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Abstract
Background  Drug-induced second tumors (DIST) refer to new primary cancers that develop during or after the treatment 
of an initial cancer due to the long-term effects of medications. As a severe long-term adverse event, DIST has gained 
widespread attention globally in recent years. With the increasing prevalence of cancer treatments and the prolonged 
survival of patients, drug-induced second tumors have become more prominent and pose a significant public health 
challenge. However, most existing studies have focused on individual drugs or small patient cohorts, lacking large-scale, 
real-world data evaluations. Particularly, the potential second-tumor risk of new drugs remains underexplored.
Objective  This study aims to systematically assess the adverse event signals between drugs and second tumors using 
the U.S. FDA Adverse Event Reporting System (FAERS) database, employing disproportionality analysis (DPA) methods. 
It particularly focuses on uncovering drugs that have not clearly labeled second-tumor risks.
Methods  Data from the FDA Adverse Event Reporting System (FAERS), covering reports from its inception to the third 
quarter of 2024, was retrieved. After data standardization, four disproportionality methods were used: Reporting Odds 
Ratio (ROR), Proportional Reporting Ratio (PRR), Bayesian Confidence Propagation Neural Network (BCPNN), and Multi-
item Gamma Poisson Shrinker (MGPS). These methods assessed the correlation between azacitidine and adverse drug 
events (ADEs). Additionally, the Weibull Shape Parameter (WSP) was used to analyze the characteristic patterns of time-
to-onset curves. Newly discovered signals were verified against FDA drug labels to confirm their novelty. The Weibull 
analysis was conducted to examine the temporal aspects of adverse event occurrences.
Results  Since 2004, drug-induced tumor events have been increasing annually, with a total of 7597 drug-related tumor 
adverse events recorded. A total of 250 drugs were identified as having potential risk signals. High-incidence populations 
were primarily aged between 65 and 85 years, with a higher proportion of individuals with a body weight ≥ 90 kg. The 
most frequent occurrence was observed in patients with Chronic Myeloid Leukemia (13.36%). Among the top 5 drugs 
with the highest number of reported drug-induced second tumor adverse events, IMATINIB (906 reports), RUXOLITINIB 
(554 reports), PALBOCICLIB (552 reports), OCTREOTIDE (399 reports), and DOXORUBICIN (380 reports) were identified. 
Among these, PALBOCICLIB, OCTREOTIDE, and DOXORUBICIN are drugs for which the risk of drug-induced second tumors 
is not explicitly mentioned in their labels. A total of 76 drugs were identified through four disproportionality algorithms 
(ROR, PRR, MGPS, BCPNN), with a minimum time to drug-induced tumor occurrence of 5 years, exhibiting an early failure-
type curve.
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Conclusion  This study, based on large-scale real-world data, reveals the potential associations between drugs and sec-
ond tumors, especially highlighting the risks of some new drugs. The findings provide valuable insights for drug safety 
monitoring and have significant public health implications. By uncovering previously unrecognized potential risks, this 
research lays the groundwork for further advancements in pharmacovigilance.
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1  Introduction

Drug-induced second tumors (DIST) refer to new primary cancers that develop during or after the treatment of an initial 
tumor due to the long-term effects of medications [1, 2]. This phenomenon, as a serious long-term adverse event, has 
gradually attracted global attention from both academic circles and clinical practice in recent years. The occurrence of 
second tumors not only severely impacts the quality of life of patients but may also become a major cause of treatment 
failure and disease progression [3]. Worldwide, with the increasing prevalence of cancer treatments and the prolonged 
survival of patients, the issue of drug-induced second tumors has become more prominent, presenting a significant 
public health challenge. Existing studies have shown that various therapeutic agents, including chemotherapy drugs, 
targeted therapies, and immunosuppressants, may be associated with the occurrence of second tumors. Drugs such 
as cyclophosphamide, doxorubicin, and imatinib have been widely reported to carry a risk of secondary cancers [4–6]. 
The mechanisms underlying drug-induced second tumors are complex and may involve abnormal DNA damage repair, 
gene mutations, dysregulation of epigenetic controls, and alterations in the immune microenvironment [7, 8]. However, 
these studies are mostly limited to individual drugs or small patient cohorts, lacking large-scale, real-world data-based 
systematic evaluations.

With the rapid advancement of new drug development and the continuous expansion of the pharmaceutical market, 
many novel drugs lack long-term safety data after their market approval, and the potential risk of second tumors may 
be underestimated or not detected in a timely manner [9]. Previous signal detection studies have mainly focused on 
specific classes of drugs or short-term adverse events, without conducting comprehensive signal mining and evaluation 
of drug-induced second tumors. This research gap has led to a delay in recognizing the risk of second tumors, which 
increases potential clinical hazards.

