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a b s t r a c t

Ensuring the timely and precise monitoring of severe liver diseases is crucial for guiding effective thera-

pies and significantly extending overall quality of life. However, this remains a worldwide challenge, given

the high incidence rate and the presence of strong confounding clinical symptoms. Herein, we applied a

convenient and high-yield method to prepare the magnetic mesoporous carbon (MMC-Fe), guided by a

composite of resol and triblock copolymer. With the combination of MMC-Fe, high-throughput mass spec-

trometry, and a simple machine learning algorithm, we extracted N-glycan profiles from various serum

samples, including healthy controls, liver cirrhosis, and liver cancer, and from which we screened specific

N-glycans. Specifically, the selected N-glycans demonstrate exceptional performance with area under the

curve (AUC) values ranging from 0.948 to 0.993 for the detection of liver diseases, including alpha feto-

protein (AFP)-negative liver cancer. Among them, five N-glycans holds potential in monitoring distinctions

between liver cirrhosis and AFP-negative liver cancer (AUC values of 0.827–0.842). This study is expected

to promote the glycan-based precise monitoring of diseases, not limited to liver disease.

© 2024 Published by Elsevier B.V. on behalf of Chinese Chemical Society and Institute of Materia

Medica, Chinese Academy of Medical Sciences.

Liver diseases can cause severe physical and psychological

harm, leading to a significant global health impact. Especially the

incidence and mortality rates of liver cirrhosis and liver cancer

are alarmingly high, resulting in millions of annual fatalities [1,2].

Liver cirrhosis is a common chronic liver disease in clinical prac-

tice, with diverse etiopathogenisis and a long incubation period. It

is difficult to detect obvious symptoms in the early stages of liver

cirrhosis, but long-term damage to the human system ultimately

leads to various complications, such as thrombus, gastrointestinal

bleeding and cancer, until death [3,4]. As for liver cancer, the ma-

jority of cases are diagnosed in the late stage, but it is difficult

to cure clinically at this time [5,6]. Timely detection of liver can-

cer is of paramount importance, as it significantly enhances sur-

vival chances, achieving a five-year survival rate of approximately

70%− a marked improvement compared to late-stage discovery

[7–9]. However, the current conventional clinical detection for

these liver diseases still heavily relies on histological and imaging

examinations, which are invasive, costly, and frequently lack the
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requisite objectivity for timely detection. Therefore, it will be great

to develop a powerful tool with high accuracy, high throughput,

rapid processing, user-friendly operation, and non-invasive capa-

bilities. Such a tool would enhance the precision of liver disease

detection, ultimately improving survival rates and prognosis.

Glycosylation, a common and critical post-translational modi-

fication (PTM) of proteins, involves more than 7000 highly con-

served N-glycosylated proteins in humans [10]. N-Glycosylation

refers to the covalent binding process between the hemiacetal hy-

droxyl group of oligosaccharides and the amino groups of Asn

residues in the nascent proteins sequence Asn X-Ser/Thr (X refers

to amino acids except proline) [11]. The transportation, modifi-

cation, and processing of N-glycans principally occur in the en-

doplasmic reticulum (ER) and Golgi apparatus, and the result-

ing N-glycans have diverse structures and various biological func-

tions, which can reflect numerous physiological and pathological

processes [12]. Notably, the expression pattern of glycosyltrans-

ferases in cancer cells differs significantly from that of normal

cells. Therefore, the glycan structure of glycoproteins changes with

disease progression, resulting in the objective indicator of glyco-

biomarkers [13–15]. It has been known that the alterations of N-

glycans, such as sialylation and fucosylation, are closely related to
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various disease processes. For example, alpha fetoprotein (AFP) is

broadly recognized as a biomarker for the detection of hepatocel-

lular carcinoma (HCC), and its fucosylated form (AFP-L3 fraction)

