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ARTICLE INFO ABSTRACT

Keywords: Objectives: To develop a multi-omics prognostic model integrating transcriptomics and radiomics
GBM ) ) for predicting overall survival in patients with glioblastoma multiforme (GBM), and investigate
Trzr_lscr‘_pmmms the biological pathways of radiomics patterns.

Ra romics Materials and methods: Transcription profiles of GBM patients and normal controls were used to
Co-expression networks c s . . N

WGCNA obtain differentially expressed mRNAs and long non-coding RNAs (IncRNAs). Radiomics features

were extracted from magnetic resonance imaging (MRI). Least absolute shrinkage and selection
operator (LASSO) Cox regression was employed to select survival-associated features for the
construction of transcriptomics and radiomics signatures. Genes associated with GBM prognosis
were identified through the analysis of IncRNA-mRNA co-expression networks and Weighted
Gene Co-expression Network Analysis (WGCNA), and their biological pathways were investigated
using Genomes enrichment analysis. Transcriptomics, radiomics, and clinical data were inte-
grated to evaluate the multi-omics prognostic model’s performance.

Results: LASSO Cox regression yielded 21 survival-related features, including 19 transcriptomics
features and 2 radiomics features. Based on transcriptomics and radiomics signature, GBM pa-
tients were classified as high-risk or low-risk. The genes obtained from the co-expression network
screen were associated with microtubule binding, while those from the WGCNA screen were
associated with growth factor receptor binding. In the training set, the AUC values for the multi-
omics model and clinical model were 0.964 and 0.830, respectively, while in the validation set,
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they were 0.907 and 0.787. The multi-omics prognostic model outperformed the clinical prog-
nostic model.

Conclusions: The co-expression network and WGCNA methods revealed genes associated with
multiple biological pathways in GBM. The multi-omics prognostic model demonstrated excellent
performance and indicated significant potential for clinical application.

Abbreviations

GBM Glioblastoma Multiforme

AUC Area Under the Curve

IncRNAs Long intergenic Non-coding RNAs

FLAIR fluid attenuated inversion recovery

FDR False Discovery Rate

TR/TE  Repetition Time/Echo Time

ROIs Regions Of Interest

ICC Intraclass Correlation Coefficient

EN2 Engrailed-2

MGMT O6-methylguanine-DNA Methyltransferase
G0S2 G0/G1 Switch Gene 2

PPP3CB Protein Phosphatase 3 Catalytic Subunit Beta
GLDM  Grey Level Dependency Matrix

GLSZM Grey Level Size Zone Matrix

GLCM  Grey Level Co-dependency Matrix

GLRLM Grey Level Run Length Matrix

53BP1 P53-binding Protein 1

EGFR Epidermal growth factor receptor

Rap: Ras-related Protein

BIN3 Bridging Integrator-3

1. Introduction

Glioblastoma multiforme (GBM) represents the most aggressive form of primary malignant brain tumor in the adult population,
exhibiting a 5-year survival rate spanning from 6 % to 22 %. This survival rate is contingent upon the individual’s age and the existence
of additional risk factors [1]. Prognostic models that consider only factors such as patient age, ethnicity, radiotherapy receipt, and
tumor characteristics often fall short in accurately predicting overall survival [2-4]. Thus, identifying additional prognostic factors is
critical to developing more effective predictive models for GBM prognosis.

Transcriptomics and radiomics data integration, namely multi-omics patterns, can provide meaningful knowledge in GBM prog-
nosis. A transcriptome refers to all RNAs transcribed from a specific tissue or cell during a particular developmental period. It has been
shown that long intergenic non-coding RNAs (IncRNAs) are closely related to GBM [5]. Researchers developed a prognostic signature
for GBM patients based on six IncRNAs, with significant differences in survival analysis (P < 0.01) [6]. Radiomics can reflect the
molecular function of tumors by extracting image features [7]. Contrast-enhanced axial T1-weighted imaging (T1WI) and fluid
attenuated inversion recovery (FLAIR) imaging can guide the prognosis of GBM patients [8]. The use of contrast agents containing
gadolinium in patients with renal impairment can result in nephrogenic systemic fibrosis [9]. Therefore, extracting radiomics features
from FLAIR sequences is crucial for determining the prognosis of GBM. Some researchers have developed radiomics-based prognostic
models that outperform traditional clinical models [10,11]. However, these studies only focus on imaging features and do not explore
molecular mechanisms. Integrating multi-omics data identifies molecular interactions and enhances understanding of disease
mechanisms. The construction of IncRNA-mRNA co-expression networks is an important way to analyse the function of transcriptomics
molecules [12]. Weighted gene co-expression network analysis (WGCNA) explores the association between gene modules and sample
phenotypes in gene networks [13]. Some scholars have used WGCNA to study the relationship between bladder cancer radiomics
features and molecular features, identifying associations between radiomics risk classes and several biological pathways, such as
bladder cancer angiogenesis [14].

