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Objective

This investigation sought to delineate the causal nexus between plasma glutamine concentrations and leukemia susceptibility utilizing bidirectional Mendelian Randomization (MR) analysis and to elucidate the metabolic ramifications of asparaginase therapy on glutamine dynamics in leukemia patients.





Methods

A bidirectional two-sample MR framework was implemented, leveraging genetic variants as instrumental variables from extensive genome-wide association studies (GWAS) tailored to populations of European descent. Glutamine quantification was executed through a rigorously validated Liquid Chromatography-Mass Spectrometry/Mass Spectrometry (LC-MS/MS) protocol. Comparative analyses of glutamine levels were conducted across leukemia patients versus healthy controls, pre- and post-asparaginase administration. Statistical evaluations employed inverse variance weighted (IVW) models, MR-Egger regression, and sensitivity tests addressing pleiotropy and heterogeneity.





Results

The MR findings underscored a significant inverse association between glutamine levels and leukemia risk (IVW p = 0.03558833), positing lower glutamine levels as a contributory factor to heightened leukemia susceptibility. Conversely, the analysis disclosed no substantive causal impact of leukemia on glutamine modulation (IVW p = 0.9694758). Notably, post-asparaginase treatment, a marked decrement in plasma glutamine concentrations was observed in patients (p = 0.0068), underlining the profound metabolic influence of the therapeutic regimen.





Conclusion

This study corroborates the hypothesized inverse relationship between plasma glutamine levels and leukemia risk, enhancing our understanding of glutamine’s role in leukemia pathophysiology. The pronounced reduction in glutamine levels following asparaginase intervention highlights the critical need for meticulous metabolic monitoring to refine therapeutic efficacy and optimize patient management in clinical oncology. These insights pave the way for more tailored and efficacious treatment modalities in the realm of personalized medicine.
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1 Introduction

Leukemia is a group of cancers that originate in the bone marrow, leading to the overproduction of abnormal white blood cells (1, 2). These cancerous cells can impede the bone marrow’s ability to produce red blood cells, platelets, and normal white blood cells, essential for carrying oxygen, clotting, and fighting infections, respectively (3). Characterized by its varied types, leukemia can be acute, with rapid progression, or chronic, with slow development over time. The disease’s etiology involves a combination of genetic and environmental factors, highlighting the importance of research for advanced diagnostic and therapeutic strategies (4, 5).

Glutamine, a non-essential amino acid, plays a pivotal role in various cellular processes, including energy production, biosynthesis, and regulation of signal transduction pathways (6, 7). In the context of cancer, glutamine metabolism is often reprogrammed to meet the increased demands of rapidly proliferating tumor cells, suggesting its potential involvement in cancer pathophysiology, including leukemia (8–10). This has spurred interest in exploring glutamine’s role and its metabolic pathways as therapeutic targets.

Investigating the causal relationship between specific biomarkers and diseases, such as the link between glutamine levels and leukemia, necessitates methodologies that circumvent the limitations of traditional observational studies, which are often susceptible to reverse causation and confounding factors. Mendelian randomization (MR) emerges as a robust epidemiological tool in this regard, leveraging genetic variants as instrumental variables (IVs) to infer causal relationships between exposures (e.g., glutamine levels) and outcomes (e.g., leukemia risk) (11, 12). MR relies on the principles that the genetic variants are strongly associated with the exposure, independent of confounders, and influence the outcome solely through the exposure, thus offering a genetic approach to causal inference that can complement and extend findings from genome-wide association studies (GWAS) (13–15).

The methodology for monitoring and analyzing glutamine levels, alongside the pharmacokinetics of therapeutic agents, employs advanced techniques such as High-Performance Liquid Chromatography-Tandem Mass Spectrometry (HPLC-MS/MS) (16). This analytical method provides a highly sensitive and specific measurement of glutamine concentrations in blood, facilitating the precise monitoring of metabolic changes in response to therapy, including Therapeutic Drug Monitoring (TDM) of treatments in leukemia patients (17, 18). TDM is instrumental in optimizing drug dosages to maximize efficacy while minimizing toxicity, thereby enhancing patient outcomes (19, 20).