is also a significant serum biomarker approved by the FDA for

early diagnosis of HCC [16–18]. Compared to AFP, AFP L3 can fur-

ther differentiate between hepatitis, liver cirrhosis and liver can-

cer, thereby reducing the possibility of false positives in indepen-

dent diagnosis of AFP [19]. Nevertheless, widespread meta-analysis

indicates that although AFP-L3% has high specificity for early di-

agnosis of liver cancer, its sensitivity is low and unstable (about

45%–90%) [20–22]. Compared to protein biomarkers, biomarkers

explored based on the change of glycan expression level and con-

formation may can achieve finer disease stratification at higher

sensitivity and specificity. However, there are few comprehensive

studies on glycomics analysis or glyco-biomarkers discovery related

to liver diseases. Therefore, further exploration and characteriza-

tion of N-glycans in serum are of great significance for the precise

detection of liver diseases.

Owing to the advantages of fast detection, high throughput,

and sensitivity, matrix-assisted laser desorption/ionization time-of-

flight mass spectrometry (MALDI-TOF MS) shows great potential

in the detection of large-scale clinical samples [23,24]. Recently,

MALDI-TOF MS were extensively applied in the development of de-

tection tools, leveraging metabolomics and proteomics researches.

For instance, Zhang et al. utilized porous perovskite oxide micro-

rods in conjunction with MALDI-TOF MS to efficiently generate

metabolic fingerprints from numerous serum samples, enabling the

establishment of a robust diagnostic model for Alzheimer’s dis-

ease [25]. Lazari et al. reported plasma proteomic fingerprint pro-

files through a combination of MALDI-TOF MS and machine learn-

ing to predict high/low-risk COVID-19 cases [26]. However, despite

the significant potential demonstrated by glycans exploration in

disease-related research, there are a few reports on conducting

large-scale glycans screening for the development of disease diag-

nostic tools. In earlier years, our research group developed various

carbon sources such as polydopamine [27], metal-organic frame-

works [28,29], for preparing mesoporous carbon to achieve glycan

enrichment. Recently, we proposed a more convenient and high-

yield preparation of carbonized mesopores guided by resol/triblock

copolymer composite, decoding glycans from complex sample [30].

On the above basis, we applied the resol as a precursor to suc-

cessfully synthesize a magnetic mesoporous carbon MMC-Fe in

this work, and performed N-glycan analysis in conjunction with

high-throughput MALDI-TOF MS. In a single synthesis, the yield

can reach 0.38 g of MMC-Fe (−0.5 g resol), suitable for large-

scale samples. In addition, the MMC-Fe exhibits excellent size

exclusion effect (OVA digest:OVA:BSA=1:300:300), low detection

limit (1 ng/μL). Furthermore, we successfully obtained N-glycan in-

formation from a total of 57 clinical serum samples including

healthy controls, liver cirrhosis, and liver cancer, using MMC-Fe

and MALDI-TOF MS. Combining with multiple screening criteria,

we identified separately 7 N-glycans with significant differences

between health and two disease groups. The selected N-glycans re-

veal extraordinary performance with area under the curves (AUCs)

of 0.948–0.993 for liver disease detection. Thereinto, there are 5

overlapping N-glycans in two sets of 7 N-glycans with significant

differences, which show potential for monitoring between liver cir-

rhosis and AFP-negative liver cancer. Overall, serum N-glycan anal-

ysis based on the combination of MMC-Fe and MALDI-TOF MS pro-

vides an efficient and accurate solution for detecting liver diseases

with a high degree of concealment.

The preparation of MMC-Fe material is described in Fig. S1

(Supporting information), including synthesis of the resol precur-

sor, self-assembly of block-copolymer and carbonization of poly-

mer. The resol precursor was obtained by a base-catalyzed method

with phenol and formaldehyde in a molar ratio of 1:2. The result-

ing resol contains a large number of hydroxyl groups, which can

form strong hydrogen bonds with Pluronic F127 template. Based

on the solvent evaporation induced self-assembly (EISA) strategy,

we introduced Fe(NO3)3·9H2O into a system composed of the tem-

plate for co-assembly. The evaporation of ethanol at room temper-

ature and the thermopolymerization process at 100 °C converted

the soluble resols into cross-linked phenolic resin with a net-

work structure [31]. Subsequently, the phenolic resin was directly

carbonized to form mesoporous carbon matrix in an N2 atmo-

sphere at 600 °C. Notably, a large number of γ -Fe2O3 nucleuses are

formed within the mesoporous carbon matrix after thermopoly-

merization and carbonization [32]. This imparts magnetic proper-

ties to MMC-Fe material, facilitating magnetic collection and re-

duction in time cost.