In this study, we identified differentially expressed mRNAs and IncRNAs, obtained prognosis-related genes by co-expression
network and WGCNA method, and analyzed their biological functions by Gene Oncology (GO) and Kyoto Encyclopedia of Genes
and Genomes (KEGG) to provide a theoretical basis for the pathogenesis and therapeutic targets of GBM. The project also aims to
provide individualised survival probabilities for each GBM patient to guide clinical decision-making.
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2. Methods
2.1. Study population

For the study, we applied the following inclusion criteria: (1) we selected only samples that had matching The Cancer Genome Atlas
(TCGA) transcriptome and the Cancer Imaging Archive (TCIA) MRI data; (2) MRI data from TCIA had to meet high-quality standards,
being free of artifacts; and (3) samples needed to have complete clinical indicator information. There were 62 samples identified,
including 57 GBM patients and 5 controls, which were then randomized 6:4 for training and validation. As the patient data were

obtained from publicly accessible information in the TCGA database, informed consent was not required. Fig. 1 shows the flow chart
for the study.

2.2. Screening for differential mRNAs and differential IncRNAs

The "limma" package was utilized to identify mRNAs and IncRNAs with differential expression. Based on the whole genome
expression profile of RNA-seq data, the screening criteria were |FoldChange|>2 and false discovery rate (FDR) < 0.01.

2.3. Segmentation of images and radiomics features

ITK-SNAP software was utilized to perform 3D segmentation of FLAIR images from patient scans. Radiomics features extraction was
conducted via the Pyradiomics extractor. To ensure reproducibility, two neuro-radiologists of varying experience levels (reader 1: 5
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years; reader 2: 7 years) independently conducted Region Of Interests (ROI) segmentations on a subset of 30 randomly selected
samples. For evaluating the consistency of measurements between the two readers, we computed the intraclass correlation coefficient
(ICC). An ICC threshold of >0.75 was set to indicate satisfactory agreement. Only features with an ICC exceeding this threshold were
considered reproducible.

2.4. Construction of radiomics and transcriptomics signature

Univariate Cox analysis was conducted for differentially expressed mRNAs, IncRNAs, and radiomics features. Factors with P < 0.05
were selected, and LASSO Cox regression was then applied to identify those significantly associated with prognosis for the construction
of transcriptomics and radiomics signatures. Risk scores were computed for each patient to investigate the effectiveness of the tran-
scriptomics or radiomics signature for clinical outcome prediction. A low-risk and high-risk group of patients was further classified
based on their transcriptomics and radiomics risk scores. Survival curves for both transcriptomics and radiomics were plotted to
illustrate the survival outcomes of patients in these risk categories. Additionally, a multi-omics nomogram integrating transcriptomics
and radiomics will provide clinicians with a user-friendly tool for precise prediction of GBM patient survival.

2.5. WGCNA and gene function analysis

After preprocessing the data, we performed variance analysis to select the top 50 % of variant genes for subsequent WGCNA.
Pearson’s correlation coefficients were then calculated to construct a network that adheres to the scale-free network standard by
selecting an optimal soft threshold beta. To evaluate the relationship between significant genes and radiomics signatures in identified
modules, we calculated the correlation between gene significance and module membership. Gene modules with a significant positive
correlation with radiomics risk level were subjected to GO and KEGG enrichment analysis.

2.6. Network of IncRNA-mRNA co-expression

The pearson correlation coefficient (PCC) was calculated between the IncRNAs screened by LASSO regression and the differential
mRNAs screened in the expression profile data. IncRNA-mRNA pairs with P < 0.05 and |cor| > 0.6 were selected to construct a IncRNA-
mRNA co-expression network [15].