Given the intricate relationship between glutamine metabolism and leukemia progression, and the potential impact of therapeutic interventions on glutamine dynamics, our study aims to explore the causal connection between glutamine levels and leukemia using a bidirectional MR approach. We developed and validated an LC-MS/MS method to quantify glutamine in blood, comparing concentrations between leukemia patients and healthy controls. Additionally, we investigate the effect of asparaginase treatment on glutamine levels in leukemia, aiming to understand the metabolic consequences of leukemia therapies. Our research seeks to uncover insights into glutamine’s role in leukemia, offering potential directions for therapeutic intervention.




2 Materials and methods



2.1 Mendelian randomization

This investigation adhered to the Strengthening the Reporting of Observational Studies in Epidemiology (STROBE) guidelines (21) and its extension for MR studies, STROBE-MR (22). We utilized a bidirectional two-sample MR approach to examine the potential causal links between glutamine levels and leukemia risk. This included an initial phase assessing the influence of altered glutamine levels on the likelihood of developing leukemia, and a subsequent phase investigating the reverse association.



2.1.1 Data sources

Our study leveraged GWAS datasets as of September 2021, obtained from the UK Medical Research Council’s (MRC) University of Bristol Integrated Epidemiology Unit (IEU), focusing on individuals of European ancestry to minimize population stratification effects. The analysis incorporated two updated datasets: one on leukemia (Dataset: ieu-b-4914, including 1,260 cases and 372,016 controls, Author: Burrows, Consortium: UK Biobank, aligned with the HG19/GRCh37 genomic build) and another on glutamine levels (Dataset: ebi-a-GCST90026170, with a sample size of 291, Author: Panyard DJ, consisting of 6,839,564 SNPs). These datasets ensure genetic reference consistency and relevance to our research focus on leukemia and glutamine metabolism. The general information of the dataset is shown in Table 1.


Table 1 | General information about the datasets.






2.1.2 Selection of genetic IVs

IVs for glutamine levels and leukemia were identified through SNP filtering, applying a significance threshold (p<5×10-8) and independence criteria (R^2 < 0.001 within a 10,000 kb window) to minimize linkage disequilibrium. This step involved the use of the clumping function in the Two-Sample MR package in R, excluding SNPs associated with potential confounders or outcomes other than leukemia, based on PhenoScanner database queries. SNPs with palindromic alleles or indicative of weak instruments (F statistic < 10) were also excluded to prevent ambiguity and ensure robust instrument strength.




2.1.3 Mendelian randomization analysis

The MR analysis was executed using R (version 4.1.0), incorporating both the Two-Sample MR and MR-PRESSO packages for thorough data examination. The analytical framework was structured to harmonize exposure and outcome datasets, facilitating comparability. A detailed flowchart of the MR analysis process was included for clarity and transparency.




2.1.4 Sensitivity analysis

Sensitivity analyses, including MR-Egger regression and the MR-PRESSO test for horizontal pleiotropy, were conducted to evaluate the robustness of our findings and address potential biases. Cochran’s Q test assessed heterogeneity among IVs, and a “leave-one-out” approach was implemented to determine the impact of individual SNPs on the overall analysis. This comprehensive approach ensured the reliability and validity of our conclusions regarding the causal relationship between glutamine levels and leukemia risk.




2.1.5 Statistical analysis

Multiple MR methods were employed, with the Inverse Variance Weighted (IVW) approach serving as the primary analysis tool, offering unbiased causal estimates in the absence of horizontal pleiotropy. Additional methods—Simple Mode, MR-Egger regression, Weighted Mode, and Weighted Median—were utilized to affirm the analysis’s robustness. Statistical significance was determined at a p-value < 0.05, with a Bonferroni adjustment for multiple testing to control for type I error.





