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Abstract
Background  Prostate cancer remains a major global health burden for men, with its incidence and mortality steadily 
rising. Thyroid hormones, critical regulators of metabolism and cell growth, have been implicated in tumorigenesis, yet 
their specific role in prostate cancer risk remains unclear. This study systematically investigates the relationship between 
thyroid hormones and prostate cancer using multidimensional approaches.
Methods  A three-phase study design was employed: (1) A cross-sectional analysis of The National Health and Nutrition 
Examination Survey (NHANES) data to examine thyroid hormone levels (FT3 and T3) and prostate cancer risk; (2) Men-
delian randomization (MR) analysis using genome-wide association studies (GWAS) data to explore causal relationships; 
(3) Bioinformatics analyses to annotate key Single Nucleotide Polymorphism(SNPs), identify related genes, and assess 
their biological roles in prostate cancer.
Results  Observational analysis revealed significantly lower FT3 and T3 levels in high-risk prostate cancer patients, with 
adjusted models confirming an inverse association (p < 0.001). MR analysis supported a causal relationship between 
thyroid hormone replacement therapy and reduced prostate cancer risk (b < 0, p < 0.05). Four key genes—ADM5, INPP5B, 
NEURL4, and TYK2—were identified as downregulated in prostate cancer tissues, with prognostic and immune regula-
tory implications.
Conclusions  Thyroid hormones exhibit a protective role against prostate cancer. ADM5, INPP5B, NEURL4, and TYK2 
emerge as potential biomarkers and therapeutic targets, warranting further mechanistic and clinical validation.
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T3	� Triiodothyronine
FT3	� Free triiodothyronine
PCa	� Prostate cancer
NHANES	� National Health and Nutrition Examination Survey
MR	� Mendelian randomization
SNP	� Single-nucleotide polymorphism
GWAS	� Genome-wide association studies
IVs	� Instrumental variables
GEPIA2	� Gene expression profiling interactive analysis 2
TCGA​	� The cancer genome atlas
GTEx	� Genotype-tissue expression
HPA	� Human protein atlas
TIMER2.0	� Tumor immune estimation resource 2.0
MCODE	� Molecular complex detection algorithm
OR	� Odds ratio
CI	� Confidence interval
BMI	� Body Mass Index
CRP	� C-reactive protein
IVW	� Inverse-variance weighted
OS	� Overall survival
DFS	� Disease-free survival
CAF	� Cancer-associated fibroblast
AJCC	� American Joint Committee on Cancer

1 � Background

Prostate cancer ranks as the second most common malignancy in men worldwide [1]. Over recent years, the incidence 
and mortality rates of prostate cancer have been steadily rising across diverse age groups and racial populations [2]. 
Studies consistently demonstrate that genetic and environmental factors are critical determinants of prostate cancer 
development [3–6]. Established risk factors include advanced age and a family history of prostate cancer [7]. However, 
other modifiable risk factors contributing to prostate cancer progression remain poorly understood. Since early-stage 
prostate cancer is often asymptomatic, early detection and screening are pivotal for reducing mortality and improving 
treatment outcomes. In this context, serum prostate-specific antigen (PSA) testing has become a key tool for the early 
detection of potentially curable prostate cancer [8]. Elevated PSA levels are closely associated with prostate cancer pro-
gression [9] and measuring the percentage of free PSA (%fPSA) improves screening specificity [10].

Thyroid hormones play a crucial role in regulating energy balance, metabolism, and growth. Recent studies have 
increasingly revealed their potential impact on cancer development [11]. Evidence suggests that lower thyroid hormone 
levels may suppress tumor growth, whereas higher levels may promote it [12]. A prospective cohort study reported 
an inverse association between serum thyroid-stimulating hormone (TSH) levels and prostate cancer risk, while free 
thyroxine (FT4) levels were positively associated with risk [13]. Additionally, triiodothyronine (T3) hormonal treatment 
of human prostate cancer (PCa) cells reduced cell proliferation by induction of cellular senescence [14]. However, the 
specific relationship and mechanisms linking thyroid hormones and prostate cancer risk require further investigation.

The National Health and Nutrition Examination Survey (NHANES) provides a robust dataset, offering comprehensive 
information on health and nutrition issues in a nationally representative population. Leveraging NHANES data enables 
large-scale cross-sectional analyses to explore potential associations between thyroid hormones and prostate cancer risk.

Mendelian randomization (MR) analysis, an epidemiological approach utilizing genetic instrumental variables (IVs) to 
infer causal relationships between exposures and outcomes, minimizes confounding in observational studies and pro-
vides robust evidence for causality [15–17]. Functional annotation of MR-identified significant single nucleotide polymor-
phism (SNPs) enables exploration of their roles and associated genes. These genes were further analyzed for differential 
expression in prostate cancer tissues, survival outcomes, enrichment pathways, immune infiltration, and chromosomal 
localization, providing critical insights for subsequent mechanistic studies and potential therapeutic targets [18].
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Supported by large-scale databases and advanced analytical methods, our study provides new insights into the role 
of thyroid hormones in the initiation and progression of prostate cancer. These findings lay the scientific foundation 
for the development of novel biomarkers and therapeutic strategies, offering potential opportunities for personalized 
diagnosis and treatment of prostate cancer.

2 � Materials and methods

2.1 � Overall study design

This study consists of three core components. In the first part, using data from NHANES and accounting for multiple 
potential confounders, we comprehensively investigated the associations between thyroid hormone levels, free prostate-
specific antigen (fPSA), total prostate-specific antigen (tPSA), and prostate cancer risk. In the second part, summary sta-
tistics from genome-wide association studies (GWAS) were employed to analyze the causal relationship between thyroid 
hormone replacement therapy and prostate cancer. Finally, in the third part, functional annotation of key SNPs identified 
through MR was performed to explore the biological links between these SNPs and prostate cancer-related genes.

2.1.1 � Observational study

This study utilized data from NHANES (2007–2010) to conduct a correlation analysis. NHANES is a nationwide health 
survey conducted by the Centers for Disease Control and Prevention (CDC) and the National Center for Health Statistics 
(NCHS). All data were publicly accessible via the NHANES official website, and informed consent was obtained from 
all participants. The extracted variables included free triiodothyronine (FT3), FT4, thyroglobulin antibody (TgAb), thy-
roglobulin (Tg), TSH, peroxidase antibody (TPOAb), T3, thyroxine (T4), tPSA, fPSA, urinary iodine, urinary creatinine, and 
body mass index (BMI). The study population consisted of men aged 40 years and older, with 2078 participants initially 
included. After initial screening, 688 participants with missing data—such as unrecorded race, smoking status, educa-
tional level, or prostate cancer risk assessment—were excluded. A total of 1390 participants met the inclusion criteria 
and were included in the final analysis (Fig. 1).

