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% Check for updates Lifestyle factors have been acknowledged to be modifiable targets that can
be used to counter the increasing prevalence of depression. This study aims
to investigate combining an extensive range of lifestyle factors, including
alcohol consumption, diet, physical activity, sleep, smoking, sedentary
behavior and social connection, that contribute to depression, and examine
the underlying neurobiological mechanisms. Over nine years of follow-
up, amultivariate Cox model was utilized on 287,282 participants from
UK Biobank to demonstrate the protective roles of seven lifestyle factors
and combined lifestyle score on depression. Combining genetic risk and
lifestyle category in197,344 participants, we found that a healthy lifestyle
decreased the risk of depression across a population with varied genetic
risk. Mendelian randomization confirmed the causal relationship between
lifestyle and depression. A broad range of brain regions and peripheral
biomarkers were related to lifestyle, including the pallidum, the precentral
cortex, triglycerides and C-reactive protein. Structural equation modeling
on 18,244 participants revealed underlying neurobiological mechanisms
involvinglifestyle, brain structure, immunometabolic function, genetics
and depression. Together, our findings suggest that adherence to a healthy
lifestyle could aid in the prevention of depression.

Therising prevalence of major depressive disorder (MDD) isimposinga comprehensive strategies are needed to explore the risk factors and
substantial burden on public healthworldwide' . The factors affecting  mechanisms so as to explain all aspects of the pathophysiology of
the onset of depression are complicated and involve both behavioral ~depression. A recent meta-review assessed the evidence regarding
and biological factors. Therefore, to prevent the onset of depression, how multiple lifestyle factorsimpact the risk and treatment outcomes
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across a range of mental health disorders, including depression, and
discussed the potentially shared neurobiological pathways®. In con-
trast to previous studies, which focused on investigating a specific
aspect of lifestyle in the prevention of depression and its associated
genetic and neurobiological mechanisms®'°, we incorporate a wide
range of lifestyle factors, including alcohol consumption, smoking
habits, physical activity, diet, circadian habits, sedentary behavior
and social connection. Research has revealed that, when exercising,
muscles secrete myokines, which contribute to the regulation of hip-
pocampal function, improving mood symptoms™. It has also been
found that overeating and a sedentary lifestyle may increase the risk
of depression by suppressing adaptive cellular stress responses'. Cir-
cadian disruption is associated with an increased risk of depression
resulting from insufficient sleep and the disturbance of melatonin®.
Smoking and alcohol dependence are associated with lesions in brain
circuits'®, and reduced social connection is known to impact meta-
bolicand brainhealth status, whichis associated with depression'. By
integrating a number of lifestyle factors into a comprehensive score
and systematically revealing its relationship withincident depression
and the underlying mechanisms, we aimto provide an effective strategy
for reducing the risk of depression.

Compelling evidence has indicated that the genetic architecture
of psychiatric risk is complex and is dominated by multiple contrib-
uting factors", so we also aim to investigate the combined effect of
stratified polygenic-risk score (PRS) and lifestyle conferring risk for
depression. To understand the neurobiological mechanisms by which
genetic variationincreasesrisk, the previousliterature considered the
brain as the intermediate phenotype affected by risk gene variants to
further elucidate the mechanistic aspects of brain function implicated
in psychiatric disease”. Genetic studies have also revealed the contribu-
tions of genetic variation ininnate immune mechanisms for diseases'.
Therefore, we further comprehensively investigate the intermediate
neurobiological processes influenced by genetic variation underlying
the association between lifestyle and depression.

We hypothesized that adherence to a healthy lifestyle would con-
tribute to reducing the risk of depression across a population with
different genetic profiles. We also hypothesized that there would be
multiple shared neurobiological mechanisms modulated by genetic
variantsunderlying the association of lifestyle with depression. There-
fore, our study aims to examine the composite lifestyle risk for depres-
sionand its underlying neurobiological mechanisms. We made use of
the UK Biobank (UKB), a large prospective cohort, with information
on behavioral, brain imaging, biochemistry and genetic measures.
The present study has three objectives. The first is to investigate the
composite lifestyleimpact for depression risk and the combining effect
of polygenetic and lifestyle conferringrisk for depression. Second, we
aim to perform a correlation analysis to estimate the relationships of
lifestyle with brain structural imaging, blood cells, biochemistry and
metabolic markers to unravel how lifestyle factors regulate neurobio-
logical processes. Because brain morphology alteration and disrup-
tion of immunometabolic systems have been linked to depression in
previous studies, our third aim is to construct a structural equation
model (SEM) to elucidate therelationships between lifestyle, PRS, brain
structure, immunometabolic function and depression.

Results

Population characteristics

We utilized UKB data from a total of 502,409 participants to perform
survival analysis and correlation analysis and to constructastructural
equation model. For survival analyses we retrieved 287,282 individu-
als (mean age 57.52 years, 50.70% female) who had participated in the
assessment of lifestyle factors at baseline (2006-2010) and had link-
age to clinical diagnosis records. The numbers of participants falling
into healthy or unhealthy lifestyles for each factor arelisted in Table 1.
The mean score for the seven lifestyles is 4.75 (s.d. =1.36). Among the

participants, 1.25% were categorized as following an unfavorabile life-
style (scoresinthe range 0-1),38.90% followed an intermediate lifestyle
(scores of 2-4), and 59.85% followed a favorable lifestyle (scores of 5-7).
Ofthe 287,282 participants, 12,916 had an onset of depression during
amedian follow-up of 9.01 years. The demographic characteristics of
the participants and the distribution of lifestyle factors are provided
in Table 1. The PRSs for depression from 197,344 participants were
normally distributed (Supplementary Fig. 5) and categorized into
three levels, low (25.09%), intermediate (49.97%) and high (24.94%).
Brain structural imaging data were collected in 2014 and contained
T1-weighted structural magnetic resonance imaging (MRI) results from
32,839 participants, which were used inthe correlation analysis. Blood
chemistry and cell count indicators from ~480,000 participants and
NMR metabolic biomarkers from~120,000 participants were collected
atbaseline. The sample size of each biomarker used in the correlation
analysesis presented in Supplementary Tables 18 and 19. We also used
data from 448,849 participants who had completed a Patient Health
Questionnaire-4 (PHQ-4, collected from 2006-2010) score. Combin-
ing the data of lifestyle score, PRS, immunometabolic markers, brain
structural imaging and depression, the final analysis included 18,244
participants for estimation of the structural equation model. Extended
DataFig.1showstheresearch guidelines forthe study. Supplementary
Fig.1and Supplementary Table 4 present the sample size utilized in
each analysis.

