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Thalassemia is one of the inherited hemoglobin disorders worldwide, resulting in ineffective erythropoiesis, chronic hemolytic anemia, compensatory hemopoietic expansion, hypercoagulability, etc., and when a mother carries the thalassemia gene, the child is more likely to have severe thalassemia. Furthermore, the economic and time costs of genetic testing for thalassemia prevent many thalassemia patients from being diagnosed in time. To solve this problem, we performed least absolute shrinkage and selection operator (LASSO) regression to analyze the correlation between thalassemia and blood routine indicators containing mean corpuscular volume (MCV), mean corpuscular hemoglobin (MCH), mean corpuscular hemoglobin concentration (MCHC), and red blood cell (RBC). We then built a nomogram to predict the occurrence of thalassemia, and receiver operating characteristic (ROC) curve was used to verify the prediction efficiency of this model. In total, we obtained 7,621 cases, including 847 thalassemia patients and 6,774 non-thalassemia. Among the 847 thalassemia patients, with a positivity rate of 67.2%, 569 cases were positive for α-thalassemia, and with a rate of 31.5%, 267 cases were positive for β-thalassemia. The remaining 11 cases were positive for both α- and β-thalassemia. Based on machine learning algorithm, we screened four optimal indicators, namely, MCV, MCH, RBC, and MCHC. The AUC value of MCV, MCH, RBC, and MCHC were 0.907, 0.906, 0.796, and 0.795, respectively. Moreover, the AUC value of the prediction model was 0.911. In summary, a novel and effective machine learning model was built to predict thalassemia, which functioned accurately, and may provide new insights for the early screening of thalassemia in the future.
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1 Introduction

Thalassemia, a prevalent monogenic disease worldwide, leads to hemolytic anemia due to impaired globin synthesis (1, 2). It is particularly prevalent in regions such as South Africa, the Middle East, and Southeast Asia, as well as in low- and middle-income areas like coastal cities in southern China and rural areas in western China. China bears the highest burden of thalassemia globally, with approximately 30 million individuals affected by thalassemia-related mutations and 3 million suffering from moderate to severe forms, posing significant challenges to families and society (3–5). Due to the autosomal recessive inheritance pattern of thalassemia, parents who are asymptomatic can still have children affected by thalassemia. When both parents carry the thalassemia gene, there is a substantial likelihood of their child developing severe thalassemia, which typically necessitates lifelong blood transfusions and is accompanied by various complications. This imposes a significant burden on affected children, their families, and society. Consequently, early detection of thalassemia during pregnancy assumes paramount importance. Existing approaches for thalassemia screening and diagnosis encompass osmotic fragility tests, assessment of red blood cell (RBC) smears, identification of inclusion bodies, evaluation of red blood cell indices, hemoglobin electrophoresis, high-performance liquid chromatography (HPLC), and genetic testing (6, 7). However, the cost and time associated with genetic testing often hinder timely diagnosis for many thalassemia patients. Conversely, blood routine indicators play a crucial role in the early identification of thalassemia due to the widespread availability of blood routine tests and the ability to distinguish different types of anemia based on red blood cell morphology (8, 9).

In this study, we analyzed the genetic test and blood routine results of 7,621 pregnant women being tested for thalassemia in the Jiangjin area of Chongqing from 2018 to 2022. Additionally, we employed a machine learning model to investigate the predictive value of blood routine indicators for thalassemia. The goal was to offer novel strategies for the early diagnosis, genetic counseling, and treatment of thalassemia in pregnant women within the Chongqing region.




2 Materials and methods



2.1 Patients

We conducted a retrospective study on thalassemia patients who were pregnant in the Jiangjin District, focusing on prenatal screening. From January 2018 to December 2022, blood routine and genetic tests for thalassemia were performed for the first time. After removing duplicates and cases with missing key information, a total of 7,621 cases were included in our analysis. This study received approval from the Medical Ethics Committee of The Second People’s Hospital of Jiangjin District, Chongqing.




2.2 Blood routine index test

The Sysmex XN-1000 automated blood cell analysis system along with its accompanying reagents were utilized to measure various hematological parameters, including red blood cell count (RBC), hemoglobin level (Hb), hematocrit level (HCT), mean corpuscular volume (MCV), mean corpuscular hemoglobin (MCH), mean corpuscular hemoglobin concentration (MCHC), and the standard deviation of red cell volume distribution width (RDW-SD).