Several characterization techniques were employed to portray

the structure and components of MMC-Fe. In the transmission

electron microscope (TEM) images (Figs. S2a and b in Supporting

information), the dark spots can be assigned to γ -Fe2O3 which

are dispersed in the carbon matrix, endowing ordered mesoporous

carbon with magnetism. In addition, the typical stripe-like and

hexagonal arrangement patterns confirm the ordered mesoscopic

structure of MMC-Fe. The mesoporous structure was futher verified

by the BET method. A characteristic type-IV curve with hysteresis

loop is observed in the nitrogen adsorption/desorption isotherm of

MMC-Fe (Fig. S3a in Supporting information), indicating the exis-

tence of mesoporous structure. The obvious and steep steps ap-

pearing in the P/P0 =0.45–0.55 range of the adsorption isotherm

reflect the high uniformity of mesoporous size [30,32]. The pore

size distribution curve in Fig. S3b (Supporting information) illus-

trates that the pore size of MMC-Fe is approximately 4.0 nm, which

makes it possible to capture N-glycans based on size exclusion

effect and avoid protein interference. The crystalline structure of

MMC-Fe is further analyzed by powder X-ray diffraction (PXRD)

technology (Fig. S4a in Supporting information). The six obvious

diffraction peaks at 30.4°, 35.7°, 41.9°, 53.6°, 56.9° and 61.2° cor-

respond to the (220), (311), (400), (422), (511) and (440) lattice

planes of γ -Fe2O3 (PDF #39-1346), respectively. Additionally, there

are two peaks around 26.5° and 44.3° corresponding to (002) and

(101) reflections of graphitic carbon (PDF #41-1487) in XRD pat-

terns. The XPS pattern also synergistically confirms the presence

of the main elements (C, O, Fe) in the MMC-Fe (Fig. S4b in Sup-

porting information). The characteristic peaks at 1350 cm−1 and

1587 cm−1 in Raman spectroscopy (Fig. S5b in Supporting informa-

tion) correspond to the D and G bands of carbon materials, respec-

tively. D band is assigned to disordered carbon (sp3), while G band

is attributed to a hexagonal carbon (sp2). Raman spectroscopy re-

sult indicates that MMC-Fe contains carbon in various states in-

cluding graphitic carbon, which contributes to the N-glycans en-

richment. The Fourier transform infrared spectroscopy (FT-IR) in

Fig. S5a (Supporting information) is utilized for structural analy-

sis of MMC-Fe. The strong and wide absorption peak of MMC-Fe in

the FT-IR spectrum range of 3000–3670 cm−1 is attributed to the

stretching vibration of the -OH groups. The presence of hydroxyl

groups enhances the polar interaction between MMC-Fe and gly-

cans [33,34].

In this work, we initially utilized ovalbumin (OVA) digest con-

sisting of glycans and residual proteins as standard sample to as-

sess the enrichment ability of MMC-Fe for N-glycans. In short, the

process involves N-glycan enrichment by MMC-Fe in OVA digest,

acquisition of MALDI-TOF MS profiling, data processing and anal-

ysis based on machine learning model, and identification of key

N-glycans related to liver diseases, as illustrated in Fig. 1. For the

high-concentration OVA digest, after the entire process described

above, a total of 20 glycans were detected, the detailed informa-

tion of enriched N-glycans is listed in Table S1 (Supporting in-

formation). Then we prepared different concentrations (20, 10, 5,
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Fig. 1. Schematic overview of serum N-glycans enrichment by MMC-Fe and MALDI-

TOF MS profiling analysis.

and 1ng/μL) of OVA digest to further test the enrichment ability of

MMC-Fe for low-concentration glycans. As shown in Fig. S6 (Sup-

porting information), MMC-Fe is able to capture a certain amount

of N-glycans (S/N > 3) even at an OVA concentration of 1ng/μL.