Survival analyses on the association between lifestyle and
depression

Multivariable Cox proportional hazard regression models were used
toexamine the association between lifestyle and depression. Interms
of lifestyle factors, each showed a significant association with depres-
sion independently. For each factor, the healthy category showed a
lower risk of depression as compared with the unhealthy category.
Specifically, the results showed that moderate alcohol consumption
decreased therisk of depression by 11% (hazard ratio (HR) of 0.89 (95%
Cl, 0.85-0.92)), healthy diet decreased the risk of depression by 6%
(0.94,0.90-0.97), regular physical activity decreased the risk of depres-
sion by 14% (0.86, 0.83-0.90), never smoking decreased the risk of
depression by 20% (0.80,0.78-0.83), healthy sleep decreased the risk
of depression by 22% (0.78, 0.75-0.81), low-to-moderate sedentary
behavior decreased the risk of depression by 13% (0.87, 0.84-0.90),
and frequentsocial connection decreased the risk of depression by 18%
(0.82,0.78-0.86). For thelifestyle class, compared with the unfavorable
lifestyle, intermediate and favorable lifestyle were associated with 41%
(0.59,0.53-0.65) and 57% (0.43, 0.38-0.47) lower risk of depression,
respectively. Whenall factors were combined, the HRs for depression
for participants with alifestylescore of1,2,3,4,5,6 and 7 compared to
those with a score of O were 0.83 (95% Cl, 0.62-1.11), 0.61(0.46-0.80),
0.53(0.40-0.70), 0.45 (0.34-0.59),0.39 (0.30-0.52), 0.33 (0.25-0.43)
and 0.28 (0.21-0.37), respectively (Fig.1). When treated as quantitative
variable, each one-pointincrementin healthy lifestyle score was associ-
ated withan HR of 0.85 (95% Cl, 0.84-0.86) (Supplementary Table 5).

Combining effect of genetic risk and lifestyle on depression

Risk of depression was reduced monotonically across PRS classes, and
the HR values for depressionin participants withintermediate and low
PRS compared to those with high PRS were 0.87 (95% ClI, 0.83-0.91)
and 0.75(95% Cl,0.71-0.80) (Supplementary Table 8). We also found a
monotonically decreasing trend of depression risk across increasingly
favorable lifestyle class when controlling for the genetic risk group
(Supplementary Table 10). When combining genetic risk and lifestyle
classes, with participants with high genetic risk and unfavorable life-
style as the reference group, participants with low genetic risk and
favorable lifestyle showed the greatest reduction in depression risk,
(HR,0.36 (95%Cl, 0.28-0.46); Fig. 2). However, there was no significant
interaction between PRS and lifestyle score associated with risk of
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Table 1| Baseline characteristics of participants

Number of participants (%)*

Characteristics Depression No depression Total
(n=12,916) (n=274,366) (n=287,282)
Age, mean (s.d.) 56.57 (8.21) 57.57 (7.87) 57.52(7.89)
Sex
Female 7,624 (59.03%) 138,023 (50.31%) 145,647 (50.70%)
Male 5,292 (40.97%) 136,343 (49.69%) 141,635 (49.30%)
BMI, mean (s.d.)® 2816 (5.22) 2743 (4.62) 27.46 (4.65)
SES, mean (s.d.)° -0.79 (3.27) -1.46 (2.98) -1.43 (3.00)
Education level®
College degree 3,334 (25.81%) 89,243 (32.53%) 89,243 (32.53%)
Alevel 1,350 (10.45%) 30,210 (11.01%) 30,210 (11.01%)
O level 2,837 (21.97%) 58,774 (21.42%) 58,774 (21.42%)
CSE 865 (6.70%) 13,970 (5.09%) 13,970 (5.09%)
NVQ 945 (7.32%) 18,995 (6.92%) 18,995 (6.92%)
Professional qualification 698 (5.40%) 14,875 (5.42%) 14,875 (5.42%)
Others 2,767 (21.42%) 46,292 (16.87%) 46,292 (16.87%)
Missing value 120 (0.93%) 2,007 (0.73%) 2,007 (0.73%)
Lifestyle factor
Alcohol
Unhealthy alcohol consumption 4,238 (32.81%) 72,657 (26.48%) 76,895 (26.77%)
Moderate alcohol consumption 8,678 (67.19%) 201,709 (73.52%) 210,387 (73.34%)
Diet
Unhealthy diet 5,334 (41.30%) 105,165 (38.33%) 110,499 (38.46%)
Healthy diet 7,582 (58.70%) 169,201 (61.67%) 176,783 (61.54%)
Physical activity
Unhealthy physical activity 3,391(26.25%) 57,588 (20.99%) 60,979 (21.23%)
Regular physical activity 9,525 (73.75%) 216,778 (79.01%) 226,303 (78.77%)
Smoking
Current and previous smoking 7,018 (54.34%) 130,515 (47.57%) 137,533 (47.87%)
Never smoking 5,898 (45.66%) 143,851 (52.43%) 149,749 (52.13%)
Sleep
Unhealthy sleep 4,395 (34.03%) 71,603 (26.10%) 75,998 (26.45%)
Healthy sleep 8,521(65.97%) 202,763 (73.90%) 211,284 (73.55%)
Sedentary behavior
High sedentary behavior 7,203 (55.77%) 138,889 (50.62%) 146,092 (50.85%)
Low-to-moderate sedentary behavior 5,713 (44.23%) 135,477 (49.38%) 141190 (49.15%)
Social connection
Infrequent social connection 2,165 (16.76%) 35,624 (12.98%) 37,789 (13.15%)
Frequent social connection 10,751 (83.24%) 238,742 (87.02%) 249,493 (86.85%)
Lifestyle class
Unfavorable [0-1] 366 (2.83%) 3,226 (1.18%) 3,592 (1.25%)
Intermediate [2-4] 6,160 (47.69%) 105,595 (38.49%) 111,755 (38.90%)
Favorable [5-7] 6,390 (49.47%) 165,545 (60.34%) 171,935 (59.85%)
Lifestyle score
o] 53 (0.41%) 358 (0.13%) 411 (0.14%)
1 313 (2.42%) 2,868 (1.05%) 3,181 (1.11%)
2 928 (7.19%) 11,918 (4.34%) 12,846 (4.47%)
3 2,087 (16.16%) 32,587 (11.88%) 34,674 (12.07%)
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Table 1(continued) | Baseline characteristics of participants

Number of participants (%)*

Characteristics Depression No depression Total
(n=12,916) (n=274,366) (n=287,282)
4 3,145 (24.35%) 61,090 (22.27%) 64,235 (22.36%)
5) 3,416 (26.45%) 78,254 (28.52%) 81,670 (28.43%)
6 2,240 (17.34%) 62,611(22.82%) 64,851(22.57%)
7 734 (5.68%) 24,680 (9.00%) 25,414 (8.85%)
Genetic risk category®
Low 1,863 (21.28%) 47,660 (25.27%) 49,523 (25.09%)
Intermediate 4,353 (49.71%) 94,258 (49.98%) 98,611 (49.97%)
High 2,540 (29.01%) 46,670 (24.75%) 49,210 (24.94%)

*Percentages may not sum to 100 because of rounding. °BMI, body mass index. °SES, socioeconomic status (measured by Townsend deprivation index). “Classification of education level
is defined according to UKB Field ID 6138. Missing values were imputed using the mean value. °Genetic risk category is classified based on PRS as high (highest quintile), intermediate

(2-4 quintile) and low (lowest quintile).

depression (Pyeraciion = 0-41), indicating that lifestyle may not be sub-
stantially altered by the genetic risk for depression, and lifestyle has a
strong protectiverole across different levels of polygeneticrisk popu-
lation. By further performing comparisons among the eight groups
except the reference group using permutation tests, we found that
participants with high genetic risk but favorable lifestyle had a lower
risk of depression than those with intermediate or low genetic risk
butunfavorablelifestyle (intermediate geneticrisk, P=3.0 x10™*; low
geneticrisk, P=5.8 x107%) and those with intermediate genetic risk and
intermediate lifestyle (P=1.1x107%) (Supplementary Table 9). Partici-
pants with intermediate genetic risk and favorable lifestyle also showed
lower risk of depression than those with low geneticrisk and adherence
tounfavorable and intermediate lifestyles (unfavorable, P=2.9 x1073;
intermediate, P=2.1x107% Supplementary Table 9). The results also
elucidated that favorable lifestyle would mitigate the genetic vulner-
abilities of depressionin population with different levels of polygenetic
risk and safeguard the high-risk population against depression.