2.2 LC-MS/MS



2.2.1 Chemical reagents and reagents

L-Asparagine (#C2302017) and DL-Glutamine (#D2126337) standards were purchased from Shanghai Aladdin Biochemical Technology Co., Ltd., with purities of 99% and 100%, respectively. Isotope-labeled internal standards, L-Asparagine-15N2 (#23Z420-G1) and L-Glutamine-13C5 (#21J168-R7), were obtained from Shanghai Standard Biotechnology Co., Ltd., with purities of 98.5% and 98% respectively. All reagents were stored at 2–8°C until use. Methanol and formic acid were acquired from Thermo Fisher Scientific.




2.2.2 Chromatographic and mass spectrometric conditions

Chromatographic separation was conducted on HPLC system equipped with a ChromCore HILIC-Amide column (3µm, 2.1x100mm). The column temperature was maintained at 40°C. The mobile phase consisted of 0.1% formic acid in water (A) and 0.1% formic acid in acetonitrile (B), with a flow rate of 0.4 mL/min. The gradient program starts at 90% B, drops to 50% B in 2.5 minutes, rises to 90% B at 3.1 minutes, and is held until 4 minutes.

The mass spectrometer used was the YS EXT 9900 MD Triple Quadrupole Mass Spectrometer from Shandong Yingsheng Biotechnology Co., Ltd. Ionization was performed in the positive ion mode using an Electrospray Ionization (ESI) source. Detection was performed using Selected Reaction Monitoring (SRM). Key operational settings included an ion spray voltage of 3500 V, sheath gas flow at 45 arbitrary units, auxiliary gas flow at 15 arbitrary units, and sweep gas flow at 5 arbitrary units. The ion transfer tube temperature was set at 350°C, and the vaporizer temperature at 450°C. Quadrupole resolutions for Q1 and Q3 were maintained at a Full Width at Half Maximum (FWHM) of 0.7.

Multiple Reaction Monitoring (MRM) mode was used to monitor transitions from m/z 133.1 to 74.1 and 87.1 (Asparagine), m/z 135.1 to 75.1 and 89.1 (Asparagine-15N2), m/z 147.1 to 84.1 and 130.1 (Glutamine), and m/z 152.1 to 88.1 and 135.1 (Glutamine-13C5). The collision energies were set at 16V and 10V for Asparagine and Asparagine-15N2, and 25V and 15V for Glutamine and Glutamine-13C5, respectively.




2.2.3 Method validation

Method validation was conducted according to international guidelines covering specificity, linearity, accuracy, precision, recovery, matrix effects, and stability. Calibration curves were linear across the range using a 1/x weighting factor. Precision and accuracy for intra-day and inter-day were assessed using six replicates of quality control (QC) samples at three different times.




2.2.4 Sample pre-treatment

50 μL of clinical plasma samples were mixed with 150 μL of internal standard solution, vortexed for 1 minute, and then centrifuged at 14,000 rpm for 10 minutes at 4°C. The supernatant (150 μL) was transferred to sample vials. Prepared samples were then analyzed using LC-MS/MS.




2.2.5 External quality control assessment

To enhance the validation of the HPLC-MS/MS methodology for quantifying glutamine, we implemented external QC measures by incorporating amino acid QC samples provided by PRIZE.BIO. These QC samples, specifically engineered for bioanalytical method validation, encompassed two concentration levels: a Low-Quality Control (LQC), where glutamine and asparagine concentrations were 30.6 μmol/L and 9.9 μmol/L, respectively; and a High-Quality Control (HQC), with concentrations of 755.2 μmol/L for glutamine and 73.5 μmol/L for asparagine.