2.1.2 � Assessment of serum PSA levels, age and PCa risk

Based on the National Comprehensive Cancer Network (NCCN) guidelines, prostate cancer risk is typically classified as 
low, intermediate, and high risk based on PSA levels, Gleason score, and clinical stage. Since the NHANES dataset does 
not include Gleason score and clinical staging information, we adapted the classification based on available PSA and 
age data. Participants were categorized into two groups based on %fPSA, tPSA, and age. The high-risk group included 
individuals aged ≥ 65 years with tPSA ≥ 4 or %fPSA ≤ 0.25 and tPSA ≥ 4. The low-risk group consisted of participants with 
%fPSA > 0.25 and tPSA < 4 [19, 20].

2.1.3 � Covariate information

Baseline data of participants were collected through questionnaires and laboratory assessments, including the following 
variables: Smoking Status: Participants were categorized into three groups based on smoking history: never smokers 
(fewer than 100 cigarettes in a lifetime), former smokers (more than 100 cigarettes in a lifetime but currently not smoking), 
and current smokers (more than 100 cigarettes in a lifetime and currently smoking). Body Mass Index (BMI): Participants 
were classified as underweight (BMI < 18), normal weight (18 ≤ BMI ≤ 25), or overweight (BMI > 25). Race: Participants 
were grouped into non-Hispanic White, non-Hispanic Black, and Other Race to evaluate potential racial differences in 
health outcomes. Education Level: Participants were stratified into two groups: less than high school and high school or 
higher. This indicator is widely considered a proxy for socioeconomic status and significantly influences health behaviors 
and outcomes. Marital Status: Participants were classified as never married, married/living with a partner, or separated. 
Marital status affects both mental health and social support levels.
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2.1.4 � Statistical analysis

In accordance with NHANES analytical guidelines, sample weights, strata, and primary sampling units (PSUs) were 
incorporated into the statistical analysis to ensure nationally representative results. Weighted t-tests were conducted 
for continuous variables, and weighted chi-square tests were used for categorical variables to assess differences 
between groups. FT3 and T3 were analyzed as continuous variables and further categorized into quartiles using 
equal-frequency binning. Multivariable linear regression models were applied to calculate adjusted β coefficients 
and 95% confidence intervals (CIs) to evaluate the associations of FT3 and T3 with serum PSA levels. Additionally, 
multivariable logistic regression models were used to estimate adjusted odds ratios (ORs) and 95% CIs to assess the 
associations of FT3 and T3 with PCa risk. Univariate and multivariable logistic regression models were employed to 
evaluate the ORs and 95% CIs for the relationships between thyroid-related hormones and PCa. To address potential 
confounding factors, a Cox proportional hazards model (COXPH) was used to evaluate the independent association 
between thyroid hormone levels and prostate cancer risk. Age and PSA levels were treated as continuous variables, 
and BMI was included as a covariate to account for its potential effect on PSA levels. Continuous variables were 
reported as means and ± standard deviations (SD), while categorical variables were presented as frequencies and 
percentages. All statistical analyses were performed using DecisionLinnc 1.0 software (Statsape Co. Ltd, Hangzhou, 
China) [21], and a p-value < 0.05 was considered statistically significant.

Fig. 1   Study design flowchart
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2.2 � Mendelian randomization

2.2.1 � Study design

This study employed univariable MR analysis to investigate the causal relationship between thyroid medication use 
and prostate cancer risk. To ensure that the fundamental assumptions required for MR analysis were satisfied [22], 
the following conditions were verified: (1) genetic variants (SNPs) are significantly associated with Medication use 
(thyroid preparations); (2) genetic variants are not associated with potential confounders; (3) genetic variants influ-
ence the outcome (prostate cancer) solely through their effects on Medication use (thyroid preparations).

2.2.2 � Genetic instrument selection

Genetic IVs were selected from GWAS. First, genome-wide significant SNPs (p < 5 × 10⁻⁸) associated with medication 
use (thyroid preparations) were identified. Second, SNPs in linkage disequilibrium (r2 < 0.001, window size < 10,000 
kb) were excluded, and the remaining SNPs were retained for outcome analysis. Third, the F-statistic of each SNP was 
calculated to ensure strong instrument strength (F > 10), and weak instruments were excluded. Finally, the validity 
and robustness of the instrumental variables were further verified using MR Steiger filtering and the MR-PRESSO 
method. Detailed information on the selected genetic instrumental variables is provided in the supplementary table.

2.2.3 � Outcome data

The data for both exposure and outcome variables were derived from summary statistics of GWAS. The outcome 
dataset included genomic data from prostate cancer cases and controls, with all participants of European ancestry. 
To ensure causal interpretability of the results, SNPs directly associated with the outcome variable (p < 5 × 10⁻5) were 
excluded from the analysis.

2.2.4 � Statistical analysis

MR analysis was performed using the TwoSampleMR R package. Inverse-variance weighted (IVW) method was used 
as the primary analytical approach to estimate the causal effect between the exposure and the outcome. Sensitivity 
analyses, including the weighted median method and MR-Egger regression, were conducted to assess horizontal plei-
otropy and ensure model robustness [23]. Cochran’s Q test was used to evaluate heterogeneity, while the MR-Egger 
intercept test was performed to detect pleiotropy. Additionally, leave-one-out (LOO) analysis was carried out to iden-
tify the influence of individual SNPs on the model results. A p-value of < 0.05 was considered statistically significant.

2.3 � Bioinformatics analysis

2.3.1 � SNP functional annotation analysis

Functional annotation analysis of key SNPs identified in the MR analysis was performed using the Variant Effect 
Predictor (VEP) tool available on the Ensembl platform (www.​ensem​bl.​org). VEP is a versatile and robust tool that 
annotates the potential biological effects of genomic variants and provides detailed information about variant loca-
tions, associated genes, and their possible functions [24]. This process facilitated the identification of genes corre-
sponding to the SNPs.

2.3.2 � GEPIA2 analysis

GEPIA2 (http://​gepia.​cancer-​pku.​cn/​index.​html) is a comprehensive online analysis platform that utilizes RNA 
sequencing data from The Cancer Genome Atlas (TCGA) and the Genotype-Tissue Expression (GTEx) project [25]. 
The GEPIA2 analysis tool was used to investigate differential expression of the identified genes between prostate 

http://www.ensembl.org
http://gepia.cancer-pku.cn/index.html
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cancer and normal tissues. Additionally, overall survival (OS) and disease-free survival (DFS) analyses were performed 
for genes with significant expression differences to identify potential target genes.

2.3.3 � Metascape functional enrichment analysis

Metascape (http://​metas​cape.​org/​gp/​index.​html#/​main/​step1) is a comprehensive bioinformatics tool that integrates 
over 40 unique biological databases to provide interactive analyses and gene annotation, among other features [26]. 
Metascape was used to perform rapid gene expression profiling and functional enrichment analysis of the identified 
differentially expressed genes.

2.3.4 � Expression of related genes at the translation level

The Human Protein Atlas (HPA) (https://​www.​prote​inatl​as.​org/) [27] aims to generate antibodies targeting all major 
isoforms of human proteins, establish a comprehensive database of protein expression patterns, and identify clinically 
relevant biomarkers. HPA was used to validate the protein expression levels of the target genes in normal prostate tis-
sues and prostate cancer tissues.