Considering the presence of numerous large-size proteins in bi-

ological samples, the unique mesoporous structure of MMC-Fe is

quite conducive to selectively capturing small N-glycans while ef-

fectively excluding high-abundance proteins. We mixed the stan-

dard sample with different mass ratios of OVA and bovine serum

albumin (BSA). From Fig. S7 (Supporting information), even in the

case of OVA digest:OVA:BSA=1:300:300, 19 N-glycan signal peaks

emerge in the MS spectrum after enrichment by MMC-Fe (Fig. S7c

in Supporting information), while no typical N-glycans signal is de-

tected before enrichment (Fig. S7a in Supporting information) due

to the protein interference on glycan signals. Moreover, the pro-

tein signal peaks only appear in the mixed solution (Fig. S7b in

Supporting information) and were not detected in the eluate after

enrichment by MMC-Fe (Fig. S7d in Supporting information). The

above test indicates the excellent size-exclusion effect and glycan

enrichment ability of MMC-Fe.

Drawing from the above investigation on standard sample, we

extended our analysis to glycans in 57 serum samples, including

14 healthy controls, 22 liver cirrhosis patients, and 21 liver cancer

patients. This study, approved by the Ethics Committee of Shang-

hai Zhongshan Hospital, Fudan University (No. B2021-837R), ad-

hered to ethical standards, with participants’ consent for serum

sample collection. The gender distribution of 57 samples in the

three cohorts is similar, with a higher proportion of males, as il-

lustrated in Fig. 2a. According to the age ranges of 30–50, 50–

70, and 70+, the samples from the three cohorts are divided into

three age groups, in which the samples aged 50–70 account for

the largest proportion. According to the Pearson Chi-Square test

and Mann-Whitney U test, there are no significant differences in

gender and age between healthy control group and liver disease

group (P>0.05, Tables S2 and S3 in Supporting information). The

treatment procedure of serum samples still follows Fig. 1. Sub-

sequently, the obtained MS data (.txt format) was processed by

MALDIquant package on RStudio, and a total of 22 N-glycan charac-

teristic peaks were identified simultaneously in three cohorts (S/N

> 3). The typical spectra are shown in Fig. 2b and the detailed

information of the N-glycans is displayed in Table S4 (Supporting

information). We generated a hierarchical clustering heatmap of

these 22 N-glycans to visually illustrate the differences between

health and diseases (Fig. S8 in Supporting information). Accord-

ing to all these 22 N-glycans, we first attempted to use orthog-

onal partial least squares discriminant analysis (OPLS-DA) to dis-

tinguish between healthy controls and various liver diseases. The

OPLS-DA model is a supervised machine learning method that can

separate data changes irrelated to categorical variable Y in the in-

dependent variable X, thereby concentrating classification informa-

tion mainly on one principal component. Furthermore, OPLS-DA

utilizes partial least squares regression to construct a relationship

model between group category and target expression levels, which

can better obtain inter group difference information and achieve

sample grouping prediction [35,36]. The graphical representation

in Fig. 2c distinctly separates the healthy control group from

both liver cirrhosis (R2Y(cum)=0.726, Q2(cum)=0.506), and liver

cancer (R2Y(cum)=0.642, Q2(cum)=0.501). The fitting degree of

OPLS-DA is verified by a 200-iteration permutation in Fig. 2d, de-

picting that all left points are lower than the right points. The in-

tercept R2 and Q2 of the regression line are lower than 0.4 and

0.0, respectively, indicating the high reliability and validity of the

OPLS-DA.