2.3 Quantification of plasma glutamine levels



2.3.1 Study participants and sampling

Patients with leukemia undergoing chemotherapy protocols were recruited for this study. As part of their treatment, asparaginase was administered at doses ranging from 40 to 200 U/kg through intramuscular injections, either daily or every other day, for a total of 3 to 7 doses per week. A single therapy cycle lasted 3 to 4 weeks. Plasma samples were strategically collected to align with specific pharmacodynamic parameters of asparaginase treatment; samples were obtained immediately before the first dose of asparaginase, and subsequent samples were taken 24 hours post-administration, once asparaginase levels decreased to below 0.5μmol/L, the threshold for optimal therapeutic efficacy, to accurately determine plasma glutamine concentrations. These collection points were selected to directly link asparaginase activity to changes in glutamine levels. Plasma glutamine concentrations from healthy volunteers were also measured to serve as baseline reference values. All study procedures adhered to ethical standards as per the guidelines of the institutional and national research committee, in accordance with the 1964 Helsinki declaration and its later amendments. Informed consent was obtained from all participants.




2.3.2 Plasma preparation

Blood samples were drawn into tubes containing EDTA, mixed gently, and centrifuged at 1500×g for 15 minutes at 4°C to isolate the plasma. The separated plasma was aliquoted and stored at -80°C to prevent analyte degradation, including measures to avoid repeated freeze-thaw cycles.




2.3.3 LC-MS/MS analysis and method validation

Identical to Section 2.2.




2.3.4 Statistical analysis

Data on glutamine concentrations were statistically evaluated and expressed as mean ± SD. Differences in plasma glutamine levels pre- and post-asparaginase treatment in leukemia patients, and between leukemia patients and healthy controls, were determined using suitable statistical tests (e.g., paired t-test, ANOVA), with an alpha level of significance established beforehand.






3 Results



3.1 Impact of glutamine levels on leukemia risk



3.1.1 Selection of IVs

Adhering to our criteria, we selected IVs that demonstrated no linkage disequilibrium (LD; r^2 < 0.001) and were within a physical distance threshold of 10,000 kb, achieving genome-wide significance (p<5×10^-8). After applying the Pheno-Scanner tool and setting a minor allele frequency (MAF) threshold (>0.01) for the removal of palindromic SNPs, our analysis incorporated 9 SNPs. The F-statistics of these SNPs were all greater than 10, eliminating the concern of weak tools. Detailed SNP information related to glutamine levels is available in Supplementary Table S1.




3.1.2 Two-Sample Mendelian Randomization Analysis

Our MR analyses employed five distinct methods to examine the causal effect of glutamine levels on leukemia risk. The analyses identified a statistically significant inverse relationship, indicating that reduced glutamine levels are associated with the risk of developing leukemia. The IVW method presented a causal estimate of -0.003821051 (p = 0.03558833), suggesting reduced glutamine levels are associated with an increased risk of leukemia. This finding was consistent across various MR methods, including MR Egger and Weighted Median, thereby confirming the robustness of our results. Tests for horizontal pleiotropy did not show significant pleiotropy (Egger’s intercept p = 0.08545201), implying that the associations observed are unlikely to be influenced by unmeasured pleiotropic effects. The heterogeneity analysis also endorsed the consistency of our findings (IVW Q_pval = 0.6948101). The detailed analysis process is shown in Figure 1 and the results of the analysis are shown in Tables 2 and 3. And the MR estimation of the causal relationship between glutamine level and leukemia is shown in Figure 2. Forest plots showing specific SNP and combined MR estimates are shown in Figure 3.




Figure 1 | Diagrams A and B for bidirectional MR analysis. SNPs meet three basic assumptions. MR, Mendelian randomization; SNPs, single nucleotide polymorphisms;.




Table 2 | Different MR estimation methods for assessing the causal effect of glutamine levels and leukemia.




Table 3 | Heterogeneity and horizontal pleiotropy check between glutamine levels with leukemia.






Figure 2 | MR analysis scatter plot. (A) The causal effect of glutamine levels on leukemia; (B)The causal effect of leukemia on glutamine levels.






Figure 3 | Forest plot showing specific SNPs and combined MR estimates. (A) The causal effect of glutamine levels on leukemia; (B) The causal effect of leukemia on glutamine levels.