2.3 Genetic testing for thalassemia

In our study, we employed polymerase chain reaction (PCR) in combination with diversion hybridization to detect various types of mutations and deletions associated with α-thalassemia and β-thalassemia. Specifically, we targeted three deletion types of α-thalassemia (i.e., –SEA, -α3.7 and -α4.2), three mutation types of α-thalassemia (CS, QS, and WS), as well as 17 mutation types of β-thalassemia [-28(A-G), -29(A-G), -30(T-C), -32(C-A), CD14/15(+G), CD17(A-T), CD27/28(+C), CD31(-C), CD41/42(-TCTT), CD43(G-T), CD71/72(+A), IVS-I-1(G-T,G-A), IVS-I-5(G-C), IVS-II-654(C-T), βE(G-A), CAP(A-C, A-AAAC), and Int(T-G)].




2.4 Model establishment

Data collation was conducted using Microsoft Excel (RRID : SCR_016137). The R Project for Statistical Computing (RRID : SCR_001905) was utilized for model establishment, training, verification of factors associated with hematological indicators, and thalassemia prediction. The samples were randomly divided into two parts: a training set and a validation set. The training set consisted of Type 1 [IVS-II-654 (C-T), 55 cases], Type 2 (–SEA/αα, 186 cases), Type 3 (-α3.7/αα, 287 cases), Type 4 [CD17 (A-T), 95 cases], and Type 5 [CD41-42 (-TCTT), 62 cases]. To identify the optimal indicators for the prediction model, least absolute shrinkage and selection operator (LASSO) regression was performed via the R package “glmnet”. The veen plot was visualized by the R package “ggVennDiagram”. The predictive accuracy of the model was verified using the receiver operating characteristic (ROC) curve by the R package “pROC”. Furthermore, a nomogram was constructed to establish the scoring criteria for the corresponding variables based on the coefficients of the LASSO regression model using the R package “rms”. The selected variables were plotted on the variable axis, and a straight line was drawn to determine the score for each variable value. Using the training set, the blood routine data were imported, and the scores corresponding to each variable were assigned. The total score was calculated by summing the scores of all variables. These data were then inputted into the linear predictor to predict the risk of thalassemia.





3 Results



3.1 Positive genetic types of thalassemia

Among the 7,621 cases analyzed, a total of 847 were identified as positive for thalassemia, resulting in a positivity rate of 11.11%. Specifically, 569 cases were positive for α-thalassemia, with a rate of 7.47%, while 267 cases were positive for β-thalassemia, with a rate of 3.50%. Furthermore, there were 11 cases that tested positive for both α- and β-thalassemia, as well as other combined genotypes, accounting for 0.14% of the cases. Compared to normal pregnant women, individuals with thalassemia exhibited decreased levels of hemoglobin (HGB), mean corpuscular volume (MCV), mean corpuscular hemoglobin (MCH), mean corpuscular hemoglobin concentration (MCHC), and increased red blood cell distribution width-standard deviation (RDW-SD) and red blood cell distribution width-coefficient of variation (RDW-CV). These findings are consistent with the clinical manifestations of small cell hypochromic anemia. Notably, the changes observed in individuals with β-thalassemia and α- combined β-thalassemia genotypes were more pronounced than those seen in individuals with α-thalassemia (as shown in Table 1).


Table 1 | The collected clinical information of all the data.






3.2 Analysis of the relevant coefficient of thalassemia

To identify the variables with the highest correlation to thalassemia, a LASSO prediction model was established using the data from the training set, which consisted of five thalassemia genotypes, namely, Type 1 [IVS-II-654 (C-T), 55 cases] (Figure 1A), Type 2 (–SEA/αα, 186 cases) (Figure 1B), Type 3 (-α3.7/αα, 287 cases) (Figure 1C), Type 4 [CD17 (A-T), 95 cases] (Figure 1D), and Type 5 [CD41-42 (-TCTT), 62 cases] (Figure 1E). Binomial deviation and Venn diagram analyses were employed to select the optimal variables (Figure 1F). As a result, four variables, namely, mean corpuscular volume (MCV), mean corpuscular hemoglobin (MCH), mean corpuscular hemoglobin concentration (MCHC), and red blood cell count (RBC), were found to have the strongest correlation with thalassemia. To validate the predictive performance of these variables, receiver operating characteristic (ROC) curve analysis was conducted. The area under the curve (AUC) (Figure 1G) was used to interpret the results, with values greater than 0.5 and closer to 1 indicating higher effectiveness. It was observed that MCV and MCH exhibited a higher correlation with thalassemia compared to RBC and MCHC.




