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Disclaimer

DISCLAIMER - FOR INFORMATIONAL PURPOSES ONLY; USE AT YOUR OWN RISK

The protocol content here is for informational purposes only and does not constitute legal, medical, clinical,
or safety advice, or otherwise; content added to protocols.io is not peer reviewed and may not have
undergone a formal approval of any kind. Information presented in this protocol should not substitute for
independent professional judgment, advice, diagnosis, or treatment. Any action you take or refrain from
taking using or relying upon the information presented here is strictly at your own risk. You agree that
neither the Company nor any of the authors, contributors, administrators, or anyone else associated with
protocols.io, can be held responsible for your use of the information contained in or linked to this protocol
or any of our Sites/Apps and Services.
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Abstract

Biomarkers are essential for the early detection, diagnosis, and management of diseases, particularly in
complex conditions like Alzheimer's disease. This paper presents a comprehensive protocol for the in-silico
validation of biomarkers using Receiver Operating Characteristic (ROC) and Area Under the Curve (AUC)
analysis in R. The protocol emphasizes the importance of rigorous data preprocessing and statistical validation,
utilizing a Universal dataset, GSE36980, which comprises expression data from post-mortem Alzheimer's
disease brains.The dataset was subjected to differential gene expression (DGE) analysis, and the significance
of potential biomarkers was evaluated using statistical t-tests. The protocol outlines detailed steps for data
preprocessing, including handling missing values, ensuring unique gene identifiers, and creating a binary
classification variable based on log fold change cutoffs.By employing ROC and AUC curve analysis, this
protocol aims to provide researchers and clinicians with a robust framework for assessing the performance of
biomarkers in predicting Alzheimer's disease. The findings from this in-silico validation can facilitate the
identification of novel biomarkers and enhance decision-making in clinical practice. This comprehensive
approach not only streamlines the validation process but also contributes to the growing body of knowledge in
biomarker research

Materials

GPU Server

R Studio

Differential gene expression analysis file
Graph Pad Prism Software

Troubleshooting

Before start

Ensure that R and RStudio are updated to the latest versions.
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Introduction

Biomarkers play a crucial role in the early detection, diagnosis, and management of
various diseases. However, the development and validation of reliable biomarkers is a
complex and challenging process that requires rigorous evaluation of their analytical
and clinical performance. Biomarker validation involves assessing the accuracy,
precision, sensitivity, specificity, and reproducibility of the biomarker in a laboratory
setting (analytical validation), as well as evaluating its ability to accurately detect or
predict the clinical condition of interest in a target population (clinical validation)[1].
In-silico validation, which refers to the computational evaluation of biomarkers using
mathematical models, simulations, and data analysis techniques, has become an
increasingly important aspect of the biomarker validation process. In-silico validation
offers several advantages, including cost-effectiveness, rapid screening of potential
biomarkers, hypothesis generation, optimization of assays, and risk assessment. By
leveraging computational power and advanced statistical methods, in-silico validation
can help identify novel biomarkers, guide the design of subsequent experimental
studies, and optimize the performance of biomarker assays. One of the most widely
used methods for evaluating the performance of binary classification models, such as
those used to predict the presence or absence of a disease based on biomarker
levels, is Receiver Operating Characteristic (ROC) curve analysis.[2] ROC curves plot
the true positive rate (sensitivity) against the false positive rate (1 - specificity) for
different decision thresholds, while the Area Under the ROC Curve (AUC) serves as a
summary statistic that represents the overall accuracy of the classification model .
ROC and AUC curve analysis provide valuable insights into the performance of
biomarkers and help in the selection of optimal cutoff values for clinical decision-
making.[3]The objective of this protocol is to provide a comprehensive guide for the
in-silico validation of biomarkers using ROC and AUC curve analysis in R, a widely
used programming language for statistical computing and graphics. The protocol will
cover the necessary steps for data preprocessing, exploratory data analysis, ROC and
AUC curve generation, and performance evaluation of biomarkers. By following this
protocol, researchers and clinicians can effectively assess the potential of biomarkers
for their intended applications and make informed decisions about their clinical utility.