3.2 Effect of leukemia on glutamine levels



3.2.1 Selection of IVs

Applying the same stringent selection criteria for IVs as detailed earlier, 68 SNPs were identified post-removal of palindromic sequences. These SNPs were rigorously evaluated, displaying an F-statistic well above the threshold, indicating it as a strong instrument for studying the effect of leukemia on glutamine levels.




3.2.2 Two-sample Mendelian randomization analysis

The MR analysis, aimed at understanding the influence of leukemia on glutamine levels, did not uncover any significant causal relationships across the employed methods (IVW, MR Egger, Weighted Median). The IVW method, for instance, yielded a causal estimate of 0.03559825 (p = 0.9694758), suggesting no significant effect of leukemia on altering glutamine levels. Consistency in findings was observed across additional MR methods employed in our analysis. The lack of observed heterogeneity (IVW Q_pval = 0.4380670) and horizontal pleiotropy (p > 0.05) lends further credibility to the null findings. Detailed results are documented in Supplementary Table S2 and visually represented in Tables 2 and 3.





3.3 LC-MS



3.3.1 Specificity

As depicted in Figure 4, under the aforementioned conditions, the retention times for Asparagine, Asparagine-15N2, Glutamine, and Glutamine-13C5 were 2.46, 2.46, 2.39, and 2.38 minutes respectively. The high-resolution mass spectrum can be seen in Figure 4.




Figure 4 | Chromatogram of substances in plasma samples. (A) Asparagine; (B) Asparagine-15N2; (C) Glutamine; (D) Glutamine-13C5.






3.3.2 Standard curve and lower limit of quantitation

L-asparagine demonstrated a good linear relationship within the range of 0.4 to 100.0 μmol/L. The standard curve equation was defined as: y=8.778*10-2x-2.479*10-3(R²=0.9993) with a lower limit of quantitation of 0.4 μmol/L. For Glutamine, the linear relationship was also strong within the range of 4 to 1000.0 μmol/L, with the standard curve equation: y=2.225*10-2x-9.219×10-3(R²=0.9995) and the lower limit of quantitation was set at 4 μmol/L.




3.3.3 Precision and accuracy

For quality control samples at low, medium, and high concentrations, the intra-day and inter-day standard deviations (SD) for both asparagine and glutamine were within 5%. The specific data are presented in Tables 4 and 5.


Table 4 | Precision and accuracy of glutamine quantification by mass spectrometry in method validation.




Table 5 | Precision and accuracy of asparagine quantification by mass spectrometry in method validation.






3.3.4 Stability

The recovery rates for simulated plasma samples at low, medium, and high concentrations remained above 90% after 12 hours in the autosampler, three freeze-thaw cycles, and 30 days of storage at -20°C. The relative standard deviations (RSD) were below 10%, indicating the stability met the requirements for determination.




3.3.5 Outcomes of external quality control testing

LQC Results: For glutamine at Level-1, with a target value of 30.6 μmol/L, the measured concentration was 29.8 μmol/L, resulting in a deviation of -2.61%. This level of accuracy demonstrates the assay’s precision within its lower sensitivity range. For asparagine at the same level, a target value of 9.9 μmol/L yielded a measured concentration of 10.4 μmol/L, translating to a deviation of 5.05%, indicating satisfactory recovery and precision.

HQC Results: At the higher concentration Level-2, glutamine’s target of 755.2 μmol/L compared to the measured value of 723.6 μmol/L shows a deviation of -4.18%, reflecting consistent performance even at elevated levels. Asparagine, targeted at 73.5 μmol/L, had a measured concentration of 70.4 μmol/L with a deviation of -4.22%, confirming the method’s robustness across its operational range. Detailed results are in Table 6.


Table 6 | QC acceptance and LC-MS measured values for glutamine and asparagine.







