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Predicting upper limb motor 
dysfunction after ischemic stroke: 
a functional near-infrared 
spectroscopy-based nomogram 
model
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Department of Rehabilitation Medicine, Tianjin Medical University General Hospital, Tianjin, China

Background: This study aimed to identify independent risk factors associated 
with upper limb motor functional recovery in ischemic stroke patients 3 months 
post-stroke and to construct a predictive model based on functional near-
infrared spectroscopy (fNIRS) data.

Methods: The study included 114 patients with ischemic stroke, divided into 
a training group (n = 80) and a validation group (n = 34). Variables related to 
the FMA-UE score 3 months later were selected from fNIRS data using LASSO 
regression, and independent risk factors were determined through logistic 
regression analysis. A nomogram was constructed based on these factors to 
predict the probability of upper limb motor dysfunction scores after stroke, and 
the model’s discriminative ability was assessed using the area under the ROC 
curve (AUC), as well as the clinical net benefit was evaluated using decision 
curve analysis (DCA).

Results: The LASSO regression ultimately selected seven variables for the 
assessment of motor dysfunction post-stroke, of which five were identified 
as independent risk factors. The five independent fNIRS risk factors associated 
with upper limb motor functional recovery are A_A_dxy_DLPFC_to_Temporal: 
The number of brain functional connectivity edges from the affected side 
dorsolateral prefrontal cortex (DLPFC) to the affected side temporal lobe under 
deoxygenated hemoglobin monitoring level, A_UA_oxy_DLPFC_to_PSMC: 
The number of brain functional connectivity edges from the affected side 
DLPFC to the unaffected side primary somatosensory motor cortex (PSMC) 
under oxyhemoglobin monitoring level, A_UA_total_Temporal_to_DLPFC: The 
number of brain functional connectivity edges from the affected side temporal 
lobe to the unaffected side DLPFC under total hemoglobin monitoring level, UA_
UA_dxy_Temporal_to_Frontopolar: The number of brain functional connectivity 
edges from the unaffected side temporal lobe to the unaffected side frontopolar 
cortex under deoxygenated hemoglobin monitoring level, and UA_UA_total_
PSMC_to_PMC: The number of brain functional connectivity edges from the 
unaffected side PSMC to the unaffected side premotor cortex (PMC) under total 
hemoglobin monitoring level. The AUC of the ROC curve for the nomogram 
was 0.971 in the training dataset and 0.804 in the testing dataset, demonstrating 
good discriminative ability. DCA results indicated that the model showed good 
clinical net benefit in both the validation and development cohorts.

Conclusion: This pilot study successfully constructed a predictive model based 
on fNIRS data to forecast the risk factors for upper limb motor functional 
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recovery 3 months after ischemic stroke, providing a valuable tool for clinical 
decision-making and treatment planning.

KEYWORDS

ischemic stroke, upper limb motor function, functional near-infrared spectroscopy, 
predictive model, nomogram

1 Introduction

Ischemic stroke is one of the leading causes of adult disability 
worldwide (1–3), severely impacting patients’ quality of life (4–6). The 
recovery of upper limb motor function is crucial for patients’ activities 
of daily living. Functional near-infrared spectroscopy (fNIRS), as a 
non-invasive neuroimaging technique, can monitor brain activity in 
real-time, offering a new perspective for assessing the recovery of 
upper limb motor function after stroke (7–9). Although studies have 
explored the application of fNIRS in stroke rehabilitation, most have 
focused on short-term effects (10), and there is a lack of predictive 
models for long-term outcomes. Therefore, this study aims to identify 
independent risk factors associated with the recovery of upper limb 
motor function in ischemic stroke patients 3 months post-stroke 
through fNIRS data and to construct a predictive model, in hopes of 
providing a more precise assessment tool for clinical practice and 
guiding the formulation of rehabilitation treatment plans.

2 Materials and methods

2.1 Patients

This study was approved by the Ethics Committee of the General 
Hospital of Tianjin Medical University (Ethics number: 
IRB2022-YX-054-01) and strictly adhered to the principles of the 
Declaration of Helsinki. As this was a retrospective study, the 
requirement for obtaining informed consent from participants was 
waived. Prior to analysis, all patient medical information was 
anonymized to protect privacy. The study included 353 ischemic 
stroke patients treated in the Rehabilitation Department of the 
General Hospital of Tianjin Medical University from October 2023 to 
July 2024.

The inclusion criteria for the study were: (1) A confirmed 
diagnosis of ischemic stroke; (2) Informed consent provided by the 
patient or their legal representative; (3) Age 18 years or older. The 
exclusion criteria included: (1) Patients unable to complete follow-up 
after 3 months; (2) Patients with severe aphasia, cognitive impairment, 
or consciousness disturbance, who could not cooperate with the 
examination; and (3) Patients with incomplete or substandard 
functional near-infrared spectroscopy (fNIRS) data. Based on these 
criteria, a total of 114 patients were included in the study.

