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Abstract

Background: Understanding the temporal trends of blood-based biomarkers and their
associations with brain structure is crucial for early detection and intervention in psychiatric
disorders. This studyaimed to explore these trends in thedecadebefore andafter diagnosis,
along with the cross-sectional relationships with brain structures.
Methods: Utilizing UK Biobank data, we conducted a nested case-control analysis of
individuals aged 40-69 years diagnosed with anxiety (n = 27,216), bipolar disorder
(n = 1325), depression (n = 36,570), or schizophrenia (n = 1478) within 10 years of baseline.
We used multivariable linear regression to analyze temporal trends and brain structure
associations for 31 blood cell counts, 28 biochemistrymarkers, and 168 serummetabolites.
Results: Here we show that compared to controls, significant temporal divergence is
observed in 39, 6, 55, and 12 blood-based markers for anxiety, bipolar disorder, depression,
and schizophrenia, respectively. Common biomarkers like cystatin C, red blood cells,
hemoglobin, hematocrit, and total bilirubin are identified. Biomarkers cluster into groups with
either linear or non-linear trends. Among the linearly changing biomarkers, some have a
wideningdifference fromcontrolswhile others have a narrowingone. For example, in the case
of depression, HDL-TG demonstrates an increasing disparity over time, while cholesterol
exhibits a decreasing trend. Non-linear clusters often show reversals around diagnosis,
indicating potential treatment effects. Differential associations are found between biomarkers
and brain regions, including the orbitofrontal cortex, hippocampus, and accumbens.
Conclusions: This study reveals the temporal trends of blood-based biomarkers in
psychiatric disorders and their correlations with brain structure, aiding early detection and
potentially enhancing clinical outcomes.

More than 14%of adults aged 60 and above suffer fromapsychiatric disorder,
and the prevalence increases with age1,2. Considering the rapid aging of the
global population3,4, it is expected that a growingnumber of elderly individuals
will experiencepsychiatric disorders in the coming years. Psychiatric disorders

are often accompanied by a multitude of debilitating symptoms5, including
emotional dissonance, cognition decline,motor dysfunction and disturbances
of the metabolic and immune system6–11. These alterations not only have an
impact on health in their own right but also increase the risk of other adverse
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Plain language summary

This study aimed to understand whether
components of the blood change over time in
people with psychiatric disorders such as
anxiety, bipolar disorder, depression, and
schizophrenia. We used statistical methods
to compare components of the blood
between people with psychiatric disorders
and controls. We found that certain blood
markers changed differently in people with
psychiatric disorders. Some markers show
changes around the time of diagnosis,
potentially linked to treatment effects. The
markers could help detect the presence of a
psychiatric disorder earlier and guide the
choice of treatments.

Communications Medicine |           (2025) 5:239 1

12
34

56
78

90
():
,;

12
34

56
78

90
():
,;

http://crossmark.crossref.org/dialog/?doi=10.1038/s43856-025-00957-w&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s43856-025-00957-w&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s43856-025-00957-w&domain=pdf
http://orcid.org/0009-0007-4948-7189
http://orcid.org/0009-0007-4948-7189
http://orcid.org/0009-0007-4948-7189
http://orcid.org/0009-0007-4948-7189
http://orcid.org/0009-0007-4948-7189
http://orcid.org/0000-0002-4489-7281
http://orcid.org/0000-0002-4489-7281
http://orcid.org/0000-0002-4489-7281
http://orcid.org/0000-0002-4489-7281
http://orcid.org/0000-0002-4489-7281
http://orcid.org/0000-0002-8890-8288
http://orcid.org/0000-0002-8890-8288
http://orcid.org/0000-0002-8890-8288
http://orcid.org/0000-0002-8890-8288
http://orcid.org/0000-0002-8890-8288
http://orcid.org/0000-0003-1118-1743
http://orcid.org/0000-0003-1118-1743
http://orcid.org/0000-0003-1118-1743
http://orcid.org/0000-0003-1118-1743
http://orcid.org/0000-0003-1118-1743
http://orcid.org/0000-0002-7079-8041
http://orcid.org/0000-0002-7079-8041
http://orcid.org/0000-0002-7079-8041
http://orcid.org/0000-0002-7079-8041
http://orcid.org/0000-0002-7079-8041
http://orcid.org/0000-0002-6982-103X
http://orcid.org/0000-0002-6982-103X
http://orcid.org/0000-0002-6982-103X
http://orcid.org/0000-0002-6982-103X
http://orcid.org/0000-0002-6982-103X
mailto:guoqing_pan_1@163.com
mailto:jiayou@fudan.edu.cn
mailto:linbowang@fudan.edu.cn
www.nature.com/commsmed


healthoutcomes, encompassingneurodegenerativedisorders12, cardiovascular
disease13,14 and cognitive impairment2. They can also result in a substantial
reduction in life expectancy (10–20 years)15–17. Early intervention at the onset
of psychiatric disorders can improve a range of outcomes18. However, older
adults frequently face insufficient recognition and undertreatment of their
psychiatric health conditions.

Recent evidence has revealed that metabolic markers in psychiatric
disorders change compared with controls and differ significantly between
different psychiatric disorders19–22. There are also studies that identified
causal roles for certain metabolites in psychiatric disorders, suggesting that
metabolic dysregulation contributes to the development of psychiatric
disorders11,23,24. Various immune biomarkers, such as C-reactive protein
(CRP) and immune cell count, have also been associated with psychiatric
disorders25–28. However, a comprehensive understanding of the temporal
trends of these blood-based biomarkers throughout the pre- and post-
diagnostic phases of various psychiatric disorders is currently lacking.
Understanding these trends is crucial because it can reveal early signs of
psychiatric disorders, allowing for timely interventions. Traditional case-
control or causal studies often focus on a single point in time, whereas
examining the temporal trends can provide insights into the progression
andunderlyingmechanismsof thesedisorders.Additionally, the association
between different blood-based biomarkers and brain imaging findings
remains uninvestigated. Understanding their relationship could reveal
which biomarkers can be intervened on to reduce the impact of the disease
on the brain.