The FAERS (FDA Adverse Event Reporting System) database provides a wealth of real-world spontaneous reporting 
data, offering critical support for drug safety signal detection. In recent years, FAERS-based drug safety research has 
become a hotspot in the field of pharmacovigilance, especially in identifying potential adverse events of new drugs [10]. 
However, there is still a lack of research on signal analysis for drug-induced second tumors, particularly in areas such as 
signal strength analysis, exploring unreported new signals, and verifying existing research findings.

This study, based on the FAERS database and covering a 20-year period (2004 to 2024) of large-scale adverse event 
reports, aims to systematically assess the adverse event signals related to drugs and second tumors through dispro-
portionality analysis (DPA) methods, with a particular focus on uncovering drugs that do not explicitly label second 
tumor risks [11]. The ultimate goal of the study is to reveal potentially underestimated drug-induced second tumor 
risks, improve drug safety monitoring systems, provide data support for clinical rational drug use, and offer scientific 
evidence for future related research. Through this approach, we aim to fill existing research gaps and provide a more 
solid scientific foundation for drug safety regulation and clinical decision-making, thereby protecting patients from the 
potential long-term risks.

2 � Materials and methods

2.1 � Data source and process

The adverse event data for this study were sourced from the FAERS (FDA Adverse Event Reporting System) database 
(https://​fis.​fda.​gov/​exten​sions/​FPD-​QDE-​FAERS/​FPD-​QDE-​FAERS.​html). This database has been publicly available 
since 2004, and this study downloaded adverse event report data from the FAERS database, spanning from the first 
quarter of 2004 to the third quarter of 2024.

https://fis.fda.gov/extensions/FPD-QDE-FAERS/FPD-QDE-FAERS.html
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For the data downloaded from the FAERS database that share the same “caseid” (report code), only the most 
recent report based on the date was retained, and duplicate reports were excluded. Drug names were standardized 
according to the RxNorm drug standardization naming system to standardize the drug names in the FAERS data. 
The MedDRA (Medical Dictionary for Regulatory Activities) version 26.1 was used to match the primary term (PT) for 
“SECOND PRIMARY MALIGNANCY” adverse events.

After standardizing the drug names and adverse event terms, reports related to second tumors and the primary 
suspected (PS) drugs were collected. These adverse event reports were characterized based on sex, age, weight, 
indication, reporting country, and outcomes.

2.2 � Signal analysis algorithms

In this study, disproportionality analysis (DPA) algorithms, commonly used in pharmacovigilance research, were 
applied to detect potential signals of adverse drug events (ADEs) related to second tumors. Disproportionality 
analysis is a widely used data mining method that analyzes the correlation between drugs and adverse reactions 
by comparing the observed frequency ratios in exposed versus unexposed populations using a 2 × 2 contingency 
table (Table 1).

In this study, we utilized several signal strength calculation methods, including the Reporting Odds Ratio (ROR) 
[12], Proportional Reporting Ratio (PRR) [13], Bayesian Confidence Propagation Neural Network (BCPNN) [14], and 
Empirical Bayesian Geometric Mean (EBGM) [15]. These algorithms are employed to evaluate the strength of the 
adverse event signals. To identify valid signals, the results from the four algorithms must meet the positive signal 
criteria (Table 1). Once potential signals are identified, those not mentioned in the FDA drug labels (https://​www.​
acces​sdata.​fda.​gov/​scrip​ts/​cder/​daf/​index.​cfm) are further examined and classified as new adverse event signals.

All data in this study were processed and statistically analyzed using R4.4.0 and MS Excel software. The data extrac-
tion and analysis workflow is depicted in Fig. 1.

Table 1   . Methods and 
thresholds for ROR, PRR, 
BCPNN and EBGM

AEs: Adverse events. a: Number of reports containing both the target drug and the target adverse drug 
reaction. b: Number of reports containing other adverse drug reactions of the target drug. c: Number of 
reports containing the target adverse drug reaction associated with other drugs. d: Number of reports 
containing other drugs and other adverse drug reactions. 95% CI: 95% confidence interval. N: Number of 
reports. χ2: Chi-squared statistic. IC: Information component, a Bayesian measure used in disproportional-
ity analysis. IC025: Lower limit of the 95% confidence interval for the IC. E(IC): Expected value of the infor-
mation component. V(IC): Variance of the information component. EBGM: Empirical Bayesian geometric 
mean, a Bayesian measure used for signal detection. EBGM05: Lower limit of the 95% confidence interval 
for the EBGM