2.3.5 � TIMER2.0 analysis

The TIMER2.0 database (http://​gepia2.​cancer-​pku.​cn/#​index) provides analytical tools for investigating immune infil-
tration across various tumor types [28]. This study utilized data from TCGA, including 32 tumor types and over 10,000 
samples, to explore the correlation between gene expression and immune cell infiltration levels in prostate cancer. The 
analysis focused on the expression of biomarker genes associated with tumor-infiltrating immune cells, including B cells, 
CD4 + T cells, CD8 + T cells, myeloid dendritic cells, macrophages, neutrophils, monocytes, cancer-associated fibroblasts, 
and natural killer (NK) cells.

2.3.6 � Association between gene expression and pathological staging

cBioPortal for Cancer Genomics (http://​cbiop​ortal.​org) is an open-access resource that provides an integrated view of 
cancer genomics datasets, allowing researchers to efficiently explore mutations, copy number variations, expression 
differences, and associated clinical information for specific genes [29]. Using data from cBioPortal [30], we analyzed the 
mRNA expression levels of the target genes across different pathological stages of prostate cancer.

3 � Results

3.1 � General characteristics of NHANES

Baseline data for 1390 male participants were summarized (Table 1). Among them, 1212 participants were classified into 
the low-risk PCa group, while the remaining 178 were categorized into the high-risk PCa group. In the high-risk group, 
the mean level of FT3 was significantly lower at 2.977 pg/mL compared to 3.163 pg/mL in the low-risk group (p < 0.001). 
Similarly, total T3 levels showed a decreasing trend in the high-risk group (103.365 ng/dL vs. 111.095 ng/dL), with this 
difference also being statistically significant (p < 0.001). The initial analysis demonstrated a significant negative correla-
tion between FT3 and T3 levels and prostate cancer risk. After adjusting for age, BMI, and PSA levels as continuous vari-
ables, the association between FT3 and prostate cancer risk remained positive but did not reach statistical significance 
(HR = 1.496, 95% CI: 0.868–2.580, p = 0.147) (Table 2). Similarly, T3 showed a borderline positive association with prostate 
cancer risk (HR = 1.008, 95% CI: 1.000–1.015, p = 0.052). BMI was significantly associated with an increased risk of prostate 
cancer (HR = 1.030, 95% CI: 1.001–1.061, p = 0.046). More importantly, tPSA remained a strong independent predictor of 
prostate cancer risk after adjusting for potential confounders (HR = 1.070, 95% CI: 1.059–1.081, p < 0.001).

Continuous variables are presented as mean values with standard deviations (SD). The p-values for continuous vari-
ables were calculated using weighted T-tests, whereas weighted Chi-squared tests were applied to categorical variables. 
The symbol ‘N’ represents the sample size; unweighted counts and weighted percentages are provided.

http://metascape.org/gp/index.html#/main/step1
https://www.proteinatlas.org/
http://gepia2.cancer-pku.cn/#index
http://cbioportal.org
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3.2 � Association between the FT3, T3 and serum PSA levels

Table 3 presents a linear regression analysis of the association between thyroid hormone levels (T3 and FT3) and 
serum prostate-specific antigen (PSA) levels. Analysis of FT3 levels showed that in the unadjusted model, there 
was a significant negative correlation between continuous FT3 and tPSA (b = − 1.16, 95% CI: − 1.60 to − 0.74, 
p-value < 0.001). This inverse relationship strengthened with higher quartiles of FT3, showing a significant negative 
trend (p for trend < 0.001). Model 1, adjusted for race, education, marital status, and BMI, maintained the significant 
inverse correlation (b = − 1.13, 95% CI: − 1.59 to − 0.67, p-value < 0.001). Model 2, further adjusted for smoking, 
urinary iodine, creatinine, and CRP, also sustained this negative correlation (b = − 1.05, 95% CI: − 1.45 to − 0.65, 

Table 1   Baseline Characteristics of Men at High Risk for Prostate Cancer Aged 40 Years and Older in the NHANES 2007–2010

Variable names Level Overall PCa low risk PCa high risk p

n 1390 1212 178
AGE 59.576 (12.388) 58.130 (12.137) 69.427 (9.189) < 0.001
CRP (mg/dL) 0.367 (0.738) 0.347 (0.629) 0.501 (1.245) 0.172
FT3 (pg/mL) 3.139 (0.351) 3.163 (0.347) 2.977 (0.335) < 0.001
FT4 (ng/dL) 0.782 (0.146) 0.780 (0.148) 0.798 (0.136) 0.070
TGN (ng/mL) 14.791 (57.199) 14.764 (60.731) 14.978 (20.991) 0.541
TSH (μIU/mL) 2.031 (1.454) 2.024 (1.453) 2.074 (1.460) 0.471
TPO (IU/mL) 13.852 (70.203) 12.760 (64.677) 21.287 (99.962) 0.515
T3 (ng/dL) 110.105 (22.298) 111.095 (22.292) 103.365 (21.196) < 0.001
T4 (μg/dL) 7.679 (1.536) 7.656 (1.515) 7.833 (1.671) 0.285
BMI (kg/m2) 28.920 (5.465) 28.976 (5.411) 28.539 (5.823) 0.029
Iodine, urine (μg/L) 343.662 (1322.425) 351.705 (1401.364) 288.894 (533.055) 0.577
Creatinine, urine (mg/dL) 131.763 (73.356) 131.771 (71.594) 131.708 (84.611) 0.208
tPSA (ng/mL) 1.865 (3.459) 0.957 (0.725) 8.044 (6.802) < 0.001
%fPSA 0.349 (0.111) 0.371 (0.096) 0.200 (0.089) < 0.001
fPSA (ng/mL) 0.477 (0.537) 0.336 (0.243) 1.434 (0.893) < 0.001
Race (%) Non-Hispanic White 744 (53.53) 650 (53.63) 94 (52.81) 0.216
Race (%) Non-Hispanic Black 240 (17.27) 200 (16.50) 40 (22.47)
Race (%) Other Race 406 (29.21) 362 (29.87) 44 (24.72)
Education level (%)  < High school 422 (30.36) 367 (30.28) 55 (30.90) 0.617
Education level (%)  ≥ High school 968 (69.64) 845 (69.72) 123 (69.10)
Marriage (%) Never married 97 (6.98) 87 (7.18) 10 (5.62) 0.189
Marriage (%) Married/Living with partner 1005 (72.30) 888 (73.27) 117 (65.73)
Marriage (%) Separated 288 (20.72) 237 (19.55) 51 (28.65)
BMI (%) Under weight 11 (0.79) 7 (0.58) 4 (2.25) 0.001
BMI (%) Normal weight 1067 (76.76) 939 (77.48) 128 (71.91)
BMI (%) Overweight 312 (22.45) 266 (21.95) 46 (25.84)
Smoke (%) Never 566 (40.72) 490 (40.43) 76 (42.70) 0.152
Smoke (%) Former 547 (39.35) 470 (38.78) 77 (43.26)
Smoke (%) Current 277 (19.93) 252 (20.79) 25 (14.04)