We categorized patients with an improvement of 9 points or more 
in the FMA-UE score 3 months after discharge into the Symptom 
Improvement Group (SIG), and those with less than a 9-point 
improvement into the Symptom Non-Improvement Group (SNIG) 
(11–13). There were 80 cases in SIG and 34 in SNIG. Patients were 
randomly assigned to the training group (80 patients, including 55 
SIG and 25 SNIG) and the validation group (34 patients, including 25 
SIG and 9 SNIG) in a 7:3 ratio.

2.2 Data collection

Data collection for this study was divided into three main parts: 
Firstly, basic patient information was extracted from the electronic 
medical record system, including age, gender, blood pressure levels at 
admission, time interval after stroke onset, body mass index (BMI), 
history of diabetes, history of hypertension, hemisphere of brain 
lesion, history of coronary heart disease, and FMA-UE score and 
modified Barthel Index at admission. Secondly, FMA-UE scores and 
modified Barthel Index were assessed through telephone or on-site 
follow-up  3 months after patient discharge. Lastly, functional 
connectivity data of the brain in a resting state for 5 min were 
collected using functional near-infrared spectroscopy (fNIRS) 
technology (model BS-20000s, 106 leads, produced by Wuhan Yiruid 
Company), dividing the brain into 12 regions of interest (including 
healthy and affected DLPFC, Temporal, Frontopolar, PSMC, SMA, 
and PMC), and counting the number of edges between all possible 
functional connections (a total of 279 variables) among these 
12 regions.

The main fNIRS data variables in this study are 
oxy(oxyhemoglobin), dxy(deoxygenated hemoglobin), and total (total 
hemoglobin). Their calculation is based on the principles of fNIRS 
technology. First, the fNIRS device detects near-infrared light signals 
in the cerebral cortex (14, 15). Then, through a series of data 
processing steps, the raw near-infrared light intensity data is converted 
into optical density signals. Subsequently, motion artifact detection 
and correction are carried out using the HOMER2 toolbox (version 
2.8) in MATLAB R2014b. Specifically, the built-in function of 
HOMER2 is used for motion artifact detection by channel (parameter 
settings are tMotion = 0.5 s; tMAsk = 3.0; STDEVthresh = 20.0; 
AMPthresh = 5.0), and the spline interpolation method 
(hmrMotionCorrectSpline) is used to detect and correct motion 
artifacts. Afterwards, a band-pass filter (0.01–0.1 Hz) is used to 
remove most systemic hemodynamic components, such as those 
originating from the cardiac cycle (about 1 Hz) and respiration (about 
0.2–0.3 Hz). Finally, the filtered optical density data is converted to 
oxy, dxy, and total by applying the modified Beer–Lambert law. These 
variables are used to analyze the changes in resting-state functional 
connectivity in different brain regions during the iTBS 
intervention process.

2.3 Statistical analysis

Statistical analysis was conducted using SPSS software (version 
27.0 by IBM Corporation) and R language (version 4.2.1). Initially, the 
Kolmogorov–Smirnov test was employed to assess the normality of 
continuous variables, which indicated that none of the variables 
followed a normal distribution. Consequently, medians and 
interquartile ranges were utilized to describe these variables, and the 
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Mann–Whitney U test was applied to compare differences between 
groups. For changes in scores before and after treatment, the Wilcoxon 
signed-rank test was used for paired samples. Categorical variables 
were presented as frequencies (percentages) and analyzed using the 
chi-square test to determine statistical significance at a p-value less 
than 0.05 (two-tailed).

In the training set, we first employed LASSO regression to identify 
fNIRS data variables associated with FMA-UE scores 3 months later. 
Cross-validation was used to determine the optimal penalty parameter 
λ in LASSO regression to balance the model’s bias and variance. 
Specifically, we adopted 10 – fold cross – validation. The dataset was 
divided into 10 parts, and we  took turns using 9 of them as the 
training set and 1 as the validation set. For each value of λ, 
we calculated the mean squared error (MSE) of the model on the 
validation set. Then, we averaged the MSEs obtained from the 10 – 
fold cross  – validation to get the average mean squared error 
corresponding to each λ value. The λ value that minimized the average 
mean squared error was selected as the optimal λ. This approach was 
used to balance the model’s bias and variance and ensure that the 
model has good predictive ability on new data. Subsequently, logistic 
regression was conducted with upper limb motor dysfunction scores 
post-stroke as the dependent variable and variables selected by LASSO 
regression as independent variables to identify independent predictive 
factors. To ensure model stability, we assessed multicollinearity among 
variables using variance inflation factor (VIF) analysis. Based on the 
independent predictive factors determined by logistic regression 
analysis, a nomogram was constructed to predict the probability of 
upper limb motor dysfunction scores post-stroke. This nomogram 
will provide an intuitive tool to assess the risk of functional 
impairment based on specific patient characteristics. We evaluated the 
calibration performance of the model through calibration curve 
analysis, ensuring that the model’s predicted probabilities matched the 
actual observed probabilities. Additionally, decision curve analysis 
(DCA) was performed to assess the clinical net benefit of the model, 
involving a trade-off between potential harms and benefits. All model 
building was completed in R language (version 4.2.1). We used the 
“glmnet” package for LASSO regression to identify significant 
predictive variables; the “car” package to test VIF and assess 
multicollinearity; the “rms” package to construct the nomogram for 
predicting upper limb motor dysfunction scores post-stroke; the 
“pROC” package to obtain the C-index for both development and 
validation cohorts, evaluating the model’s discriminative ability; the 
“PredictABEL” package to assess improvements in predictive 
performance across different models, including IDI and NRI; and the 
“rmda” package for DCA to evaluate the clinical value of the 
developed nomogram.