3.4 Plasma glutamine concentrations

Our research ventured into analyzing plasma glutamine levels across distinct groups, including healthy subjects, leukemia patients before chemotherapy, and leukemia patients after treatment with asparaginase. Healthy individuals showcased an average plasma glutamine concentration of 589.18 ± 34.14 μmol/L. Contrarily, before chemotherapy, leukemia patients displayed a mean glutamine level of 609.95 ± 205.83 μmol/L. Despite this slight increase, statistical analysis indicated that this elevation was not significantly different from the levels seen in healthy controls (p = 0.5342), suggesting that leukemia, per se, does not lead to a significant change in glutamine levels. This finding aligns with our MR analysis, which did not demonstrate a significant causal effect of leukemia on altering plasma glutamine levels, thereby suggesting a complex relationship between leukemia and glutamine metabolism that is not directly causal.

The primary effect of asparaginase is to deplete asparagine rather than glutamine. The administration of asparaginase was effective in vivo, reducing asparagine concentration to 1 μmol/L (23). We observed a significant reduction in plasma glutamine concentration to 33.31 ± 28.28μmol/L. This large decrease (p<0.0001) highlights the wide-ranging metabolic impact of asparaginase, which affects not only asparagine but also glutamine levels. The data statistics are shown in Figure 5.




Figure 5 | Comparison of glutamine concentration levels in plasma. (ns,no significance; ***, p< 0.001).







4 Discussion

In this comprehensive study on the role of glutamate metabolism in leukemia, we integrated bidirectional MR analysis with precise LC-MS/MS quantitation techniques to unveil the complex interplay between glutamate levels and leukemia risk. Our bidirectional MR study examined the causal relationship between glutamate levels and the risk of leukemia, utilizing genetic variants as proxies for effect alleles selected from publicly available large-scale GWAS databases (24). To our knowledge, this is the first application of the bidirectional two-sample MR analysis method to this topic. Our findings indicate a statistically significant inverse relationship between glutamine levels and leukemia risk, suggesting that reduced glutamine levels may increase risk of leukemia. This relationship is not influenced by specific genetic susceptibilities to different glutamine levels, indicating a general protective effect against leukemia. Because observational epidemiologic studies can be subject to bias and confounders (25), the relationship between glutamine levels and leukemia risk is questionable.

In our analysis, significant findings were observed only with the IVW and Weighted Median methods, while other MR statistical approaches did not yield positive results. However, our conclusions remain robust as IVW and Weighted Median are among the most commonly utilized, principal, and persuasive methods in MR analysis. These methods have been validated as providing reliable estimates of causal effects, particularly in settings where the genetic instruments are valid and the underlying assumptions of MR are met (26). Additionally, despite the modest Beta values associated with these two methods, the p-values were less than 0.05, signifying statistical significance. This finding aligns with the discourse presented in “Principles of Biostatistics” by Marcello Pagano and Kimberlee Gauvreau, which illustrates that even small effect sizes, if statistically significant, are indicative of genuine effects and not merely due to random variation (27). The ability of small effect sizes to substantially improve health outcomes underscores the potential clinical significance of our results, suggesting that even minor modulations in glutamine levels could be integral to leukemia management and prevention strategies.

In our study, we leveraged strong SNPs from the largest GWAS on glutamine levels and leukemia, employing rigorous methodologies to control for pleiotropy and test for heterogeneity. Furthermore, by adhering to the principles of segregation and independent assortment in our MR approach, we minimized potential confounders and reverse causation risks (28). Thus, our MR findings are both accurate and stable, providing solid support for the evidence presented. Our analysis aligns with recent observational studies (29), confirming a causal relationship between high glutamine levels and reduced leukemia risk, although it does not support a causal link with other specific leukemia risk factors. Our findings are consistent with and expand upon existing research in the field. Recent foundational research has discovered that directly supplementing glutamine in tumor tissues can enhance CD8+ T cell-mediated antitumor immunity and overcome resistance to checkpoint blockade and T cell-mediated immunotherapies (30, 31). This underscores the critical role of glutamine in tumor cell metabolism, supporting energy synthesis and playing a significant role in inhibiting tumor growth (31–33). Moreover, the binding of glutamine transferase with targeted inhibitors has been shown to effectively kill tumor cells (10, 34). However, while the therapeutic use of glutamine in cancer patients is beneficial, careful management is required to avoid adverse effects such as liver dysfunction (7, 35). Our study, through MR, suggests that naturally elevated glutamine levels have a protective effect against the development of leukemia, complementing these insights and hinting at the complex interplay between metabolism and immune response in cancer. This is consistent with the concept that regulating glutamine levels can bring therapeutic benefits and suggests the potential for using natural metabolic variability for cancer prevention and treatment. As research continues to unfold the multifaceted role of glutamine in cancer, it becomes increasingly clear that understanding and manipulating this amino acid’s metabolism may be key to developing more effective cancer treatments and immunotherapies.