Figure 1 | Least absolute shrinkage and selection operator (LASSO) prediction model was established using the data from the training set, which consisted of five thalassemia genotypes: (A) Type 1 [IVS-II-654(C-T), 55 cases], (B) Type 2 (–SEA/αα, 186 cases), (C) Type 3 (-α3.7/αα, 287 cases), (D) Type 4 [CD17(A-T), 95 cases], and (E) Type 5 [CD41-42(-TCTT), 62 cases]. (F) The veen plot of the LASSO result intersections among the five types. (G) The receiver operating characteristic (ROC) curve for the predictive value of each factor.






3.3 Establishment of a prediction model for thalassemia

Utilizing the correlation factors of MCV, MCH, RBC, and MCHC, a nomogram model (Figure 2A) was constructed, incorporating the scoring criteria for each variable derived from the coefficients of the LASSO regression model. The training set was selected to establish the scoring criteria for different variables. The receiver operating characteristic (ROC) curve analysis was performed to evaluate the predictive performance of MCV, MCH, RBC, and MCHC. The respective area under the curve (AUC) values were found to be 0.910, 0.909, 0.807, and 0.801 (Figures 2B–E). Furthermore, the AUC value of the overall model was determined to be 0.913 (Figure 2F). These results demonstrate that the prediction model effectively enhances the predictive power of these variables and reduces errors associated with using a single index alone.




Figure 2 | The nomogram and predictive efficiency of this model in the training set. (A) Construction of a predictive nomogram. The receiver operating characteristic (ROC) curve standing for the predictive efficiency of the correlation factors: (B) red blood cell (RBC), (C) mean corpuscular volume (MCV), (D) mean corpuscular hemoglobin (MCH), (E) mean corpuscular hemoglobin concentration (MCHC), and (F) the model.






3.4 Optimization of thalassemia prediction model

After observing the satisfactory performance of the model in the training set, we proceeded to fine-tune the variables to accommodate more complex data in the testing set (Figure 3A). As a result, the AUC values for MCV, MCH, RBC, and MCHC were found to be 0.907, 0.906, 0.796, and 0.795, respectively (Figures 3B–E). Notably, the overall model exhibited an AUC value of 0.911, indicating a strong predictive effect (Figure 3F). In the validation group, the addition of normal data for thalassemia and other genotypes led to a reduction in AUC. This adjustment was made to bring the model closer to real-world scenarios and enhance its reliability.




Figure 3 | The nomogram and predictive efficiency of this model in the testing set. (A) Construction of a predictive nomogram. The ROC curve standing for the predictive efficiency of the correlation factors: (B) red blood cell (RBC), (C) mean corpuscular volume (MCV), (D) mean corpuscular hemoglobin (MCH), (E) mean corpuscular hemoglobin concentration (MCHC), and (F) the model.







4 Discussion

The rapid advancement of artificial intelligence (AI) technology has garnered significant attention worldwide, particularly in the realm of disease diagnosis. Machine learning and other related technologies have been widely explored to aid in this process. In comparison to manual diagnosis, computer-based diagnostic methods offer increased accuracy and efficiency, effectively reducing the misdiagnosis rate. Consequently, these methods enable more effective disease diagnoses at a lower cost (10–12). By harnessing the power of big data and clinical information, machine learning techniques have greatly improved the accuracy and efficiency of clinical diagnoses. This progress has propelled laboratory medicine toward precision medicine and intelligent testing (13, 14). Applying machine learning to the early diagnosis of thalassemia, for instance, allows for the prediction of thalassemia types with higher severity using a blood sample with high prevalence. This approach can effectively reduce the cost and time required for genetic identification of thalassemia, enabling healthcare providers to initiate early treatment measures and offer prompt genetic counseling to pregnant women with thalassemia. Such efforts are important in reducing the birth rate of children with moderate and severe thalassemia and conducting population health surveys in middle and low-income areas.

In this study, a total of 7,621 pregnant women underwent blood routine and thalassemia detection. Among them, 569 cases of α-thalassemia were identified, yielding a positive rate of 7.47%. Additionally, 267 cases of β-thalassemia were detected, with a positive rate of 3.5%. Furthermore, 11 cases of α- combined with β-thalassemia were observed, resulting in a positive rate of 0.14%. These prevalence rates were found to be lower compared to coastal cities such as Guangdong, particularly in relation to α thalassemia, indicating a significant difference as compared to previous studies (4, 15). To mitigate the cost and time associated with genetic diagnosis of thalassemia, a machine learning model was constructed in this study. The model employed routine blood test results for thalassemia prediction. Among the five genotypes with the highest incidence of thalassemia [α3.7/αα, –SEA/αα, CD17 (A-T), CD41-42 (-TCTT), and IVS-II-654 (C-T)], the four coefficients that exhibited the highest correlation with thalassemia were selected: MCV, MCH, RBC, and MCHC. Notably, the prediction performance of MCV and MCH demonstrated superior results. These findings align with previous studies, which have consistently reported reduced MCV and MCH levels across almost all types of thalassemia (15–17).