Table 1
Baseline characteristics of GBM patients.

Group Training set Validation set P

Age 0.187
<60 16 (45.71 %) 14 (63.64 %)
>60 19 (54.29 %) 8 (36.36 %)

Gender 0.339
Female 13 (37.14 %) 11 (50.00 %)
Male 22 (62.86 %) 11 (50.00 %)

Race 1.000
Others 3 (8.57 %) 2(9.09 %)
White 32 (91.43 %) 20 (90.91 %)

KPS score 0.538
>60 25 (71.43 %) 14 (63.64 %)
<60 10 (28.57 %) 8 (36.36 %)

Subtype 0.618
Classic 9 (25.71 %) 7 (31.82 %)
Non-classic 26 (74.29 %) 15 (68.18 %)

CIMP 1.000
Positive 3 (8.57 %) 1 (4.55 %)
Negative 32 (91.43 %) 21 (95.45 %)

IDH 1.000
Mutant 4 (11.43 %) 2 (9.09 %)
Wild type 31 (88.57 %) 20 (90.91 %)

Radiotherapy 1.000
Yes 4 (11.43 %) 2 (9.09 %)
No 31 (88.57 %) 20 (90.91 %)

Pharmaceutical 0.945
Yes 5 (14.29 %) 3 (13.64 %)
No 30 (85.71 %) 19 (86.36 %)

Status 1.000
Survival 4 (11.43 %) 1 (4.55 %)
Death 31 (88.57 %) 21 (95.45 %)

Survival time Time (years) 1.21 £1.11 1.67 +1.68 0.222
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2.7. Prognostic models development and evaluation

Two prognostic models were developed: a clinical model, considering age, gender, race and other factors, and a multi-omics model,
incorporating clinical factors, radiomics, and transcriptomics. The performance of the prognostic models was evaluated for their
ability to discriminate, calibrate, and demonstrate clinical effectiveness [16]. Discrimination was assessed by using the area under the
receiver-operating characteristic curve (AUC) and the concordance index (C-index). Furthermore, the reclassification performance was
analyzed through IDI (integrated discrimination improvement) [17] and NRI (net reclassification improvement) [18]. The calibration
curves were used to assess calibration, and the decision curve analysis (DCA) was used to evaluate clinical effectiveness, which
calculated net benefits across various risk threshold probabilities [19].

2.8. Statistical analysis

Statistical analyses were conducted using R (Version 3.6.0) (http://www.R-project.org,2019). We used the following R packages:
the glmnet package for LASSO regression, the survival package for survival analysis, the timeROC package to obtain ROC results, and
DCA using the stdca package. The clusterProfiler package facilitated GO and KEGG analysis, while the WGCNA package was utilized
for WGCNA analysis. Kaplan-Meier analysis was used to generate survival curves. To compare patient characteristics between the
training and validation sets, continuous variables were analyzed with t-tests or Mann-Whitney tests, and P-values were reported.
Categorical variables, such as subtypes, were assessed using chi-square tests. P-values <0.05 were considered significant.

3. Results
3.1. Patients clinical characteristics

A summary of the clinical characteristics of the training and validation sets can be found in Table 1. The median survival time was
1.21 years in the training set and 1.67 years in the validation set. No statistically significant differences were found in patient age,

gender, race, KPS score, subtype, CpG island methylation phenotype (CIMP), isocitrate dehydrogenase (IDH), radiation, pharma-
ceutical, or overall survival (P = 0.187-1.000).
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Fig. 2. Screening the mRNAs, IncRNAs and radiomics features related to prognosis and construction of transcriptomics and radiomics signature. (A)
Volcano plot for differential mRNAs expression. (B) Volcano plot for differential IncRNAs expression. (C) Lambda selection by 10-fold cross-
validation. (D) Processes of LASSO Cox model fitting. Each curve represents a feature.
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3.2. Prognosis-related transcriptomics and radiomics factors

A total of 3129 differential mRNAs (up-regulated 1516, down-regulated 1613) and 1132 differential IncRNAs (up-regulated 411,
down-regulated 721) were found in GBM patients compared to normal subjects (Fig. 2A and B). Univariate analysis identified 102
differential mRNAs and 38 differential IncRNAs as prognostic factors.

A total of 851 radiomic features were extracted, comprising 107 original features and 744 wavelet features. Univariate analysis
identified six radiomic features as prognostic factors.