Furthermore, recent research by Guo et al. (2023) demonstrates that glutamine acts as a crucial metabolic checkpoint in the tumor microenvironment (TME), significantly influencing anti-tumor immunity through its effects on conventional dendritic cells type 1 (cDC1s) (36)​​. The study reveals that glutamine supplementation within the tumor milieu augments cDC1-mediated CD8+ T cell immunity, thereby inhibiting tumor growth and overcoming resistance to immune checkpoint blockade therapies​​. This finding suggests that adequate glutamine levels are essential for the optimal functioning of cDC1s, which are pivotal in priming and activating cytotoxic T cells against tumors. Mechanistically, tumor cells and cDC1s compete for glutamine uptake via the transporter SLC38A2, which modulates anti-tumor immunity. The deprivation of glutamine impairs cDC1 function, reducing their ability to present antigens and activate T cells​​. This competitive uptake underscores the significance of glutamine availability in maintaining immune surveillance and effective anti-tumor responses. In the context of leukemia, the depletion of glutamine might similarly disrupt the function of immune cells, particularly cDC1s, leading to an impaired immune response and increased leukemia risk. The TME in leukemia could create a nutrient-depleted environment, reducing glutamine availability and consequently hampering the immune system’s ability to target and eliminate leukemic cells. Furthermore, the FLCN-TFEB signaling axis plays a critical role in glutamine-mediated regulation of cDC1 function. Loss of FLCN in DCs impairs their ability to utilize glutamine effectively, leading to dysfunctional antigen presentation and T cell priming (36)​​. This pathway highlights the intricate link between nutrient sensing, metabolic regulation, and immune function, suggesting that targeting glutamine metabolism could enhance DC-mediated anti-leukemic responses.

Additionally, our study’s methodological advancements, particularly the development of a sensitive and specific LC-MS/MS method for monitoring plasma glutamine levels, mark a significant progress in the field of personalized medicine. This innovation is not merely a technical improvement but represents a pivotal shift towards more nuanced approaches in patient care, especially in oncology. Through precise personalized treatment plans, patient outcomes can be significantly improved while minimizing potential toxicity (37). The importance of accurately measuring metabolic changes in glutamine and asparagine levels in patients undergoing asparaginase treatment cannot be underestimated. These non-essential amino acids play a key role in cancer metabolism, with their availability affecting tumor growth and response to therapy (38, 39). Thus, in treatments using asparaginase to regulate asparagine levels, its reduction and indirect impact on glutamine levels can profoundly affect tumor dynamics. However, the effectiveness and safety of these treatments highly depend on the precise modulation of these amino acid’s levels, highlighting the necessity of accurate monitoring techniques like LC-MS/MS (40, 41). Therefore, we are optimistic that by developing and applying sensitive and specific methods to monitor key metabolites like glutamine and asparagine, we are laying the groundwork for the advancement of personalized oncology. Simultaneously, by enabling precise TDM, we promote a deeper understanding of metabolic and therapeutic interactions, potentially improving patient outcomes and providing insights that may lead to breakthroughs in cancer treatment paradigms (42, 43).