The prediction model was developed using four variables: MCV, MCH, RBC, and MCHC. The model’s predictive performance was assessed using ROC analysis, yielding AUC values of 0.910, 0.909, 0.807, and 0.801, respectively. These results indicate significant diagnostic value for thalassemia detection. The overall AUC value of the model was found to be 0.913, surpassing the individual variables in terms of prediction accuracy. This result demonstrates the successful construction of the model. To further optimize the model for complex clinical data, adjustments were made to each variable. Subsequently, the entire dataset was utilized for verification purposes. The obtained AUC values for MCV, MCH, RBC, and MCHC were 0.907, 0.906, 0.796, and 0.795, respectively. These values were slightly lower than those obtained during the training phase. However, the model still exhibited a good prediction effect, with an overall AUC value of 0.911. This minor decrease in AUC can be attributed to the inclusion of data from normal pregnant women. Their physiological anemia can interfere with the model, but incorporating such data ensures that the predictive performance of the model aligns more closely with clinical reality, thereby holding significant clinical significance.

It is worth mentioning that the main positive data in the model primarily consist of common thalassemia genotypes, such as -α3.7/αα, –SEA/αα, and CD17 (A-T). Consequently, the model’s predictions may be more accurate for these genotypes. Furthermore, it is crucial to note that unlike the findings of Khan et al. and El-Beshlawy et al. (18, 19), the current model’s predictive capability is limited when it comes to β-thalassemia in regions such as Africa, the Middle East, and other areas, as it primarily focuses on Asia, where α-thalassemia is prevalent. Additionally, since the study subjects predominantly consist of pregnant women, the model may face challenges in accurately predicting thalassemia in men and children. Another limitation of the model is its current inability to differentiate between varying degrees of thalassemia severity, such as severe, moderate, or characteristic types. Furthermore, research by Ferih et al. (20) provides us with a good idea that our model may face challenges in distinguishing between thalassemia and iron-deficiency anemia, as the diagnosis of iron-deficiency anemia often requires additional hematological indicators that may not be fully incorporated into the current model, which need further study.




5 Summary

This study aimed to predict thalassemia in pregnancy by means of economical and rapid blood routine detection by establishing a data prediction model. Through the analysis of 7,621 cases, MCV, MCH, RBC, and MCHC were selected as high correlation indicators. Subsequently, a machine learning prediction model was constructed, incorporating these four indicators as variables, and the results were verified using ROC analysis. The AUC values for MCV, MCH, RBC, and MCHC were 0.907, 0.906, 0.796, and 0.795, respectively. In particular, the prediction model achieved an AUC value of 0.911, demonstrating its effectiveness in thalassemia prediction and provided a novel strategy for the early screening of thalassemia.





Data availability statement

The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation.





Ethics statement

The studies involving humans were approved by Ethics Committee of The Second People’s Hospital of Jiangjin District, Chongqing. The studies were conducted in accordance with the local legislation and institutional requirements. The human samples used in this study were acquired from primarily isolated as part of your previous study for which ethical approval was obtained. Written informed consent for participation was not required from the participants or the participants’ legal guardians/next of kin in accordance with the national legislation and institutional requirements.





Author contributions

YL: Writing – original draft, Writing – review & editing. WB: Writing – review & editing.





Funding

The author(s) declare financial support was received for the research, authorship, and/or publication of this article. This work was supported by the Science-Health Joint Medical Scientific Research Project of Chongqing (2022MSXM092).





Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.





References

1. Kattamis, A, Kwiatkowski, JL, and Aydinok, Y. thalassemia. Lancet. (2022) 399:2310–24. doi: 10.1016/S0140-6736(22)00536-0

2. Taher, AT, Weatherall, DJ, and Cappellini, MD. thalassemia. Lancet. (2018) 391:155–67. doi: 10.1016/S0140-6736(17)31822-6

3. Mo, D, Zheng, Q, Xiao, B, and Li, L. Predicting thalassemia using deep neural network based on red blood cell indices. Clin Chim Acta. (2023) 543:117329. doi: 10.1016/j.cca.2023.117329

4. Wang, WD, Hu, F, Zhou, DH, Gale, RP, Lai, YR, Yao, HX, et al. thalassemia in China. Blood Rev. (2023) 60:101074. doi: 10.1016/j.blre.2023.101074