This study leverages data from the UK Biobank (UKB)29 to examine
temporal trends of blood-based biomarkers in psychiatric disorders. The
cohort includes over 500,000 middle-aged to elderly adults with compre-
hensive measurements of blood cell counts, biochemical markers, and
metabolomic profiles, including participants diagnosed with anxiety,
bipolar disorder, depression, and schizophrenia. Through nested case-
control analysis, we investigate temporal divergence patterns of these bio-
markers relative to controls across pre- and post-diagnostic phases, while
assessing their differential associations with brain structure using neuroi-
maging data in a case-control design. Our findings demonstrate that
identifiedbiomarkers exhibit linear ornon-linear temporal trajectories,with
non-linear patterns frequently reversing near diagnosis, potentially
reflecting treatment effects. Furthermore, specific biomarkers show sig-
nificant differential associations with neuroanatomical measures in brain
regions, such as the orbitofrontal cortex and hippocampus. Collectively,
these results reveal complex temporal trends of peripheral biomarkers in
psychiatric disorders and their differential associations with brain structure
compared to controls.

Methods
Study cohort
The data employed in this studywere retrieved from theUKB29. TheUKB is
a large-scale prospective cohort study. It encompasses over 500,000 parti-
cipants from 22 assessment centers. These participants were aged between
40 and 69 years at the baseline,whichoccurred fromMarch 2006 toOctober
201029. The dataset encompasses comprehensive information on partici-
pants’ demographic, behavioral, blood, neuroimaging assessments, and
health-related outcomes. All these data were preprocessed prior to the
analyses of the study.

This study was conducted using the UKB resource under application
number 19542. Ethics approval for the UKB study was obtained from the
North West Haydock Research Ethics Committee (REC) (REC Reference:
21/NW/0157). All participants provided written informed consent,
emphasizing the voluntary nature of participation and the freedom to
withdraw at any time without explanation.

Outcome ascertainment
We explored four psychiatric disorders, including anxiety, depression dis-
orders, bipolar disorders, and schizophrenia. Diagnosis and recorded dates
were ascertained and classified according to the International Classification

of Diseases (ICD), Tenth Revision (ICD-10), specifically code G20,
extracted from first occurrences data (UKB category 1712) which is iden-
tified through linkage to primary care (category 3000), hospital inpatient
(category 2000), self-reported medical conditions (UKB field 20,002) and
death register records (field 40,001and40,002).The categories of psychiatric
disorders were described as codes F10-19, F20, F30–F39, etc. in ICD-10
(Supplementary Table 1). The date of any earliest recorded diagnosis listed
above was leveraged as the date of diagnosis.

In this study, cases indexed only as self-reported sources and
lacking metabolomic data were excluded. Additionally, to avoid
potential sample bias, individuals who were diagnosed with psychiatric
disorders more than ten years before or after the baseline visit were also
excluded. The flow chart of eligible standards was demonstrated in
Supplementary Fig. 1.

Psychiatric assessments
The patient health questionnaire-430 (PHQ-4) and the Eysenck personality
questionnaire-revised (EPQ-R)31 were utilized to evaluate self-reported
symptoms of participants. The PHQ-4 instrument combines a 2-item
depression scale (PHQ-2) and a 2-item anxiety scale (general anxiety dis-
order (GAD)−2). Both subscales employ a 4-point Likert-type scale. Par-
ticipants need to rate the frequencyof experiencing the symptoms described
in the items over the past twoweeks. By adding up the scores from these two
subscales, we obtained aPHQ-4 total score. This score acts as an indicator of
the severity of depressive and anxiety symptoms. Higher scores indicate
greater symptom intensity.

Additionally, we utilized the EPQ-R, focusing specifically on the
neuroticism dimension, which comprises 12 items. Participants’ responses
to these questions, with ‘Yes’ answers contributing to the neuroticism score,
are aggregated into a single integer for each individual, providing a quan-
titative measure of neuroticism traits. The specific items used to assess each
symptom are provided in Supplementary Table 2.

Blood-based biomarker measurements
Blood samples of participants were collected at baseline (2006–2010)
by the UKB. The processing details and quality control checks of blood
samples can be found on the UKB website (https://www.ukbiobank.
ac.uk/enable-your-research/about-our-data/biomarker-data). In this
research, 31 blood cell counts, 28 biochemistry markers, and 168 serum
metabolites were utilized. A full list of abbreviations and Field ID of for
all blood-based markers in this study is provided in Supplemen-
tary Data 1.

Standard hematological assays, such as full blood counts and related
parameters, were performed on fresh whole blood within 24 h of blood
collection for all participants.Multiple immunological assays and biological
chemistry analyzers were employed to measure blood biochemistry mar-
kers. The details thereof are provided on the UKB website (https://www.
ukbiobank.ac.uk/enable-your-research/about-our-data/biomarker-data).
The metabolic biomarker profiling of participants from the UKB is being
carried out by Nightingale Health Ltd32–34. This profiling is based on high-
throughput nuclear magnetic resonance. To minimize technical variability
that could confound our results, raw data were carefully processed, taking
into account factors, such as shipping batch, 96-well plate layout, well
position, aliquoting robot, and aliquot tip, all before analysis by Nightingale
Health Plc33,34. A total of 168 metabolic measures in absolute levels are
quantified for each EDTA plasma sample. These measures encompass
specific aspects of lipoprotein lipids across 14 subclasses, fatty acid profiles
and compositions, cholesterol metabolism, and a diverse range of low-
molecular weight metabolites. The latter include amino acids, metabolites
associated with glycolysis, and ketone bodies.

Neuroimaging phenotypes
The neuroimaging phenotypes used in this study were broadly categorized
into two groups: T1-weighted MRI for quantifying cortical and subcortical
volumes, and diffusion tensor imaging (DTI) for assessing white matter
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microstructure. All neuroimaging data originated from the UKB Imaging
Database. These data were processed before any analyses. The detailed
protocol is available at https://biobank.ctsu.ox.ac.uk/crystal/refer.cgi?
id=2367.