Mendelian randomization evidence for the association
between lifestyle and depression

Mendelian randomization (MR) analysis showed a protective causal
relationship between lifestyle and depression. By utilizing genetic
variants as proxies, the results from the inverse variance weighted
(IVW) method found that per one-point increment in lifestyle score
was associated with 35% reduced risk of depression (odds ratio (OR),
0.65;95% Cl,0.55-0.76; P=1.0 x107; Fig. 3). Model-based sensitivity
analyses showed that the estimates were similar in size in the simple
median method (0.63, 0.50-0.80; P=1.8 x107*), weighted median
method (0.65, 0.51-0.83; P=4.7 x10™*) and weighted mode method
(0.52,0.31-0.90; P=2.6 x 1072, illustrating the robustness of the causal
relationship. Scatter plots of lifestyle and depression risk association
for the instruments are presented in Fig. 3a, with colored lines repre-
senting the slopes of different regression analyses. MR estimates for
the effects of single-nucleotide polymorphisms (SNPs) associated with
lifestyle ondepressionrisk are presentedin a forest plotin Supplemen-
tary Fig.13. Sensitivity analyses also examined the reverse causality and
showed significantresults (0.85,0.78-0.92; P= 5.9 x10°) with the IVW
method (Supplementary Fig.14), potentially indicating abidirectional
causal relationship between lifestyle and depression.

Association of lifestyle with brain volume and peripheral
markers

The correlations between lifestyle and brain structures areinline with
expectations that higher lifestyle scores are associated with larger
brainvolumes (for example, in cortical structures such as the superior

prefrontal cortex, orbitofrontal cortex, precentral cortex and insula,
and subcortical structures including the pallidum, thalamus, amyg-
dala and hippocampus; Fig. 4a). The full results for the correlation
between eachlifestyle factor and brain structure volumes are listed in
Supplementary Table 14. We also found that these brainstructures are
negatively associated with depression symptoms assessed by PHQ-4
(including the precentral, orbitofrontal and middle temporal cortexes,
the thalamus, hippocampus and putamen; Supplementary Fig. 16 and
Supplementary Table 16). We used the lifestyle and depression scores
assessed at the neuroimaging visit timepoint (2014+) to calculate the
correlation with brain volumes and obtained similar results (Supple-
mentary Figs.15and 17 and Supplementary Tables 15and 17). The spatial
correlation between lifestyle and depression-associated brain maps at
the neuroimaging visitwas —0.52 (P=5.4 x 107; Supplementary Fig.18),
which supports the consistency of the relationship of brain structural
volumes and lifestyle and depression.

For the peripheral markers, 48 blood markers and 130 metabolic
markers passed the significance threshold after Bonferroni adjust-
ment (Fig. 4b). The r values for each marker are presented in Fig. 4b.
We found that C-reactive protein (r=-0.065, P<1.0 x 102*) and tri-
glycerides (r=-0.075, P<1.0 x 1072*) were the most significant of
the blood biochemistry markers, and neutrophil count (r=-0.106,
P<1.0 x10*") and leukocyte count (r=-0.094, P<1.0 x 10**) were the
most significant among the blood cells. In terms of metabolic markers,
the degree of unsaturation (r = 0.153, P < 1.0 x 10*®) and glycoprotein
acetyls (r=-0.109, P=1.1 x1072*°) were the most significant markers
positively and negatively correlated with lifestyle, respectively. Full
results are presented in Supplementary Tables 18 and 19.

Structure equation model

We employed a structural equation model to analyze the relationship
between lifestyle, PRS, brain structure,immunometabolic functionand
depressionin 18,244 participants, further revealing the neurobiological
mechanisms underlying the association between lifestyle and depres-
sion. First, confirmatory factor analyses were used to examine the latent
variablesinthestructuralequation model, including depression, brain
structure and immunometabolic function. The left superior frontal
cortexin cortical volume and leftinsulain subcortical volume were the
most significant markers to predict the latent variable brain structure
(both f=0.58; P<0.001). C-reactive protein, triglycerides, glycated
hemoglobin (HbAlc) and glucose were the four significant markers
predicting the latent variable immunometabolic function (8 =0.06,
0.09,0.86 and 0.55, respectively; P< 0.001). Thelatent variable depres-
sion was represented by the combined four PHQitems (8= 0.81, 0.75,
0.59 and 0.51, respectively; P < 0.001). The loading coefficients for
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Predictor

No. of cases/total
no. of participants

Hazard ratio
(95% ClI)

Moderate alcohol consumption

Healthy diet
Regular physical activity
Never smoking

Healthy sleep

Low-to-moderate
sedentary behavior

Frequent social connection

Unfavorable [0-1]
Intermediate [2-4]

Favorable [5-7]

Lifestyle factor
8,678/210,387 (4.12%)
7,582/76,783 (4.29%)
9,525/226,303 (4.21%)
5,898/149,749 (3.94%)
8,521/211,284 (4.03%)
5,713/141,190 (4.05%)

10,751/249,493 (4.31%)

Lifestyle class
366/3,592 (10.19%)
6,160/11,755 (5.51%)

6,390/171,935 (3.72%)

Lifestyle score

53/411 (12.90%)

313/3181(9.84%)
928/12,846 (7.22%)
2,087/34,674 (6.02%)
3145/64,235 (4.90%)
3,416/81,670 (4.18%)
2,240/4,851 (3.45%)

734/25,414 (2.89%)

0.89 (0.85-0.92)

0.94 (0.90-0.97)
0.86 (0.83-0.90)
0.80 (0.78-0.83)

0.78 (0.75-0.81)
0.87 (0.84-0.90)

0.82(0.78-0.86)

1 (reference)

0.59 (0.53-0.65)

0.43 (0.38-0.47)

1 (reference)
0.83 (0.62-1.11)
0.61(0.46-0.80)
0.53 (0.40-0.70)
0.45 (0.34-0.59)
0.39 (0.30-0.52)
0.33 (0.25-0.43)

0.28 (0.21-0.37)

P value
i
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Fig.1| The association of lifestyle factor, class and score with depression risk.
We utilized participants (n = 287,282) from UKB with completed lifestyle factor
assessmentsin the survival analyses. The upper panel presents the association of
lifestyle factors with depression. The bottom panel presents the association of a
per-one-point increment in healthy lifestyle score with depression. The middle
panel presents the association between each class of lifestyle and depression,

with each lifestyle score reclassified into three classes (favorable scoring 5to 7,
intermediate scoring 2 to 4 and unfavorable scoring O to 1). All these models were
adjusted for age, sex, Townsend deprivation index, BMIand education level. Two-
sided unadjusted association Pvalues from multivariate Cox models are given.
Data are presented as mean values + s.e.m. The widths of the lines extending from
the center points represent 95% CI.

eachmarker tothe correspondinglatent variables are shown adjacent
to the model panel in Fig. 5.