In order to determine the most crucial N-glycans associated

with liver disease, three important coefficients related to the OPLS-

DA model, including variable importance in projection (VIP), P-

value, and fold change (FC), are used as filter factors. Thereinto,

under the specified criteria of VIP > 1, P < 0.05, and FC < 0.67 or

> 1.5, seven N-glycans were respectively picked out for discrimina-

tion between healthy control and different liver diseases, namely

liver cirrhosis and liver cancer (Tables S5 and S6 in Supporting in-

formation). The receiver operating characteristic (ROC) curves were

depicted for evaluating the discriminatory performance of these N-

glycans. As seen in Figs. 3a and b and Fig. S9 (Supporting informa-

tion), the AUC value is 0.993 (90.91% sensitivity and 100.00% speci-

ficity) for the discrimination between healthy control and liver cir-

rhosis, and achieves 0.963 (90.48% sensitivity and 92.86% speci-

ficity) between healthy control and liver cancer. These demonstrate

the high feasibility of selected N-glycans in liver cirrhosis or liver

cancer monitoring. Notably, in this study, 71.4% of liver cancer sam-

ples (15 cases) tested negative for AFP, which is a commonly used

clinical tumor marker for liver cancer. Specifically, AFP levels were

found to be less than 20ng/mL in these samples (Table S7 in Sup-

porting information). In fact, the specificity and sensitivity of the

AFP indicator are quite limited, around 45%−65% sensitivity and

78%−89% specificity at critical point of 20ng/mL [37–39]. From this

observation, we employed the selected seven N-glycans to try dis-

criminating AFP-negative liver cancer samples from healthy con-

trol samples. Remarkably, AFP-negative liver cancer samples can be

successfully separated from healthy controls (0.948 AUC, 80.00%

sensitivity and 100.00% specificity) in Figs. S12a and b (Support-

ing information). These results imply the outstanding advantage of

serum N-glycans in liver cancer monitoring.

The heatmaps (Figs. 3c and d) and box plots (Figs. S10 and

S11 in Supporting information) were generated to visually ob-

serve the expression variances of screend N-glycans across dif-

ferent clinical samples. Of note, there is an overlap of selected

N-glycans in the healthy control/liver cirrhosis and healthy con-

trol/liver cancer groups. Alterations in the expression levels of

the overlapping N-glycans are considerably consistent across both

liver disease groups, reflecting the close correlation and common-

ality between cirrhosis and liver cancer. In specific detail, com-

pared to healthy control groups, the N-glycans represented by m/z

1339.41, m/z 1542.07, m/z 1688.66 and m/z 1850.62 are upregu-

lated, and the N-glycans symbolized by m/z 1905.37 are down-

regulated in disease groups (Figs. S10 and S11 in Supporting in-

formation). Among the five N-glycans overlapped between healthy

control/liver cirrhosis and healthy control/liver cancer groups, as

well as non-overlapping four N-glycans, the glycans represented by

m/z 1339.41, 1542.07, 1850.62, and 2012.68 were identified by Hi-

gashi et al., and their alteration trends are consistent with the re-

sults obtained in our study. Meanwhile, they identified N-glycan

represented by m/z 1850.62 as a potential biomarker for early

HCC [40]. It is well known that N-acetylglucosaminyltransferase III
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Fig. 2. (a) Sample scale, gender distribution, and age distribution of three cohorts including healthy control, liver cirrhosis and liver cancer. (b) The typical MS spectra of

N-glycans from three sets of serum digests using MMC-Fe. (c) OPLS-DA score plots of serum N-glycans and (d) corresponding 200 permutations for discrimination between

healthy control and liver cirrhosis/liver cancer.

Fig. 3. The receiver operating characteristic (ROC) curve based on the selected N-glycans in (a) healthy control/liver cirrhosis, (b) healthy control/liver cancer and (c) liver

cirrhosis and liver cancer. Heatmap based on the selected N-glycans in (d) healthy control/liver cirrhosis and (e) healthy control/liver cancer.