Data Pre-processing

2

The input file for the in-silico validation protocol should be in CSV (Comma-Separated
Values) format, obtained from differential gene expression (DGE) analysis. The file
must compulsorily contain two columns: "gene_id" and "logFC". The "gene_id"
column should contain the unique identifiers for each gene, while the "logFC" column
should provide the log fold change values for each gene, indicating the relative
expression between two conditions (e.g., disease vs. control).
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Installing Library

3
install.packages("readr"): This command installs the readr package, which provides
functions to read
rectangular data like CSV files efficiently.

install.packages("pROC"): This command installs the pROC package, which is used
for computing and visualizing Receiver Operating Characteristic (ROC) curves and the
Area Under the Curve (AUC).

install.packages("dplyr"): This command installs the dplyr package, which offers a
set of tools for data manipulation and transformation.

> library(readr)

> library(pROC)
> library(dplyr)

Dataset Preparation

4 Start with two datasets, one being the test data set and one being a universal dataset.
Each must contain only geneid and logFC columns. The first picture depicts Test
dataset and second picture shows the universal dataset respectively.
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geneid
Chorf13
MNRNT
Chorf13
WsB2
RBMS3
C1lor31
TBC1D2B
LRTM2
LANCLZ
ACP1
KALRN
CBLN4
UBE2V1
LOC284214
PPP1RT
PPP2R2B
VKCRCILY
SLC30A3
C17eri’e
SLC30A3
MOW10LT
COEMN2D
DS

ATPIFT
HMP19
TMEM189-LUBE2ZVT

Dataset of test case
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logFC
(.2840
0.3470
0.2870
0.24560
0:2970
0.1950
-0.1680
0.3040
3.1620
0.2150
0.2610
0.4970
0.1340
0.3460
0.1380
0.1770
0.2180
0.2430
0.2050
0.2740
-0.2550
0.2170
0.1950
0.2240
3.3070
0.1310
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4.1
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geneid

ok

WASHTP
LOC124903816
SEPTIN14P18
LOCT29737
WASHIP
RPL23AP21
LOC127239154
LOC124903815
RPL23AP24

o W O =~ B wm kW M

MIR12136

11 LOC1002E88065
12 LINCG1409

13 LOC124503817
14 LINCO0115

15 LINCO1128

16 LOCT107S84850
17 LOC284500

18 SAMD

19 NOCZL

20 KLHL1Y

21 HES4

22 15315

23 AGEN

24 |OCI1002858175
25 LOC1053785948
26 Clorf1s9

Dataset of Universal data

Importing dataset :

logFC
0.006385006
0.099999126
-2.834395595
-0.150936088
-0.569432292
-1.019614557
0.693441652
1.053521545
0169687324
-0.789341887
-1.064056570
-0.575025797
-0.477522048
-0.579778294
0.199191894
2613690002
0.896835234
0.201934486
L320651709
-0.031154757
0631188269
0.403389865
0372074217
0.215974471
1.059309691
0.123589278
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read.csv("dge_ALZ.csv"): Reads the dge_ALZ.csv file into a data frame called
dge_ALZ which refers to the test dataset.

read.csv("udatal_ALZ.csv"): Reads the udatal_ALZ.csv file into a data frame called
udatal_ALZ which is the universal dataset.

> dge_ALZ <- read.csv("dge_ALZ.csv")
> udatal ALZ <- read.csv("udatal_ALZ.csv")

5 Convert Gene IDs to Character Type: After reading the datasets, it is important to
ensure that the gene id columns are treated as character type. This is because gene
ID values, which represent gene identifiers, are often alphanumeric and need to be
recognized as such to facilitate accurate data merging and manipulation. By
converting the gene ID columns in both dge_ALZ and udatal_ALZ data frames to
character type, we prevent any potential issues that might arise from treating these
identifiers as numerical values. This step is critical for maintaining the integrity of the
data and ensuring that subsequent merging operations work correctly.

> dge_ALZ$geneid <- as.character(dge_ALZ$geneid)
> udatal ALZ$geneid <-as.character(udatal_ALZ$geneid)

6 Create a Response Variable Based on logFC : Next, we create a new column that
categorizes each gene based on its logFC value, labeling them as either
"upregulated" or "downregulated." This categorization transforms the continuous
logFC values into a binary format, which is necessary for defining the response
variable required for ROC analysis. By creating this response variable, we set the
stage for evaluating the classification performance between the two datasets.

