

Predicting Umbilical Cord Blood Quality Using a Dynamic Nomogram Model: Evidence from a Cord blood Blood cohortCohort, China	Comment by Kevin: Note that I have followed your style and format as closely as possible, making changes only when necessary (e.g., for consistency). Remember to carefully review the journal guidelines. It may also be useful to consult recent papers from the journal.

Abstract
[bookmark: OLE_LINK2]Background and ObjetivesObjectives: This The aim of this study aimed was to quantitatively identify factors affecting the quality of cord blood units and to construct a predictive nomogram model for evaluating the their eligibility qualificationof cord blood bank.
Methods: Complete cord blood data from 19,825 donors inat the Tianjin Public Cord Blood Bank were divided into a training set and an external validation set based on the donors' household registration locations. Participants were categorized into a qualified group and an unqualified groups according to the eligibility criteria. Univariate analysis and least absolute shrinkage and selection operator regression were used to identify important predictive variables, while. Multivariate multivariate logistic regression analysis was performed to determine the independent factors.	Comment by Kevin: Here and elsewhere in the manuscript: Is this the correct name of the cord blood bank? Should it be “Tianjin Cord Blood Bank”?	Comment by Kevin: It would be helpful to provide some information on these criteria, such as examples. For instance: "...according to eligibility criteria (e.g., total nucleated cell count ≥ 2.5 × 109, volume ≥ 40 mL post-processing)".
[bookmark: _Hlk213679551]Results: Maternal age, gestation period, number of pregnancies, number of deliveries, method of childbirth, birth weight of the newborn, infant gendersex, infant anomalypresence of infant anomalies, cord blood collection volume, and collection method were selected identified as independent predictors to for develop developing a predictive prediction model. ROC curve analysis showed that the AUC of the nomogram was 0.876 (95% CIconfidence interval: 0.869-–0.883) in the training set and 0.892 (95% CIconfidence interval: 0.883-–0.901) in the validation set. The Brier score BS and calibration curves showed demonstrated a strong alignment between the predicted and actual results. Decision curve analysis indicated that, when the risk threshold was aboveexceeded a certain value, the nomogram provided a clear net clinical benefit. The nomogram was further developed into a dynamic web-based tool for predicting cord blood quality .
Conclusions: The Our nomogram model demonstrates high accuracy and in predictive predicting value in assessing the eligibility qualification status of cord blood qualityunits.
Keywords: Umbilical cord blood; Quality assessment; Dynamic nomogram model



Introduction
[bookmark: OLE_LINK6][bookmark: OLE_LINK7]Umbilical cord blood (UCB) is collected from the umbilical vein after the delivery of a newborn and is rich in hematopoietic stem cells. UCB is often cryopreserved by qualified cord blood banks with the appropriate qualifications. It and is widely used in hematopoietic stem cell transplantation (HSCT) to treat hematologic diseases such as leukemia and lymphoma[1,2]. AdditionallyIn addition, due to its excellent differentiation potential, UCB has is gaining gained increasing attention in regenerative medicine, with applications in the treatment of non-hematologic diseases, including cerebral palsy, autism, diabetes, and retinal diseases. Its immunomodulatory functions also demonstrate potential value in autoimmune and inflammatory diseases[3–9].
However, UCB the storage and application of UCB are limited by quality issues, and. Studies have shown that a significant proportion of UCB samples are are discarded due to quality failures. For example, in the Milano Cord Blood BankMilan UCB Bank, 56% of the 3,842 samples collected between 1997 and 1998 were not stored, with 32.3% discarded due to insufficient cell count counts or positive virus screening results[10]. A Domestic Chinese studies study found have also shown that the eligibility qualification rate for UCB storage in Liaoning Province was only 35.6% between 2009 and 2011, and that with 65.1% were discarded due to insufficient total nucleated cell (TNC) counts[11]. TNC and CD34++ cell counts are key indicators for of successful transplantation and important criteria for UCB quality assessment[12,13]. Recent studies have focused on optimizing umbilical UCB preservation techniques. Notably, Cheng et al.[14] et al. systematically elucidated the functional evolution of cryopreserved UCB over 20 years, providing critical theoretical support for long-term clinical preservation. Quality issues not only lead to resource wastage but also impact public willingness to donate. Therefore, it is essential to improving improve the quality of UCB is essential.	Comment by Kevin: Can you provide a reference for this statement?
It is difficult to evaluate Evaluation of the quality of UCB units using a single indicator or a one-time assessment is difficult. Logistic regression models are commonly used In in UCB quality prediction studies, logistic regression models are commonly used, typically constructing predictive equations through regression coefficients and presenting results using visual tools such as forest plots. In recent years, nomograms have been widely applied in clinical event probability prediction due to their intuitiveness and interpretability, aiding which aid in stratified management and decision optimization. However, most studies only conduct internal validation alone, lacking without external validation, which affects the model's generalizability. In Accordingly, in this the present study, we used data from a public cord blood bank in China we to constructed a training set and an external validation set in order , based on data from a public cord blood bank in China. The to study analyzed key obstetric factors variables affecting UCB quality from obstetric factors and developed a predictive nomogram model. The mModel's performance was evaluated through external validation., aiming Our aim was to enhance the accuracy of UCB quality screening and provide scientific evidence for the optimized use of UCB resources.	Comment by Kevin: It would be useful to provide references for some of these studies.