T1-Weighted MRI. T1-weighted MRI data were acquired using a 3 T
Siemens Skyra scanner with the following parameters: 1 × 1 × 1 mm³
resolution, 208 × 256 × 256-pixel field of view, 5 min duration, and
acceleration factor (iPAT) of 2. Pre-scan normalization was also applied
(https://biobank.ndph.ox.ac.uk/showcase/refer.cgi?id=1977). The UKB
pre-processed and quality-controlled the images using FMRIB Software
Library packages following a standard protocol35. The data is now non-
linearly warped to MNI152 space using FNIRT (FMRIB’s Nonlinear
Image Registration Tool36,37). A standard-space brain mask is then back-
transformed into the space of the T1, and applied to the T1 image to
generate a brain-extracted T1. Next, tissue-type segmentation is applied
using FMRIB’s Automated Segmentation Tool38 gray matter and white
matter (T1_brain_seg) and so on. This processing is also used to generate
a fully bias-field-corrected version of the brain-extracted T1. The T1
images were also processed with FreeSurfer. Surface atlases were used to
extract IDPs relating to the volume of standard atlas regions39,40. Sub-
cortical regions were extracted via FreeSurfer’s aseg tool41. Quality con-
trol checks were performed using the Qoala-T approach42.

Diffusion tensor imaging. Water molecule movement within the local
tissue environment was measured using DTI. Metrics reflecting white
matter integrity and microstructural properties were calculated, includ-
ing fractional anisotropy (FA), mean diffusivity (MD), and intracellular
volume fraction (ICVF). FA and MD were derived from the DTI fitting
tool DTIFIT using the b = 1000 shell (50 directions). ICVF was obtained
after processing the full two-shell DTI data using the neurite orientation
dispersion and density imaging43 modeling with the accelerated micro-
structure imaging via convex optimization tool44.

In the analysis, individuals with conditions confounding the assess-
ment of brain atrophy were excluded. These conditions included brain
tumor, neurodegenerative disease, cerebrovascular diseases, cerebral
infarction, epilepsy, multiple sclerosis, encephalitis, or brain abscess, which
were identified using ICD-10 codes and self-reported diseases (Supple-
mentary Table 3).

Nested case-control study
We conducted a nested case-control study within the UKB cohort, adeptly
harnessing the merits of both cohort and case-control study designs. A
nested case-control study, essentially a case-control study nested within a
cohort, combines the strengths of both methodologies to offer a robust
epidemiological research framework10,45,46. This involved initially forming a
cohort of participants, tracking them over an extended period, and subse-
quently identifying within this cohort. In this study, individuals with
anxiety, depression, bipolar disorder, or schizophrenia were identified as
cases. Controls, on the other hand, were selected from those without any
blood or immune disorders, mental health or behavioral issues, infectious
diseases, or nervous systemdisorders at baseline. For eachcase identified,we
matched approximately three controls based on various demographic and
lifestyle factors, including age, sex, ethnicity, years of education, body mass
index (BMI), socioeconomic status, alcohol consumption status, and
smoking status, utilizing the Matchit R package47. To analyze the temporal
trends of the disease, we calculated the years since clinical diagnosis for each
case by subtracting the baseline date from the diagnosis date. For controls,
we assigned a pseudo-diagnosis date that mirrored the diagnosis date of
their matched case. This arrangement yielded a comprehensive dataset of
matched case-control pairs, spanning consecutive time frames before and
after diagnosis. This unique dataset allowed us to delve into the temporal
divergence between cases and controls over time, specifically examining the
divergence patterns across various psychiatric assessments and blood-based
biomarkers. The study design was displayed in Fig. 1.

Statistics and reproducibility
Statistical analysis of the temporal divergence trend in biomarkers
for psychiatric disorders. Our primary objective was to identify the
temporal divergence trend in blood-based markers between individuals
with psychiatric disorders and controls. We used a multivariable linear
regression model to compare each variable of interest between the two
groups. To evaluate the effect of disease on blood markers, as well as the
linear and nonlinear changes of bloodmarkers with time to diagnosis, we
included group and its interactions with time and the square of time as
independent variables, with blood-based markers as the response
variable48. Testing the effect of group allowed us to determine the dif-
ferences in blood markers between cases and controls independently of
time. Evaluating the interaction between group and time enabled us to
identify the divergence in the linear trajectories of bloodmarkers between
cases and controls. Assessing the interaction between group and time
squared helped us understand the differences in nonlinear trajectories of
blood markers between cases and controls. Other independent variables
included age, sex, 5-year age indicators by sex interactions, self-identified
ethnicity, self-identified ethnicity by sex interactions, study site, years of
education, Townsend deprivation index (TDI), study site, BMI, drinking
status, and smoking status, fasting time (one indicator per fasting time,
except a single indicator for >18 h and for 0 or 1 h), estimated sample
dilution factor (icosatiles), icosatiles of time of sampling during the day,
month of assessment (indicators for each month of participation, with
the exception that all of 2006 and August through October of 2010 were
assigned a single indicator), and day of assay (one indicator per day the
assay was performed). Ethnicity was categorized as white, asian, black,
and other ethnicity (e.g., mixed ethnicity or other ethnicity).

Continuous variables were normalized before regression, and catego-
rical variables were made dummy variables. Missing values were not
included in the analysis.P values for groupand its interactionswith timeand
the square of time were corrected for multiple comparisons using the
Bonferroni method, respectively. Blood-based markers with any corrected
p-values less than 0.01 were used for temporal trends visualization. The
analysis was performed using the StatsModel (v0.11.1) and ScikitLearn
(v0.24.1) packages in Python (v3.9).