Target AEs Other AEs
a b

Other drugs c d
Total a + c b + d
Algorithms Equation Criteria
ROR ROR = ad/b/c lower limit of 95% CI > 1, N ≥ 3

95%CI = eln(ROR)±1.96(1/a+1/b+1/c+1/d)^0.5

PRR PRR = a(c + d)/c/(a + b) PRR ≥ 2, χ2 ≥ 4, N ≥ 3
χ2 = [(ad-bc)^2](a + b + c + d)/[(a + b)(c + d)(a + c)

(b + d)]
BCPNN IC = log2a(a + b + c + d)(a + c)(a + b) IC025 > 0

95%CI = E(IC) ± 2 V(IC)^0.5
EBMG EBGM = a(a + b + c + d)/(a + c)/(a + b) EBGM05 > 2

95%CI = eln(EBGM)±1.96(1/a+1/b+1/c+1/d)^0.5

https://www.accessdata.fda.gov/scripts/cder/daf/index.cfm
https://www.accessdata.fda.gov/scripts/cder/daf/index.cfm


Vol:.(1234567890)

Analysis	  
Discover Oncology          (2025) 16:786  | https://doi.org/10.1007/s12672-025-02502-6

3 � Results

3.1 � Basic characteristics of adverse events associated with second tumors

By the third quarter of 2024, the number of adverse events related to the second tumor in the faers database was 
7597, and the number of adverse events reported with the second primary malignant tumor as the preferred term 
was 55,837. From the first quarter of 2004 to the third quarter of 2024, the number of adverse event reports for second 
tumors increased annually, with the highest number recorded in 2019, reaching 884 reports (Fig. 2). The polynomial 
fit curve shows a slow upward trend, with a coefficient of determination (R2 = 0.8931), indicating that this model 
explains 89.31% of the data variability, suggesting the trend is of high reference value.

Table 2 presents the characteristics of the population associated with second tumor adverse events. Among the 
reports, 43.68% were female, 36.07% were male, and 20.26% had an unknown gender. Age-wise, the incidence 
showed a gradual increase, with the highest proportion of reported adverse events found in the 65–85 age group 
(27.91%) among the known age reports. The highest proportion of second tumor adverse events was observed in 
individuals with higher body weights (≥ 90 kg), accounting for 8.58%, although 82.16% of the reports had unknown 
weight data.

It is noteworthy that Chronic Myeloid Leukaemia (13.36%) was the condition with the highest frequency of sec-
ond tumors, followed by Breast Cancer (10.53%) and Myelofibrosis (4.36%). Most second tumor adverse events were 
reported from developed countries, with the United States (23.14%), Japan (12.77%), and Canada (10.44%) showing 
the highest frequencies.

Fig. 1   Analysis process of the second tumor signal caused by drugs
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Fig. 2   Reporting trend of 
adverse events in drug 
induced second tumors

Table 2   Baseline 
characteristics of drug-
induced second tumor 
population

IQR: Interquartile range

Characteristics Case numbers Case 
proportion 
(%)

Number of events 7597 –
Gender
 Male 2740 36.07
 Female 3318 43.68
 Miss 1539 20.26

Age
 Median (IQR) 63
 < 18 293 3.86
 18–65 2381 31.34
 65–85 2120 27.91
 > 85 100 1.32
 Miss 2703 35.58

Weight (KG)
 < 50 76 1.00
 50–69 326 4.29
 70–89 301 3.96
 ≥ 90 652 8.58
 Miss 6242 82.16

Top 5 indication
 Chronic myeloid leukaemia 1015 13.36
 Breast cancer 800 10.53
 Myelofibrosis 331 4.36
 Plasma cell myeloma 267 3.51
 Product used for unknown indication 265 3.49

Top 5 reported countries
 United States 1758 23.14
 Japan 970 12.77
 Canada 793 10.44
 France 497 6.54
 Germany 414 5.45
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3.2 � Drug analysis

Fig. 3   The top 20 drugs with the highest reported number of drug-related second tumors
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The top 20 drugs with the highest number of drug-induced second tumor adverse events are shown in Fig. 3. The 
five drugs with the highest number of reports are IMATINIB (906 reports), RUXOLITINIB (554 reports), PALBOCICLIB 
(552 reports), OCTREOTIDE (399 reports), and DOXORUBICIN (380 reports). Among these, PALBOCICLIB, OCTREOTIDE, 
and DOXORUBICIN are drugs for which the risk of drug-induced second tumors is not explicitly mentioned in their 
labels. Among the top 20 drugs associated with the highest number of drug-induced second tumor adverse events, 
9 drugs do not mention the risk of second tumors in their labels.