Methods
Study participants
This study was registered with ClinicalTrials.gov (NCT07249099). and involved This study conducted a retrospective analysis of the UCB-related cohort data from of 19,825 donors recorded in the cord blood production systemregistered with  of the Tianjin Public UCB Bank between February 2001 and October 2023. The geographical distribution of UCB donors based on household registration locations (Figure 1A), as well as annual UCB collection volume (Figure 1B), and the associated analysis flow (Figure 1C), are shown in Figure 1. 
The data registration information of the cord blood bank covers includes donors from 21 provinces across China, with approximately 51.89% of donors originating from Tianjin. All participating mothers delivered in hospitals located in Tianjin, where umbilical cord bloodUCB was collected at the time of delivery. The collected UCB samples were subsequently processed and stored at the Tianjin Public UCB Bank under standardized procedures. A unified quality evaluation criterion (TJCBB-QS-009 Cord Blood Registration Standard, version 8.3) was applied to all samples. This study was approved by the Ethics Committee (No. QTJC2025029-EC-1) of the Institute of Hematology, Chinese Academy of Medical Sciences (IHCAMS), and all mothers (donors) cases obtained provided signed informed consent forms for UCB donation from the mothers (donors).
A total of 19,825 umbilical cord bloodUCB samples were collected, and a with a total collection volume of of about approximately 2.41 × 10^6 mL. The data indicate that the initial total collection volume value in 2001 was 2.08 × 10^5 mL in 2001, followed by a low point in 2006 (6,916 mL) and a secondary peak in 2011 (1.51 × 10^5 mL). The highest recorded collection volume was observed Ultimately, a historical peak was reached in 2022 (3.11 × 10^5 mL), with reflecting the an overall collection volume showing an increasing trend over the study period. Donor UCB was classified as either qualified or unqualified according to the TJCBB-QS-009 Cord Blood Registration Standard (version 8.3) (Table S1). 
For model development and validation, the dataset was divided based on the donors’ household registration locations. Specifically, the training set included donors whose registered residence was in Tianjin (n = 10,288), while the external validation set included donors from regions outside Tianjin (n = 9,537). Data from the training set were used for model development, while data from the external validation set were used for model validation. 

[image: ]
Figure 1. The geographical Geographical distribution of UCB donors based on household registration locations (Figure 1A), annual cord blood collection volume (Figure 1B), and the associated analysis flow (Figure 1C).

