development of modern imaging techno- 
logy, the incidence of Chronic Kidney Disease (CKD) and 

Figure 3. Comparison of corrected predicted GFR with actual GFR after injection extravasation in SPECT renal dynamic imaging. A: Com-
parison between the actual GFR and the predicted GFR after injection extravasation of the left kidney: most data points in the figure are 
mostly clustered along the reference line, with only a few showing deviations. B: For the right kidney, the actual GFR is compared with the 
predicted GFR during injection leakage in the graph, with most data points clustered along the line, while only a few deviate.
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points in SPECT renal dynamic imaging, thereby shorten-
ing scan time.

Clinical implementation and quality control

To safely integrate this model into the clinical workflow, 
we propose a ‘Human-in-the-loop’ protocol. Although the 
model performs well in the majority of cases, the observa-
tion of outliers (e.g., Sample 6) necessitates physician 
oversight. We recommend the following criteria for accept-
ing AI-generated results:

Visual Inspection: The clinician must verify that the gener-
ated curve exhibits physiological morphology (smooth 
perfusion, uptake, and excretion phases) rather than cha-
otic fluctuations.

Consistency Check: The kinetics of the generated kidney 
curve should be logically consistent with the bladder 
curve.

If the AI output fails these visual checks, the standard of 
care remains to proceed with a physical re-examination. 
This ensures that the model serves as an efficiency-
enhancing decision support tool without compromising 
patient safety.

Conclusion

In conclusion, the multi-modal fusion Transformer model 
effectively calibrates and predicts outcomes after injec-
tion failure in SPECT renal dynamic imaging, demonstrat-
ing substantial potential to improve the efficiency and 
accuracy of renal dynamic imaging. The approach is ex- 
pected to significantly reduce patients’ radiation expo-
sure, conserve medical resources, and provide an intelli-
gent imaging framework to address the long-standing 
clinical problem of next-day re-examination after failed 
injection in SPECT renal dynamic imaging, thereby laying a 
solid foundation for clinical translation.
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explore longer sequence inputs or hybrid architectures 
that integrate recurrent networks (for example, Long 
Short-Term Memory, LSTM) to enhance time-series mod-
eling. For Sample 15 (Figure 2), the curve exhibited sig- 
nificant fluctuations, with deviations in mid-to-late-stage 
predictions. Although the overall trend was preserved,  
the amplitude error indicates a need for optimization. 
Extravasation correction focuses on trends and is more 
suitable for qualitative analysis, these results suggest 
that the model’s robustness in complex extravasation 
scenarios requires improvement [16].

The Transformer model also achieved significant results 
in predicting GFR after injection extravasation in SPECT 
renal dynamic imaging. The mean R2 values for the left 
and right kidneys were 0.85 and 0.88, respectively. Using 
a clinically acceptable error margin of ±5 ml/min, the  
prediction accuracy for both kidneys surpassed 90%. 
Scatter plot analysis (Figure 3) showed a strong correla-
tion between predicted and actual values with minimal 
boundary deviations and an approximately normal distri-
bution, indicating high predictive precision for GFR. Ne- 
vertheless, negative R2 values were observed in indivi- 
dual samples, potentially due to inadequate sample size 
or suboptimal data quality. Therefore, in practical clinical 
applications, routine physician review is recommended 
[17].

Prior work has demonstrated the potential of Transformer-
based models in clinical prediction. Ma et al [18] found 
that a Transformer-based prediction model could effec-
tively evaluate lymph node metastasis in patients with 
lung adenocarcinoma; Wang et al [19] proposed a mul- 
ti-modal Transformer model to predict sepsis within 36 
hours of ICU admission; Bian et al [20] used a hybrid 
Transformer-LSTM model to achieve high accuracy in glu-
cose prediction. Consistent with these studies, the pres-
ent findings indicate that the Transformer can serve as a 
reliable approach for calibrating and predicting bilateral 
renal curves and GFR values after injection extravasation 
in SPECT renal dynamic imaging.

Regarding regional and healthcare system differences, 
this study has several limitations: (1) The retrospective 
design may limit the model’s predictive value and general-
izability; (2) Renal dynamic data were obtained from dif-
ferent devices; although standardized preprocessing was 
performed, it may still have adverse effects on the an- 
alysis results; (3) The sample size needs to be further 
expanded, which may lead to potential biases in model 
predictions. Future work should pursue large-scale, mul- 
ti-center collaboration to collect more diverse data and 
consider integrating real-time imaging to enhance robust-
ness [21]. Additional directions include increasing sam- 
ple diversity, introducing attention mechanisms to better 
capture fluctuations, and computing additional metrics. 
Building on this research, a Transformer multi-modal 
fusion model could be used in future studies to predict 
long-acquisition renal function curves using early time 
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