Table 2   Multivariable Cox 
proportional hazards model 
for predicting prostate cancer 
risk

Variable Names b SE HR 95%CI p

BMI 0.03 0.015 1.03 1.001–1.061 0.046
FT3 0.403 0.278 1.496 0.868–2.580 0.147
T3 0.008 0.004 1.008 1.000–1.015 0.052
tPSA 0.068 0.005 1.07 1.059–1.081 < 0.001
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p-value < 0.001). For fPSA, the crude model revealed a consistent negative correlation with continuous FT3 levels 
(b = − 0.28, 95% CI: -0.37 to -0.19, p-value < 0.001). Similar negative correlations were maintained in Models 1 and 2.In 
the analysis of T3 levels, the crude model indicated a weak inverse correlation with tPSA (b = − 0.01, 95% CI: − 0.02 
to − 0.002, p-value = 0.010), with this trend diminishing in Models 1 and 2 (p for trend 0.045 and 0.157, respectively). 
Analysis across models demonstrated a stable inverse relationship between T3 levels and fPSA, with significant trends 
observed in the crude, Model 1, and Model 2 (p for trend < 0.001 in all).

3.3 � Association between the FT3,T3 and PCa risk

Table 4 presents the association between thyroid hormone levels (T3 and FT3) and the PCa risk using logistic regres-
sion analysis. In the unadjusted model, a significant positive association was found between continuous FT3 levels 
and increased PCa risk (OR = 0.19, 95% CI: 0.10 to 0.37, p-value < 0.001). Furthermore, as FT3 levels increased by quar-
tiles, the PCa risk progressively decreased, showing a statistically significant trend (p for trend < 0.001). This trend 
persisted in Model 1, which adjusted for race, education, marital status, and BMI (p for trend < 0.001), and was similarly 
observed in Model 2, further adjusted for smoking, urinary iodine, creatinine, and CRP (p for trend < 0.001).The crude 
model revealed a significant inverse relationship between continuous T3 levels and PCa risk (OR = 0.98, 95% CI: 0.97 
to 0.99, p-value = 0.008), with each unit increase in T3 decreasing PCa risk by 2%. Across T3 quartiles, except for the 
highest, risk was lower compared to the reference quartile (Q1), with an overall trend of decreasing PCa risk with 

Table 3   Associations between T3 and FT3 Levels and serum PSA in Men Aged 40 Years and Older: A Linear Regression Analysis from the 
NHANES 2007–2010

Crude: no covariates were adjusted

Model 1: Race, Education level, Marriage, BMI

Model 2: Race, Education level, Marriage, BMI, Smoke, Iodine urine, Creatinine urine, CRP

Continuous FT3 Quartiles of FT3 levels p for trend

Q1 Q2 Q3 Q4

tPSA crude − 1.16  (− 1.60, − 0.74)
p-value < 0.001

Reference − 0.57 (− 1.04, − 0.10)
p-value = 0.017

− 0.80 (− 1.34, − 0.27)
p-value = 0.004

− 1.03 (− 1.52, − 0.55)
p-value < 0.001

< 0.001

Model 1 − 1.13 (− 1.59, − 0.67)
p-value < 0.001

Reference − 0.50 (− 0.93, − 0.07)
p-value = 0.025

− 0.73 (− 1.26, − 0.21)
p-value = 0.008

− 1.00 (− 1.47, − 0.53)
p-value < 0.001

< 0.001

Model 2 − 1.05 (− 1.45, − 0.65)
p-value < 0.001

Reference − 0.56 (− 1.12, − 0.01)
p-value = 0.048

− 0.79 (− 1.44, − 0.138)
p-value = 0.021

− 1.09 (− 1.87, − 0.32)
p-value = 0.008

< 0.001

fPSA crude − 0.28 (− 0.37, − 0.19)
p-value < 0.001

Reference − 0.12 (− 0.20, − 0.04)
p-value = 0.003

− 0.19 (− 0.26, − 0.12)
p-value < 0.001

− 0.23 (− 0.31, − 0.15)
p-value < 0.001

< 0.001

Model 1 − 0.27 (− 0.36, − 0.17)
p-value < 0.001

Reference − 0.11 (− 0.19, − 0.03)
p-value = 0.007

− 0.18 (− 0.26, − 0.10)
p-value < 0.001

− 0.22 (− 0.30, − 0.14)
p-value < 0.001

< 0.001

Model 2 − 0.25 (− 0.34, − 0.16)
p-value < 0.001

Reference − 0.11 (− 0.19, − 0.04)
p-value = 0.006

− 0.17 (− 0.25, − 0.10)
p-value < 0.001

− 0.20 (− 0.28, − 0.13)
p-value < 0.001

< 0.001

Continuous T3 Quartiles of T3 levels p for trend

Q1 Q2 Q3 Q4

tPSA crude − 0.01 (− 0.02, − 0.002)
p-value = 0.010

Reference − 0.57 (− 0.83, − 0.31)
p-value < 0.001

− 0.44 (− 0.71, − 0.16)
p-value = 0.003

− 0.59 (− 1.01, − 0.16)
p-value = 0.008

< 0.001

Model 1 − 0.01 (− 0.01, − 0.001)
p-value = 0.023

Reference − 0.11 (− 0.19, − 0.04)
p-value = 0.006

− 0.17 (− 0.25, − 0.10)
p-value < 0.001

− 0.21 (− 0.28, − 0.13)
p-value < 0.001

0.045

Model 2 − 0.006 (− 0.01,0.001)
p-value = 0.08

Reference − 0.51 (− 0.79, − 0.24)
p-value = 0.001

− 0.32 (− 0.64, − 0.01)
p-value = 0.045

− 0.44 (− 0.96,0.07)
p-value = 0.087

0.157

fPSA crude − 0.002 (− 0.003, − 0.001)
p-value < 0.001

Reference − 0.11 (− 0.18, − 0.04)
p-value = 0.001

− 0.10 (− 0.17, − 0.04)
p-value = 0.003

− 0.15 (− 0.23, − 0.08)
p-value < 0.001

< 0.001

Model 1 − 0.002 (− 0.003, − 0.001)
p-value < 0.001

Reference − 0.10 (− 0.17, − 0.04)
p-value = 0.003

− 0.08 (− 0.16, − 0.02)
p-value = 0.018

− 0.14 (− 0.22, − 0.06)
p-value = 0.002

0.002

Model 2 − 0.002 (− 0.003, − 0.001)
p-value < 0.001

Reference − 0.10 (− 0.16, − 0.04)
p-value = 0.004

− 0.08 (− 0.15, − 0.01)
p-value = 0.026

− 0.12 (− 0.20, − 0.04)
p-value = 0.005

0.007
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increasing T3 levels (p for trend = 0.023).This trend remained statistically significant in Model 1 and was maintained 
in Model 2, although the p for trend increased to 0.084. The restricted cubic spline (RCS) model, shown in Fig. 2, 
indicates that both T3 and FT3 are significantly associated with PCa risk, primarily exhibiting a linear relationship.