UCB Collection collection and Processingprocessing
After delivery of the fetus, UCB was collected under strictly sterile conditions. Upon completion of collection, tThe samples were then transported by designated personnel to the Tianjin Cord Blood Hematopoietic Stem Cell Bank, where processing and separation were completed within 24 hours.
Both the collected UCB and the corresponding maternal blood were tested using enzyme-linked immunosorbent assay (ELISA) and nucleic acid amplification techniques. The screening included markers for hepatitis B virus (HBV), hepatitis C virus (HCV), Treponema pallidum (syphilis), human immunodeficiency virus (HIV), and cytomegalovirus (CMV). In addition, an automated blood culture system was used to detect aerobic and anaerobic bacterial contamination in UCB samples.
UCB separation and cryopreservation were performed by adding 6% hydroxyethyl starch at a volume ratio of UCB to hydroxyethyl starch of 5:1. Hematopoietic stem cells were isolated using a three-step centrifugation method and transferred into cryogenic storage bags. Cryoprotectant (DMSO: dextran = 1:1) was then added at a ratio of 1:4 (cryoprotectant: to separated cord blood). Following controlled-rate freezing using a programmable freezer, the samples were stored in liquid nitrogen at −-196 °C for long-term preservation. Each UCB unit was tested for cell viability, total nucleated cell (TNC) count, CD34+⁺ cell count, and colony-forming units (CFUs).

Cell Countingcounting
A five-part hematology analyzer was used to determine the white blood cell (WBC) concentration in UCB. The total nucleated cell (TNC) count was calculated using the formula: TNC = WBC × volume (L). The proportion of CD34+⁺ cells among TNCs was measured using a BD Biosciences flow cytometer. The absolute number of CD34⁺+ cells was then calculated using the formula: CD34⁺+ cell count = TNC × percentage of CD34⁺+ cells.	Comment by Kevin: The city, state if US, and country should generally be provided for all suppliers (but only the first time a specific supplier is mentioned). This depends on the target journal, however.

It would be useful as well to give the flow cytometer model (e.g., "using a FACSCalibur flow cytometer (BD Biosciences)".

Study Variablesvariables
Several categories of variables were examined. Maternal factors:  included demographic and clinical characteristics such as maternal age, ethnicity, and nutritional status, as well as reproductive history (number of pregnancies, number of deliveries, artificial insemination) and medical background (history of past illnesspast medical history, family medical history, present current medical history, and medication history)., physical Physical examination findings, cytomegalovirus (CMV) screening results, gestation period, number of pregnancies, number of deliveries, artificial insemination, chromosomal abnormalityabnormalities, illness during pregnancy, method of childbirth, and abnormal labor were also recorded. 
Neonatal factors comprised: birth weight of the newborn, infant gendersex, Apgar score, infant anomaly, blood type, and Rh blood group, and the presence of infant anomalies. Finally, 
Ccollection-related factors: included volume of UCB volume and the methods of collection.

Variable Definitionsdefinitions
Before least absolute shrinkage and selection operator (LASSO) modeling, restricted cubic spline (RCS) regression was applied to the volume of UCB collection volume, and the volumes were grouped grouping was determined based on the knot points corresponding to the minimum Akaike Information Criterion (AIC). The vVolumes was were categorized into three groups: ≤94 mL, 94-–140 mL, and >140 mL.
According to the 5th edition of Pediatrics[15,16] and the actual distribution of the data, the following groupings were applied.: Maternal age was divided into three groups: <28 years, 28–32 years, and ≥32 years, <28 years, and 28-32 years, with 28-–32 years considered the optimal childbearing age. Gestational age was categorized as <37 weeks (preterm), 37-–41 weeks (full-term), and >41 weeks (post-term). The birth weight of the newborn was categorized as <2,500 g (low birth weight), 2,500-–4,000 g (normal birth weight), and >4,000 g (macrosomia).	Comment by Kevin: I cannot find this source online. Please check and amend if necessary.