3 Results

3.1 Baseline characteristics

From October 2023 to July 2024, a total of 353 patients with 
ischemic stroke were screened. After applying the inclusion and 
exclusion criteria, 114 patients met the criteria and were included in 
our study. Their basic information can be found in Table 1. These 
patients were then randomly assigned to the training group (80 
patients) and the validation group (34 patients). The above process is 

shown in detail in Figure 1. The baseline characteristics of patients in 
both groups, including gender, age, disease duration, medical history, 
FMA-UE scores, and MBI scores before treatment, were not 
statistically significantly different (p-values >0.05), confirming that the 
randomization process for assigning patients to different groups was 
appropriate and reasonable. Specific baseline characteristic 
comparison data can be viewed in Table 2.

3.2 Model construction

Figures 2A,B illustrate the results of the Lasso regression analysis for 
feature variable selection. The Lasso regression coefficient plot in 
Figure  2A shows all potential risk factors, with each risk factor 
corresponding to a curve, the vertical axis of which represents the 
regression coefficient of the predictor, and the horizontal axis represents 
log(λ). Figure 2B displays the bias plot, where the lowest point of the 
curve corresponds to the optimal lambda parameter. In this study, 
through Lasso regression analysis, we ultimately identified 7 variables for 
assessing motor dysfunction post-stroke, including: A_A_dxy_DLPFC_
to_Temporal (the numbers of brain functional connectivity edges from 
affected side DLPFC to affected side Temporal under deoxygenated 
hemoglobin monitoring level), A_UA_dxy_Temporal_to_Frontopolar 
(the numbers of brain functional connectivity edges from affected side 
Temporal to unaffected side Frontopolar under deoxygenated 
hemoglobin monitoring level), A_UA_oxy_DLPFC_to_PSMC (the 
numbers of brain functional connectivity edges from the affected side 
DLPFC to the unaffected side PSMC under oxyhemoglobin monitoring 
level), A_UA_total_Temporal_to_DLPFC (the numbers of brain 
functional connectivity edges from affected side Temporal to unaffected 
side DLPFC under total hemoglobin monitoring level), UA_UA_dxy_
Temporal_to_SMA (the numbers of brain functional connectivity edges 
from unaffected side Temporal to unaffected side SMA under 
deoxygenated hemoglobin monitoring level), UA_UA_dxy_Temporal_
to_Frontopolar (the numbers of brain functional connectivity edges 
from unaffected side Temporal to unaffected side Frontopolar under 
deoxygenated hemoglobin monitoring level), and UA_UA_total_
PSMC_to_PMC (the numbers of brain functional connectivity edges 
from unaffected side PSMC to unaffected side PMC under total 
hemoglobin monitoring level). The selection of these seven variables was 
based on several criteria: First, these variables demonstrated significant 
statistical association with motor function recovery post-stroke (p-values 
<0.05), indicating their importance in predicting outcomes. Second, the 
inclusion of these variables provided the best predictive performance in 
cross-validation, effectively balancing model bias and variance. Lastly, 
the optimal number of variables was determined by examining the 
trade-off between model complexity and predictive accuracy, ensuring 
that the final model was both robust and interpretable. Subsequently, 
we  used logistic regression to analyze these 7 predictive variables, 
calculating their weights and p-values (p-values <0.05). According to the 
data in Table 3, we found that the p-values for A_UA_dxy_Temporal_
to_Frontopolar and UA_UA_dxy_Temporal_to_SMA did not reach the 
level of significance (p-values >0.05), thus excluding these two variables. 
Ultimately, we identified 5 independent risk factors related to the upper 
limb motor function scores of ischemic stroke: A_A_dxy_DLPFC_to_
Temporal, A_UA_oxy_DLPFC_to_PSMC, A_UA_total_Temporal_to_
DLPFC, UA_UA_dxy_Temporal_to_Frontopolar, and UA_UA_total_
PSMC_to_PMC, all with p-values <0.05. As shown in Table 4, based on 
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these risk factors, we developed a nomogram, the details of which can 
be seen in Figure 3.