5. Weatherall, DJ. The evolving spectrum of the epidemiology of thalassemia. Hematol Oncol Clin North Am. (2018) 32:165–75. doi: 10.1016/j.hoc.2017.11.008

6. Viprakasit, V, and Ekwattanakit, S. Clinical classification, screening and diagnosis for thalassemia. Hematol Oncol Clin North Am. (2018) 32:193–211. doi: 10.1016/j.hoc.2017.11.006

7. Achour, A, Koopmann, TT, Baas, F, and Harteveld, CL. The evolving role of next-generation sequencing in screening and diagnosis of hemoglobinopathies. Front Physiol. (2021) 12:686689. doi: 10.3389/fphys.2021.686689

8. Xu, M, Lin, G, Dong, Z, Wang, Q, Ma, L, and Su, J. Logistic-Nomogram model based on red blood cell parameters to differentiate thalassemia trait and iron deficiency anemia in southern region of Fujian Province, China. J Clin Lab Anal. (2023) 37:e24940. doi: 10.1002/jcla.24940

9. Zheng, S, Li, Q, Ou, T, Li, Y, and Wu, S. Clinical performance study of a new fully automated red blood cell permeability fragility analyzer. J Healthc Eng. (2022) 2022:5642907. doi: 10.1155/2022/5642907

10. Yuan, Y, Shi, C, and Zhao, H. Machine learning-enabled genome mining and bioactivity prediction of natural products. ACS Synth Biol. (2023) 12(9):2650–62. doi: 10.1021/acssynbio.3c00234

11. Othman, NA, Azhar, MAAS, Damanhuri, NS, Mahadi, IA, Abbas, MH, Shamsuddin, SA, et al. Optimization of identifying insulinaemic pharmacokinetic parameters using artificial neural network. Comput Methods Programs Biomed. (2023) 236:107566. doi: 10.1016/j.cmpb.2023.107566

12. Bar-On, M, Baharav, S, Katzir, Z, Mirelman, A, Sosnik, R, and Maidan, I. Task-related reorganization of cognitive network in Parkinson's disease using electrophysiology. Mov Disord. (2023) 38(11):2031–40. doi: 10.1002/mds.29571

13. Yuan, W, Zhi, W, Ma, L, Hu, X, Wang, Q, Zou, Y, et al. Neural oscillation disorder in the hippocampal CA1 region of different Alzheimer's disease mice. Curr Alzheimer Res. (2023) 20(5):350–9. doi: 10.2174/1567205020666230808122643

14. Rabbani, N, Kim, GYE, Suarez, CJ, and Chen, JH. Applications of machine learning in routine laboratory medicine: Current state and future directions. Clin Biochem. (2022) 103:1–7. doi: 10.1016/j.clinbiochem.2022.02.011

15. Xian, J, Wang, Y, He, J, Li, S, He, W, Ma, X, et al. Molecular epidemiology and hematologic characterization of thalassemia in Guangdong Province, Southern China. Clin Appl Thromb Hemost. (2022) 28:10760296221119807. doi: 10.1177/10760296221119807

16. Zhuang, J, Jiang, Y, Wang, Y, Zheng, Y, Zhuang, Q, Wang, J, et al. Molecular analysis of α-thalassemia and β-thalassemia in Quanzhou region Southeast China. J Clin Pathol. (2020) 73:278–82. doi: 10.1136/jclinpath-2019-206179

17. Chen, P, Lin, WX, and Li, SQ. THALASSEMIA in ASIA 2021: thalassemia in Guangxi Province, People's Republic of China. Hemoglobin. (2022) 46:33–5. doi: 10.1080/03630269.2021.2008960

18. Khan, AM, Al-Sulaiti, AM, Younes, S, Yassin, M, and Zayed, H. The spectrum of beta-thalassemia mutations in the 22 Arab countries: a systematic review. Expert Rev Hematol. (2021) 14:109–22. doi: 10.1080/17474086.2021.1860003

19. El-Beshlawy, A, Dewedar, H, Hindawi, S, Alkindi, S, Tantawy, AA, Yassin, MA, et al. Management of transfusion-dependent β-thalassemia (TDT): Expert insights and practical overview from the Middle East. Blood Rev. (2024) 63:101138. doi: 10.1016/j.blre.2023.101138

20. Ferih, K, Elsayed, B, Elshoeibi, AM, Elsabagh, AA, Elhadary, M, Soliman, A, et al. Applications of artificial intelligence in thalassemia: a comprehensive review. Diagnost (Basel). (2023) 13:1551. doi: 10.3390/diagnostics13091551