Next, we input the prepared latent variables into the structural
equation model to estimate the path coefficients. We tested all hypo-
thetical pathsinthe model (Fig. 5). Lifestyle was asignificant predictor
of depression (8=-0.157, P<1.0 x 102°), immunometabolic function
(8=-0.043,P=4.7 x107)and brain structure (8=0.038,P=2.9 x107°).
PRS (8=0.036,P=1.5x107), brainstructure (8=-0.023,P=1.2x107?)
and immunometabolic function (8=0.020, P=3.5x 107%) were also
significant predictors of depression. PRS was a significant predictor
of lifestyle (8=-0.022, P=3.5 x107*) and immunometabolic function
(8=0.018, P=3.4 x1072). All paths represented significant associa-
tions and passed the false discovery rate (FDR) correction except for
the association between brain structure and PRS, and the association
between brain structure and immunometabolic function.

Sensitivity analyses

The main survival analyses results, including the association of life-
style factors, classes and scores with depression risk, were also con-
firmedinthe sensitivity analyses across three subtypes of depression,
including single depressive episode, recurrent depressive disorder
and treatment-resistant depression (TRD). For lifestyle factors,
healthy sleep was still the greatest factor in reducing the risk of a
single depressive episode (HR, 0.78 (95% Cl, 0.75-0.81)) and TRD (HR,
0.64 (95% Cl,0.58-0.71)) (Supplementary Figs. 6 and 8). However, for
recurrent depressive disorder, frequent social connection reduced
the risk most (HR, 0.61 (95% CI, 0.51-0.72)) (Supplementary Fig. 7).
To further explore the risk of depression according to previous and
current smoking status, with never smoking as the reference group,
we found a significant monotonically increasing risk of depressionin
the previous-never smoking comparison and current-never smoking
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No. of cases/total

Hazard ratio

Predictor no. of participants (95% CI) P value
High PRS
Unfavorable [0-1] 72/690 (10.43%) 1 (reference) *‘
|
Intermediate [2-4]  1,247/19,638 (6.35%) 0.67 (0.53-0.85) 110 %1073 _— i
Favorable [5-7] 1,221/28,882 (4.23%) 0.48 (0.38-0.61) 2,66 x107° 0 i
Intermediate PRS i
Unfavorable [0-1] 115/1,129 (10.19%) 1.01(0.75-1.35) 0.97 ‘F
i
Intermediate [2-4]  2,033/37,854 (5.37%) 0.58 (0.46-0.73) 558 x107° — i
Favorable [5-7] 2,205/59,628 (3.70%) 0.42 (0.34-0.54) 1261077 —— %
Low PRS i
|
Unfavorable [0-1] 52/495 (10.51%) 1.05 (0.74-1.50) 0.78 i =
i
Intermediate [2-4] 855/18,223 (4.69%) 0.51(0.40-0.65) 456x107® — . i
Favorable [5-7] 956/30,805 (3.10%) 0.36 (0.28-0.46) 156 %107 —_— i
R S S N S R NG S

Hazard ratio (95% Cl)

Fig.2|Risk of depression according to geneticrisk and lifestyle. We utilized
197,344 participants with both PRS and lifestyle scores in the analyses. The results
were adjusted for age, sex, Townsend deprivationindex, BMI and education level.
Two-sided unadjusted association Pvalues from multivariate Cox models are

given. Individuals with high risk for depression and unfavorable lifestyle were
used as the reference category. Data are presented as mean values + s.e.m.
The widths of the lines extending from the center points represent 95% CI.
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Fig.3 | MR plots for the relationship between lifestyle and depression.

a, Scatter plot of SNP effects on lifestyle versus depression, with the slope of
eachline corresponding to the estimated MR effect per method. The data are
expressed as raw S values with 95% Cl values. b, Model-based sensitivity analyses
from four methods (n =26 SNPs). The effect estimates represent the odds ratio

for depression per one-pointincrement in healthy lifestyle score. Data are
presented as mean values + s.e.m. The width of the lines extending from the
center point represent the 95% CI. Two-sided unadjusted association Pvalues
from four models are given.

comparisonacross the three subtypes (Supplementary Table 6). The
consistent monotonical reduction of depression risk across lifestyle
classes was also found in each subtype of depression (Supplemen-
tary Figs. 6-8).Inaddition, the favorable lifestyle class with alarger
sample size as the reference group also showed similar significant
results (Supplementary Table 7). In terms of the combining lifestyle
score, each one-pointincrement in the healthy lifestyle score was
associated withan HR of 0.85 (95% Cl, 0.84-0.86) for asingle depres-
sive episode, 0.82 (95% Cl, 0.78-0.87) for recurrent depressive dis-
order and 0.81(95% Cl, 0.78-0.84) for TRD (Supplementary Table 5).

Additionally, similar patterns of depression risk accordingto genetic
risk category were found in the three subtypes of depression (Sup-
plementary Table 8). For the three subtypes of depression, we also
confirmed amonotonical association of decreasing depression risk
acrossincreasing lifestyle class when the comparison was restricted
to the same genetic risk group (Supplementary Tables 11-13).
Similarly, therisk of depressionin the three subtypes was not altered
by the interaction of genetics and lifestyle, indicating that adher-
ence to a healthy lifestyle would attenuate genetic risk across the
different PRS groups.
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Fig. 4| Association of lifestyle with brain structure and peripheral markers.
a, Atotal of 32,839 participants were utilized in the correlation analyses between
lifestyle and brain structural imaging. Significant associations between lifestyle
scores and brain volumes were adjusted for age, sex, BMI, Townsend deprivation
index, education levels, neuroimaging scanning sites and estimated total
intracranial volume after FDR correction (a = 0.05). b, Associations of lifestyle
with peripheral markers, adjusted for age, sex, BMI, Townsend deprivation

index and education level. As the different biomarkers have different sample
sizes, we list the sample size corresponding to each specific biomarker in the full
correlation results tables (Supplementary Tables 18 and 19). The height, color
and size of each data pointindicate the Pearson correlation value (r) between the
lifestyle score and one marker. The horizontal dashed line denotes the positive
and negative correlation boundary. NS, not significant. HDL High-Density
Lipoprotein, VLDL Very-Low-Density Lipoprotein.

Two possible structural equation models were additionally esti-
mated to account for multiple directionalities among the latent vari-
ables. The first model supported the reverse effect of depression on
lifestyle (Supplementary Fig.19) and the second model validated the
mediation mechanism ofimmunometabolic functionand brain struc-
ture underlying the path from depression to lifestyle (Supplementary
Fig. 20). The two additional models further provide evidence for a
bidirectional and multifactorial relationship between lifestyle and
depression.