> dge_ALZS$response <- ifelse(dge_ALZ$logFC> 0, "upregulated",
"downregulated")

> udatal_ALZ$response <-ifelse(udatal_ALZ$logFC > 0,
"upregulated", "downregulated")

6.1 Creation of response variable based log FC : The first picture depicts Test dataset
and second picture shows the universal dataset respectively.
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geneid
WASHTP
LOMC124903816
SEPTIM14F18
LOC729737
WASHSP
RPLZ3AP21
LOC127259154
LOC124903815
RPLZ3AP24
MIRT2136
LOCT00285069
LINCO1409
LOCT24503817
LINCOO0115
LINCO1128
LOCT107984850
LOC284600
SAMDT1
NOC2L

KLHL17

HES4

15G15

AGRM
LOC100288175
LOC1053785948
Clorf159

logFC
0.006335006
(.099593126
-2.8334395595
-0.150936088
-(.569432292
-1.019614557
0693441652
1.053521545
0.1696857324
-(.789341887
-1.064056570
-0.575025797
-0.477922048
-0.579778294
0.199191894
2513690002
0.896835234
0.201934486
0.820651709
-0.031154757
0.631188269
0.403339365
0372074217
0.215974471
1.059309691
0.123589278

response

upregulated
upregulated
downregulated
downregulated
downregulatad
downregulated
upregulated
upregulated
upregulated
downregulated
downregulated
downregulated
downregulatad
downregulated
upregulated
upregulated
upregulated
upregulated
upregulated
downregulated
upregulated
upregulated
upregulated
upregulated
upregulated

upregulated
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geneid
C5orf13
MRN1
C5orf13
WSB2
RBMS
C11erf31
TBC1D2B
LRTM2
LANCLZ
ACP1
KALRN
CBLN4
UBE2V1
LOC284214
PPP1RT
PFP2R2B
VKORC1L1
SLC30A3
C17orf76
SLC30A3
MOWV10L1
CDKN2D
IDS

ATPIFT
HMP19
TMEM189-UBE2V1

logFC
0.2840
0.3470
0.2870
0.2460
0.2970
0.1950
-0.1680
0.3040
0.1690
(0.2150
0.2610
0.4970
0.1340
0.3480
(.1380
0.1770
0.2180
(0.2430
0.2050
0.2740
-0.2550
0.2170
(.1950
0.2240
0.3070
0.1310

response
upregulated
upregulated
upregulated
upregulated
upregulated

upregulated

downregulated

upregulated
upregulated
upregulated
upregulated
upregulated
upregulated
upregulated
upregulated
upregulated
upregulated
upregulated
upregulated

upregulated

downregulated

upregulated
upregulated
upregulated
upregulated

upregulated
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7 Merge the Data Frames on geneid : The next step involves merging the two datasets
based on the geneid column. By performing an inner join on geneid, we combine the
datasets into a single data frame, ensuring that each row corresponds to a unique
gene present in both datasets. We also add suffixes to the column names to
distinguish between the logFC values from dge_ALZ and udatal_ALZ. This merged
dataset allows us to directly compare the logFC values and response variables across
the two sources, providing the necessary structure for subsequent ROC curve
analysis.

> mergedl <- merge(dge_ALZ, udatal_ALZ, by = "geneid", suffixes =
c("_dge", "_udatal"))

8 Check the Structure of the Merged Data Frame : The str(merged1) function in R is
used to display the internal structure of the merged1 data frame. This command is
particularly useful for understanding the composition and attributes of the data frame
after merging two datasets.

> str(mergedl)

'data.frame': 9506 obs. of 5 variables:

§ geneid : chr "AlBG" "AIBG" "A2ML1" "A2ML1" ...

§ logFC_dge :num -0.649 -0.649 1.019 1.019 -1.794 ...

§ response_dge : chr  "downregulated" "downregulated" "upregulated" "upregulated" ...

§ logFC_udatal :num -0.00946 0.0514 -0.111 -0.084 -0.335 -0.0559 0.116 0.0831 0.125 0.0971 ...
§ response_udatal: chr "downregulated" "upregulated" "downregulated" "downregulated" ...