3.3. Construction of transcriptomics and radiomics signature

In this study, we incorporated 102 mRNAs showing differential expression, 38 differential IncRNAs, and 6 radiomic features with P
< 0.05 from the univariate analysis into the LASSO Cox regression. The optimal prognosis-related features were screened using 10-fold
cross-validation, and the best features were screened by adjusting the lambda values of different parameters to obtain the smallest bias.
The screening process is shown in Fig. 2C and D.

LASSO Cox regression screened 21 features, including 2 radiomics features and 19 transcriptomics features (14 mRNAs and 5
IncRNAs), which were used as transcriptomics and radiomics signature (Table 2). The median transcriptomics and radiomics risk
scores were 1.405 and 1.185.

3.4. Transcriptionomics and radiomics signature prognostic value

Univariate Cox regression analysis revealed that several factors were significantly associated with overall survival in GBM: radi-
ation therapy (P = 0.01), CIMP status (P = 0.03), IDH mutation status (P < 0.05), pharmaceutical treatment (P = 0.02), radiomics risk
level (P = 0.02), and transcriptomics risk level (P < 0.05) (Table 3). In the multivariate analysis, pharmaceutical treatment (P < 0.05),
radiomics risk level (P < 0.05), and transcriptomics risk level (P < 0.05) appeared to be independent GBM prognostic factors (Table 3).
Kaplan-Meier curves were used to compare survival rates between high-risk and low-risk groups (Fig. 3A and B). Transcriptomics
signatures, radiomic signatures, and clinical factors were combined to create a multi-omics nomogram (Fig. 3C).

3.5. LncRNA-mRNA expression profiles and functional networks

The constructed IncRNA-mRNA co-expression network revealed that four IncRNAs (AC109779.1, AL139240.1, LBX1-AS1,
LINCO01879) were highly co-expressed with 141 mRNAs (Fig. 4A). GO analysis revealed that the mRNAs in the co-expression
network were mainly involved in microtubule binding (GO:0008017) and tubulin binding (GO:0015631) (Fig. 4B), and KEGG anal-
ysis revealed that the above mRNAs were mainly involved in Cell cycle (Fig. 4C).

3.6. Molecular functional analysis in WGCNA and radiomics risk classification

With a soft threshold of p = 5, we ensured the network was scale-free (Fig. 5A), and the results generated 22 distinct gene co-
expression modules in the GBM samples (Fig. 5B). A significant and positive correlation was found between the genes in the or-
ange module and radiomics risk levels (cor = 0.264, P < 0.05). The genes in the orange module contained the genes TEK, TBX4,
W5N891, CALD1 and F6TQP7. GO analysis of the genes in the orange module revealed that these genes were mainly involved in
growth factor receptor binding (G0O:0070851) and epithelial growth factor receptor binding (GO:0005154) (Fig. 5C), and KEGG
analysis revealed that the above genes were mainly involved in various pathways such as Rapl and Ras signaling pathway (Fig. 5D).

Table 2
Radiomics and transcriptomics signatures.
Radiomics Coefficient IncRNAs Coefficient mRNAs Coefficient
log-sigma-3-0-mm-3D gldm LargeDependence LowGrayLevelEmphasis —2.67e-02 AL132800.1 —1.04e-01 AC01153 3.59-01
BICDL1 8.85e-04
CABP4 2.38e-03
AL139240.1 —3.01e-01 CLEC18C 2.45e-02
EN2 4.55e-03
FAMO9C —6.10e-01
AC109779.1 —2.96e-01 G0S2 1.40e-03
log-sigma-3-0-mm-3D glszm LargeArea HighGrayLevelEmphasis —2.22e-09 GUCA1A 1.21e-02
MYO15A 3.98e-02
LBX1-AS1 3.35e-02 PGBD5 9.55e-04
PPP3CB 6.39e-06
RPE65 —2.04e-04
LINCO01879 1.09e-01 SYN3 —1.69e-03
TMEM100 —6.92e-05
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Table 3
Cox regression univariate and multivariate analyses.
Variables Univariate HR (95 % CI) P Multivariate HR (95 % CI) P
Age 1.59 (0.92-2.77) 0.10
Gender 0.98 (0.56-1.72) 0.94
Race 1.02 (0.37-2.84) 0.97
KPS 1.24 (0.68-2.26) 0.48
Subtype 0.86 (0.47-1.57) 0.62
CIMP 9.44 (1.29-69.26) 0.03 1.99 (0.18-22.18) 0.57
IDH 10.40 (2.43-44.53) 0.00 3.77 (0.63-22.51) 0.14
Radiation 3.10 (1.30-7.41) 0.01 1.05 (0.20-5.49) 0.89
Pharmaceutical 2.49 (1.15-5.39) 0.02 6.27 (1.41-27.97) <0.05
Radiomics risk level 1.98 (1.10-3.54) 0.02 2.01 (1.04-3.86) <0.05
Transcriptomics risk level 19.34 (6.71-55.74) <0.05 22.76 (7.64-67.79) <0.05
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Fig. 3. Survival curves and the multi-omics nomogram. (A) Kaplan-Meier survival curves with different transcriptomics risk scores. (B) Kaplan-
Meier survival curves with different radiomics risk scores. (C) The multi-omics nomogram of GBM patients.