Trajectory analysis
To visualize the temporal trends of blood-based markers in psychiatric
disorders, we employed the LOESS49 method to assess linear or non-linear
patterns in blood-based marker evolution over time. To ensure that each
assessment’s values were easily comparable, blood-based marker values for
psychiatric disorders were transformed using z-scores relative to controls,
adjusting for the aforementioned covariates. The predicted trajectories over
timewere subsequently divided into groups through hierarchical clustering.
This was accomplished by utilizing the hclust function from the R stats
package, employing the complete method47.

Statistical analysis of biomarker-brain structure associations
Given that blood-based biomarkers and imaging-derived metrics required
adjustment for different covariate sets, we first performed separate regres-
sion analyses for each domain prior to the differential associations analyses.
For blood-based biomarkers, covariates included fasting time, estimated
sample dilution factor, time of blood sample collection (as described above),
and baseline recruitment site. For imaging-derived measures, covariates
comprised intracranial head size (to account for global brain volume effects)
and imaging site. Residuals from these regressions—reflecting the variance
in biomarkers and brain structures independent of their respective covari-
ates—were then used in subsequent models to examine group-specific
associations, ensuring that technical and demographic confounders were
systematically removed.

To investigate differential associations between the identified blood-
based biomarkers and specific brain structures in a case-control framework,
we utilized a multivariable linear regression model. This model included
interactions between the group factor (case vs. control) and each blood-

https://doi.org/10.1038/s43856-025-00957-w Article

Communications Medicine |           (2025) 5:239 3

https://biobank.ctsu.ox.ac.uk/crystal/refer.cgi?id=2367
https://biobank.ctsu.ox.ac.uk/crystal/refer.cgi?id=2367
https://biobank.ndph.ox.ac.uk/showcase/refer.cgi?id=1977
www.nature.com/commsmed


based biomarker, alongside common covariates: age, sex, age by sex inter-
actions, self-identified ethnicity, self-identified ethnicity by sex interactions,
years of education, TDI, BMI, drinking status, and smoking status. The
dependent variables were the brain structural measures of interest (e.g.,
regional volumes, DTI metrics). This approach allowed us to test whether
the relationships between biomarkers and brain structures differed sig-
nificantly between cases and controls. In this study, all tests were carried out
on a two-sided basis.

Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Results
Study populations
In this study, 56,535 individuals diagnosed with psychiatric disorders
were included, with a median age of 56.00 [IQR 49.00–62.00]. Among
them, 20,520 (36.30%) were male, and the majority (95.33%) had white
ethnicity. The sample included 27,216 individuals diagnosed with
anxiety, 1325 with bipolar disorder, 36,570 with depression, and 1478
with schizophrenia. Nearly three controls were matched for each case.
Therefore, a total of 206,483 individuals were included in the main
analyses. Table 1 presents the demographic information of these parti-
cipants. Similar demographic statistics were observed between the case
and control groups.

Fig. 1 | Illustration of the study design. This figure presents a nested case-control
study using the UKB dataset. The solid horizontal bars indicate the estimated
duration from blood biomarker assessments to the clinical diagnosis of psychiatric
disorders. They start from baseline visits and reach the dates of diagnosis, or vice
versa. For the purpose of analysis, we aligned the patients based on the diagnosis
dates. On the new timeline, the data collected at the baseline became the data
collected at different time periods before and after the diagnosis. We used a color
gradient from dark blue (representing zero years to diagnosis) to light blue (indi-
cating ten years to diagnosis). For each identified case, we matched ~3 controls. For

the controls, their corresponding duration was matched to that of the individuals
with psychiatric disorders. Subsequently, we applied the locally estimated scatterplot
smoothing (LOESS) technique to visualize the temporal variations in psychiatric
assessments and blood-based biomarkers related to the timing of disease duration.
To reveal the specific temporal patterns of blood-based markers that change during
disease progression, we clustered them into different groups based on their temporal
trends. Finally, we tested the differential associations between the identified blood-
based biomarkers and brain structures within the case-control framework, using a
multivariable linear regression model for statistical analysis.
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Temporal divergence of psychiatric assessments trends in psy-
chiatric disorders compared to controls
The results of two psychiatric assessments indicate a significant temporal
divergence trend between individuals with psychiatric disorders and con-
trols. Among the four psychiatric disorders, neuroticism scores in affected
individuals showed a consistent increase in the ten years preceding diag-
nosis, compared to controls (Fig. 2). In cases of anxiety and depression,
neuroticism scores continued to increase after diagnosis. In contrast, for
individuals with schizophrenia and bipolar disorder, neuroticism scores
began to decrease around the time of diagnosis. Among the four psychiatric
disorders, the temporal trend of the PHQ-4 scores presented an inverted
U-shaped pattern when compared with the control group (Fig. 2).

Identified blood-based biomarkers in psychiatric disorders
compared with controls
After applying amultivariable linear regressionmodel, conductingmultiple
corrections, and adjusting for covariates, we identified 39, 6, 55, and 12
blood—based biomarkers that exhibited divergent temporal trends com-
pared to the control group for anxiety, bipolar disorder, depression, and

schizophrenia, respectively (corrected P < 0.01; Fig. 3 and Supplementary
Data 2–5). Among these psychiatric disorders, there were some common
markers. For instance, cystatin C levels were elevated in all four disorders,
whereas red blood cells (RBC), hemoglobin concentration (Hb), hematocrit
percentage (Hct), and total bilirubin levels were decreased in all of them.
Some blood markers were shared among different disorders and showed
consistent directions of change. For example, alkaline phosphatase (ALP),
CRP, gamma-gamma-glutamyl transferase (GGT), mean reticulocyte
volume (MRV), mean sphered cell volume (MSCV), and neutrophil per-
centage (NEUT-P) were all elevated in depression, anxiety, and schizo-
phrenia. Lymphocyte percentage (LYMP-P) was significantly decreased in
anxiety, bipolar disorder, and depression. VitaminD andmean corpuscular
hemoglobin concentration (MCHC) were significantly decreased in both
depression and schizophrenia.A specificnumberofmetabolicmarkerswere
found in both depression and anxiety, with someof thembeing shared, such
as low-density lipoprotein cholesterol (LDL-C), LDL-free cholesterol (FC),
and intermediate-density lipoprotein cholesterol. Furthermore, specific
triglyceride-related metabolic markers were identified in cases of
depression.