3.3 � Signal detection of drug‑induced second tumor adverse events

The statistical results of disproportionate analysis show that among the top 20 drugs ranked by signal strength for adverse 
events, 27 drugs had their drug labels not mentioning the risk of fat metabolism disorders, which is a new adverse event 
signal. The top five drugs with the strongest new signal strength are as follows: BLINDED THERAPY [n = 1, ROR 133.63 
(17.84, 1001.14), PRR 126.65 (124.69), Chi sq 124.69, EBGM 126.63 (23.48), IC 6.98 (4.84)], IDARUBICIN [n = 34, ROR 75.14 
(53.37, 105.79), PRR 72.91 (2401.51), Chi sq 2401.51, EBGM 72.59 (54.52), IC 6.18 (5.69)], TISAGENLECLEUCEL [n = 76, ROR 
66.83 (53.15, 84.04), PRR 65.07 (4748.63), Chi sq 4748.63, EBGM 64.43 (53.2), IC 6.01 (5.67)], TALAZOPARIB [n = 21, ROR 
55.23 (35.81, 85.17), PRR 54.01 (1090.07), Chi sq 1090.07, EBGM 53.87 (37.49), IC 5.75 (5.13)], VINCRISTINE [n = 159, ROR 
53.72 (45.83, 62.96), PRR 52.59 (7881.36), Chi sq 7881.36, EBGM 51.51 (45.10), IC 5.69 (5.45)].

Additionally, among the top 5 drugs with the highest number of reports but no mention of this adverse event in 
their labels, we find: OCTREOTIDE [n = 399, ROR 41.85 (37.80, 46.32), PRR 41.18 (14,827.83), Chi sq 14,827.83, EBGM 39.07 
(35.89), IC 5.29 (5.14)], NILOTINIB [n = 340, ROR 33.86 (30.35, 37.77), PRR 33.42 (10,219.21), Chi sq 10,219.21, EBGM 31.97 
(29.17), IC 5.00 (4.84)], VINCRISTINE [n = 159, ROR 53.72 (45.83, 62.96), PRR 52.59 (7881.36), Chi sq 7881.36, EBGM 51.51 
(45.10), IC 5.69 (5.45)]、CYT​ARA​BINE [n = 139, ROR 29.40 (24.83, 34.80), PRR 29.06 (3698.85), Chi sq 3698.85, EBGM 28.55 
(24.79), IC 4.84 (4.59)], BOSUTINIB [n = 82, ROR 30.85 (24.78, 38.40), PRR 30.48 (2313.42), Chi sq 2313.42, EBGM 30.16 
(25.11), IC 4.91 (4.59)].

Adverse events related to drug-induced secondary cancers for drugs such as Imatinib, Octreotide, Doxorubicin, 
Nilotinib, Vincristine, and Cytarabine were reported more than 100 times (Table 3). Notably, Vincristine, Octreotide, 

Table 3   Top 20 Drugs in Signal Strength Ranking

* Indicates new signals not mentioned in the manual

Drug name Case reports ROR (95% CI) PRR (95% CI) Chi sq EBGM(EBGM05) IC(IC025)