3.7. The performances of the different prognostic models

In the training set, the AUC values for the multi-omics model and clinical model were 0.964 and 0.830, respectively, while in the
validation set, they were 0.907 and 0.787. In the training set, the C-index for the multi-omics model and clinical model were 0.869 and
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0.784, respectively, while in the validation set, they were 0.891 and 0.751 (Fig. 6A and B). The NRI and IDI of the multi-omics model
were 0.302 and 0.119 in the training set, indicating substantial improvement in reclassification. The calibration plots showed the good
performance of the multi-omics model (Fig. 6C), and the multi-omics model gained more net benefits than the clinical model (Fig. 6D).

4. Discussion

This study utilized data from TCGA and TCIA to construct a transcriptomics prognostic signature comprising 19 features and a
radiomics prognostic signature comprising 2 features. Additionally, co-expression networks and the WGCNA approach were applied to
identify biological pathways linked to GBM. More importantly, a multi-omics prognostic model was established, and perfect model
validation was performed by integrating clinical factors, enabling precise prediction of overall survival in GBM patients.

Transcriptomics of mRNA and IncRNA is closely associated with the prognosis of GBM patients [20,21]. EN2 (Engrailed-2) en-
hances the sensitivity of glioma to temozolomide by reducing cell proliferation and increasing apoptosis, similar to MGMT [22].
PPP3CB is a calmodulin-regulated protein phosphatase, and Lou et al. [23] used bioinformatics analysis to demonstrate that PPP3CB
plays a tumor suppressive role in GBM. The IncRNAs were expressed in a variety of neural tissues or cells, including brain and retinal
tissues, and were associated with the development of neurological tumors [24]. Zhang et al. [6] created a signature composed of six
IncRNAs, which helped to identify high-risk patients with poor prognosis. However, few studies have reported the use of mRNAs and
IncRNAs together as signature for GBM. The present study included mRNAs and IncRNAs together as signature, which can provide a
more accurate prognostic assessment for GBM patients.

Radiomics is a valuable method for comprehensive assessment that reflects tumor phenotypes, genotypes and other biological
features [7,25]. FLAIR sequences can reveal a high signal in some patients with progression [26]. The study’s findings revealed that
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validation sets. (C) The calibration curves of the multi-omics prognostic nomogram. (D) DCA decision curves, red represents the multi-omics
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two radiomics features, extracted from FLAIR sequences, were strongly linked to survival in patients with GBM. These features served
as indicators of the tumor’s grayscale heterogeneity, providing valuable insights into its biological complexity and prognostic im-
plications. Consistent with the findings of this study, Liu et al. [27] found that features in the Grey Level Co-dependency Matrix
(GLCM) reflected regional heterogeneity and helped to determine differences between long-term and short-term groups of GBM patient
survival. Similarly, Chaddad et al. [28] study of 39 GBM patients with enhanced T1WI and FLAIR sequences found that the GLCM
parameters extracted from the tumor-enhanced and edematous regions correlated well with patient survival (p < 0.01).