Statistical Analysisanalysis
Count data were are expressed as relative frequencies, and group comparisons were performed using the chi-squareχ² test. For ordinal data, the rank-sum test was used. Prior to model development, missingness was assessed for all candidate variables. For variables with a missing rate below 5%, missing values were imputed using the median for continuous variables and the mode for categorical variables, whereas variables with a missing rate of 5% or higher were handled using multiple imputation. Variables with a missing rate of 20% or higher were excluded from the analysis. Continuous variables were screened for potential outliers using boxplots and the interquartile range (IQR) method. Values considered implausible and suggestive of data -entry errors were checked and corrected where possible, whereas genuine extreme values were retained to preserve the real-world distribution of the data. All preprocessing procedures were performed before LASSO variable selection. 
LASSO regression was employed to identify factors influencing UCB quality, with the optimal λ parameter determined by 10-fold cross-validation. The λ value that minimized the cross-validation error was selected as the final model's optimal parameter, and the corresponding number of non-zero coefficients was recorded. Missing values for categorical variables were addressed by imputing the mode of the significant variables. Multivariate logistic regression was used to explore the independent factors affecting UCB quality. Variables included in the regression model were required to meet statistical significance, low multicollinearity, and strong predictive value. A P-value of <0.05 was considered statistically significant.
Variables were selected based on binary logistic regression, and a nomogram was constructed to visually display the relationship between the variables and the predicted probability. The nomogram assigns a corresponding score for each variable on the axis, and the total score is calculated to predict UCB quality. Internal validation was performed using 1,000 bootstrap resamplingresamples, and external validation was based conducted on an independent dataset. The For each resample, bootstrap method involved reconstructing the model was refitted by repeatedly resampling the data 1000 times and calculating the concordance index was calculated.
Model evaluation was performed using the receiver operating characteristic (ROC) curve, calibration curve, Hosmer–Lemeshow(H-L) goodness-of-fit test, Brier score, and decision curve analysis (DCA). The ROC curve was used to assess the model's discriminative abilityperformance of the model. An aArea under the curve (AUC) values between 0.50 and 0.70 indicates low accuracy, values; between 0.71 and 0.90 indicates moderate accuracy,; and values above 0.90 indicates high accuracy[17]. Calibration Model calibration of the model was evaluated using the calibration curve, the Hosmer–Lemeshow goodness-of-fit test, and the Brier score. The H-LHosmer–Lemeshow test was used to assess the agreement between predicted and observed outcomes, with a P-value greater than 0.05 indicating good model fit. The Brier score was used to evaluate the overall accuracy of probabilistic predictions in both the training and validation sets. The score ranges from 0 to 1, with lower scores indicating better predictive accuracy and calibration. DCA was performed to evaluate the clinical usefulness of the nomogram by quantifying the net benefit at different threshold probabilities. Data analysis and processing in this study were performed using R software (version 4.4), and the rms and DynNom packages were used to construct the nomogram.	Comment by Kevin: Note that I have removed any abbreviations that are not used often enough to warrant their establishment. In this case, “H-L” was defined here and used just twice more.

I have left some abbreviations that are only used once (e.g., ELISA, HBV) because those abbreviations are possibly better known than the full terms.	Comment by Kevin: Or "values below 0.70"? Lower values would typically also be considered in ROC curve analysis.

Sensitivity analyses


To assess the potential impact of missing- data handling on model performance, a sensitivity analysis was conducted using complete-case data. The model developed from the imputed dataset was then applied to the complete-case dataset, and model discrimination was re-evaluated. To evaluate potential interaction effects and further assess model robustness, additional LASSO models incorporating clinically plausible interaction terms were constructed, including interactions between maternal age and number of deliveries, gestational period and birth weight, and mode of delivery and collection method. Model performance was compared with the main-effects model using discrimination (AUC), calibration analysis, and the DeLong test. In addition, likelihood ratio tests were performed to compare nested models and to assess whether the inclusion of interaction terms significantly improved model fit. Model parsimony and discrimination were jointly considered in the selecting selection of the final model.
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Resultsmodel.