Discussion

Inthe current study we have integrated multimodal data toinvestigate
the association of lifestyle with depression. We identified the protec-
tive roles of seven lifestyle factors and the monotonical reduction of

depressionrisk acrosslifestyle classes and scores. The findings regard-
ing the combining effect of lifestyle and polygenic risk on depression
revealed that favorable lifestyle plays a strongly protective rolein the
prevention of depression across a population with different polygenetic
risk. MR analysis added convincing causal evidence of a bidirectional
relationship between lifestyle and depression. In addition, we also
found that changes in brain volume and peripheral biological mark-
ers are associated with lifestyle score, which implies that lifestyle is
an important phenotype reflecting both brain and physical health
status. Furthermore, structural equation modeling was performed
to demonstrate the coherent mediating pathway involving genetics,
lifestyle, brain structure,immunometabolic function and depression,
supporting the existing hypothesis of a multifactorial pathogenesis
indepression.
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. 0.036™ Left amygdala 0.32
Left posterior cingulate 0.39
Depression Right thalamus proper 0.31
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Right parahippocampal 0.29
Immunometabolic Loadings Depression Loadings Left medial orbitofrontal 0.49
C-reactive protein 0.06 PHQ-1 0.81 Left fusiform 0.43
Triglycerides 0.09 PHQ-2 0.75 Left lateral occipital 0.37
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Fig. 5| Structural equation model. A total 0of 18,244 participants were

utilized in structural equation model analyses. Standardized coefficients

are shown. Lifestyle was a significant predictor of depression (8 = -0.157,

P<1.0 x10™%),immunometabolic function (8=-0.043,P=4.7 x107) and
brainstructure (8=0.038,P=2.9 x107%). PRS (8= 0.036, P=1.5x107), brain
structure (8=-0.023, P=1.2 x107?) and immunometabolic function (8 =0.020,
P=3.5x107) were also significant predictors of depression. PRS was also a
significant predictor of lifestyle (8=-0.022, P=3.5 x10%) and immunometabolic

function (8=0.018, P=3.4 x1072). All paths represent significant associations
except for the association between brain structure and PRS, and the association
between brain structure and immunometabolic function. Latent variables
including brain structure, depression and immunometabolic function were
estimated in the model and are shown adjacent to the model panel, respectively.
Allsignificant paths could pass the FDR correction (a = 0.05). *Two-sided
unadjusted P < 0.05; *two-sided unadjusted P < 0.01; **two-sided unadjusted
P<0.001.

Previous studies identifying the relationship between single life-
style factors and depression found that lack of social connection®,
higher sedentary behavior levels®, failure to engage in physical activi-
ties®??, smoking®?* and an unhealthy diet® are associated with an
increased risk of depression. Similar to previous studies showing that
the relationships between depression and sleep duration**? or alcohol
consumption are U-shaped®, we also found that light-to-moderate
drinking and 7-9-h sleep duration were optimal to reduce the risk of
depression. Among all these protective risk factors, having optimal
sleep showed the greatest risk reduction for depression, including a
single depressive episode and treatment-resistant depression. These
findings are consistent with previous evidence showing improvements
indepressive symptoms following non-pharmacologicalinsomnia-spe-
cifictreatment®. As for recurrent depressive disorder, frequent social
connection was the most protective factor, indicating the benefits of
social activity prescription in helping patients better manage their
depressive conditions®®. By incorporating multidimensional factors,
our study shows the impact of abroad spectrum of lifestyle factors on
depression as well as an approximate comparisonbetween theimpacts
of these separate factors while controlling for their interaction.

To further determine a generalized effect of incorporated life-
style index on depression, we combined the seven lifestyle factors
and stratified participants into unhealthy, intermediate and favora-
ble lifestyle classes®*2. In addition, we also conducted analyses of
combined lifestyle and geneticrisk classes, aiming to better compare
depression risk for individuals with different levels of lifestyles and
polygenetic risk profiles. Our findings of an overall monotonic asso-
ciationwith anincreasing genetic risk and an unfavorable lifestyle and

anon-significant gene-by-lifestyle interaction are consistent with a
previous study™ that revealed that adherence to a healthy lifestyle
may lower the risk of depression, regardless of the genetic risk. These
resultsindicate that a healthy lifestyle plays a significantly strong pro-
tectiveroleinany polygeneticrisk population. They further highlight
the importance of adjusting to a healthy lifestyle to reduce the risk
of depression.

The potential mechanism by which lifestyle factorsimpact depres-
sion risk is complex and multifactorial, involving genetic, behavioral
and neurobiological aspects. A previous study found that theimpacts
of unfavorable lifestyle factors on dysregulated pathways are associ-
ated with depression, and involve neurotransmitter processes and
immuno-inflammatory measures**. Another review has also suggested
that the contribution of genetic variation to the mechanistic aspects
of brain function is implicated in psychiatric disorders”. Our study
employedastructural equation model to investigate the precise mecha-
nisms by which lifestyle, brain structure, immunometabolic function
and genetic risk affect depression. We found that the pathway from
lifestyle toimmunometabolic functionis significant. Previous research
has associated life stress exposures withindicators of adverse glycemic
measures, deterioration ofimmune functionand the accelerated accu-
mulation of age-associated molecular and cellular damage®. Studies
have reported that poor physical activity and sleep restriction result
in dysregulation of the hypothalamic-pituitary-adrenal (HPA) axis®**.
Dietary habits arerelated to the levels of specific metabolites present
in plasma’®**, Social status, which may affect stress levels, influences
theimmune system at multiple levels and alters signaling pathways in
response toinfection*’. The influence ofimmunometabolic factorson

Nature Mental Health | Volume 1| October 2023 | 736-750

743


http://www.nature.com/natmentalhealth

Article

https://doi.org/10.1038/s44220-023-00120-1

depressionis noteworthy and consistent with previous investigations.
A previous study reported that immunometabolic dysregulation is
also critical in the pathophysiology of depression*.. Increased inflam-
mation and disrupted energy-regulating neuroendocrine signaling
(forexample, leptin and insulin) in depressed patients have also been
found*, suggesting that a dysfunctional molecular condition in the
neuroimmune system is potentially the cause of the exacerbation of
depression symptoms.

Altered brainmorphology is another plausible mechanism under-
lying the association of lifestyle with depression. Specifically in our
results, higher lifestyle scores are correlated with a larger volume of
the orbitofrontal cortex and the medial prefrontal cortex, which might
suggest improved cognitive control and emotion regulation****. It is
noted that the posterior lateral and medial orbitofrontal cortex and
medial prefrontal cortex have shown gray-matter volumetric reduc-
tions and functional impairment in patients with mood disorders*.
For specific aspects of lifestyle, previous research has demonstrated
that amygdala neurons play a pivotal role in mediating social behav-
iors* and that the acquisition of knowledge through social networks
isassociated with activation of the lateral prefrontal cortex and medial
prefrontal cortex*®. Consumption of an unhealthy diet and addiction
tosmoking may lead to encephalopathy and focal brain damage, which
are associated with depression symptoms>**’. Adequate sleep also
promotes synaptic plasticity mechanisms in the hippocampus that
optimize emotional responses to future behavioral stressors*®, Lack
of physical activity and excessive consumption of alcohol may lead
to oxidative stress, neuroadaptive changes and differences in brain
structure and function***°, which are associated with mental health
disorders. The findings described above support our results regard-
ing the lifestyle-related brain structures and validate the modulatory
role of brain functionin the association between lifestyle and depres-
sion. However, in the context of the SEM framework, the association
between the brain and immunometabolic function was not significant,
although the brain-immune interaction has previously been suggested
as a biological basis for major depressive disorder™*>. We supposed
that the two strongly significant paths between brain measures and
immunometabolic function with depression may attenuate the effect
of brain-immune interaction in the comprehensive mathematical
model. Further studies could examine an experimental and clinical
approach to precisely test the molecular and cellular mechanisms of
the brain-immune interaction associated with depression.