3.2.1 Overall introduction to the nomogram
The nomogram we  constructed is based on independent 

predictive factors identified through logistic regression analysis, 
designed to predict the probability of upper limb motor dysfunction 
scores in ischemic stroke patients. It integrates multiple variables 
related to the recovery of upper limb motor function into an intuitive 
graphical tool, providing clinicians with a convenient method to 
assess patient risk and formulate personalized rehabilitation plans.

3.2.2 Specific significance and understanding of 
each sub-figure

3.2.2.1 Points
A_A_dxy_DLPFC_to_Temporal: Represents the score scale of the 

number of brain functional connectivity edges from the affected side 
DLPFC to the affected side Temporal under deoxygenated hemoglobin 

monitoring conditions, ranging from 6 to 28. For example, if a patient’s 
value for this variable is 28, they score 6 points.

A_UA_oxy_DLPFC_to_PSMC: Represents the score scale of the 
number of brain functional connectivity edges from the affected side 
DLPFC to the unaffected side PSMC under oxyhemoglobin 
monitoring conditions, ranging from 0 to 30. For example, if a patient’s 
value for this variable is 0, they score 10 points.

A_UA_total_Temporal_to_DLPFC: Represents the score scale of 
the number of brain functional connectivity edges from the affected 
side Temporal to the unaffected side DLPFC under total hemoglobin 
monitoring conditions, ranging from 0 to 18. For example, if a patient’s 
value for this variable is 0, they score 50 points.

UA_UA_dxy_Temporal_to_Frontopolar: Represents the score scale 
of the number of brain functional connectivity edges from the 
unaffected side Temporal to the unaffected side Frontopolar under 
deoxygenated hemoglobin monitoring conditions, ranging from 0 to 16. 
For example, if a patient’s value for this variable is 2, they score 10 points.

UA_UA_total_PSMC_to_PMC: Represents the score scale of the 
number of brain functional connectivity edges from the unaffected 

TABLE 1  Baseline characteristics of subjects.

Variables Total (N = 114) SIG (N = 80) SNIG (N = 34) χ2/Z P

Sex, n (%) 0.015a 0.903

Male 56 (49.12) 39 (48.75) 17 (50)

Female 58 (50.88) 41 (51.25) 17 (50)

High blood pressure, n (%) 0.265a 0.607

Yes 14 (12.28) 9 (11.25) 5 (14.71)

No 100 (87.72) 71 (88.75) 29 (85.29)

Heart disease, n (%) 0.286a 0.593

Yes 68 (59.65) 49 (61.25) 19 (55.88)

No 46 (40.35) 31 (38.75) 15 (44.12)

Diabetes, n (%) 0.000a 0.985

Yes 20 (17.54) 14 (17.50) 6 (17.65)

No 94 (82.46) 66 (82.50) 28 (82.35)

History of stroke, n (%) 0.977a 0.323

Yes 87 (76.32) 59 (73.75) 28 (82.35)

No 27 (23.68) 21 (26.25) 6 (17.65)

Diseased hemisphere, n (%) 0.013a 0.910

Left 83 (72.81) 58 (72.50) 25 (73.53)

Right 31 (27.19) 22 (27.50) 9 (26.47)

Age (years) 66.50 (62, 72) 66.5 (62, 71.75) 67.5 (61.5, 72.5) −0.468b 0.640

BMI (kg/m2) 24.48 (23.38, 25.39) 24.36 (23.53, 35.28) 25.16 (23.23, 26.42) 01.257b 0.209

CD (days) 53.5 (26, 90.25) 55 (30, 85.5) 48.5 (20.75, 90.5) −0.325b 0.745

SP (mmHg) 124.5 (117.75, 132.25) 123 (117.25, 131) 126.5 (117, 134) −0.639b 0.523

DP (mmHg) 78 (68.75, 87.25) 78.5 (68.25, 88) 77.5 (71.75, 85.50) −0.412b 0.680

Before-FMA-UE 19.5 (8, 35) 18.5 (7, 30.75) 28 (11.5, 48.25) −1.843b 0.065

After-FMA-UE 46 (27.75, 57) 48 (34.25, 58.75) 34.5 (15, 53) −3.507b <0.001

Before-MBI 20 (10, 49.25) 20 (10, 48.75) 20 (5, 46.25) −0.476b 0.634

After-MBI 65 (45, 85) 70 (45, 85) 62.5 (38.75, 81.25) −1.111b 0.267

CD, courses of disease; SP, systolic pressure; DP, diastolic pressure. FMA-UE, Fugl-Meyer Assessment Upper Extremity. MBI, Modified Barthel Index. a Using the χ2 test; b Using the Mann–
Whitney U test.
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side PSMC to the unaffected side PMC under total hemoglobin 
monitoring conditions, ranging from 0 to 20. For example, if a patient’s 
value for this variable is 4, they score 2 points.