Results
Maternal and Neonatal neonatal Characteristicscharacteristics
Among the 19,825 mothers who donated UCB, 16,785 (84.67%) had UCB units that met the quality standards, while 3,040 (15.33%) were deemed non-compliant. The average maternal age was 29.73 ± 4.58 years, with 98.8% identifying as of Han ethnicity. The mean gestational age was 38.94 ±  ± 1.18 weeks, the average number of pregnancies was 1.60 ±  ± 1.11, and the average number of deliveries was 0.53 ±  ± 0.65. The mean birth weight of the newborns was 3,440.10 ±  ± 446.40 gramsg, and. The the mean UCB collection volume of UCB was 123.30 mL. Cesarean section was the mode of delivery for 92.6% of the mothers, and 50.9% of the newborns were male. In 72.4% of the cases, UCB was collected during the third stage of labor and by ex -utero methods. Detailed maternal and neonatal characteristics are presented in Table 1.

Table 1. Clinical characteristics of maternal donors and neonatal (n=n = 19,825)
	Characteristics
	Participants (n=n = 19,825)

	Maternal age (years)
	29.73 ± 4.58

	Ethnicity
	

	Han ethnic group
	18,813 (98.8)

	Ethnic minority group
	231 (1.2)

	Gestation period (weeks)
	38.94 ± 1.18

	Number of pregnancies
	1.60 ± 1.11

	Number of deliveries
	0.53 ± 0.65

	Birth weight of the newborn (g)
	3,440.10 ± 446.40

	Method of childbirth
	

	Cesarean section
	18,364 (92.6)

	Vaginal delivery
	1,461 (7.4)

	Infant gendersex
	

	Male
	9,702 (50.9)

	Female
	9,344 (49.1)

	Umbilical cord blood collection volume (mL)
	123.30 ± 47.60

	Collection method
	

	The third Third stage of labor
	5,189 (26.2)

	The tThird stage of labor and in vitro
	14,352 (72.4)

	In vitro
	284 (1.4)

	Note: Data are number (%) or mean ± SD.



Statistics on Reasons for Umbilical Cord Blood UCB Discarddiscard
From 2001 to 2023, a total of 19,825 UCB samples were collected by the Tianjin Cord Blood Hematopoietic Stem Cell Bank, of which 16,785 samples (84.67%) were deemed qualified, and 3,040 samples (15.33%) were deemed unqualified. Table 2 summarizes the The reasons for reasons for discard and their respective proportions are summarized in Table 2. 
The data show that the primary reason for discard was insufficient volume (60.46%), followed by clotting (23.30%) and insufficient cell count (15.30%). Other reasons, such as delayed collection, delayed collection with low volume, or clotting, accounted for a smaller proportion.

Table 2. Reasons and Proportions rates for of cord blood unit Discarding discard (n = 3,040) Cord Blood Units
	Reason for Discarddiscard
	Number of Samplessamples, n
	Percentage of Total total Discard discard (%)

	Delayed Collectioncollection
	42
	1.38

	Delayed Collectioncollection +, Insufficient insufficient Volumevolume
	2
	0.07

	Delayed Collectioncollection +, Clottingclotting
	3
	0.10

	Insufficient Volumevolume
	1,818
	59.80

	Insufficient Volumevolume +, Clottingclotting
	18
	0.59

	Clotting
	687
	22.60

	Insufficient Cell cell Countcount
	465
	15.30

	Other
	5
	0.16



Univariate analysis was conducted to compare various maternal and neonatal factors between qualified and unqualified UCB units (Table S2). The results indicated that 18 variables were significantly associated with UCB quality (P < 0.05), including maternal age, nutritional status, history of past illnesspast medical history, CMV presence, gestation period, number of pregnancies, number of deliveries, artificial insemination, chromosomal examination, illness during pregnancy, method of childbirth, birth weight of the newborn, infant gendersex, Apgar score, infant anomalypresence of infant anomalies, Rh blood type, UCB collection volume, and collection method. Details are provided in Table S2.