Table 4   Associations between T3 and FT3 Levels with the Risk of Prostate Cancer Among Men Aged 40 Years or Older: Logistic Regression 
Analysis of the NHANES 2007–2010

Crude: no covariates were adjusted

Model 1: Race, Education level, Marriage, BMI

Model 2: Race, Education level, Marriage, BMI, Smoke, Iodine urine, Creatinine urine, CRP

Continuous FT3 Quartiles of FT3 levels p for trend

Q1 Q2 Q3 Q4

PCa risk Crude 0.19 (0.10,0.37)
p-value < 0.001

Reference 0.64 (0.42,0.98)
p-value = 0.04

0.32 (0.17,0.60)
p-value < 0.001

0.30 (0.15,0.60)
p-value = 0.001

< 0.001

Model 1 0.21 (0.10,0.41)
p-value < 0.001

Reference 0.68 (0.43,1.07)
p-value = 0.095

0.33 (0.18,0.65)
p-value = 0.002

0.31 (0.16,0.62)
p-value = 0.002

< 0.001

Model 2 0.21 (0.11,0.42)
p-value < 0.001

Reference 0.66 (0.42,1.06)
p-value = 0.083

0.35 (0.18,0.68)
p-value = 0.003

0.33 (0.17,0.65)
p-value = 0.003

< 0.001

Continuous T3 Quartiles of T3 levels p for trend

Q1 Q2 Q3 Q4

PCa risk Crude 0.98 (0.97,0.99)
p-value = 0.008

Reference 0.38 (0.24,0.62)
p-value < 0.001

0.56 (0.34,0.92)
p-value = 0.024

0.39 (0.19,0.80)
p-value = 0.013

0.023

Model 1 0.98 (0.97,0.99)
p-value = 0.018

Reference 0.40 (0.25,0.64)
p-value < 0.001

0.59 (0.34,1.02)
p-value = 0.061

0.41 (0.19,0.88)
p-value = 0.025

0.047

Model 2 0.98 (0.97,0.99)
p-value = 0.032

Reference 0.40 (0.24,0.67)
p-value = 0.002

0.62 (0.35,1.09)
p-value = 0.09

0.44 (0.20,0.98)
p-value = 0.046

0.084

Fig. 2   Restricted spline regression curves showing the association between T3, FT3, and prostate cancer risk. A Illustrates the association 
between T3 levels and PCa risk, while B depicts the relationship for FT3. The horizontal axes represent the respective T3 and FT3 levels, while 
the vertical axes show the OR and their 95% CI, indicated by shaded areas. The reference line (OR = 1) denotes baseline risk. Histograms 
reflect the distributions of T3 and FT3 levels within the sample. The analysis reveals significant associations of both T3 (P for Overall = 0.001, 
P for Nonlinear = 0.383) and FT3 (P for Overal < 0.001, P for Nonlinear = 0.700) with prostate cancer risk, predominantly demonstrating linear 
relationships. Elevated risks are observed at lower T3 and FT3 levels, decreasing progressively with higher concentrations, and stabilizing 
thereafter
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3.4 � Mendelian randomization analysis

Given the limitations of cross-sectional studies in establishing causality, we employed MR analysis to explore the 
causal directionality. Medication use (thyroid preparations) (ebi-a-GCST90018990) was analyzed as the exposure 
variable, while prostate cancer outcomes (ebi-a-GCST006085, ebi-a-GCST90018905, finn-b-C3_PROSTATE, ieu-b-85) 
served as the outcome data. Based on predefined selection criteria, 115, 118, 116, and 113 IVs were identified for ebi-
a-GCST006085, ebi-a-GCST90018905, finn-b-C3_PROSTATE, and ieu-b-85, respectively, to evaluate the potential causal 
relationship between thyroid medication use and prostate cancer risk (Table 5). Genetic instruments were selected 
based on their association with thyroid medication use, excluding those with pleiotropy or linkage disequilibrium 
(Dataset_1). IVW analysis demonstrated a significant inverse causal relationship between thyroid medication use and 
prostate cancer risk (b < 0, p < 0.05), a finding further supported by funnel plot evidence (Fig. 3).

This figure illustrates the distribution of effect estimates for single-nucleotide polymorphisms (SNPs) in the MR 
analysis, aimed at assessing potential biases. The funnel plot reflects the relationship between effect sizes and 
standard errors across different studies, where smaller standard errors correspond to effect estimates closer to 
the center of the plot, while larger standard errors are scattered toward the edges. Symmetrical distribution sug-
gests the absence of significant selective bias, whereas asymmetry may indicate the presence of publication bias 
or other systematic errors. The subpanels represent distinct exposure-outcome pairs: (A) ebi-a-GCST90018990—
ebi-a-GCST90018905; (B) ebi-a-GCST90018990—finn-b-C3_PROSTATE; (C) ebi-a-GCST90018990—ieu-b-85_00; (D) 
ebi-a-GCST90018990—ebi-a-GCST006085.

3.5 � SNP functional annotation analysis

To further explore the potential function and biological significance of the SNPs identified in the MR analysis, we 
conducted a systematic functional annotation analysis. After deduplication, 462 highly relevant SNPs were filtered 
to yield 119 independent SNPs. Functional annotation was performed using the VEP tool provided by the Ensembl 
database, identifying the genomic locations, potential functional effects, and associations of each SNP with diseases 
or phenotypes. Consequently, 122 target genes were identified for subsequent analysis (Dataset_2).

3.6 � Differential gene expression and associated survival analysis, with protein‑level validation

Using GEPIA2, the expression differences of the selected 122 genes between prostate cancer and normal tissues were 
analyzed, resulting in the identification of 10 differentially expressed genes: ADM5, CPT1C, FADS2, INPP5B, ITGB3, 
NEURL4, NTRK1, PCAT1, TYK2, and VAV3. OS and DFS analyses were subsequently performed for these 10 genes. The 
results showed that ADM5, INPP5B, NEURL4, and TYK2 exhibited significant differences in DFS, with their upregulated 
expression associated with poorer disease-free survival (Fig. 4). These four genes were selected as target genes for 
further analysis, and protein expression levels were validated using the HPA (Fig. 5). ADM5 was identified as extracel-
lularly expressed, thus lacking staining images. In contrast, INPP5B, NEURL4, and TYK2 showed lower expression in 
prostate cancer tissues compared to normal prostate tissues.