3.2.2.2 Total points
This is the total score scale obtained by adding up the scores of the 

above variables, ranging from 0 to 130. After summing the scores of each 
variable, the patient’s total score is located on this scale. The higher the 
total score, the higher the risk probability of no improvement in upper 
limb motor function 3 months after the onset. For example, the total 
score for the aforementioned patient is 6 + 10 + 50 + 10 + 2 = 78 points.

3.2.2.3 Linear predictor
This scale ranges from −15 to 25 and is an intermediate variable 

calculated based on the logistic regression model. The values of the 

variables for each patient are transformed into a linear predictor 
through the logistic regression model, which is further associated with 
the predicted risk probability. Clinicians can sum the scores of each 
variable in the nomogram to find the corresponding linear predictor 
value, thereby understanding how the model integrates multiple 
variables’ information into a risk prediction. For example, the 
aforementioned patient with a total score of 78 points corresponds to 
a Linear Predictor of 8.

3.2.2.4 Diagnose rate
This is the final predicted diagnosis rate scale, ranging from 0.001 

to 0.999. It represents the predicted probability of no improvement in 
upper limb motor function 3 months after the onset. For instance, if 
the aforementioned patient’s Linear Predictor is 8, the corresponding 
value on the diagnosis rate scale is 0.999, indicating that the predicted 

TABLE 2  The baseline characteristics of the patients in the training and validation cohort.

Variables Total (N = 114) Training (N = 80) Validation (N = 34) χ2/Z P

Diagnosis, n (%) 0.260a 0.610

SIG 80 (70.18) 55 (68.75) 25 (73.53)

SNIG 34 (29.82) 25 (31.25) 9 (26.47)

Sex, n (%) 0.886a 0.347

Male 56 (49.12) 37 (46.25) 15 (44.12)

Female 58 (50.88) 43 (53.75) 19 (55.88)

High blood pressure, n (%) 0.265a 0.607

Yes 14 (12.28) 9 (11.25) 5 (14.71)

No 100 (87.72) 71 (88.75) 29 (85.29)

Heart disease, n (%) 0.286a 0.593

Yes 68 (59.65) 44 (55) 19 (55.88)

No 46 (40.35) 36 (45) 15 (44.12)

Diabetes, n (%) 1.200a 0.273

Yes 20 (17.54) 12 (15) 8 (22.53)

No 94 (82.46) 68 (85) 26 (76.47)

History of stroke, n (%) 3.808a 0.051

Yes 87 (76.32) 57 (71.25) 30 (88.24)

No 27 (23.68) 23 (23.75) 4 (11.76)

Diseased hemisphere, n (%) 0.652a 0.420

Left 83 (72.81) 60 (75) 23 (67.65)

Right 31 (27.19) 20 (25) 11 (32.25)

Age (years) 66.50 (62, 72) 66 (62, 71) 68 (59.5, 74.25) −0.800b 0.424

BMI (kg/m2) 24.48 (23.38, 25.39) 24.51 (23.43, 25.37) 24.37 (23.35, 25.81) −0.266b 0.790

CD (days) 53.5 (26, 90.25) 52.5 (27.75, 90.75) 56.5 (24.75, 90.75) −0.065b 0.948

SP (mmHg) 124.5 (117.75, 132.25) 125 (118.25, 132.5) 123.5 (114.75, 132.25) −0.694b 0.487

DP (mmHg) 78 (68.75, 87.25) 80 (69, 87.75) 74 (63, 86.75) −1.273b 0.203

Before-FMA-UE 19.5 (8, 35) 22 (10, 37.75) 14.5 (6, 29.25) −1.562b 0.118

After-FMA-UE 46 (27.75, 57) 45.5 (26.25, 57) 48 (32, 57) −0.313b 0.754

Before-MBI 20 (10, 49.25) 20 (6.25, 48.75) 25 (13.75, 38.75) −0.261b 0.794

After-MBI 65 (45, 85) 70 (45, 85) 62.5 (45, 81.25) −0.106b 0.916

CD, courses of disease; SP, systolic pressure; DP, diastolic pressure. FMA-UE, Fugl-Meyer Assessment Upper Extremity. MBI, Modified Barthel Index. a Using the χ2 test; b Using the Mann–
Whitney U test.
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FIGURE 1

Flow diagram of the study.