In addition, we further considered the bidirectional and multi-
factorial relationship between lifestyle and depression. The reversed
MR result revealed the bidirectional causal effect of depression on
lifestyle. We also added two possible SEMs to respectively explain
the reversed directionality of depression on lifestyle and the media-
tion mechanism of immunometabolic function and brain structure
mechanisms underlying the path from depression to lifestyle. The
findings of the two models are aligned with previous evidence indicat-
ing that major depressive disorder is linked to an unhealthy lifestyle,
characterized by insomnia or hypersomnia, psychomotor agitation
or retardation, and fluctuations in appetite®. Additionally, individu-
alswith depression were also accompanied by a change of motivation
to socialize and decreased social participation in life>*. Depressed
patients also exhibit signs of immune activation, including elevated
levels of proinflammatory cytokines, C-reactive protein and cortisol,
which may interact with the HPA axis and sympathetic nervous system,
leading to a disruption of circadian rhythms®, changes in appetite*®,
motor abnormalities® and stress*®. Another study utilizing functional
MRIrevealed that depression-related increases in appetite are associ-
ated with hyperactivation of the mesocorticolimbic reward circuitry,
and depression-related appetite loss is linked to hypoactivation of
insular regions®.

Furthermore, we also found that the impact of lifestyle on depres-
sion is notably higher than any other significant relationship in the

SEM, with an effect size ranging from three- to tenfold. The effect sizes
of our results are similar to those of previous studies®**° and this could
beattributed toavariety of reasons. First,inthe SEM, we noted that the
impact of comprehensive lifestyle on depressionis notably higher due
to the combined effect of multiple mechanisms. Previous studies have
identified that single lifestyle factors may influence the prevalence of
depression through diverse genetic and biological pathways, as seen
inthe case of sleep. Sleep not only impacts the HPA axis, hippocampal
oscillations and sympathetic nervous system*®, but also changes the
levels of proinflammatory cytokines, C-reactive protein and cortisol
levelsinthe peripheralimmune system®. Furthermore,immunometa-
bolic markers in peripheral systems may be modulated by a negative
feedback mechanism to ensure the stability of the environment in
the body and the maintenance of immune homeostasis®. As for brain
structuralimaging, the association between brain structure or function
and complex cognitive or mental health phenotypes may be limited
by small sample sizes, which may potentially have been too small to
capture reproducible brain-behavioral phenotype associations®*.
Therefore, there may be a mild effect of immunometabolic and brain
markers ondepression symptoms. Itis also worth noting that previous
studies have also shown that the HR of lifestyle on depression is more
significant than those of genetic factors®.Importantly, environmental
factors, suchaslifestyle, can be modified, in contrast to genetic factors.

There are three main strengths of the present study. First, it uti-
lizes the large UKB cohort and investigates the association of mul-
tidimensional lifestyle factors with depression and the underlying
neurobiological mechanisms involving brain structural imaging and
biochemical, metabolicand genetic data. The use of large sample sizes
guarantees the precise estimation of effect sizes. We conducted an
exploratory analysis to identify broad phenotypes of brain structures
and peripheral systems associated with lifestyle. Because the dataset
is longitudinal, we also considered the time difference for behavioral
and neuroimaging data collection and added additional analyses to
examine the consistency over time. Second, we define ahealthy lifestyle
based on validated national guidelines and previous studies, which
guarantees a standard lifestyle criterion for populations. In addition,
our findings regarding the combined effect of genetic and lifestyle
factorsondepression highlights that adherence to afavorablelifestyle
is beneficial for populations with different genetic vulnerabilities.
Althoughour findings address the risk of depression and howitcanbe
mitigated by a healthy lifestyle, it is likely that maintaining a healthy
lifestyle would be beneficial for those with depression. Finally, we
performed structural equation modeling to specify multifactorial
interplayed processes and potential mechanisms underlying this asso-
ciation, includinglifestyle, genetics, brainstructure,immunometabolic
function and depression.

Our study has several limitations. First, lifestyle was assessed
by subjective self-report questionnaires, which might be prone to
measurementerror. In future, objective measures, suchas accelerom-
eter-based ones, could be used. However, due to time limitations and
the availability of technology, these are often not feasible for use in
large-scale populations. Inthis study, the use of actigraphy data would
resultin a relatively smaller sample size and an inadequate follow-up
time, which would limit our statistical model. As for outcomes, we
used the date of depression diagnosis, which is a typical procedure
for Cox model estimation, but does not take into account the time
lapsing between the first onset of an episode and being diagnosed.
Second, our results should be further validated in an independently
ascertained population. Our study is limited due to the selection bias
ofthe UKB cohort, as the participants are relatively healthier than the
general population. There are limited data on ethnic minorities. We also
acknowledge that the large number of variables collected by the UKB
canmake itdifficult toidentify and control for all potential confound-
ing factors, which may have biased our observational results. Future
research utilizing longitudinal brainimaging and peripheral markers
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would provide a comprehensive illustration of the changing associa-
tion pattern during the aging process. Third, we have acknowledged
the incongruity of the stratification methods employed in lifestyle
and PRS categorization according to previously published studies.
Although the categories were not established based on a uniformly
validated standard, we characterized better comparisons for the risk
of depression between participants distributed in different lifestyle
and genetic risk levels. The outcomes of categorized and continuous
lifestyle scores were generally consistent, with an increase in lifestyle
scorebeingassociated with alower risk of depression, which confirms
the robustness of our results. Finally, we used the PHQ-4 score as an
assessment of depression symptoms to estimate the SEM, instead of
the depression diagnosis, considering that the diagnosis of depres-
sionis a binary variable, and the dates were distributed over alonger
period ranging from 2006 to 2021. We additionally employed aninde-
pendent t-test on the PHQ-4 score between the diagnosed-depression
group and the non-depressiongroup and found asignificant difference
(£=52.589, P< 2.2 x107*), so we suggest that the continuous PHQ-4
score better reflects the depressive status. The limited number of
participants with a diagnosis of depression would result in a smaller
samplesize (310 with onset depressioninatotal of 13,324 participants
with completed multimodal data used in the SEM), which would limit
the accuracy of the model estimation. Future research could utilize
clinical diagnostic records and larger sample sizes of patients with a
diagnosis of depression.

In conclusion, the present study has confirmed a causal protective
relationship between multiple dimensional lifestyle factors and the
risk of depression. Adherence to a healthy lifestyle would aid in the
prevention of depression across a population with different geneticrisk
profiles. A structural equation model was used to reveal the underly-
ing neurobiological mechanismsinvolving lifestyle, brainstructures,
immunometabolic function, genetics and depression. Our results
highlight the importance of promoting acomprehensive healthy life-
style for depression intervention.