(GnT-III) which produces bisecting GlcNAc structures inhibits can-

cer metastasis, whereas N-acetylglucosaminyltransferase V (GnT-V)

which generates multiantennary glycans promotes cancer develop-

ment [41]. During the development of cirrhosis and liver cancer,

Gnt-III and Gnt-V compete for substrates (N-glycans symbolised by

m/z 1809.65), which leads to an increase in N-glycans represented

by m/z 2012.68 (biantennary glycan) or 2028.66 (triantennary gly-

can) and a decrease of N-glycan represented by m/z 1809.65 [42].

This is confirmed by the fact that the GlycoCirrhosTest platform

established by Callewaert et al. differentiates between healthy and

cirrhotic livers mainly by an increase in dichotomous GlcNAc-

substituted glycans [43]. In addition, core-fucosylation of N-glycans

has been reported to be accomplished mainly by Fuc-TVIII (en-

coded by FUT8), and overexpression of core-fucosylation is an sig-

nificant feature of some cancers, including HCC [44,45]. More im-

portantly, the N-glycan glycoform represented by m/z 1809.65 and

2012.68 is precisely core-fucosylated by FUT8, and this glycoform

has been shown to be present in AFP-L3 [46]. These disscus-

sion of association between the identified N-glycans and liver dis-

eases may provide support for the application potential of selected

serum N-glycans in liver diseases, and indicate the feasibility and

credibility of serum N-glycans as biomarkers for liver diseases.

Considering the consistent alteration trend of overlapping five

N-glycans in samples from liver cirrhosis and liver cancer, we at-

tempted to distinguish liver cancer from liver cirrhosis based on

these five N-glycans. As shown in Fig. 3e and Fig. S9 (Supporting

information), the AUC value achieves 0.842 (76.19% sensitivity and

86.36% specificity), suggesting that the five selected N-glycans can

make a contribution to progression monitoring between liver cir-

rhosis and liver cancer. We observed that the AFP values of liver

cirrhosis are all below 20ng/mL same as in healthy controls (Table

S7 in Supporting information). Therefore, we conjectured whether

it is also possible to separate liver cirrhosis and AFP-negative liver

cancer samples through the selected N-glycans at the appropriate

AUC. As seen in Figs. S12c and d (Supporting information), AFP-

negative liver cancer samples are distinguished from liver cirrho-
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sis samples with an AUC of 0.827 (66.67% sensitivity and 77.27%

specificity). In short, the discrimiation between liver cancer (even

AFP-negative samples) and liver cirrhosis could be achieved based

on the five selected N-glycans, which reveals the great monitoring

potential of key N-glycans in liver diseases.

In summary, we successfully synthesized a magnetic meso-

porous carbon material based on the EISA strategy. The high yield

and low time cost of the prepared MMC-Fe are suitable for large-

scale sample treatment, and the appropriate mesoporous structure

endow the MMC-Fe with outstanding size-exclusion ability and

glycan enrichment performance. The prepared MMC-Fe was ap-

plied to N-glycan enrichment analysis of 57 serum samples from

healthy controls, liver cirrhosis, and liver cancer. The combination

of MALDI-TOF MS profiling and OPLS-DA model validates the ex-

cellent discriminative performance of serum N-glycans for healthy

controls and liver disease patients. Subsequently, based on a com-

prehensive evaluation of VIP values, P-values, and FC values, 7 sig-

nificantly different N-glycans were separately selected from two

comparison groups: healthy control/liver cirrhosis and healthy con-

trol/liver cancer. The selected N-glycans exhibit remarkable out-

come for liver cirrhosis/liver cancer with AUCs of 0.948–0.993,

even in AFP-negaitve liver cancer samples. The overlapping five N-

glycans in healthy and two disease groups are also confirmed to

differentiate liver cirrhosis from liver cancer, as well as for AFP-

negative samples, with AUCs of 0.827–0.842. Serum N-glycan anal-

ysis based on effective carbon matrix and machine learning models

unfolds great potential in the precise monitoring of liver diseases,

providing a more efficient and accurate platform for the subdivi-

sion and differentiation of more diseases. Additionally, to explore

more comprehensive and reliable biomarkers, the introduction of

multiple omics such as proteomics and larger sample trials are

new approaches, which worth attempting.
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