Table 1 | The characteristics of participants in this study

Characteristics Participants with Anxiety Participants with Bipolar disorder

Anxiety participants (n = 27,216) Controls (n = 80,785) Bipolar disorder participants (n = 1325) Controls (n = 3956)

Age at baseline (years) 56.1 [49.0, 63.0] 56.2 [49.0, 63.0] 54.7 [48.0, 62.0] 54.7 [48.0, 62.0]

Gender (male) 9219 [33.9%] 27,420 [33.9%] 562 [42.4%] 1681 [42.5%]

TDI −0.9 [−3.4, 1.3] −0.9 [−3.4, 1.3] 0.04 [−2.88, 2.73] 0.10 [−2.81, 2.79]

BMI 27.9 [24.3, 30.6] 27.6 [24.2, 30.2] 28.7 [24.8, 31.5] 28.2 [24.6, 30.9]

Ethnicity

White 25,984 [95.5%] 77,269 [95.6%] 1248 [94.1%] 3738 [94.5%]

Education (years)

<10 5755 [21,1%] 16,189 [20.0%] 224 [16.9%] 645 [16.3%]

10 ~ 15 12,045 [44.3%] 36,763 [45.5%] 527 [39.8%] 1637 [41.3%]

>15 9416 [34.6%] 27,833 [35.4%] 574 [43.3%] 1674 [42.3%]

Number of individuals (years to diagnosis)

−10 ~−5 9649 [35.5%] 28,625 [35.4%] 353 [26.6%] 1057 [26.7%]

−5 ~ 0 6520 [23.6%] 19,085 [23.6%] 329 [24.8%] 981 [24.8%]

0 ~ 5 6377 [23.4%] 18,919 [23.4%] 349 [26.3%] 1040 [26.3%]

5 ~ 10 4770 [17.5%] 14,156 [17.5%] 294 [22.1%] 878 [22.2%]

Characteristics Participants with Depression Participants with Schizophrenia

Depression participants (n = 36,570) Controls (n = 106,816) Schizophrenia participants (n = 1478) Controls (n = 4389)

Age at baseline (years) 55.3 [49,62] 55.4 [49, 62] 55.3 [48, 62] 55.3 [48, 62]

Gender (male) 13,644 [37.3%] 40,050 [37.5%] 753 [50.9%] 2226 [50.7%]

TDI −0.64 [−3.28, 1.70] −0.70 [−3.30, 1.56] 1.03 [−2.27, 4.67] 0.91 [−2.35, 3.95]

BMI 28.4 [24.7, 31.2] 28.0 [24.4, 30.7] 28.4 [24.7, 31.3] 28.1 [24.6, 30.7]

Ethnicity

White 34,898 [95.4%] 102,121 [95.6%] 1310 [88.6%] 3905 [89.0%]

Education (years)

<10 7754 [21.2%] 20,314 [19.0%] 372 [25.2%] 1023 [23.3%]

10 ~ 15 15,942 [43.6%] 48,328 [45.2%] 568 [38.4%] 1758 [40.1%]

>15 12,874 [35.2%] 38,174 [35.7%] 538 [36.4%] 1608 [35.7%]

Number of individuals (years to diagnosis)

−10 ~−5 8388 [22.9%] 24,604 [23.0%] 526 [35.6%] 1568 [35.7%]

−5 ~ 0 6679 [18.2%] 19,509 [18.3%] 374 [25.3%] 1110 [25.3%]

0 ~ 5 12,272 [33.6%] 35,806 [33.5%] 275 [18.6%] 819 [18.7%]

5 ~ 10 9231 [25.2%] 26,897 [25.2%] 303 [20.1%] 892 [20.3%]

The square brackets indicate the proportion of the corresponding characteristics in the total sample or the upper and lower quartile intervals of the sample.
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Temporal divergence of blood-based biomarker trends in psy-
chiatric disorders compared to controls
The identified blood-based markers for anxiety, depression, bipolar dis-
order, and schizophreniawere respectively grouped intofive, four, nine, and
four clusters according to their trajectory (Supplementary Fig. 2 and

Supplementary Data 6). These markers showed significant linear or non-
linear divergence compared to controls.

In anxiety disorder, five clusters of blood-based markers were identi-
fied (Fig. 4 and Supplementary Fig. 3). Three clusters consistently showed
higher levels than controls throughout the observation period, while two

Fig. 2 | Temporal divergence of psychiatric assessments trends in psychiatric
disorders compared to controls. The temporal trends of the PHQ-4 score and the
neuroticism score were analyzed using a LOESS regressionmodel on z-scores across
time, both before and after the diagnosis of four psychiatric disorders. The number of
participants included in the analysis for each disorder— anxiety, bipolar disorder,

depression, and schizophrenia—was 27,216, 1325, 36,570, and 1478, respectively.
Before being transformed using z-scores relative to controls, psychiatric assessments
for psychiatric disorders were adjusted for age, gender, ethnicity, educational years,
the Townsend Deprivation Index, drinking status, and smoking status.