Comparison of Baseline baseline Characteristics characteristics Between between the Training training and Validation validation Setssets
Among the 10,288 mothers in the training set who donated UCB, 8,244 samples (80.1%) were qualified. In the validation set, 8,541 out of the 9,537 donated UCB samples (89.6%) were deemed qualified. A cComparisons of 20 variables between the training and validation sets,— including maternal age, nutritional status, history of past illnesspast medical history, family medical history, present current medical history, medication history, CMV presence, gestation period, number of pregnancies, number of deliveries, artificial insemination, chromosomal abnormality, illness during pregnancy, method of childbirth, birth weight of the newborn, Apgar score, infant anomalypresence of infant anomalies, RHRh group, UCB collection volume, and collection method revealed statistically significant differences between the training and validation sets (P < 0.05), as shown in (Table S3). Due However, to given the large sample size, several variables showed these statistically significant differences between the two datasets. However, these differences were relatively small in magnitude and were unlikely to have be clinically relevantsubstantial clinical significance.

LASSO Analysisanalysis
Before conducting LASSO modeling, variables with found to be statistically significant (P < 0.05) identified from in univariate analyses of maternal and neonatal characteristics were selected as independent variables, with UCB quality (qualified vs. unqualified) as the dependent variable. Continuous variables were categorized, and rare categories were examined and addressed prior to the LASSO regression analysis. As the penalty parameter λ increased, the coefficients of the independent variables were progressively shrunk shrank (Figure S1A). The optimal λ value (λ = 0.00120) was determined based on the minimum cross-validation error using 10-fold cross-validation (Figure S1B). The results suggest suggested that maternal age, gestation period, number of pregnancies, number of deliveries, method of childbirth, birth weight of the newborn, infant gendersex, infant anomalypresence of infant anomalies, UCB collection volume, and collection method may be independent influencing factors for UCB qualification.	Comment by Kevin: The intended meaning here is unclear. How were the continuous variables categorized? What determines whether a variable is "rare"? And how were these categories addressed?

Multivariate Logistic logistic Regression regression Analysisanalysis
The ten 10 variables identified by LASSO regression were included in a multivariate logistic regression model, and independent predictors of UCB quality were further selected using a stepwise selection method. The results demonstrated that maternal age, gestation period, number of pregnancies, number of deliveries, method of childbirth, birth weight of the newborn, infant anomalypresence of infant anomalies, UCB collection volume, and collection method were all independent factors associated with UCB quality. Detailed results are presented in Table S4.
 
Construction of a Nomogram nomogram Model model for Predicting predicting Cord cord Blood blood Qualityquality
Using We next used binary logistic regression analysis to develop a regression equation that predictsing the impact of relevant factors on UCB quality. The variables included in the regression model were selected to ensure statistical significance, low multicollinearity, and strong predictive value. A total of 10 Ten variables were incorporated into the nomogram model for predicting UCB quality: maternal age, gestation period, number of pregnancies, number of deliveries, method of childbirth, birth weight of the newborn, infant gendersex, infant anomalypresence of infant anomalies, UCB collection volume, and collection method (Figure 2). The nomogram model was further developed into a dynamic web-based tool for predicting cord blood quality (link: https://medicin.shinyapps.io/dynnomapp/).
[image: ]Figure 2. The nNomogram model for predicting the eligibility of umbilical cord blood qualityqualification status.

The establishment Establishment and evaluation of the nomogram model in the training set
In the training set, the C-index of the nomogram model was 0.873, and the AUC of the ROC curve was 0.876 (95% confidence interval [CICI]: 0.869-–0.883) (Figure 3A). The sensitivity was 90.22%, the specificity was 75.33%, and the accuracy was 78.28%, indicating excellent discrimination discriminative ability of the model. The calibration curve of the nomogram showed good agreement between the predicted and observed probabilities, with the curve generally located close to the reference line (Figure 3B). In addition, the H-LHosmer–Lemeshow goodness-of-fit test yielded a P-value of 0.288, indicating no evidence of a lack of fit between predicted and observed outcomes. DCA (Figure 3D) indicated demonstrated that the nomogram provided a meaningful clinical net benefit when the predicted risk threshold was greater than 0.3. The Brier score was 0.107, suggesting good overall predictive accuracy of the model.	Comment by Kevin: Figures should be called out in order, which means that Figure 3C should be mentioned in the text before Figure 3D. Can you rearrange the figure so that the AUC results are shown in 3C and the DCA results are in 3D?

