Yearly occurrences of the top 30 countries.
setwd("D:\\桌面\\胰腺癌早期筛查\\R\\源")

getwd()
list.files()

library(reshape2)
library(tidyverse)
library(bibliometrix)
library(data.table)
library(stringr)
library(plyr)
library(scales)
library(viridis)

M <- convert2df("data.txt", dbsource = "wos", format = "plaintext")

M$PY <- as.numeric(as.character(M$PY)) 
M$PY[M$PY == 2026] <- 2025

A <- biblioAnalysis(M)

sep=";"
if (!("AU_CO" %in% names(M))) {
  M <- metaTagExtraction(M, Field = "AU_CO", sep = ";")
}
M$AU_CO <- sapply(str_split(M$AU_CO, ";"), function(x) {
  paste(unique(trimws(x)), collapse = ";")
})
topCO<-KeywordGrowth(
  M,
  Tag = "AU_CO",
  sep = ";",
  top = 20,
  cdf = F,
  remove.terms = NULL,
  synonyms = NULL
)
topCO2=tidyr::pivot_longer(topCO, -Year, names_to = "variable", values_to = "value")

#折线图
ggplot(topCO2,aes(Year,value, group=variable, color=variable))+geom_line()+theme_bw()

#标准化
data <- ddply(topCO2, .(variable),transform,rescale = rescale(value)) 
#rescale()函数内默认参数to = c(0,1)

#热图
data <- ddply(topCO2, .(variable),
              transform,
              rescale = rescale(value))
ggplot(data,
       aes(x = Year,
           y = reorder(variable, value, sum),   # Sort countries by total
           fill  = rescale,
           label = value)) +
  # size=0.2 is often cleaner for export than 0.3
  geom_tile(colour = "white", size = 0.2) + 
  
  # Ensure text is black; if the red gets too dark, the text remains readable
  geom_text(size = 3.0, colour = "black") +      
  
  # --- CHANGED COLOR SECTION START ---
  # Using a minimal White -> Deep Red gradient
  # This avoids the "neon" look and matches your VOSviewer/Map red tones
  scale_fill_gradient(low = "white", high = "#B4C5D9", name = "Value") +
  # --- CHANGED COLOR SECTION END ---
scale_x_continuous(breaks = seq(1986, 2025, 1), expand = c(0, 0)) +
coord_fixed(ratio = 1) +
  theme_bw() +
  theme(
    axis.text.x = element_text(angle = 90, hjust = 0.5, vjust = 0.5, color="black"),
    axis.text.y = element_text(color="black"),
    panel.grid  = element_blank(),
    panel.border = element_rect(colour = "black", size=0.5), # Crisper border
    legend.key.width  = unit(3, "mm"),
    legend.key.height = unit(1, "cm"),
    legend.title = element_text(size=9),
    legend.text = element_text(size=8)
  ) +
  labs(x = "Year",
       y = "Country",
       title = "Country-Year Publication Counts")








Yearly occurrences of the top 30 institutions

setwd("D:\\桌面\\胰腺癌早期筛查\\R\\源")

getwd()
list.files()

library(reshape2)
library(tidyverse)
library(bibliometrix)
library(data.table)
library(stringr)
library(plyr)
library(scales)
library(viridis)

M <- convert2df("data.txt", dbsource = "wos", format = "plaintext")

M$PY <- as.numeric(as.character(M$PY)) 
M$PY[M$PY == 2026] <- 2025

A <- biblioAnalysis(M)

if (!("AU_UN" %in% names(M))) {
  M <- metaTagExtraction(M, Field = "AU_UN", sep = ";")
}
synonyms_dict <- c(
  "HARVARD MEDICAL SCHOOL" = "HARVARD UNIVERSITY",
  "HARVARD UNIVERSITY MEDICAL AFFILIATES" = "HARVARD UNIVERSITY",
  "MASSACHUSETTS GENERAL HOSPITAL" = "HARVARD UNIVERSITY",
  "JOHNS HOPKINS MEDICINE" = "JOHNS HOPKINS UNIVERSITY",
  "UTMD ANDERSON CANCER CENTER" = "UNIVERSITY OF TEXAS SYSTEM",
  "ASSISTANCE PUBLIQUE HOPITAUX PARIS (APHP)" = "UNIVERSITE PARIS CITE",
  "AZIENDA OSPEDALIERA UNIVERSITARIA INTEGRATA VERONA" = "UNIVERSITY OF VERONA",
  "UNVERSITY OF CALIFORNIA SYSTEM" = "UNIVERSITY OF CALIFORNIA SYSTEM",
  "UNVERSITY OF TEXAS SYSTEM" = "UNIVERSITY OF TEXAS SYSTEM"
)

for (old_name in names(synonyms_dict)) {
  M$AU_UN <- str_replace_all(M$AU_UN, fixed(old_name), synonyms_dict[[old_name]])
}
M$AU_UN <- sapply(str_split(M$AU_UN, ";"), function(x) {
  valid_x <- x[!is.na(x) & trimws(x) != ""]
  paste(unique(trimws(valid_x)), collapse = ";")
})
topCO <- KeywordGrowth(
  M,
  Tag = "AU_UN",
  sep = ";",
  top = 20,
  cdf = F,
  remove.terms = NULL,
  synonyms = NULL
)

topCO2 = tidyr::pivot_longer(topCO, -Year, names_to = "variable", values_to = "value")