Table 5   Medication use (thyroid preparations) and Prostate cancer_MendelianRandomization

Exposure Outcome method nsnp b se pval

Medication use (thyroid preparations) ebi-a-GCST90018990 Prostate cancer
ebi-a-GCST006085

IVW 115 − 0.0253 0.0123 0.0402

Medication use (thyroid preparations) ebi-a-GCST90018990 Prostate cancer
ebi-a-GCST90018905

IVW 118 − 0.0434 0.0164 0.0081

Medication use (thyroid preparations) ebi-a-GCST90018990 Prostate cancer
finn-b-C3_PROSTATE

IVW 116 − 0.0806 0.03023 0.0077

Medication use (thyroid preparations) ebi-a-GCST90018990 Prostate cancer
ieu-b-85

IVW 113 − 0.0246 0.0123 0.0464
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3.7 � Relationship between INPP5B, NEURL4 and Tyk2 expression and immune cell infiltration in prostate 
cancer

Using TIMER2.0, the correlation between the expression levels of ADM5, INPP5B, NEURL4, and TYK2 and immune cell 
infiltration in prostate cancer was analyzed. Due to missing data for ADM5, only results for INPP5B, NEURL4, and TYK2 
are presented (Figs. 6, 7, 8). Decreased INPP5B expression was positively correlated with the infiltration of B cells, CD4 + T 
cells, CD8 + T cells, myeloid dendritic cells, macrophages, neutrophils, monocytes, cancer-associated fibroblasts (CAFs), 
and natural killer (NK) cells in prostate cancer. Decreased NEURL4 expression was positively correlated with the infiltra-
tion of B cells, CD4 + T cells, CD8 + T cells, myeloid dendritic cells, macrophages, neutrophils, and NK cells. However, no 

Fig. 3   Mendelian Randomization funnel plots for the association between Medication use (thyroid preparations) and prostate cancer
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significant correlation was observed with monocytes or CAFs. Decreased TYK2 expression was positively correlated with 
the infiltration of B cells, CD4 + T cells, CD8 + T cells, myeloid dendritic cells, macrophages, neutrophils, monocytes, and 
NK cells. In contrast, it showed a negative correlation with CAF infiltration in prostate cancer.

3.8 � Functional enrichment analysis

This study performed functional enrichment analysis of 10 differentially expressed genes using the Metascape platform 
to investigate their potential roles in biological processes, molecular functions, and associated pathways (Dataset_3). 
The results revealed significant enrichment in biological processes such as cell surface receptor protein tyrosine kinase 
signaling pathways (GO:0007169), response to injury (GO:0009611), and positive regulation of cell adhesion (GO:0045785), 
suggesting their involvement in the regulation of cell signaling, injury repair, and cell–cell interactions (p < 0.01, enrich-
ment factor > 1.5).

Pathway and process enrichment analyses using KEGG, Reactome, and PANTHER databases demonstrated that sev-
eral enriched pathways are closely related to cell signaling and immune regulation. High-density molecular functional 
modules were identified using the MCODE algorithm, and independent functional enrichment analysis of these modules 
revealed associations with signaling networks and cell cycle regulation, providing important insights into the coopera-
tive roles of these genes.

Additionally, association analysis based on the DisGeNET database further identified strong links between these genes 
and multiple human diseases, particularly autoimmune diseases, hypothyroidism, and prostate cancer progression.

Fig. 4   Comparison of gene expression levels and their impact on DFS in prostate adenocarcinoma (PRAD). A ADM5: The boxplot on the left 
illustrates that ADM5 expression is significantly lower in tumor tissues (T, red, n = 492) compared to normal tissues (N, gray, n = 152) (p < 0.05, 
marked by a red asterisk). The Kaplan-Meier survival curve on the right shows that patients with high ADM5 expression (red) have signifi-
cantly reduced disease-free survival (DFS) (Log-rank p = 0.047, HR = 1.5). B INPP5B: The boxplot on the left demonstrates significantly lower 
INPP5B expression in tumor tissues (red box). Kaplan-Meier analysis on the right indicates that patients with high INPP5B expression (red) 
have poorer DFS (Log-rank p = 0.0089, HR = 1.8). C NEURL4: The boxplot on the left shows significantly lower expression of NEURL4 in tumor 
tissues. Survival analysis on the right reveals that patients with high NEURL4 expression have significantly worse DFS (Log-rank p = 0.001, 
HR = 2). D TYK2: The boxplot on the left indicates a trend toward lower TYK2 expression in tumor tissues. Kaplan-Meier survival curves on the 
right demonstrate that patients with high TYK2 expression exhibit significantly reduced DFS (Log-rank p = 0.0019, HR = 1.9)
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Fig. 5   Validation of INPP5B, 
NEURL4, and TYK2 protein 
expression in prostate adeno-
carcinoma and normal pros-
tate tissues using the Human 
Protein Atlas database. A 
INPP5B: The left panel shows 
moderate (Medium) protein 
expression levels of INPP5B in 
normal prostate tissues. The 
right panel indicates reduced 
(Low) protein expression 
levels in prostate adenocarci-
noma tissues. B NEURL4: The 
left panel shows moderate 
(Medium) protein expression 
levels of NEURL4 in normal 
prostate tissues. In contrast, 
NEURL4 protein expression is 
not detected (Not detected) 
in prostate adenocarcinoma 
tissues, as shown in the right 
panel. C TYK2: The left panel 
shows moderate (Medium) 
protein expression levels of 
TYK2 in normal prostate tis-
sues. The right panel demon-
strates reduced (Low) protein 
expression levels in prostate 
adenocarcinoma tissues
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3.9 � Clinical pathological staging analysis

Using the cBioPortal platform, the mRNA expression levels of ADM5, INPP5B, NEURL4, and TYK2 were systematically 
analyzed across prostate cancer samples at different clinical stages (AJCC stages T2A to T4) (Dataset_4).

For ADM5, significant differences in mRNA expression were observed among samples at different clinical stages. 
Notably, ADM5 expression displayed substantial heterogeneity at stage T3B. Shallow and deep deletions were often 
associated with lower expression levels, while copy number amplifications and gains did not significantly increase 
mRNA expression. At stage T4, due to the limited number of samples, a decreasing trend in expression was observed.

Fig. 6   Correlation between INPP5B expression and immune cell infiltration levels in Prostate cancer analyzed

Fig. 7   Correlation between NEURL4 expression and immune cell infiltration levels in Prostate cancer analyzed
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For INPP5B, mRNA expression levels varied across stages, with noticeable heterogeneity. Shallow deletions and 
copy number gains affected mRNA expression, particularly at stages T3B and T4, where expression changes were more 
pronounced.

NEURL4 showed significant differences in mRNA expression across clinical stages, with higher expression observed 
at stages T2C and T3A, and polarized expression levels at stage T4. Copy number deletions (both shallow and deep) sig-
nificantly influenced mRNA expression, whereas missense mutations and copy number gains did not result in notable 
expression changes.

For TYK2, mRNA expression differences were evident across clinical stages, particularly at stages T3A and T3B, where 
copy number gains and amplifications appeared to upregulate mRNA expression. In contrast, shallow deletions were 
associated with relatively lower expression levels. At stage T4, the expression showed greater variability.