Validation of the Nomogram nomogram Model model in the External external Validation validation Setset
In the external validation set, the AUC of the nomogram model was 0.892 (95% CICI: 0.883-–0.901) (Figure 3C) and had, with a sensitivity of 86.66%, specificity of 78.59%, and accuracy of 79.43%, indicating excellent discriminatory power. The Brier score was 0.071, indicating suggesting good overall probabilistic prediction accuracy. These results indicate that the nomogram model maintained good discrimination and predictive performance in an independent population. Importantly, the stable performance across the training and geographically distinct validation datasets suggests that the model has good generalizability for predicting UCB quality.
[image: ]
Figure 3. Evaluation and validation of a nomogram model for predicting the qualified umbilical cord blood qualityqualification.
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Sensitivity Analysesanalyses
Among the variables included in the prediction model, missingness was generally low. In the sensitivity analysis using complete-case data, the model showed similar discrimination (AUC = 0.863, 95% CICI: 0.855-–0.871) compared withto the primary analysis based on the imputed dataset. An additional LASSO model incorporating biologically plausible interaction terms was constructed to assess potential interaction effects. Compared with the main-effects model, the interaction model showed a reduction in deviance.; howeverHowever, this improvement did not reach statistical significance based on the likelihood ratio test (χ² = 16.81, df = 9, P = 0.052), suggesting that the inclusion of interaction terms did not provide a significantsignificantly improvement in model fit. In terms of predictive performance, the interaction model showed similar calibration but a slightly lower AUC (0.864, 95% CICI: 0.846-–0.882) than compared with the main-effects model. The DeLong test indicated a statistically significant difference (P = 0.024). Therefore, the main-effects model was retained because ofdue to its greater parsimony.