Fig. 3 | Manhattan plot illustrating the differences in blood-based biomarkers
between four psychiatric disorders and controls. The Y-axis displays the beta
values, representing the effect size of differences for various blood-based biomarkers
from controls for each disorder. Regarding the beta values of the interaction between
the group and time, please refer to Supplementary Data 2–5. The X-axis categorizes

these biomarkers into different types. Statistically significant biomarkers are labeled
with their names. Panels a, b, c and d correspond to anxiety disorder (n = 26,839),
bipolar disorder (n = 1295), depression (n = 36,088), and schizophrenia (n = 1440),
respectively.
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clusters remained persistently lower. Cluster 1, which included GGT and
cystatinC, demonstrated a gradual reduction in differences from controls as
the disease progressed. The second cluster, containing mean corpuscular
volume (MCV), RDW, NEUT-C, NEUT-P, MRV, MSCV, immature reti-
culocyte fraction (IRF), high light scatter reticulocyte, ALP, aspartate ami-
notransferase (AST), and CRP, also showed a decreasing difference, though
less pronounced. Cluster 3 consisted solely of triglycerides, whose difference
trajectory exhibited a non-linear upward trend as the disease advanced.
Clusters 4 and 5 remained consistently lower than controls, following a
slightly positive U-shaped curve with the inflection point near the time of
diagnosis. The majority of these markers within Clusters 4 and 5 were
associated with metabolism.

For bipolar disorder, four clusters of blood-based biomarkers were
identified (Fig. 5 and Supplementary Fig. 4). Only cystatin C in cluster 1
remained consistently above control levels throughout the observation
period, following a slightly inverted U-shaped trajectory. The markers in
Clusters 2–4were consistently lower than controls. Cluster 2, includingHct,
RBC, andHb, exhibited a positiveU-shaped curve. Cluster 3 contained only
total bilirubin,with differences fromcontrols continuously expanding as the
disease progressed. Cluster 4, containing only LYMP-P, demonstrated a
continuous reduction in the difference fromcontrols during the observation
period.

In depression, nine clusters of blood-based biomarkers were identi-
fied (Fig. 6 and Supplementary Fig. 5). Four clusters remained consistently
higher than controls, while five clusters were persistently lower. Cluster 1,
which included GlycA, IRF, and certain triglyceride-related metabolic
markers, was overall higher than controls, with the difference progres-
sively widening as the disease advanced. Clusters 2 to 4 exhibited differ-
ences above control levels throughout the observation period, albeit with
less conspicuous temporal variation, including markers, such as mean
corpuscular hemoglobin (MCH), ALT, Cystatin C, MCV, CRP, and ALP,
among others. Clusters 5 to 6 remained lower than controls, also with
relatively subtle temporal changes, encompassing markers like

Apolipoprotein A, Urate, LYMP-P, insulin-like growth factor 1, and
vitamin D, among others. Cluster 7 demonstrated a slightly positive
U-shaped trajectory compared to controls, remaining consistently lower,
and included RBC, Hb, Hct, and degree of unsaturation. Cluster 8 dis-
played an invertedU-shaped temporal pattern in biomarker levels relative
to controls, with these biomarkers consistently maintaining lower con-
centrations throughout the observed timeframe. This pattern was
particularly evident in FC-associated biomarkers, including S-LDL-FC,
M-LDL-FC, L-LDL-FC, and LDL-FC. In cluster 9, although the bio-
markers were lower than controls a decade before diagnosis, the difference
progressively narrowed as the disease advanced, includingApo-B, LDL-C,
and cholesterol.

In schizophrenia, the significant temporal divergence trends of the four
clusters all conformed toU-shaped curves (Fig. 7 andSupplementaryFig. 6).
Clusters 1 and 2 were above control levels throughout the observation
period, with an overall inverted U-shaped change trajectory. Cluster 1
includedGGTandRDW,whileCluster 2 comprisedMRV,CRP, cystatinC,
and NEUT-C. Notably, although Cluster 2 as a whole exhibited an inverted
U-shaped trajectory, NEUT-C followed a positive U-shaped curve, yet
its difference range was remarkably close to that of the other markers in
Cluster 2. The trajectories of clusters 3 and 4 were both positive U-shaped,
with cluster 3 displaying a slightly larger amplitude of change. Cluster
3 contained markers such as RBC, Hct, Hb, and Vitamin D, while cluster
4 encompassed MCHC and total bilirubin.

Identified blood-based markers were differentially associated
with brain structures between case and control
To examine whether alterations in blood-based biomarkers correlate with
changes in brain structure, we investigated differential associations between
these biomarkers and brain structures using a case-control design. Our
analysis identified significant differential associations between blood-based
markers and brain structures in individuals with psychiatric disorders
compared to controls (corrected P < 0.01; Fig. 8). Additional associations

Fig. 4 | Temporal divergence of blood-basedbiomarker trends in anxiety disorder
compared to controls. The temporal trends of blood-based markers that showed
significant divergence from controls were presented. The details of the statistics of
identified blood-basedmarkers of anxiety disorder were provided in Supplementary
Data 2. Each significant biomarker was analyzed using a LOESS regressionmodel on

z-scores across time, both before and after the diagnosis. Before being transformed
using z-scores relative to controls, blood-basedmarkers were adjusted for covariates.
Then, biomarkers were grouped based on their similarity of trajectories, and bold
lines represent the average temporal trend of each group. LOESS, locally estimated
scatterplot smoothing.

Fig. 5 | Temporal divergence of blood-basedbiomarker trends in bipolar disorder
compared to controls. The temporal trends of blood-based markers that showed
significant divergence from controls were presented. The details of the statistics of
identified blood-based markers of bipolar disorder were provided in Supplementary
Data 3. Each significant biomarker was analyzed using a LOESS regressionmodel on

z-scores across time, both before and after the diagnosis. Before being transformed
using z-scores relative to controls, blood-basedmarkers were adjusted for covariates.
Then, biomarkers were grouped based on their similarity of trajectories, and bold
lines represent the average temporal trend of each group. LOESS, locally estimated
scatterplot smoothing.
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Fig. 6 | Temporal divergence of blood-based biomarker trends in depression
compared to controls. The temporal trends of blood-based markers that showed
significant divergence from controls were presented. The details of the statistics of
identified blood-based markers of depression were provided in Supplementary
Data 4. Each significant biomarker was analyzed using a LOESS regressionmodel on

z-scores across time, both before and after the diagnosis. Before being transformed
using z-scores relative to controls, blood-basedmarkers were adjusted for covariates.
Then, biomarkers were grouped based on their similarity of trajectories, and bold
lines represent the average temporal trend of each group. LOESS, locally estimated
scatterplot smoothing.