Publisher’s note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2024 Long and Bai. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Constructing a novel clinical indicator model to predict the occurrence of thalassemia in pregnancy through machine learning algorithm

      

        		

          1 Introduction

        



        		

          2 Materials and methods

        

          		

            2.1 Patients

          



          		

            2.2 Blood routine index test

          



          		

            2.3 Genetic testing for thalassemia

          



          		

            2.4 Model establishment

          



        



        



        		

          3 Results

        

          		

            3.1 Positive genetic types of thalassemia

          



          		

            3.2 Analysis of the relevant coefficient of thalassemia

          



          		

            3.3 Establishment of a prediction model for thalassemia

          



          		

            3.4 Optimization of thalassemia prediction model

          



        



        



        		

          4 Discussion

        



        		

          5 Summary

        



        		

          Data availability statement

        



        		

          Ethics statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Conflict of interest

        



        		

          References

        



      



      



    



  



OEBPS/Images/frhem-03-1341225-g001.jpg
1010776664321

0

8854311

10 10 9

7

10 10 8

= = o
S——— | o - ;
" 7 +
~ i
T o o
““““““““““““““““““ °_ . .
2 ° 2
22 ® 2
i
NI v 8
v © -
- @ o L
! @
° ?
" e
i o
e T
T T T —— 77—
SZ0 0z'o S0 91’0 vL'0 ZL0 0L0 800 900 +00
souensq eoug souemeq jenouig
-
Lo ;
Ly ¥
o 3 L
rv &8 °
e 5 * ?E
rT < o s
] B
/ © o -
/ Lo i
[ l @
[ [ 7
| ! e e
T T T T T T T T T '
oL 00 S0~ 80 90 o 20 00 ZTo-
[ e
[a] w
. = 2 - - .
e T ~ - =%
w | T - .
T - o~
® " o o
‘e w© 2 ©
" 2 N
T8 e ¢ ¥ .
® © -
) > v N
@ =)
T T T T il T T e T T
oo 800 900 00 9€°0 ve0 €0 L0 0L0 600 800 £00 900 SO0 PO
aoueinaq [elwoulg aoueineq [ soueIneq [eIWOUIg
L+ N . . _
e _— ~
© = w
Le g "3 o
&, iE ( £
rvs = 7 ? 3 L
Lo
8 |l B
Lo | °
be ol | ? -
T T T T T ! T T T - T T T T T T
90 o 20 00 zo- 14 zo 00 z0- 80 90 v z0 00 z0-
SjusYROY SJUBYE0D SJuBIYE00
O w

-6 -5 -4

-9 -8 -7

-10

-10 -9 -8 -7 -6 -5 -4

Log(®)

Log Lambda

1.00 -

0.75-

name

— AGE

o
o
«
B |
]
|
el
=
T
]
§

=== RBC
s MCV
=== MCH
- MCHC

0.25-

0.00 -

0.50
1-specifici





OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/frhem.2024.1341225_cover.jpg
, frontiers | Frontiers in Hematology

Constructing a novel clinical indicator model
to predict the occurrence of thalassemia in
pregnancy through machine learning
algorithm





OEBPS/Images/frhem-03-1341225-g003.jpg
Sensitivty

0 10 20 30 40 50 60 70 80 90 100
Points L -  — L - NE—— L s
RBC —— T
2 25 3 35 4 45 5 55 6 65 7 75
Mcv r T T T T T T T T T T T T T J
120 115 110 105 100 95 90 8 80 75 70 65 60 55 50
MCH —— T
40 36 32 28 24 20 16 12
MCHC T
380 240
Total Points r y T T T T T T T T d
0 20 40 60 80 100 120 140 160 180 200
Linear Predictor r T T T T T T T T T T T T T ]
9 -8 -7 6 -5 -4 -3 -2 -1 0 1 2 3 4 5
E
MCH MCHC
g
AUC: 0.906 ,% AUC 0.795

Sensitivity

Sensitivity

Sensitivity

RBC

AUC: 0,796

Specificity
mcv

AUC: 0.907

Specificity
nomoscore

AUC 0911






OEBPS/Images/logo.jpg
& frontiers | Frontiers in Hematology





OEBPS/Images/frhem-03-1341225-g002.jpg
Points

RBC

Mcv

MCH

MCHC

Total Points

Linear Predictor

[
i
[

40 50 60 70 80 90 100

40 36 32 28 24 20 16 12
o

380
r T — T — T T
0 20 40 60 80 100 120 140 160 180 200 220

MCH

Sensitivity

AUC: 0.908

Specificity

Sonsiiviy

MCHC

AUC: 0.801

Specificity

Sensitivity

Sensitivity

Sensilvity

RBC

AUC: 0.807

Specificity
mcv

AUC: 0910

Specificity

nomoscore

AUC: 0913

Specificity






OEBPS/Images/table1.jpg
o oo
(N=287)
g
(N=186)
peorATyg
(N=95)
gepiazcTeTD N
(N=62)
pYsTesHCT N
(N=55)