Discussions
[bookmark: OLE_LINK1]The process of UCB collection poses no risk to the mother or infant, and it cord blood is rich in hematopoietic stem cells (HSCs) as well as and various other progenitor cells, which possess significant regenerative potential and can play an important major role in tissue repair. Furthermore, the immune cells in UCB are in an immature state, exhibiting low immunogenicity. When used for autologous transplantation, no matching is required, effectively avoiding graft-versus-host disease (a-GVHD)[18,19]. In recent years, UCB has become a majorn important source of cells widely applied in the medical field. Establishing The establishment of a methodology for analyzing the data of from UCB donors and newborns can help to optimize the resource management of public cord blood banks and guide the their UCB collection strategies of these banks.
This In this study, we developed a predictive prediction model for UCB quality by integrating LASSO-based variable selection and nomogram visualization, offering a novel and practical methodology in the field. Unlike traditional logistic regression models with forest plot outputs, our approach enables individualized predictions while improving model interpretability and generalizability. 
Based on 19,825 cases samples from a public cord blood bank, we identified several maternal, neonatal, and collection-related factors associated with UCB quality. Favorable outcomes were more related to likely among mothers aged maternal age <28 years, gestational age between of 37–41 weeks, first-time deliveriesdelivery, vaginal delivery, female infant sexs, birth weights of 2,500–4,000 g, absence of neonatal abnormalities, collection volumes >94 mL, and the use of third-stage collection procedures. These findings are partially consistent with previous studies, although certain variables, —such as maternal age and infant sex, —remain controversial in the literature[20–29].
 Our inclusion of neonatal abnormalities as a predictive factor is also novel and may reflect placental or fetal dysfunction affecting stem cell viability. Importantly, collection-related variables, particularly volume and timing, were shown to be strong predictors of UCB quality. Third-stage collection and larger volumes (>94 mL) were positively associated with higher CD34++ cell counts and TNC levels, thereby which enhancing enhance the utility and clinical applicability of stored CB cord blood units[30–32]. Based In particularon 19,825 cases from a public cord blood bank, we identified several maternal, neonatal, and collection-related factors associated with UCB quality. Consistent with these findings, insufficient collection volume emerged as the primary reason for unit discard in our cohort, accounting for 59.80% of all discarded units. This underscores the critical role of factors that influence cord blood collection volume.
 In addition to placental and gestational factors, procedural aspects of cord blood collection can substantially influence affect the final collection volume. Previous studies have reported that delayed cord clamping is associated with reduced collection volume and lower total nucleated cellTNC counts[33,34],; whereas collection before placental delivery generally yields larger volumes and higher TNC counts[28]. Standardized venipuncture techniques, avoidance of placental injury, and appropriate anticoagulant ratios are also considered important for improving effective volume and quality parameters[[35]. Furthermore, several studies have suggested that standardized protocols and experienced collection teams may increase the proportion of qualified cord blood units[36]. Similar associations between maternal, neonatal, and collection-related factors and cord blood quality have been reported across multiple regions in China and in international cohorts (e.g., Japan, the United Kingdom, and the United States), supporting the consistency of our findings with existing evidence. However, external validation of the present model remains is necessary.	Comment by Kevin: References should be provided for this statement.
This study is the first to integrate a nomogram approach into UCB quality prediction, introducing an innovative strategy that combines variable selection with visualized modeling. The nomogram demonstrated satisfactory discriminatory ability and calibration, reaffirming . The results indicated that UCB quality is influenced by maternal characteristics, neonatal factors, and collection methods. Specifically, younger maternal age, full-term pregnancy, primiparity, higher neonatal birth weight, absence of neonatal abnormalities, larger collection volume, and collection during the third stage of labor were all associated with higher UCB quality. Cord blood banks may could use these maternal, neonatal, and collection-related predictors to identify optimal UCB units. Consideration Moreover, consideration of these variables during the collection process can help to improve the quality of banked stem cells while avoiding unnecessary costs. 
However, this study has some limitations. Firstly, although while standardized procedures were followed in this study, certain predictors (e.g., mode of delivery and collection method) may partly reflect local institutional practices patterns. Therefore, the effects of these variables may not be fully generalizable to other centers or settings, and residual center-related variability cannot be completely excluded. Secondly, although the donors were recruited from multiple provinces across China, this study was conducted within a single center (the Tianjin Cord Blood Bank). Population-specific factors in China, —such as demographic characteristics, reproductive policies, and obstetric care practices, —may differ from those in other regions, potentially limiting the model’s applicability and generalizability of the model to other countries or settings. Therefore, further external validation using independent multicenter and international datasets remains is warranted. Thirdly, due to the retrospective design and database structure, detailed procedural variables (e.g., collection timing and operator experience) were unavailable, limiting the evaluation of modifiable factors associated with insufficient collection volume. Future pProspective studies are needed to further explore these factors. AdditionallyIn addition, although some potential impacts of interaction effects on the model was were discussed, some other relevant interactions among predictors may not have been fully accounted for, which could further limit the ability of the model to capture elucidate their interdependent effects on UCB quality.

Conclusion
In conclusion, tThis study established a predictive prediction model integrating LASSO-based variable selection and a nomogram to enable multifactorial evaluation and individualized prediction of UCB quality, improving both clinical applicability and generalizability. 
With ongoing advancements in statistical modeling, such approaches are expected to play an increasingly important role in UCB research, —extending beyond quality prediction to the optimization of collection strategies, standardization of storage procedures, and prediction of transplantation outcomes. These developments will contribute to the more efficient use of UCB resources and promote the integration of precision medicine into clinical practice.
[bookmark: _GoBack]
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