FIGURE 2

LASSO Regression Analysis with 10-fold Cross-Validation for Predicting Motor Functional Impairment Post-Stroke. (A) LASSO Regression Coefficient 
Pathway Plot: This plot illustrates how the regression coefficients of various features change with the regularization parameter Log Lambda in LASSO 
regression analysis. Each line represents a feature, with the horizontal axis indicating the Log Lambda value and the vertical axis showing the 
corresponding regression coefficient. As the Log Lambda value increases, more feature coefficients are shrunk toward zero, achieving feature 
selection. Ultimately, through LASSO regression analysis, we identified seven variables for assessing motor dysfunction post-stroke, including: A_A_
dxy_DLPFC_to_Temporal, A_UA_dxy_Temporal_to_Frontopolar, A_UA_oxy_DLPFC_to_PSMC, A_UA_total_Temporal_to_DLPFC, UA_UA_dxy_
Temporal_to_SMA, UA_UA_dxy_Temporal_to_Frontopolar, and UA_UA_total_PSMC_to_PMC. (B) Bias-Variance Tradeoff Plot of LASSO Regression: 
This plot shows the binomial deviance of the model as it changes with Log Lambda in LASSO regression analysis. The red line represents the average 
deviance, and the gray area indicates the standard error range of the deviance. The horizontal axis is Log Lambda, and the vertical axis is binomial 
deviance. The two vertical dashed lines in the plot represent the Log Lambda corresponding to the minimum deviance (lambda.min) and the Log 
Lambda one standard error above the minimum (lambda.1se), respectively. The optimal Log Lambda value is typically chosen near the lowest point of 
the deviance curve to balance the model’s bias and variance. In this study, we selected seven variables that demonstrated the best predictive 
performance in cross-validation and were statistically significant (p < 0.05).
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probability of no improvement in upper limb motor function 
3 months after the onset is 99.9%. Clinicians can use this diagnosis 
rate, in conjunction with the patient’s specific situation, to develop 
more targeted rehabilitation treatment plans and follow-up strategies.

3.3 Model validation

To validate the discriminative power of our model, we calculated 
the area under the ROC curve (AUC). In Figure 4A, the AUC for the 
training dataset reached 0.971 (95% confidence interval 0.913 to 1), 
and in Figure 4B, the AUC for the testing dataset was 0.804 (95% 
confidence interval 0.531 to 0.956). Figure 5 shows that the model has 
good predictive ability in both the training and validation sets, and 
after bias correction, the model’s predictive performance remains 
stable across different thresholds. Figure 6 presents the decision curve 
analysis (DCA) results of the model, which shows that the model 
achieved positive clinical net benefit in both the validation and 
development cohorts.

4 Discussion

This study successfully identified independent risk factors 
associated with upper limb motor functional recovery in ischemic 
stroke patients 3 months post-stroke using fNIRS technology and 
constructed a predictive model. The results indicate that the five 
independent risk factors selected through LASSO regression—A_A_
dxy_DLPFC_to_Temporal, A_UA_oxy_DLPFC_to_PSMC, A_UA_
total_Temporal_to_DLPFC, UA_UA_dxy_Temporal_to_Frontopolar, 
and UA_UA_total_PSMC_to_PMC—can effectively predict the 
probability of upper limb motor dysfunction 3 months after stroke. 
This finding provides clinicians with an assessment tool based on 
objective physiological data, aiding in the more accurate prediction of 
patients’ rehabilitation potential and the formulation of personalized 
rehabilitation plans (16, 17).

Compared to previous research, our model boasts distinct 
advantages. Some existing models mainly rely on clinical features 
like age and NIHSS scores for prediction (18). In contrast, our 
fNIRS – based model can offer more direct physiological data on 

TABLE 4  Final model coefficients.