> str(mergedl)

9 Print the Frequency Table of response_dge : This step is performed to get a better
understanding of the number of downregulated and upregulated genes respectively.

> print(table(mergedlfresponse_dage))

downregulated upregulated
4795 4711
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10

1

print(table(mergedi$response_dge))

Rename logFC Columns: Renaming columns in a data frame is an important step in
data preparation to ensure clarity and consistency, especially when dealing with
merged datasets with overlapping column names. Here, the columns logFC_dge and
logFC_udatal in the merged1 data frame are renamed to Logfc_dge and Logfc_udatal,
respectively. This involves identifying the indices of the columns to be renamed using
the which function, and then assigning new, standardized names. This step enhances
readability and avoids confusion in later analysis stages, ensuring the data frame is
easy to understand and work with, thus facilitating accurate data manipulation and
interpretation.

> colnames(mergedl)[which(colnames(mergedl)== "logFC_dge")] <-
"Logfc_dge"
> colnames(mergedl) [which(colnames(mergedl)== "logFC_udatal")] <-

"Logfc_udatal"

Check for Required Columns : This conditional statement checks if the columns
Logfc_dge and Logfc_udatal exist in the merged1 data frame. If either column is
missing, the stop() function terminates the execution with an error message. This step
ensures data integrity before proceeding with the analysis.

> if(!("Logfc_dge" %in%colnames(mergedl)) | !("Logfc_udatal" %in%
colnames(mergedl))) {
+ stop("Logfc columns not found in mergedi")

+}

Computing ROC and AUC

12

The roc() function from the pROC package creates a ROCcurve object roc1 using the
response_dge as the true class labels and Logfc_udatal as the predictor values. The
levels parameter specifies the order of the response categories, and direction
indicates the direction of comparison. The auc() function calculates the Area Under
the Curve (AUC) for the ROC curve, which is printed using cat().
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> rocl <- roc(mergedl$response_dge,mergedi$Logfc_udatal, levels

= c("downregulated",
"upregulated"), direction = "<")
> cat("AUC for DGE vs UDATA1l: ", auc(rocl), "\n")

> cat("AUC for DGE vs UDATALl: ", auc(rocl), "\n")
AUC for DGE vs UDATAl: (.66712

> AUC Value

Plot the Curve

13 Finally, the plot() function visualizes the ROC curve, with customization for color and line

width. The blue
line represents DGE vs udata.

> plot(rocl, col = "blue", main ="ROC Curves", 1lwd =
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Result Obtained from ROC analysis

Statistical Analysis

14 To perform the Mann-Whitney test in GraphPad Prism, organize your data into two
columns for each group and input it into the data table. Click "Analyze," select
"Nonparametric tests," and choose the "Man nWhitney test." Ensure the option to
compare medians is selected, then click "OK" to run the analysis. Review the output
for the U statistic and p-value; a p-value < 0.05 indicates a significant difference.
Finally, report the U statistic, p-value, and median differences.[4,5]
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i Mann-Whitney test

4
/| Mann Whitney test
8 P value <0.0001
9 Exact or approximate P value?  Approximate

Fdk

10 P value summary
11 Significantly different (P < 0.05)? Yes

12 One- or two-tailed P value? Two-tailed

13 Sum of ranks in column A,B 1253993709 , 682946211
14 Mann-Whitney U 904500

15

16 Difference between medians

17 Median of column A 1.026, n=25307

18 Median of column B -0.002800, n=36933

19 Difference: Actual -1.029

20 Difference: Hodges-Lehmann -1.027

The results of the Mann-Whitney test indicate a highly significant difference in
biomarker levels between the test samples and the universal dataset. The median
biomarker level in the test samples (Column A) is significantly higher than that in the
universal dataset (Column B), with a difference of approximately 1.029 units. This
finding suggests that the biomarker may be a useful indicator for distinguishing
between the two groups, potentially supporting its role in diagnostic or prognostic
applications related to the condition being studied. These results provide strong
evidence for the validity of the biomarker in the context of your research, indicating
that it may be effective in differentiating between the populations represented by the
two groups.
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