4 � Discussion

This study systematically explored the association between thyroid hormones and prostate cancer using a compre-
hensive, multidimensional approach that included observational analysis of the NHANES database, MR analysis, and 
bioinformatics analysis. The results demonstrated a significant negative correlation between thyroid hormone levels 
(FT3 and T3) and prostate cancer risk. Furthermore, the use of thyroid preparation medications, which modulate thyroid 
hormone levels, was causally linked to a reduced risk of prostate cancer.

Bioinformatics analysis identified ADM5, INPP5B, NEURL4, and TYK2 as potential therapeutic targets for prostate cancer 
treatment. Building on these findings, this study provides an in-depth discussion of the biological plausibility, clinical 
relevance, and limitations of these results.

In the observational analysis, FT3 and T3 levels were significantly lower in the high-risk PCa group compared to the low-
risk group. In the observational analysis, FT3 and T3 levels were significantly lower in the high-risk PCa group compared 
to the low-risk group. After adjusting for confounders, the association between thyroid hormone levels and prostate 
cancer risk remained, though it did not reach statistical significance. These results suggest a potential role of thyroid 
hormones in PCa progression, but the relationship appears to be more complex when adjusting for key factors such as 
age, PSA, and BMI. The borderline significance observed for T3 (p = 0.052) suggests that the association may become 
clearer with a larger sample size or more targeted data. This marginal result could be influenced by potential biases in 
public databases, such as variations in hormone measurements or unaccounted confounding factors. While the lack of 
statistical significance limits conclusions, it does not rule out the potential role of thyroid hormones in prostate cancer 

Fig. 8   Correlation between Tyk2 expression and immune cell infiltration levels in Prostate cancer analyzed
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risk, warranting further exploration. The sustained proliferation of cancer cells is heavily dependent on the Warburg 
effect, which primarily provides energy through aerobic glycolysis rather than mitochondrial respiration [31]. Thyroid 
hormones play a critical role in regulating cellular metabolism, apoptosis, and proliferation. Among these, T3 modulates 
cell differentiation and mitochondrial respiration by binding to nuclear thyroid hormone receptors and is regarded as 
a potential tumor suppressor [32]. In vitro studies have shown that T3 induces cellular senescence in prostate cancer 
cells via DEC1- and p15INK4B-dependent pathways [14]. Animal studies further demonstrate that T3 inhibits the release 
of invasion-promoting factors induced by adrenergic stimulation, thereby slowing the progression of prostate cancer 
[33]. FT3, the active form of T3, is the primary hormone mediating biological effects and more accurately reflects thyroid 
function [34]. By acting on nuclear receptors, FT3 regulates gene expression and metabolic activity. In this study, both 
T3 and FT3 were negatively associated with prostate cancer risk, supporting the protective role of thyroid hormones in 
prostate cancer development. The sustained proliferation of cancer cells is heavily dependent on the Warburg effect, 
which primarily provides energy through aerobic glycolysis rather than mitochondrial respiration [31]. Thyroid hor-
mones play a critical role in regulating cellular metabolism, apoptosis, and proliferation. Among these, T3 modulates 
cell differentiation and mitochondrial respiration by binding to nuclear thyroid hormone receptors and is regarded as 
a potential tumor suppressor [32]. In vitro studies have shown that T3 induces cellular senescence in prostate cancer 
cells via DEC1- and p15INK4B-dependent pathways [14]. Animal studies further demonstrate that T3 inhibits the release 
of invasion-promoting factors induced by adrenergic stimulation, thereby slowing the progression of prostate cancer 
[33]. FT3, the active form of T3, is the primary hormone mediating biological effects and more accurately reflects thyroid 
function [34]. By acting on nuclear receptors, FT3 regulates gene expression and metabolic activity. In this study, both 
T3 and FT3 were negatively associated with prostate cancer risk, supporting the protective role of thyroid hormones in 
prostate cancer development.

Using GWAS data, MR analysis further validated the causal relationship between thyroid preparation use, which influ-
ences thyroid hormone levels, and reduced PCa risk. IVW analysis revealed a significant negative association between 
thyroid preparation use and PCa risk (b < 0, p < 0.05), suggesting that elevated thyroid hormone levels may serve as a key 
protective factor against PCa. These findings align with previous evidence that thyroid hormones, particularly T3, act as 
tumor suppressors by regulating mitochondrial activity and inducing cellular senescence [32]. Thus, thyroid preparations 
could have therapeutic potential in reducing prostate cancer risk.

Furthermore, bioinformatics analysis identified ADM5, INPP5B, NEURL4, and TYK2 as potential therapeutic targets for 
prostate cancer. ADM5 (Adrenomedullin 5), a newly identified peptide, regulates cardiovascular, immune, and fluid bal-
ance functions through receptor interactions [35]. In cancer, ADM promotes tumor progression in colorectal cancer by 
modulating angiogenesis and invasion [35] and exhibits anti-apoptotic effects by regulating Bcl-2 expression in osteo-
sarcoma cells under hypoxic conditions [36]. These findings highlight ADM5’s potential as a therapeutic target. INPP5B 
(Inositol Polyphosphate-5-Phosphatase B) is a multifunctional enzyme that influences intracellular signaling pathways, 
primarily through the dephosphorylation of inositol phosphates, particularly the tumor-associated PI3K/AKT pathway 
[37]. Recent studies have demonstrated that aberrant expression of INPP5B is closely associated with disease progres-
sion and prognosis in various cancers. For instance, INPP5B interacts with PTEN to regulate proliferation and migration 
in lung adenocarcinoma cells [38]. Additionally, in hepatocellular carcinoma, INPP5B cooperates with SYNJ2 to regulate 
cellular metabolism, potentially influencing tumor progression and chemotherapy response [39]. NEURL4 (Neuralized E3 
Ubiquitin Protein Ligase 4) plays a critical role in cancer by regulating centrosome overduplication, which is associated 
with aggressive clinical features and poor prognosis [40]. NEURL4 interacts with HERC2 to modulate p53 activity and is 
frequently deleted in prostate cancer, underscoring its involvement in tumorigenesis [41]. Its expression correlates with 
chemotherapy response, suggesting a role in the tumor microenvironment and immune regulation [42]. TYK2 (Tyrosine 
Kinase 2), a Janus kinase family member, mediates critical cytokine and growth factor signaling pathways, regulating 
cell proliferation, differentiation, and survival [43, 44]. Studies on patients with a history of primary malignant tumors 
suggest that Tyk2 may be associated with the development of various cancers [45].TYK2 inhibition reduces invasiveness 
in prostate cancer cells [46], and its activation is associated with IL-6 and IL-10 signaling, highlighting its role in immune 
regulation [47, 48].