In this study, GO analysis of genes within the IncRNA-mRNA co-expression network showed that they are mainly related to the
microtubule binding, among others. Microtubule binding is crucial in GBM development. A novel microtubule drug has been devel-
oped which targets microtubule binding, penetrates the blood-brain barrier, selectively kills GBM cells, and has a good safety profile.
KEGG analysis revealed that the above genes are associated with the cell cycle and other signalling pathways. The transcriptomics
prognostic signature identified GOS2, a cell cycle gene that enhances the effectiveness of glioma radiation therapy by regulating the
stability of the 53BP1 protein [29]. GO analysis of the genes identified through WGCNA indicated a strong association with growth
factor receptor binding. EGFR amplification is an important oncogenic driver in GBM [30]. It has been shown that ligand-induced
EGFR activation leads to proliferation and reduced invasive capacity of GBM cells through upregulation of Bridging Integrator-3
(BIN3) [31]. KEGG analysis revealed that these genes are mainly associated with signalling pathways, such as the Rapl signaling
pathway. The Ras superfamily of small G proteins encompasses the Ras-related protein (Rap) subfamily, which includes Rap1 and Rap2
[32]. The Rapl expression is elevated in GBM patients and is associated with elevated tumor grade [33].

The multi-omics prognostic model developed in this study outperformed the clinical prognostic model. Most studies have con-
structed prognostic models using only clinical factors [34]. Zhou et al. [35] developed a prognostic model based on IncRNAs that
predicts clinical outcomes in patients with GBM. However, the authors did not include mRNAs in their study. Chaddad et al. [36]
combined a composite model of clinical factors, imaging features and genomics features, achieving the greatest AUC (P < 0.001). The
present study innovatively incorporated radiomics and transcriptomics features together to construct a multi-omics prognostic model
with superior predictive performance, with an AUC of 0.964 for predicting survival in the training set. Table 4 summarizes relevant
studies conducted in recent years. This table enables a clear evaluation of the similarities and differences between our research and
previous studies [34-42]. Through the data presented in the table, our model achieved high accuracy. In addition, we provided crucial
biological interpretations of the radiomics features, specifically in explaining the pathological and physiological processes of GBM.

There are limitations to this study. This study retrospectively collected MRI images in the TCIA database, which has high variability
in scan parameters. In addition, this study had to ensure that both transcriptomics and imaging data were available for the study
population. Therefore, only 57 patients were included, which is a small sample size, as well as incomplete clinical risk factors for some
patients. In this study, the prognostic model was constructed using features solely extracted from FLAIR sequences, without incor-
porating other functional MRI techniques. We will collect more cases, ensure scanning consistency to enhance the accuracy of
prognostic predictions for GBM patients.

5. Conclusions

This study combined radiomics and transcriptomics data and used the co-expression network and WGCNA method to screen genes
associated with GBM prognosis, which could provide a theoretical basis for the pathogenesis of GBM. Furthermore, a prognostic model
based on multi-omics and clinical factors was developed and validated, demonstrating excellent performance and indicating signifi-
cant potential for clinical application.
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Table 4
Application of prognostic models in GBM survival prediction.

Authors Year Data Source Predictors Algorithm Performance

Gittleman 2017  Internal cohort Clinical + MGMT Cox regression With a C-index of 0.657
et al. [34]

Zhou et al. 2018 TCGA Clinical + transcriptomics features Cox regression Training: AUC 0.73, validation: AUC
[35] 0.67

Chaddad et al. 2019  TCIA and Internal Radiomics + clinical + genomics + Random forest With a AUC of 0.782
[36] cohort protein expression

Zhang et al. 2019  Internal cohort Radiomics + clinical Logistic regression Training: C-index, 0.971, validation:
[37] C-index 0.974

Verma et al. 2020  Internal cohort Assessing features that are prognostic ~ LASSO, Cox regression With the highest C-index of 0.80
[38] for progression-free survival

Choietal. [39] 2021  Internal cohort Radiomics + clinical + MGMT and Deep learning Combined overall and progression-

IDH status free survival AUC 0.73 and 0.67

Ammari et al. 2021 Brain Tumor Radiomics + clinical Seven Machine learning ~ With the highest AUC of 0.71
[40] Segmentation (BraTS) (ML) algorithms

Kazerooni 2022  Internal cohort Radiomics + genomics + MGMT + Deep learning With a C-index of 0.75
etal. [41] methylation + clinical

Hajianfar et al. 2023  TCIA and Internal Radiomics + clinical Six time-to-event ML With the highest C-index of 0.77
[42] cohort algorithms
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