0o
(N=38)

oafoo
(N=25)

oo
(N=19)
Aoy
(N=16)
perneTyg
(N=11)

preM g
(N=9)

a@oloo
(N-8)

e
(N=7)
TGN
(N=5)
pEAON
(N=3)
prasacypN
(N=3)
e
(N=3)

SEA o7
(N=2)

_SEA o 7BED /N
(N=1)

_SE g/ BEPI N
(N=1)

7Lt
(N=1)

R
BN (N=1)

BN
(N=1)

e
(N=1)

ol
(N=1)

ol
(N=1)

020 o
(N=1)
e
(N=1)
E———"
BYN=1)
epes0 g
(N=1)

Fusion gene/ai.
(N=1)

Normal
(N=6.774)

Overall
(N=7,621)

276 (5.11)

27.1 (5.12)

27.8 (5.46)

267 (5.03)

268 (523)

260 (4.58)

263 (5.19)

263 (6.04)

261 (3.45)

272 (4.62)

270 (561)

285 (3.16)

276 (5.80)

238 (5.36)

237 (586)

273 (643)

283 (8.02)

215 (354)

340 (NA)

280 (NA)

18.0 (NA)

190 (NA)

210 (NA)

330 (NA)

220 (NA)

260 (NA)

230 (NA)

230 (NA)

190 (NA)

200 (NA)

300 (NA)

27.0 (482)

27.0 (485)

435
(0447)

503
(0539)

491
(0579)

477
(0641)

480
(0538)

434
(0.389)

434
(0.494)

435
(0443)

488
(0.447)

461
(0514)

436
(0323)

488
(0.602)

431
(0419)

446
(0.560)

459
(0.194)

464
(0977)

458
(0448)

463
(0523)

6.07 (NA)

4.94 (NA)

461 (NA)

4.07 (NA)

491 (NA)

5.54 (NA)

5.00 (NA)

5.07 (NA)

415 (NA)

5.23 (NA)

507 (NA)

3.64 (NA)

376 (NA)

407
(0457)

412
(0.498)

Hb

Mean
(SD)

19 (120)

109 (11.4)

989 (9.83)

99.8 (15.1)

100 (10.9)

117 (10.9)

116 (14.8)

123 (13.0)

113 (8.22)

95.6 (8.92)

114 (7.83)

119 (13.2)

127 (13.7)

95.0 (12.1)

103 (1.53)

99.7 (7.57)

103 (3.51)

825(9.19)

100 (NA)

114 (NA)

97.0 (NA)

104 (NA)

105 (NA)

125 (NA)

101 (NA)

107 (NA)

104 (NA)

128 (NA)

97.0 (NA)

93.0 (NA)

108 (NA)

121 (13.1)

120 (135)

“NA” indicates that SD cannot be counted because there s only one data.

HCT

Mean
(SD)

364 (3.39)

346 (344)

313 (302)

314 (409)

312(327)

360 (2.85)

355 (382)

37.1 (3.39)

351 (284)

306 (253)

346 (214)

369 (4.75)

38.1 (341)

302 (3.56)

328
(0.404)

314 (298)

326
(0462)

267
(0.891)

322(NA)

35.1 (NA)

321 (NA)

319 (NA)

321 (NA)

408 (NA)

321 (NA)

326 (NA)

330 (NA)

39.6 (NA)

314 (NA)

305 (NA)

336 (NA)

362 (3.55)

36.1(362)

Mcv

Mean
(SD)

840 (4.89)

69.0 (497)

640 (395)

66.1 (6.75)

654 (592)

829 (3.73)

820 (4.41)

855 (428)

721 (237)

667 (5.85)

794 (288)

755 (171)

885 (3.64)

67.8 (1.74)

716 (2.46)

690 (943)

715 (7.02)

57.8 (4.54)

53.0 (NA)

711 (NA)

696 (NA)

78.4 (NA)

65.4 (NA)

736 (NA)

64.2 (NA)

64.3 (NA)

79.5 (NA)

757 (NA)

619 (NA)

83.8 (NA)

89.4 (NA)

896 (550)