B SE OR CI Z P

A_A_dxy_DLPFC_L_to_Temporal_L 0.74 0.24 2.09 1.26–3.46 3.07 0.002

A_UA_oxy_DLPFC_L_to_PSMC_R −0.26 0.09 0.77 0.65–0.90 −2.88 0.004

A_UA_total_Temporal_L_to_DLPFC_R −0.34 0.13 0.71 0.54–0.93 −2.59 0.009

UA_UA_dxy_Temporal_R_to_Frontopolar_R −0.63 0.24 0.53 0.34–0.82 −2.65 0.008

UA_UA_total_PSMC_R_to_PMC_R 0.49 0.19 1.63 1.06–2.51 2.62 0.009

B, Regression Coefficient; SE, Standard Error; OR, Odds Ratio; CI, Confidence Interval.
A_A_dxy_DLPFC_to_Temporal the numbers of brain functional connectivity edges from affected side DLPFC to affected side Temporal under deoxygenated hemoglobin monitoring level.
A_UA_dxy_Temporal_to_Frontopolar the numbers of brain functional connectivity edges from affected side Temporal to unaffected side Frontopolar under deoxygenated hemoglobin 
monitoring level.
A_UA_oxy_DLPFC_to_PSMC the numbers of brain functional connectivity edges from the affected side DLPFC to the unaffected side PSMC under oxyhemoglobin monitoring level.
A_UA_total_Temporal_to_DLPFC the numbers of brain functional connectivity edges from affected side Temporal to unaffected side DLPFC under total hemoglobin monitoring level.
UA_UA_dxy_Temporal_to_SMA the numbers of brain functional connectivity edges from unaffected side Temporal to unaffected side SMA under deoxygenated hemoglobin monitoring 
level.
UA_UA_dxy_Temporal_to_Frontopolar the numbers of brain functional connectivity edges from unaffected side Temporal to unaffected side Frontopolar under deoxygenated hemoglobin 
monitoring level.
UA_UA_total_PSMC_to_PMC the numbers of brain functional connectivity edges from unaffected side PSMC to unaffected side PMC under total hemoglobin monitoring level.

TABLE 3  Original model coefficients.

B SE OR CI Z P

A_A_dxy_DLPFC_L_to_Temporal_L 0.54 0.25 1.71 1.10–2.65 2.14 0.033

A_UA_dxy_Temporal_L_to_Frontopolar_R 0.84 0.46 2.31 1.26–4.23 1.83 0.068

A_UA_oxy_DLPFC_L_to_PSMC_R −0.23 0.10 0.79 0.67–0.93 −2.25 0.024

A_UA_total_Temporal_L_to_DLPFC_R −0.38 0.17 0.69 0.50–0.95 −2.23 0.026

UA-UA_dxy_Temporal_R_to_SMA_R −0.10 0.10 0.90 0.74–1.09 −1.02 0.309

UA_UA_dxy_Temporal_R_to_Frontopolar_R −0.87 0.36 0.42 0.23–0.77 −2.40 0.016

UA_UA_total_PSMC_R_to_PMC_R 0.47 0.21 1.60 1.08–2.38 2.25 0.024

B, Regression Coefficient; SE, Standard Error; OR, Odds Ratio; CI, Confidence Interval.
A_A_dxy_DLPFC_to_Temporal the numbers of brain functional connectivity edges from affected side DLPFC to affected side Temporal under deoxygenated hemoglobin monitoring level.
A_UA_dxy_Temporal_to_Frontopolar the numbers of brain functional connectivity edges from affected side Temporal to unaffected side Frontopolar under deoxygenated hemoglobin 
monitoring level.
A_UA_oxy_DLPFC_to_PSMC the numbers of brain functional connectivity edges from the affected side DLPFC to the unaffected side PSMC under oxyhemoglobin monitoring level.
A_UA_total_Temporal_to_DLPFC the numbers of brain functional connectivity edges from affected side Temporal to unaffected side DLPFC under total hemoglobin monitoring level.
UA_UA_dxy_Temporal_to_SMA the numbers of brain functional connectivity edges from unaffected side Temporal to unaffected side SMA under deoxygenated hemoglobin monitoring 
level.
UA_UA_dxy_Temporal_to_Frontopolar the numbers of brain functional connectivity edges from unaffected side Temporal to unaffected side Frontopolar under deoxygenated hemoglobin 
monitoring level.
UA_UA_total_PSMC_to_PMC the numbers of brain functional connectivity edges from unaffected side PSMC to unaffected side PMC under total hemoglobin monitoring level.
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brain function. Models relying solely on clinical data cannot fully 
mirror the real  – time changes in brain neural activities 
during recovery.

Regarding imaging techniques, while structural and functional 
MRI can evaluate brain integrity and functional reorganization (19, 
20), fNIRS is more portable, less expensive, and easier to operate in 
clinical settings. Moreover, compared with some machine  – 
learning – based predictive models that demand a large amount of 
complex data (18), ours simplifies input data yet still maintains 
excellent predictive performance.

Our model demonstrated good discriminative ability in both the 
training and validation cohorts, indicating high stability and 
generalizability. The AUC value of the ROC curve approaching 1 
suggests high predictive accuracy. Moreover, the decision curve 
analysis (DCA) results showed that the model had good clinical net 
benefit across different thresholds, further validating its clinical 
application value.