# 折线图
ggplot(topCO2,aes(Year,value, group=variable, color=variable)) + geom_line() + theme_bw()

# 热图
data <- ddply(topCO2, .(variable),
              transform,
              rescale = rescale(value))
ggplot(data,
       aes(x = Year,
           y = reorder(variable, value, sum),   # Sort institutions by total
           fill  = rescale,
           label = value)) +
  geom_tile(colour = "white", size = 0.2) + 
  
  geom_text(size = 3.0, colour = "black") +      
  
  # --- CHANGED COLOR SECTION START ---
  scale_fill_gradient(low = "white", high = "#B4C5D9", name = "Value") +
  # --- CHANGED COLOR SECTION END ---
  scale_x_continuous(breaks = seq(1986, 2025, 1), expand = c(0, 0)) +
coord_fixed(ratio = 1) +
  theme_bw() +
  theme(
    axis.text.x = element_text(angle = 90, hjust = 0.5, vjust = 0.5, color="black"),
    axis.text.y = element_text(color="black"),
    panel.grid  = element_blank(),
    panel.border = element_rect(colour = "black", size=0.5), # Crisper border
    legend.key.width  = unit(3, "mm"),
    legend.key.height = unit(1, "cm"),
    legend.title = element_text(size=9),
    legend.text = element_text(size=8)
  ) +
  labs(x = "Year",
       y = "Institution",
       title = "Institution-Year Publication Counts")

Network Overlay Analysis

VOSviewer enables the superimposition of specific data subsets onto the overall dataset, such as constructing a network of keyword co-occurrences for a given country across the entire network. In this study, figure 2D, figure 2E, figure 3F utilized this functionality. Taking Figure 2F as an illustrative example:
Firstly, during the initial data collection phase, besides gathering all literature comprehensively, literature datasets categorized by the top countries were also collected. 
Secondly, employing VOSviewer to construct the overall keyword co-occurrence network, followed by clicking "save" to preserve the map file and network file from VOSviewer, saved as map1.csv and net1.txt.
Thirdly, utilizing VOSviewer to import data from China and generate the keyword co-occurrence network for China. Subsequently, clicking "save" saves the two files map2.csv and net2.txt.
Fourthly, opening map1.csv in Excel, where, due to this study's utilization of color variation to denote proportional sizes, the 'score' field in the map file represents color. Thus, creating a new column "score<keyword Occurrences>" and utilizing Excel's "VLOOKUP" function to match the keyword frequencies from map2.csv to the "score<keyword Occurrences>" column in map1.csv.
Fifthly, creating a new column "score<keyword scale>" in map1.csv, dividing the frequencies in "score<keyword Occurrences>" by the total keyword occurrences in the 'weight<Occurrences>' column, obtaining proportions, and filling in the "score<keyword scale>" column. Ultimately, this yields the contribution proportions of keywords from China relative to the overall research.
Sixthly, saving the modified map1.csv as a "Text (tab delimited)(*.txt)" file, named map1.txt.
Seventhly, using VOSviewer's "open" function to import map1.txt and net1.txt, switching to the "Overlay Visualization" interface, selecting the 'scores' function in the Visualization Operations interface, and choosing the newly added "score<keyword scale>" for colors, selecting "Rainbow" for the colors option, thereby obtaining a visual representation of the contribution proportions of keywords from China relative to the overall research.
Other overlays based on VOSviewer operate similarly. 
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	Related Keywords (Frequency > 5)
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k-ras mutations
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	MAPK
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	PI3K/AKT/mTOR
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	mTOR
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	Wnt/β-catenin
	beta-catenin

	Wnt/β-catenin
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Hedgehog signaling pathway

	p53
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	NF-κB
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	BRCA2
	BRCA2 / BRCA2 germline mutations / brca2 mutations
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	PALB2
	PALB2 / PALB2 mutations

	KLF4
	KLF4

	Notch
	Notch

	p21
	p21（WAF1/CIP1）

	Cyclin D1
	Cyclin D1

	EGFR
	tgf-alpha

	HER2
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	STK11/LKB1-AMPK
	STK11 / LKB1 / KRAS–LKB1 co-mutation




[image: PADC]Figure 1
[bookmark: _GoBack]Keyword contributions of the PDAC. Each node represents a keyword, with the color denoting the frequency in articles from the PDAC relative to its overall frequency. The closer the color is to red, the higher the proportion. (E) Keyword contributions of Japan.
[image: IPMN]Figure 2
Keyword contributions of the IPMN. Each node represents a keyword, with the color denoting the frequency in articles from the IPMN relative to its overall frequency. The closer the color is to red, the higher the proportion. (E) Keyword contributions of Japan.
[image: MCN]Figure 3
Keyword contributions of the MCN. Each node represents a keyword, with the color denoting the frequency in articles from the MCN relative to its overall frequency. The closer the color is to red, the higher the proportion. (E) Keyword contributions of Japan.
[image: PANIN]Figure 4
Keyword contributions of the PanIN. Each node represents a keyword, with the color denoting the frequency in articles from the PanIN relative to its overall frequency. The closer the color is to red, the higher the proportion. (E) Keyword contributions of Japan.
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