Fig. 7 | Temporal divergence of blood-based biomarker trends in schizophrenia
compared to controls. The temporal trends of blood-based markers that showed
significant divergence from controls were presented. The details of the statistics of
identified blood-based markers of schizophrenia were provided in Supplementary
Data 5. Each significant biomarker was analyzed using a LOESS regressionmodel on

z-scores across time, both before and after the diagnosis. Before being transformed
using z-scores relative to controls, blood-basedmarkers were adjusted for covariates.
Then, biomarkers were grouped based on their similarity of trajectories, and bold
lines represent the average temporal trend of each group. LOESS, locally estimated
scatterplot smoothing.
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between blood-based markers and brain structures within each psychiatric
group are detailed in Supplementary Figs. 7–10.

In anxiety disorder versus controls, four blood markers (CRP, IRF,
NEUT-C, RBC) and two blood markers (AST, MCV) demonstrated dif-
ferential correlations with brain volume and DTI measures, respectively.
Notably, the volume of medial orbitofrontal cortex and middle temporal
regions, implicated in anxiety disorders50,51, demonstrated differential cor-
relations with CRP and RBC between anxiety disorders and controls,
respectively.

In bipolar disorder versus controls, three blood markers (cystatin C,
LYMP-P, RBC) showed differential correlations with brain volume
measures, whereas another set of three markers (cystatin C, Hct, RBC)
demonstrated differential correlations with DTI measures. Both cystatin
C and RBC were found to exhibit significant differential correlations
with brain volume and DTI measures. The brain regions with differential
correlations to cystatin C were the middle temporal and lateral
orbitofrontal cortices, while the region related to RBC was the entorhinal
cortex.

In depression versus controls, five blood markers (HbA1c, HDL-TG,
IRF, degree of unsaturation, XL-HDL-TG) and one blood marker (MCH)
demonstrated differential correlationswith brain regional volumes andDTI
measures, respectively. Notably, the volume of the accumbens, a core brain
region in the reward system52, demonstrated differential correlations with
HDL-TG, degree of unsaturation, and XL-HDL-TG between cases and
controls.

In schizophrenia versus controls, one blood marker (vitamin D) and
two blood markers (MCHC, RDW) demonstrated differential correlations
with brain regional volumes and DTI measures, respectively. Vitamin D

demonstrated differential correlations with the volumes of the hippo-
campus and insula between cases and controls.

Discussion
In this study, we investigated the temporal trends of psychiatric assessments
and blood-based biomarkers over a decade leading up to and following the
diagnosis of psychiatric disorders, in comparison with matched controls.
Our results indicate that 39, 6, 55, and 12 blood-based markers exhibited
significant divergence in anxiety, bipolar disorder, depression, and schizo-
phrenia, respectively. Commonmarkers were identified, such as cystatin C,
RBC, Hb, and Hct, which exhibited similar temporal patterns. These bio-
markers clustered into groups characterized by either linear or non-linear
temporal trajectories. Among the linearly changing biomarkers, some
showed an increasing difference from controls over time, such as trigly-
cerides and related markers in depression, while others, like LYMP-P in
bipolar disorder, demonstrated a decreasing difference from controls over
time. Notably, clusters demonstrating non-linear trends frequently dis-
played reversals around the time of diagnosis, indicating potential post-
treatment improvements. This is especially evident in schizophrenia, as
exemplified by the temporal trends of biomarkers including GGT, CRP,
RDW, and MCHC. Additionally, our analysis revealed differential asso-
ciations between these biomarkers and brain structures, specifically high-
lighting regions such as the orbitofrontal cortex, hippocampus, and
accumbens, which are implicated in the pathophysiology of these disorders.
These findings suggest that blood-based biomarkers could potentially aid in
the early detection of various psychiatric disorders and inform the design of
therapeutic clinical trials aimed at mitigating their impact on brain
structure.

Fig. 8 | Differential Associations of Identified Blood Biomarkers with Brain
Structures in a Case-Control Study. a Differential associations between the iden-
tified blood-based biomarkers and brain volume in a case-control study.
b Differential associations between the identified blood-based biomarkers and the
microstructural properties of white matter in a case-control study. Neuroimaging
metrics for both hemispheres were averaged prior to conducting analyses. The
number of participants included in the analysis for each disorder— anxiety, bipolar
disorder, depression, and schizophrenia—was 7176, 315, 9633, and 282, respectively.
*, p_bfi <0.05; **, p_bfi <0.01; ***, p_bfi <0.005. AR acoustic radiation, ATR

anterior thalamic radiation, CGPOC cingulate gyrus part of cingulum, CT corti-
cospinal tract, FA fractional anisotropy, FMA forceps major, FMI forceps minor,
ICVF intra-cellular volume fraction, IFF inferior front-occipital fasciculus, ILF
inferior longitudinal fasciculus,MD mean diffusivity, ML medial lemniscus, MC
middle cerebellar peduncle, PHPC parahippocampal part of cingulum, PTR pos-
terior thalamic radiation, SLF superior longitudinal fasciculus, STR superior tha-
lamic radiation, UF uncinate fasciculus. AX anxiety, BIP bipolar disorder, DEP
depression, SCH Schizophrenia.
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Neuroticism has been suggested to serve as an efficient marker of
nonspecific general risk for psychiatric disorders53.We observed an upward
trend of psychiatric assessments in four different psychiatric disorders prior
to diagnosis, indicating a worsening of symptoms as the disease progressed.
For cases with anxiety and depression disorders, the neuroticism score
continued to increase.However, following diagnosis, the PHQ-4displayed a
downward trend across four psychiatric disorders. In line with temporal
trends of psychiatric assessments, we observed changes in several blood-
based markers that occurred up to a decade before diagnosis, presenting an
inverted or positive U-shaped trend. This finding raises the possibility that
these changes alleviate after treatment, or changes of these markers may be
compensatory responses to developing illness54–56.