The phenomenon of concurrent decreases in asparagine and glutamine levels following asparaginase treatment, an interesting observation in our therapy studies, highlights the complex interplay of amino acid metabolism in cancer treatment. Asparaginase, a chemotherapy drug often used in some leukemia treatments, primarily targets asparagine, depleting its levels in the blood and corresponding tumor microenvironment (44, 45). We believe the concurrent reduction in asparagine and glutamine levels under asparaginase treatment may be attributed to several interconnected mechanisms: 1) Metabolic compensation: As asparagine is depleted, tumor cells may undergo metabolic reprogramming to alleviate the impact of asparagine loss (46). Given the structural similarity and shared metabolic pathways between asparagine and glutamine, cells might increase the utilization of glutamine, attempting to compensate for the loss of asparagine, leading to reduced glutamine levels (47); 2) Enhanced glutamine degradation: Asparaginase treatment may also indirectly enhance the breakdown of glutamine (48). Glutamine serves as the nitrogen donor for the synthesis of asparagine through asparagine synthetase. With the depletion of asparagine, there might be an increase in asparagine synthetase activity, attempting to synthesize asparagine from available glutamine, thus lowering glutamine levels (49); 3) Changes in amino acid transport: Asparaginase treatment may affect the expression or activity of amino acid transport proteins, particularly those involved in glutamine transport (50). Altered transporter activity might lead to increased efflux or reduced influx of glutamine in tumor cells, resulting in decreased intracellular and consequently plasma glutamine levels (51); 4) Immune system modulation: Asparaginase not only affects tumor cell metabolism but also impacts the immune system, which may be a significant consumer of glutamine during activation (52). The regulation of immune responses by asparaginase treatment may alter glutamine utilization patterns, thereby affecting its systemic levels (53). Understanding the reasons behind the dual decline in asparagine and glutamine levels caused by asparaginase treatment is crucial for optimizing cancer treatment regimens involving asparaginase. It not only aids in tailoring treatments based on individual metabolic characteristics but also helps in predicting and managing potential side effects due to altered amino acid levels. Future research focusing on how asparaginase affects glutamine metabolism will provide deeper insights into cancer cell metabolic vulnerabilities, paving the way for developing new treatment strategies based on these metabolic dependencies.

Despite the significant insights our study provides into the role of glutamine metabolism in leukemia and personalized treatment strategies, it is important to recognize its limitations. First, the method relying on LC-MS/MS for monitoring asparagine and glutamine levels, although innovative, may not fully capture the dynamics and complexity of cancer metabolism. Metabolic pathways are highly interconnected, and the impact of altering a single amino acid level may extend beyond our current understanding. Second, our study results are primarily based on European population data, and due to genetic variability, may not apply to different ethnic groups. This limitation emphasizes the need for further research across diverse populations to ensure the generalizability of our findings. Third, the bidirectional MR method, while powerful, inherently depends on the quality and depth of genetic variations used as IVs. Unidentified confounders or pleiotropy may affect the observed relationship between glutamine levels and leukemia risk. Additionally, our focus on glutamine and asparagine metabolism, although based on strong scientific reasoning, does not encompass all metabolic changes in cancer cells. Other metabolites and pathways may also play crucial roles in cancer progression and treatment response, requiring broader metabolic profiling methods. Finally, translating these biochemical and genetic insights into effective clinical treatments poses significant challenges. Developing targeted interventions that can precisely modulate glutamine and asparagine levels without adverse effects requires a deep understanding of their metabolic context in cancer, an understanding that is still evolving.




5 Conclusion

Our study underscores the crucial role of glutamine metabolism in the context of leukemia and its treatment, particularly highlighting the significant impact of asparaginase therapy on plasma glutamine levels. The findings advocate for the incorporation of glutamine monitoring alongside asparagine in patients undergoing asparaginase treatment, aiming to optimize therapeutic outcomes through precise metabolic control. This approach not only has the potential to enhance the efficacy of leukemia treatments but also minimizes adverse effects, contributing to the advancement of personalized medicine in oncology. Through a better understanding of the metabolic interplay involved in leukemia therapy, our study paves the way for more effective and tailored treatment strategies.
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