In terms of functional recovery after stroke, several predictive 
models have been proposed. These models aim to predict the 
likelihood of recovery by analyzing patients’ clinical characteristics, 

FIGURE 3

The nomogram. Points Axis: Represents the scores corresponding to each independent risk factor, reflecting its contribution to the prediction 
probability. Total Points Axis: Accumulates the scores of each risk factor. The higher the total score, the greater the risk of functional impairment. Risk 
Factor Scales: A_A_dxy_DLPFC_to_Temporal: The numbers of functional connectivity edges from the affected side DLPFC to the temporal lobe, 
ranging from 0 to 28.A_UA_oxy_DLPFC_to_PSMC: The numbers of functional connectivity edges from the affected side DLPFC to PSMC, ranging 
from 0 to 30.A_UA_total_Temporal_to_DLPFC: The numbers of functional connectivity edges from the affected side temporal lobe to DLPFC, ranging 
from 0 to 16.UA_UA_dxy_Temporal_to_Frontopolar: The numbers of functional connectivity edges from the unaffected side temporal lobe to the 
frontopolar, ranging from 0 to 16.UA_UA_total_PSMC_to_PMC: The numbers of functional connectivity edges from the unaffected side PSMC to PMC, 
ranging from 0 to 20. Linear Predictor Axis: A linear predictor value calculated based on the total score, used for further calculation of the prediction 
probability. Diagnose Rate Axis: The probability of no improvement in upper limb motor function 3 months after stroke, as determined by the linear 
predictor value.

FIGURE 4

Receiver operating characteristic (ROC) curves for nomogram. (A) Training ROC. (B) Validation ROC.
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neuroimaging data, and other biomarkers. For instance, a prospective 
cohort study showed that age and the National Institutes of Health 
Stroke Scale (NIHSS) could be used to develop a model predicting gait 
and upper limb functional recoveries (21). Additionally, systematic 
reviews and meta-analyses have demonstrated that existing prognostic 
models perform well in predicting full recovery in patients with 
ischemic stroke (22).

Regarding functional connectivity, studies have indicated that 
functional reorganization of brain regions is closely related to motor 
recovery after stroke (23). Research using functional near-infrared 
spectroscopy (fNIRS) has found that significant changes in resting-
state functional connectivity patterns of the motor cortex occur 
during the recovery process, potentially associated with 
improvements in upper limb function (24). Structural and functional 
magnetic resonance imaging (MRI) has been used to assess the 
integrity and functional reorganization of the brain, showing good 
predictive effects on hand motor outcomes (25). Studies have also 
found a significant correlation between white matter integrity and 
cortical functional connectivity with motor recovery (26). 
Furthermore, functional connectivity analysis based on 
electroencephalography (EEG) has been proposed as a biomarker for 
predicting motor recovery, demonstrating the relationship between 

reorganization of brain networks and functional improvement during 
rehabilitation (27). Machine learning methods have also been applied 
to predict functional recovery in stroke patients, with studies 
indicating that these models have high accuracy in predicting 
clinically significant motor functional improvement (28).

Despite the positive results of this study, there are some limitations. 
Firstly, the sample size is relatively small, which may affect the model’s 
universality. Secondly, this study is a single-center study, and further 
validation of the model’s predictive ability is needed in multicenter 
studies with larger sample sizes. Additionally, this study only 
considered fNIRS data; future studies could consider combining other 
biomarkers or clinical data to improve the model’s predictive accuracy.

It is worth noting that future research should fully consider the 
impact of the vascular distribution of acute ischemic stroke on 
functional recovery. Clinical reports have shown that cerebral infarcts 
in the territory of the posterior cerebral artery have a better prognosis 
than those in the territory of the middle cerebral artery (29). However, 
in this study, we did not stratify the enrolled patients based on vascular 
distribution. In light of this, we plan to increase the sample size in our 
future work and conduct subgroup analyses based on vascular 
distribution to more accurately assess its impact on functional recovery.

In addition, future research should focus on evaluating upper limb 
dysfunction in lacunar versus non-lacunar ischemic strokes. Lacunar 
infarcts, which have the best functional prognosis among stroke 
subtypes, are particularly notable even in pure motor stroke, the lacunar 
syndrome with the most severe functional impairment (30). These 
factors undoubtedly have a significant impact on functional recovery 
after stroke and are worthy of in-depth exploration in future studies.

In conclusion, this study offers a predictive model for upper limb 
motor dysfunction following ischemic stroke based on fNIRS data, 
providing a new tool for clinical assessment and treatment. Future 
research should further explore and refine this model to achieve more 
precise stroke rehabilitation evaluations.

5 Conclusion

By utilizing functional near-infrared spectroscopy (fNIRS) data 
and employing LASSO regression and logistic regression analysis, this 
study constructed an effective predictive model for upper limb motor 

FIGURE 5

Calibration curves for the training cohort and the validation cohort. (A) Training Cohort. (B) Validation Cohort.

FIGURE 6

Decision-curve analysis.
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dysfunctions after ischemic stroke and developed a nomogram 
prediction tool. This tool demonstrated good discriminative ability 
and clinical net benefit in both the training and validation cohorts. 
The findings highlight the potential of fNIRS in stroke rehabilitation 
assessment and provide clinicians with an assessment tool based on 
objective physiological data, facilitating the development of 
personalized rehabilitation plans. However, due to the limitations of 
sample size and single-center study, the conclusions of this study 
require further validation in a broader patient population and 
multicenter studies.
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