Among the psychiatric disorders investigated, cystatin C57,58, RBC, Hb,
Hct, and total bilirubin emerged as shared biomarkers. The concurrent
decreases in RBC, Hb, and Hct strongly suggest anemia-associated patho-
physiology, which may impair cerebral oxygen delivery and exacerbate
neural vulnerability59. Although Cystatin C is commonly recognized as a
marker of renal function, previous studies have shown that oxidative stress
can upregulate its concentration60,61. Excessive reactive oxygen species
generation may accelerate bilirubin catabolism, thereby reducing total
bilirubin levels—a phenomenon potentially reflecting systemic antioxidant
depletion in psychiatric conditions. Our findings revealed that in anxiety
and bipolar disorders, RBC and cystatin C are differentially associated with
the volume of the middle temporal region when comparing cases to con-
trols. This region plays a critical role in the dynamic processing of emotion
regulation62. These overlapping alterations in biomarkers emphasize the
potential clinical significance of lifestyle modifications (such as diets rich in
antioxidants) or pharmacological interventions for restoring redox home-
ostasis in psychiatric disorders.

Some of our findings from the temporal trends analysis of blood-
based markers in individuals with psychiatric disorders are in line with
previous studies. For instance, inflammation and inadequate vitamin D
levels have been associated with an elevated risk of various psychiatric
disorders26,63,64.We found that, during the observational period, the levels of
CRP andNEUT-P were consistently higher, while the level of LYMP-P was
lower, in cases of anxiety and depression as compared to the control group
(Figs. 4 and 6). The vitamin D levels in the blood of participants with
schizophrenia and depression are consistently lower than those of the
control group. Previous studies have also revealed that vitamin D supple-
mentation can enhance the total attention span and positive and
negative symptoms in schizophrenia65. Hence, individuals at a high risk of
schizophrenia and depression should be encouraged to be exposed
to sunlight to maintain optimal vitamin D levels. Future research is
requisite to further ascertain whether managing these blood markers in
individuals at high risk of psychiatric disorders canmitigate the incidence of
the disease66.

In the analysis of the differential associations between blood-based
markers and brain structures in individuals with psychiatric disorders
compared to controls, we identified both higher-order cortical regions
involved in emotional processing, namely the medial orbitofrontal and
lateral orbitofrontal cortices, and key limbic system regions crucial for
primitive emotional responses, such as the hippocampus and nucleus
accumbens (Fig. 8)62,67,68. Previous studies have consistently reported
structural and functional alterations in these two set of brain regions across
various psychiatric disorders50,51,67. Notably, we found that some blood-
based biomarkers exhibit reversible changes, particularly in SCZ. This
contrasts with neuronal damage, which is often irreversible69,70. Early
monitoring andmanagement of these biomarkersmay help prevent further
disease progression. Our findings underscore the multisystemic nature of
psychiatric conditions, suggesting thatfluctuations in blood biomarkers can
impact the neural circuits implicated in these disorders, ultimately con-
tributing to the manifestation of psychiatric symptoms71–73.

This study presents several strengths, including the utilization of a
community-based cohort with a substantial sample size, a long follow-up
period, and the comprehensive evaluation of blood-based markers.

However, the results should be interpreted within the context of several
limitations. First, as we used a cross-sectional dataset to explore temporal
trends of blood-basedmarkers, the ability to detect temporal trends may be
limited, especially with fewer observations at certain time ranges. Despite
making adjustments for age in our blood marker analyses and matching
controls to cases according to age, an age difference persists among indi-
viduals with different disease durations (Supplementary Fig. 11). This age
discrepancy could influence the temporal trends of these biomarkers. Future
studies with longitudinal blood samples are crucial to validate the temporal
trendsof thesemarkers. Second, the timingof psychiatric disorderdiagnoses
may not always align with the onset of symptoms74–76, potentially affecting
the accuracy of blood-based marker trends, especially the turning points of
U-shaped trends. Third, the UKB participants were predominantly white,
and the psychiatric assessments were relatively simple. Future prospective
studies with more diverse populations and comprehensive psychiatric
assessments are required to further validate their temporal trends. Fourth,
daily biological fluctuations in blood-based markers may limit the robust-
ness of temporal trends analysis. Future studies should incorporate biolo-
gical fluctuations of blood-based markers with repeated measurements of
data. Fifth, it’s worth noting that the observed changes in blood-based
markers may be influenced by various confounding factors, such as lifestyle
habits, comorbidities, and medication use. Controlling for these factors in
future studies would help to clarify the specific role of psychiatric disorders
in altering blood-basedmarkers. Finally, a fewblood-basedmarkers showed
significant differences for bipolar disorder and schizophrenia compared
with controls. This may be due to the small number of patients rather than
indicating a minor impact of these disorders on the markers.

In conclusion, our study provides insights into the complex temporal
trends of blood-basedmarkers in individuals with psychiatric disorders and
their differential association with brain structure compared to controls.
These findings underscore the intricate relationship between peripheral
blood and central nervous system function, revealing critical insights into
the neurobiological underpinnings of psychiatric disorders. Consistent
monitoring and proactive management of these biomarkers could poten-
tially facilitate early intervention and prevent further deterioration.

Data availability
All data utilized in this studywere accessed from theUKBunder application
number 19542. The data employed in the present study are available from
UKB with restrictions imposed. Data was used under license and is,
therefore, not publicly accessible. Access to the UKB data can be requested
via a standard protocol (https://www.ukbiobank.ac.uk/register-apply/). The
source data for Fig. 2 and Figs. 4 through 8 are available in the Supple-
mentaryData 7.All other relevant data that support thefindings of the study
are available from the corresponding author upon reasonable request.

Code availability
All the scripts of the analysis are made available on GitHub (https://github.
com/SnowSunshine-gqp/blood-based-biomarkers_temporal-trends) and a
DOI-minting repository of the code is provided on Zenodo77.
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