BLINDED THERAPY* 1 133.63 (17.84–1001.14) 126.65 (124.69) 124.69 126.63 (23.48) 6.98 (4.84)
IDARUBICIN 34 75.14 (53.37–105.79) 72.91 (2401.51) 2401.51 72.59 (54.52) 6.18 (5.69)
TISAGENLECLEUCEL 76 66.83 (53.15–84.04) 65.07 (4748.63) 4748.63 64.43 (53.2) 6.01 (5.67)
TALAZOPARIB 21 55.23 (35.81–85.17) 54.01 (1090.07) 1090.07 53.87 (37.49) 5.75 (5.13)
VINCRISTINE* 159 53.72 (45.83–62.96) 52.59 (7881.36) 7881.36 51.51 (45.10) 5.69 (5.45)
BLEOMYCIN* 32 51.8 (36.47–73.57) 50.73 (1554.03) 1554.03 50.52 (37.67) 5.66 (5.15)
VINBLASTINE* 4 49.61 (18.43–133.56) 48.63 (186.58) 186.58 48.61 (21.22) 5.6 (4.3)
ENCORAFENIB 84 47.66 (38.36–59.22) 46.76 (3721.95) 3721.95 46.26 (38.57) 5.53 (5.21)
IMATINIB 906 44.9 (41.87–48.15) 44.19 (33,697.42) 33,697.42 39.04 (36.82) 5.29 (5.18)
OCTREOTIDE* 399 41.85 (37.80–46.32) 41.18 (14,827.83) 14,827.83 39.07 (35.89) 5.29 (5.14)
PENTOSTATIN* 6 39.24 (17.51–87.95) 38.63 (219.84) 219.84 38.6 (19.65) 5.27 (4.17)
PAMIDRONIC ACID* 63 38.96 (30.34–50.02) 38.36 (2274.02) 2274.02 38.05 (30.87) 5.25 (4.88)
NILOTINIB* 340 33.86 (30.35–37.77) 33.42 (10,219.21) 10,219.21 31.97 (29.17) 5.00 (4.84)
ESTRAMUSTINE* 5 33.61 (13.90–81.27) 33.16 (155.92) 155.92 33.14 (15.83) 5.05 (3.86)
DACTINOMYCIN 11 32.67 (18.01–59.25) 32.24 (332.66) 332.66 32.2 (19.56) 5.01 (4.17)
BOSUTINIB* 82 30.85 (24.78–38.40) 30.48 (2313.42) 2313.42 30.16 (25.11) 4.91 (4.59)
DOXORUBICIN 380 30.5 (27.50–33.84) 30.15 (10,179.23) 10,179.23 28.69 (26.31) 4.84 (4.69)
CYT​ARA​BINE* 139 29.4 (24.83–34.80) 29.06 (3698.85) 3698.85 28.55 (24.79) 4.84 (4.59)
LESTAURTINIB* 1 26.43 (3.68–189.70) 26.16 (24.20) 24.20 26.15 (5.03) 4.71 (2.65)
FLUDARABINE 85 26.4 (21.30–32.73) 26.13 (2032.08) 2032.08 25.85 (21.59) 4.69 (4.38)
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Nilotinib, and Cytarabine are among the top 20 drugs in both total report count and signal strength, yet none of 
these drugs are mentioned in their product labeling as having tumor-related adverse events.

Figure 4 illustrates the Venn diagram for the four algorithms used (ROR, PRR, MGPS, BCPNN), highlighting 76 
drugs that meet the criteria for a positive signal according to all four algorithms. Figure 5 further highlights a forest 
plot of drugs that meet the positive signal criteria from all four algorithms, with the following drugs in particular 
showing no mention in their labels regarding drug-induced second tumors: VINCRISTINE, BLEOMYCIN, VINBLASTINE, 
OCTREOTIDE, PENTOSTATIN, PAMIDRONIC ACID, NILOTINIB, ESTRAMUSTINE, BOSUTINIB, CYT​ARA​BINE, DACOMITINIB, 
and several others. This information emphasizes the need for further evaluation and awareness of potential drug-
induced second tumors in these medications.

Fig. 4   Venn diagrams of drugs 
under four algorithms: ROR, 
PRR, MGPS, and BCPNN

Fig. 5   Forest map of positive 
drugs with the top 20 signal 
strengths under the ROR algo-
rithm. * Indicates new signals 
not mentioned in the manual
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3.4 � Induction event analysis

The analysis of the induction time of adverse drug reactions (ADRs) plays a crucial role in drug safety monitoring, clini-
cal medication guidance, regulatory decision-making, and drug development improvements. In this study, the median 
induction time for adverse events associated with PALBOCICLIB was found to be as low as 1807 days, approximately 
5 years. The Weibull distribution shape parameter (β) was less than 1, with a 95% confidence interval (CI) also less than 
1, indicating that the incidence of adverse events is considered to decrease over time (early failure-type curve). Specifi-
cally, the induction times for second tumors associated with eight drugs, including IMATINIB, RUXOLITINIB, PALBOCICLIB, 
OCTREOTIDE, and DOXORUBICIN, followed the early failure-type curve. Conversely, when the shape parameter (β) is 
greater than 1 and the 95% CI does not include 1, the incidence of ADRs is considered to increase over time (wear-out 
failure-type curve). The induction times for drugs such as CYCLOPHOSPHAMIDE and LETROZOLE followed the wear-out 
failure-type curve, as shown in Table 4.