Functional enrichment analysis of the 10 differentially expressed genes revealed their significant involvement in key 
biological processes, including receptor tyrosine kinase signaling, response to damage, and positive regulation of cell 
adhesion. These processes are highly active in normal tissues, but their regulatory functions may be weakened in prostate 
cancer due to reduced gene expression. Low expression of receptor tyrosine kinase signaling genes may impair the ability 
of prostate cancer cells to respond to external signals, such as growth factors and environmental regulators, disrupt-
ing normal proliferation and differentiation while allowing abnormal signaling to promote uncontrolled tumor growth 
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[49]. Similarly, low expression of genes related to the response to damage indicates that prostate cancer cells may have 
diminished capacities to counter oxidative stress and repair DNA damage. This deficiency can lead to genomic instability 
and increased reliance on supportive mechanisms within the tumor microenvironment, such as inflammation, further 
driving tumor progression [50]. The reduced expression of genes involved in positive regulation of cell adhesion may 
disrupt cell–cell interactions and matrix-dependent signaling, allowing tumor cells to detach from the primary site and 
migrate to distant locations. This dysregulation is particularly relevant to the mechanisms underlying cancer cell invasion 
and metastasis, especially to the bone, which is a common site for prostate cancer metastasis [51]. Pathway enrichment 
analysis further highlighted the roles of these genes in cellular signaling pathways, such as the PI3K-Akt pathway, and 
immune regulatory pathways. In the PI3K-Akt pathway, low expression of these genes may fail to suppress proliferative 
signals or promote apoptosis, leading to rapid tumor growth and treatment resistance [52].

In immune regulatory pathways, reduced gene expression may impair immune cell function or decrease the sensitiv-
ity of tumor cells to immune attacks, enabling cancer cells to evade immune surveillance and dominate the immune 
microenvironment. High-density functional module analysis using the MCODE algorithm showed that these genes exhibit 
synergistic roles in signal transduction networks and cell cycle regulation. However, their low expression may disrupt the 
balance of critical molecular networks, providing an advantage to tumor-related abnormal signaling and accelerating 
malignant progression. The low expression of cell cycle regulatory modules may limit the normal function of key cell 
cycle regulators, enabling tumor cells to bypass cell cycle checkpoints and achieve uncontrolled proliferation. Associa-
tion analysis using the DisGeNET database revealed that the low expression of these genes is closely linked to prostate 
cancer progression. Additionally, their association with chronic inflammation, autoimmune diseases, and hypothyroidism 
suggests that prostate cancer may involve broader mechanisms of inflammation or metabolic dysregulation.

High levels of immune cell infiltration are generally associated with favorable cancer prognosis. In prostate cancer, the 
infiltration of T cells (CD4 + and CD8 +) and other immune cells, such as B cells, macrophages, and neutrophils, indicates 
a robust antitumor immune response [53–55]. TIMER2.0 data were unavailable for ADM5; thus, the discussion focuses 
on INPP5B, NEURL4, and TYK2. Analysis revealed that low expression levels of these genes positively correlate with the 
infiltration of various immune cells in prostate cancer. INPP5B was positively correlated with the infiltration of B cells, 
CD4 + T cells, CD8 + T cells, dendritic cells, macrophages, neutrophils, monocytes, and NK cells, suggesting that its low 
expression may promote immune cell infiltration and help regulate the tumor immune microenvironment. NEURL4 was 
positively associated with most immune cells but showed no significant correlation with monocytes or cancer-associated 
fibroblasts, indicating a cell-specific role in immune microenvironment regulation. TYK2 was positively correlated with 
the infiltration of B cells, CD4 + T cells, and NK cells but negatively correlated with cancer-associated fibroblast infiltration, 
suggesting a potential role in suppressing stromal responses within the tumor microenvironment.

Systematic mRNA expression analysis of ADM5, INPP5B, NEURL4, and TYK2 across prostate cancer stages (AJCC stages 
T2A–T4) using cBioPortal revealed significant stage-specific differences. ADM5 showed considerable heterogeneity in 
T3B and a downward trend in T4, indicating regulation by multiple factors during cancer progression. Shallow and 
deep copy number deletions were associated with reduced expression, while copy number gains and amplifications 
did not significantly increase ADM5 mRNA levels, suggesting that copy number alterations are not the primary driver 
of its expression. INPP5B displayed notable expression changes in T3B and T4 stages, indicating its role in the transition 
from localized to invasive cancer. Its stage-specific expression suggests a molecular switch-like function, influenced by 
distinct regulatory contexts. NEURL4 showed increased expression at T2C and T3A stages, reflecting its involvement 
in maintaining balance in cellular regulation and signaling pathways during early tumor development. At T4, NEURL4 
exhibited polarized expression patterns, with some samples showing significant upregulation and others significant 
downregulation, possibly due to data limitations or the formation of tumor subtypes in advanced stages. Copy number 
deletions significantly affected NEURL4 expression, while missense mutations and copy number gains had no notable 
impact, indicating a primary role for copy number changes in its regulation. TYK2 expression was upregulated in T3A and 
T3B stages due to copy number gains and amplifications, suggesting a key role in promoting tumor invasiveness. Con-
versely, TYK2 expression was significantly reduced in samples with shallow deletions, further supporting the hypothesis 
of copy number-dependent regulation. The high variability of TYK2 expression in T4 samples may reflect the molecular 
heterogeneity or complex regulatory mechanisms of advanced-stage tumors.

Despite the robust findings, this study has several limitations. First, the NHANES database is cross-sectional, which 
precludes establishing temporal causality between thyroid hormone levels and prostate cancer risk. Second, the genetic 
instruments used in MR analysis may not fully capture the biological complexity of thyroid hormones, and the findings are 
limited to European populations, introducing potential racial bias. Third, bioinformatics analyses were based on publicly 
available datasets, and the reproducibility of these results in experimental models and mechanistic validation remain to 
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be explored. Fourth, the potential interactions between thyroid hormones and other prostate cancer risk factors, such 
as diet, obesity, and genetic predisposition, were not fully addressed in this study. Future research should address these 
interactions in greater depth.

This study systematically revealed a negative correlation between thyroid hormone levels (FT3 and T3) and prostate 
cancer risk and further explored causal relationships and potential therapeutic targets through MR analysis and bioin-
formatics methods. These findings offer new perspectives on the mechanisms underlying prostate cancer, providing a 
foundation for risk prediction, biomarker development, and personalized therapeutic strategies. Future studies should 
incorporate large-scale prospective cohorts and experimental validation to investigate the mechanistic role of thyroid 
hormones in prostate cancer and their clinical applications. Moreover, functional studies of differentially expressed genes 
such as ADM5, INPP5B, NEURL4, and TYK2 may offer novel directions for developing targeted therapies.

5 � Conclusion

We propose that there is a potential negative correlation between thyroid hormones T3 and FT3 and prostate cancer 
risk, with evidence suggesting a causal relationship. Through MR analysis, ADM5, INPP5B, NEURL4, and TYK2 were identi-
fied as key genes potentially associated with prostate cancer, providing significant insights into disease risk prediction, 
biomarker development, and personalized therapeutic strategies. Future functional studies of these genes may offer 
novel directions for the development of targeted therapies for prostate cancer.
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