Methods

Study population

The UK Biobank (UKB) is a prospective cohort that recruited more
than 500,000 participants aged 37-73 years who attended one of 22
assessment centers between 2006 and 2010%°. The UKB has received
approval fromthe National Information Governance Board for Health
andSocial Care and the National Health Service North West Centre for
Research Ethics Committee (ref.11/NW/0382). All participants provided
informed consent through electronic signature. The data utilized inthe
analyses contains demographic and behavioral assessments, depres-
siondiagnoses, brainstructuralimaging, blood biochemistry markers,
blood cell counts and NMR metabolic markers.

Lifestyle factors and healthy lifestyle score

We constructed a lifestyle score for 394,053 participants based on
seven factors—smoking, physical activity, alcohol consumption, diet,
sleep duration, sedentary behavior and social connection—that were
assessed at baseline using atouchscreen questionnaire™. Full details for
eachfactor, corresponding questionnaires and national guidelines are
listed in Supplementary Table 3. Participants scored one point for the
healthy category of each factor based on national recommendations.
According to the quit smoking guidelines from the National Health
Service (NHS) and National Institute for Health and Care Excellence
(NICE) 2015 quality standard on ‘Smoking: reducing and preventing
tobacco use’, never smoking was classified as the healthy category®-**,
and current and previous smoking were considered as the unhealthy
category. Physical activity was assessed using the International Physi-
cal Activity Questionnaire-Short Form (IPAQ-SF)®. Regular physical
activity was defined as meeting the American Heart Association rec-
ommendations and World Health Organization guidelines (at least

150 min of moderate activity or 75 min of vigorous activity per week (or
anequivalentcombination) or engagingin moderate physical activity
at least five days a week or vigorous activity once a week (more than
10 min))®**’, Due to the U-shaped relationship between alcohol con-
sumption and depression risk?®, moderate alcohol consumption was
defined as never drink or 0-14 g per day for women and 0-28 g per day
for men, with the maximum limit reflecting US Dietary Guidelines for
Americans (DGA)**“°, Following the DGA”’7? and recommendations on
dietary priorities for cardiometabolic health®®, healthy diet was based
on an appropriate consumption of at least four of seven food groups
including fruits, vegetables, fish, processed meats, unprocessed red
meats, whole grains and refined grains, with specific cutoff criteria as
listedinSupplementary Table 3. Inaccordance with the NHS, the Ameri-
can Academy of Sleep Medicine (AASM) and the Sleep Research Soci-
ety (SRS) recommendation”, sleep duration of 7-9 h was considered
healthy. According to the WHO guidelines®® and previously published
literature®, screen-based sedentary behavior was estimated according
to the Global Physical Activity Questionnaire (GPAQ)™ as the sum of self-
reported hours spent watching TV and using acomputer (notincluding
using a computer at work) during a typical day, with 0-4 h reclassi-
fied as low-to-moderate and healthy. Social connection was assessed
according to the social isolation index”. The index sums up the fol-
lowing three items: number of peopleinthe household (one point was
givenforliving alone), frequency of friend/family visits (one point was
givenforanswering about once amonth, once every few months, never
or almost never, or no friends or family outside household), and par-
ticipationin leisure/social activity (one point was given for answering
none)”. Individuals were defined as least isolated when scoring 0, mod-
eratelyisolated when scoring1and mostisolated whenscoring 2 or 37.
Participants who were least and moderately isolated were defined as
healthy with frequent social connection®”. The lifestyle score ranged
from0to 7, withahigherscoreindicatingadherence to ahealthier life-
style®. The lifestyle score was subsequently categorized as favorable
(5to 7 lifestyle factors), intermediate (2 to 4) and unfavorable (0 to 1)
for further analyses®*.

Depression diagnoses

Depression diagnoses were ascertained using hospitalinpatient records
from Hospital Episode Statistics for England, Scottish Morbidity Record
data for Scotland and Patient Episode Database for Wales. Additional
cases were detected through linkage to death register data from the
National Health Service Digital, National Health Service Central Register
and National Records of Scotland. Diagnoses were recorded according
to the International Classification of Diseases (ICD-10) system codes,
including depressive episode (F32.0-9) and recurrent depressive disor-
der (F33.0-9). Depression diagnoses were also retrieved from primary
care data using read codes (version 2 (Read v2) and version 3 (CTV3
or Read v3)), which are presented in Supplementary Table 1. We inte-
grated the datafrom hospital inpatient, primary care and death register
sources, while those from self-report only were excluded. The date of
diagnosis was defined as the earliest date recorded.

Structural MRIdata

Quality-controlled T1-weighted neuroimaging data (n =39,932) were
measured at the UKB assessment center. The scanner was a standard
Siemens Skyra 3T system with astandard Siemens 32-channel RF receive
head coil. The details of image acquisition are provided on the UKB
website (http://biobank.ctsu.ox.ac.uk/crystal/refer.cgi?id=2367). T1
images were processed with FreeSurfer. Surface templates were used
to extractimaging-derived phenotypes, referred to as atlas regions’
surface volume’. Subcortical regions were extracted via FreeSurfer’s
aseg tool”. FreeSurfer aparc (category ID 192) and the aseg (category
ID190) atlas corresponding to 68 cortical regions”and 14 subcortical
regions’”’ were used in this study. We used the Qoala-T approach to
check the FreeSurfer outputs and excluded those that failed to pass
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quality control from the FreeSurfer imaging-derived phenotypes. By
merging data with the lifestyle score, we used 32,839 brain structural
imaging data for correlation analyses.

Peripheral markers
Blood biochemistry (category ID 17518) and blood count (category ID
100081) data were taken from ~480,000 participants at the baseline
assessment (2006-2010). The biomarker assay quality procedures are
providedinan open-source document (https://biobank.ndph.ox.ac.uk/
showcase/ukb/docs/biomarker_issues.pdf). Beckman Coulter LH750
instruments were used to analyze the blood count samples, which were
collectedin4 ml of ethylenediaminetetraacetic acid (EDTA) vacutain-
ers. More information about the hematology analysis is provided at
https://biobank.ndph.ox.ac.uk/showcase/ukb/docs/haematology.pdf.
Thirty blood biochemistry markers and 31blood cell counts were avail-
ablefromthese two UKB categories. The study used 59 markers from 61,
excluding nucleated red cell count and percentage because the count
or percentage of the majority (>90%) was 0. We then categorized the
blood biochemistry markers as ‘liver function’, ‘renal function’, ‘endo-
crine’, ‘immunometabolic’ or ‘bone and joint’ according to previous
literature’. Blood count was categorized as ‘white blood cell’, ‘red blood
cell’ or ‘platelet’. More details are provided in Supplementary Table 18.
Metabolic markers were measured in randomly selected EDTA
plasma samples using an NMR-based metabolic biomarker profiling
platform, which included 120,000 UKB participants at the baseline
assessment. The process for assessing the metabolic markers is avail-
ableat https://biobank.ndph.ox.ac.uk/showcase/label.cgi?id=220.The
NMR metabolomics (category ID 220) included 249 metabolic markers
(168 directly measured and 81 ratios of these). We used 168 directly
measured metabolic markers and categorized metabolic markers as
‘aminoacids’, “apolipoproteins’, ‘lipoprotein particle sizes’, ‘lipoprotein
particle concentrations’, ‘fatty acids’, ‘triglycerides’, ‘phospholipids’,
‘cholesteryl esters’, ‘free cholesterol’, ‘cholesterol’, ‘other lipids’, ‘total
lipids’, ‘ketone bodies’, ‘glycolysis-related metabolites’, ‘fluid balance’
and‘inflammation’. More details are availablein Supplementary Table 19.