4 � Discussion

In 1895, Röntgen discovered X-rays, and in 1896, they were first used for the treatment of tumors, marking the beginning 
of a new era in radiotherapy for cancer [16]. In the 1940s, nitrogen mustard emerged as the first anticancer drug, signify-
ing the birth of chemotherapy [17]. In 1891, Coley’s toxin therapy pioneered immunotherapy, which is now considered 
a powerful weapon in the fight against cancer [18]. However, radiotherapy is limited by its damage to normal tissues 
[19], chemotherapy faces challenges such as drug resistance and ineffectiveness against dormant tumor cells [20], and 
immunotherapy still needs to overcome issues such as antigen escape and immune-suppressive microenvironments in 
the treatment of solid tumors [21]. Notably, the occurrence of secondary cancers remains a major challenge for these 
therapies.

This study, based on the FAERS database, systematically analyzed adverse events related to drug-induced secondary 
cancers from the first quarter of 2004 to the third quarter of 2024. Using disproportionate reporting analysis (DPA), we 
identified potential signals from 250 drugs, revealing a year-on-year increase in the number of reports of drug-induced 
secondary cancers, particularly concentrated in countries such as the United States (23.14%), Japan (12.77%), and Canada 
(10.44%). These findings suggest that drug-induced secondary cancers have become an important public health issue 
that requires attention.

4.1 � Susceptible populations and clinical management

This study, based on data from the FAERS database, reveals that elderly individuals (≥ 65 years), those with a higher 
body weight (≥ 90 kg), and patients with chronic myeloid leukemia (CML) are at higher risk for drug-induced secondary 

Table 4   Analysis of the occurrence time and Weibull distribution of drug-induced second tumor adverse events

CI: Confidence interval; IQR: Interquartile range

PT Date of onset (days) Weibull distribution

Case reports Median(d)(IQR) Scale parameter: α(95%CI) Shape parameter: β(95%CI) Type

IMATINIB 906 2712 1182.01 (876.16–1484.86) 0.80 (0.67–0.93) Early failure
RUXOLITINIB 554 1962 501.34 (383.28–619.39) 0.74 (0.64–0.84) Early failure
PALBOCICLIB 552 1807 525.75 (325.25–526.26) 0.83 (0.71–0.96) Early failure
OCTREOTIDE 399 2584 756.95 (589.07–924.82) 0.68 (0.61–0.76) Early failure
DOXORUBICIN 380 3941.5 1143.75 (620.37–1667.14) 0.84 (0.61–1.61) Early failure
NILOTINIB 340 1838 521.19 (357.58–684.81) 0.73 (0.61–0.86) Early failure
SUNITINIB 256 2883 348.82 (163.17–534.48) 0.64 (0.48–0.81) Early failure
CARBOPLATIN 186 3788 1148.41 (631.34–1665.46) 0.82 (0.59–1.06) Early failure
CYCLOPHOSPHAMIDE 183 3089.5 1200.80 (757.01–1644.60) 1.04 (0.75–1.32) Wear-out failure
LETROZOLE 164 2856 830.60 (621.74–1039.46) 1.11 (0.87–1.35) Wear-out failure
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cancers. These findings are closely linked to the unique physiological characteristics of these populations: elderly indi-
viduals exhibit reduced metabolic and repair capacities, while obese individuals may experience chronic inflammation 
and metabolic disorders [22]. These characteristics not only influence drug metabolism and distribution but may also 
contribute to tumorigenesis and cancer progression [23].

The high risk associated with CML may be related to commonly used treatment drugs, such as imatinib and other 
tyrosine kinase inhibitors (TKIs). Although these drugs are highly effective in controlling the disease, they may possess 
mutagenic properties. These drugs could increase the risk of secondary cancers by affecting DNA repair mechanisms, 
inducing genetic mutations, or altering cell cycle regulation [24].

Given the specific vulnerabilities of these susceptible populations, personalized treatment becomes crucial. When 
prescribing drugs with potential tumorigenic risks to these high-risk groups, a comprehensive evaluation of the patient’s 
overall health is essential, including liver and kidney function, metabolic status, and inflammatory biomarkers.

4.2 � Major high‑risk drug categories

The study found that IMATINIB, RUXOLITINIB, and PALBOCICLIB were the drugs most frequently associated with reports 
of secondary cancer-related adverse events. Although some drugs, such as IMATINIB, have been reported in existing 
literature as potential triggers for tumor-related adverse events [25], drugs like RUXOLITINIB and PALBOCICLIB show new 
potential signals, the specific mechanisms of which require further investigation.

Among the top five drugs ranked by signal strength, VINCRISTINE, OCTREOTIDE, and DOXORUBICIN, which are not 
explicitly listed as having secondary cancer risks on their labels, exhibited significant associations. VINCRISTINE is a mitotic 
inhibitor that prevents cell division by disrupting microtubule polymerization. Its potential mechanism for inducing sec-
ondary cancers may involve interference with DNA damage repair processes and disruption of cell cycle regulation [26]. 
Long-term OCTREOTIDE therapy could affect cellular differentiation and apoptosis, thus increasing the risk of secondary 
tumors [27]. The cumulative dose of DOXORUBICIN is associated with an increased risk of cardiotoxicity and secondary 
leukemia, which may be related to its mutagenic properties [28].