883 (731)

MCH

Mean
(SD)

275 (2.11)

218 (191)

20.2(1.55)

211 (276)

21.0 (2.04)

27.0 (1.68)

26.7 (1.80)

28.3 (2.07)

23.2(1.08)

208 (1.97)

26.1(1.05)

24.4(1.33)

296 (191)

214
(0924)

225 (1.34)

220 (3.44)

227 (2.60)

178
(0.0141)

165 (NA)

23.1 (NA)

210 (NA)

256 (NA)

214 (NA)

226 (NA)

202 (NA)

2L1 (NA)

251 (NA)

245 (NA)

19.1 (NA)

255 (NA)

287 (NA)

30.0 (236)

295 (3.00)

327111

316 (12.0)

316 (12.4)

318 (16.3)

320 (13.1)

326 (12.6)

325 (11.0)

332 (11.7)

321 (11.4)

312 (6:59)

328 (5.03)

323 (13.3)

335 (13.0)

315 (7.66)

315 (8.08)

318 (7.21)

317 (6.66)

309 (24.0)

311 (NA)

325 (NA)

302 (NA)

326 (NA)

327 (NA)

306 (NA)

315 (NA)

328 (NA)

315 (NA)

323 (NA)

309 (NA)

305 (NA)

321 (NA)

335 (11.3)

334 (12.1)

RDW-
SD

Mean
(SD)

413 (5.09)

373 (270)

360 (3.05)

378 (5.84)

364 (337)

40.1 (3.14)

400 (4.19)

410 (422)

394 (338)

362 (3.88)

389 (231)

397 (333)

405 (240)

419 (268)

360 (1.30)

421 (128)

453 (9.83)

433 (120)

317 (NA)

331 (NA)

35.1 (NA)

415 (NA)

346 (NA)

42.1 (NA)

348 (NA)

357 (NA)

404 (NA)

37.9 (NA)

3L1(NA)

43.1 (NA)

453 (NA)

42.3 (3.84)

42.0 (4.06)

RDW-CV

Mean
(SD)

137 (2.16)

155 (1.44)

167 (1.48)

1638 (1.85)

165 (1.67)

134 (0960)

137 (2.14)

132 (155)

156 (1.35)

160 (2.13)

136 (0.743)

1438 (1.50)

126 (0.660)

186 (1.49)

142 (0346)

175 (224)

185 (4.90)

253 (1.86)

202 (NA)

131 (NA)

14.6 (NA)

146 (NA)

150 (NA)

16.3 (NA)

157 (NA)

161 (NA)

14.1 (NA)

141 (NA)

147 (NA)

144 (NA)

140 (NA)

130 (147)

132 (165)

Gestation_period

early_pregnancy mid_pregnancy

229 (79.8%)

146 (78.5%)

74 (77.9%)

50 (80.6%)

45 (81.8%)

28 (73.7%)

18 (72.0%)

18 (94.7%)

10 (625%)

5 (45.5%)

7 (77.8%)

7 (87.5%)

6 (85.7%)

1(20.0%)

3 (100%)

2 (66.7%)

3 (100%)

2(100%)

1(100%)

1(100%)

0 (0%)

0(0%)

1(100%)

0(0%)

1(100%)

1(100%)

1(100%)

1(100%)

1(100%)

0(0%)

0 (0%)

7,367 (83.7%)

8,029 (83.2%)

47 (16.4%)

30 (16.1%)

17 (17.9%)

8(12.9%)

9 (16.4%)

7 (18.4%)

6(24.0%)

1(53%)

4(25.0%)

3(27.3%)

2(222%)

0(0%)

1(14.3%)

3 (60.0%)

0(0%)

1(33.3%)

0(0%)

0(0%)

0(0%)

0(0%)

0(0%)

1 (100%)

0(0%)

1(100%)

0(0%)

0(0%)

0(0%)

0(0%)

0 (0%)

0(0%)

1.(100%)

1275 (14.5%)

1417 (14.7%)

late_pregnancy
11 (38%)
10 (5.4%)
4(42%)
4(6.5%)
1(1.8%)
3 (7.9%)
1(4.0%)
0 (0%)
2(125%)
3(273%)
0 (0%)
1(125%)
0.(0%)
1(20.0%)
0.(0%)
0 (0%)
0(0%)
0.(0%)
0 (0%)
0.(0%)
1(100%)
0 (0%)
0 (0%)
0 (0%)
0 (0%)
0.(0%)
0 (0%)
0 (0%)
0 (0%)
1(100%)
0 (0%)
163 (19%)

206 (2.1%)