Therefore, a comprehensive risk assessment is essential when clinically using these drugs, including factors such as 
patient age, sex, body weight, medical history, and family history. Close monitoring of patient responses and adverse 
effects during treatment is crucial to mitigate the risk of secondary cancers and enhance treatment outcomes.

4.3 � Drug‑induced onset time analysis and characteristics

This study incorporated Weibull distribution analysis to examine the onset time characteristics of major high-risk drugs. 
The results indicated that PALBOCICLIB had the shortest median onset time for adverse events, which was 1807 days 
(approximately 5 years). The carcinogenic effects of these drugs were predominantly concentrated in the early phase 
of use, with a median onset time of around 5 years, possibly related to early immune suppression, the accumulation of 
genetic mutations, or metabolic disturbances.

In contrast, CYCLOPHOSPHAMIDE and LETROZOLE exhibited a wear-out failure curve in their onset time distribution, 
suggesting that the incidence of adverse events increased gradually over time with prolonged use. This cumulative risk 
of drug-induced secondary cancers may be associated with chronic DNA damage, a decline in cellular repair capacity, 
and increased metabolic burden on tissues, particularly in patients undergoing long-term treatment.

Genotoxicity assays, which can detect DNA damage and its fixation, are crucial for predicting the carcinogenic poten-
tial of drugs [29]. Furthermore, long-term toxicity studies provide valuable information regarding drug accumulation, 
tolerance, and the maximum non-toxic dose, all of which are essential for assessing the safety of drugs for prolonged use 
[30]. Drug-induced onset time analysis not only reveals the risks associated with long-term drug use but also provides 
important insights for drug safety research and clinical prescribing guidance.

4.4 � Exploration of potential mechanisms

In exploring the potential mechanisms underlying drug-induced secondary cancers, we identified several biological 
processes that may be involved, including gene mutations, epigenetic alterations, immune microenvironment modula-
tion, and metabolic reprogramming. Specifically, DOXORUBICIN induces cellular mutations primarily by causing DNA 
damage and inhibiting the activity of topoisomerase II. Research on its antitumor molecular mechanisms suggests that 
the drug activates caspase-1/3/8 and FAS, inducing apoptosis in tumor cells [31].
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Moreover, RUXOLITINIB, a selective JAK1/2 kinase inhibitor, may influence tumorigenesis and progression by 
modulating the JAK-STAT pathway within the immune-suppressive tumor microenvironment [32]. OCTREOTIDE, a 
somatostatin analog, may indirectly affect tumor development by regulating endocrine hormones. Experimental 
evidence supporting this hypothesis includes its sensitizing effect on paclitaxel-resistant DU145 tumor cells and the 
underlying mechanisms [33].

These drugs, targeting different systems within the body, underscore the importance of systemic balance in main-
taining cellular homeostasis. The body’s ability to regulate and coordinate multiple pathways is essential for prevent-
ing tumorigenesis. Disruption of this balance—whether through DNA damage, immune suppression, or metabolic 
reprogramming—can lead to the emergence of secondary cancers. For instance, while DOXORUBICIN directly causes 
genetic mutations, its effects are exacerbated in an environment where immune surveillance or metabolic processes 
are also altered, as seen with drugs like RUXOLITINIB and OCTREOTIDE. These drugs disrupt critical regulatory systems, 
leading to an increased risk of tumor formation.

The body’s regulatory mechanisms, which depend on the intricate collaboration between multiple biological 
systems, play a critical role in defending against cancer. When this systemic balance is disrupted—whether through 
immune modulation or DNA damage—the likelihood of secondary tumors increases. These hypotheses provide a 
theoretical basis for studying drug-induced secondary cancers, but further molecular and animal studies are needed 
to confirm the pathogenic pathways of different drugs. Such research will be essential for developing targeted risk 
intervention strategies based on scientific evidence.

4.5 � Limitations of the study and future directions

Although this study utilized large-scale real-world data from the FAERS database to reveal the potential risks and 
onset time patterns of drug-induced secondary cancers, several limitations should be considered.

First, as a spontaneous reporting system, FAERS is subject to reporting bias. High-risk drugs may report more 
adverse events due to heightened attention, while certain drugs’ potential signals may be underestimated due to 
insufficient reporting. This can lead to both underreporting and overreporting of adverse events, which may impact 
the accuracy of the findings. Furthermore, newly approved drugs may not have enough reported cases to detect 
significant signals, and the lack of long-term data for these drugs can introduce uncertainty in evaluating their risks.

Second, the calculation of onset time relies on the completeness and accuracy of the reported data, which may be 
affected by incomplete medication records or missing time information. Additionally, the FAERS database does not 
include precise dosage information or treatment regimens, making it difficult to assess the impact of drug dosages 
on the risk of secondary tumors. The lack of detailed patient data, such as age, weight, medical history, and genetic 
predispositions, also limits the ability to evaluate how these factors may contribute to the risk of drug-induced second 
tumors. Moreover, this study only filtered data based on the MedDRA preferred terms, which may have overlooked 
other relevant adverse events not explicitly labeled or categorized under these terms.

While this study provides important insights, the findings should be considered preliminary and require further 
validation. Future research should integrate multiple data sources, such as clinical trial data, electronic health records, 
and molecular studies, to confirm the associations observed in this study and enhance the applicability and accu-
racy of the results. Clinical trial data would provide more detailed information on patient characteristics, treatment 
regimens, and dosages, while molecular studies could elucidate the underlying mechanisms contributing to drug-
induced secondary cancers.

Additionally, prospective cohort studies or clinical trials should be conducted to establish a clearer understanding 
of the causal relationship between drug exposure and second tumors. These studies should include control popula-
tions and more precise data on drug exposure and patient follow-up to improve the accuracy of risk assessments. 
Moreover, incorporating molecular biomarkers and genetic information could enhance the understanding of how 
individual patient factors influence drug-related risks.

Finally, the development of dynamic risk prediction models is recommended, incorporating onset time, patient 
characteristics, and drug usage patterns into an evaluative framework. This will facilitate more precise identification of 
high-risk patients, optimize personalized treatment plans, and enhance drug safety monitoring. Regulatory agencies 
should also strengthen post-marketing surveillance of high-signal drugs, improve safety label update mechanisms, 
and promptly communicate potential risk information to ensure the safety of patients using these medications.
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4.6 � Clinical and regulatory implications

The findings of this study provide critical insights into the identification and management of drug-induced secondary 
cancers. The potential signals identified for certain drugs highlight the need for more comprehensive risk assessment and 
monitoring, especially for high-risk groups such as elderly, obese, and CML patients, who may be more susceptible to the 
development of second tumors. Healthcare providers are encouraged to strengthen patient follow-up and monitoring, 
particularly when administering drugs with potential tumorigenic effects. This includes regular assessment of tumor-
related markers, close monitoring for early signs of secondary malignancies, and timely interventions when necessary.

However, it is important to note that the results of this study are based on real-world data and should be viewed 
as preliminary signals rather than definitive conclusions. Further validation through prospective cohort studies, 
clinical trials, and molecular research is needed to confirm these associations and better understand the underlying 
mechanisms of drug-induced second tumors. In light of these uncertainties, healthcare providers should remain 
vigilant and consider individual patient factors when prescribing medications associated with these potential risks.

Regulatory agencies should play a key role in enhancing post-market surveillance of high-signal drugs. Given 
the potential under-recognition of drug-induced secondary cancers, regulatory bodies should ensure that safety 
monitoring systems are robust and that drug labeling is updated promptly to reflect emerging evidence of risks. 
Furthermore, it is crucial for regulatory agencies to integrate data from diverse sources, including clinical trial out-
comes, electronic health records, and pharmacovigilance reports, to refine risk assessments and ensure that patients 
receive the safest possible care.

5 � Conclusion

Based on data from the FAERS database, this study identified potential signals of adverse events related to second-
ary cancers for multiple drugs. These findings provide valuable insights for the identification and management of 
drug-related adverse reactions, particularly highlighting the potential risks for high-risk groups, such as elderly and 
obese patients. While these signals offer important preliminary evidence, it is essential to emphasize that further 
validation is needed through prospective studies, clinical trials, and molecular research to confirm these associations 
and better understand the underlying mechanisms.

The results underscore the importance of strengthening post-marketing safety research and improving pharma-
covigilance systems to ensure patient safety. Moreover, they call for a deeper exploration of the molecular pathways 
underlying drug-induced second tumors, which will help optimize clinical drug use and inform regulatory decision-
making. Future studies integrating clinical trial data, electronic health records, and other real-world evidence are 
crucial to refine risk assessments and provide a more comprehensive understanding of drug safety.
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