PRS for depression

The computation of PRSs for individuals required two distinct datasets.
The first dataset, consisting of individual-level genotype data, was
obtained fromall 502,409 participants in UKB v3imputation. Detailed
genotyping and quality control procedures are availablein a previous
publication’. We excluded SNPs with call rates of <95%, minor allele
frequency of <0.1%, deviation from the Hardy-Weinberg equilibrium
with P<1x107°and selected subjects with British ancestry that had
no more than ten putative third-degree relatives in the kinship table.
Finally, we obtained 8,239,652 SNPs from 337,151 participants.

The second dataset was a meta-analysis of large-scale genome-
wide association (GWAS) results for depression®®, which included
9,874,289 total SNPs from 480,359 individuals (135,458 cases and
344,901 controls). After excluding datafrom the 23andMe (75,607 cases
and 231,747 controls, restricted by privacy) and UKB (14,260 cases and
15,480 controls) to avoid sample overlap with the UKB genotype data,
this collective GWAS encompassed 6,435,918 variants from 143,265
individuals (45,591 cases and 97,674 controls).

We utilized PRSice-2 (http://www.prsice.info) to calculated the
PRS for depression. First, SNPs were clumped with a cutoff of ?=0.1
ina250-kb window®. Second, the Pthresholds were setat P < 0.0005,
P<0.001,P<0.005,P<0.01,P<0.05P<0.1,P<0.5and P<1(ref. 82),
and we finally used PRS (P < 0.05) for further analyses. The PRS was
then categorized into low (lowest quintile), intermediate (quintiles 2
to4) and high (highest quintile) risk levels®*>. We also used the original
GWAS, excluding samples from 23andMe to calculate the PRS, which
included 5,401,556 variants and 173,005 individuals (59,851 cases and
113,154 controls), and found a high correlation between the two PRSs
(r=0.512,P<1.0 x1072%),

Covariates

The data for covariates were collected at baseline. All models were
adjusted for age at baseline (field ID 21022), sex (field ID 31), Townsend
deprivation index (field ID 189, referring to an area-based measure of
socioeconomic deprivation), BMI (field ID 21001) and education level
(field ID 6138). Association analyses involving brain structural imag-
ing data were additionally adjusted neuroimaging scanning sites and
estimated total intracranial volume. Association analyses involving
genetic data additionally corrected for the top 20 ancestry principal
components. The detailed covariates utilized in each statistical analysis
are presented in Supplementary Fig. 2.

Statistical analyses

Cox proportional hazard regression model. Cox proportional hazard
regression models were utilized to examine the association of lifestyle
categories, geneticrisk categories and the combination of geneticand
lifestyle categories (nine categories using low genetic risk and favora-
blelifestyle as reference) with time to depression. The missing data of
covariates wereimputed by their mean value. The proportion of miss-
ing datais presentedin Supplementary Table 2. HRs and corresponding
95% Cls were calculated in complete-case analyses. Participants were
considered at risk for depression from baseline (2006-2010) and fol-
lowed up until the date of first diagnosis, death, loss to follow-up or last
date with availableinformation (April 2021), whichever came first. The
proportional hazards assumption was assessed using the Schoenfeld
residuals method® and satisfied.

Association of lifestyle scores with brain volume and peripheral
markers. Toidentify the mediating role of brain structuralimaging and
peripheral markers underlying the association between lifestyle and
depression, weconducted anexploratory Pearson correlation analysis of
lifestyle at baseline with these neurobiological phenotypes. FDR correc-
tionwas conducted for multiple comparisons (Supplementary Table14).
Considering the time difference from baseline (2006-2010) toimaging
visit timepoint (2014+), we also calculated correlation analyses between
brain volumes and lifestyle scores assessed at the imaging visit (Sup-
plementary Table 15). Depression scores at the two timepoints were
also correlated with brain volumes (Supplementary Tables 16 and 17).
Bothlifestyle and depressionscore at the two collected timepoints were
similar and highly correlated (lifestyle, r=0.85, P=1.2 x 107%; depres-
sion,r=0.85,P=3.2x107**). Therefore, lifestyle and depression did not
changetoagreat extent. We further calculated the spatial correlation
to compare the similarity of lifestyle and depression-related brain maps
atbaseline and imaging visit (Supplementary Fig. 18).

The associations of lifestyle at baseline with peripheral markers
were also tested, with Bonferroni correction conducted for multiple
comparisons (Supplementary Tables 18 and 19).

Mendelian randomization. We further investigated the possible causal
relationship between lifestyle and depression using bidirectional two-
sample MR analysis, which employs genetic variants as the instrumental
variables to estimate the corresponding causal effect size.

For lifestyle, we performed GWAS onllifestyle scores. The genotype
datawere thesame asused in the PRS calculation (including 8,239,652
SNPs from 337,151 participants). We used PLINK 2.0 (https://www.cog-
genomics.org/plink/2.0/) for the calculation, adjusting for age, sex
and the first 20 ancestry principal components. For depression, we
also used the meta-analysis of depression GWAS®® and excluded the
participants from UKB and 23andMe to avoid sample overlap, which
was consistent with the PRS calculation.

Two-sample MR analyses used four methods—IVW, weighted
median, simple median and weighted mode—implemented in the
R package TwoSampleMR (https:/mrcieu.github.io/TwoSampleMR/).
The geneticinstruments were selected with P <1x 107 and we removed
correlated SNPs (2> 0.01, kb < 1,000) to avoid linkage-disequilibrium.

Nature Mental Health | Volume 1| October 2023 | 736-750

746


http://www.nature.com/natmentalhealth
https://biobank.ndph.ox.ac.uk/showcase/ukb/docs/biomarker_issues.pdf
https://biobank.ndph.ox.ac.uk/showcase/ukb/docs/biomarker_issues.pdf
https://biobank.ndph.ox.ac.uk/showcase/ukb/docs/haematology.pdf
https://biobank.ndph.ox.ac.uk/showcase/label.cgi?id=220
http://www.prsice.info
https://www.cog-genomics.org/plink/2.0/
https://www.cog-genomics.org/plink/2.0/
https://mrcieu.github.io/TwoSampleMR/

Article

https://doi.org/10.1038/s44220-023-00120-1

Cochran’s Q statistics was used to assess the heterogeneity of IVW,
and radial MR was used to remove the SNPs contributing the most
heterogeneity. After removing two SNPs with significant heterogene-
ity (rs4930349, Pywq=3.4 x107% rs66994942, P,y o =4.2 x107%), we
performed the heterogeneity test again by using Q statistics and the
Mendelian Randomization-Pleiotropy Residual Sum and Outlier (MR-
PRESSO) test. No further heterogeneity was observed (Pyyq = 0.26).
The MR-Egger method was used and found no sign of pleiotropy
(Pprciotropy = 0.52). In the main MR analysis, we utilized 26 SNPs and pri-
oritized the models using the fixed-effect VW method, because no
pleiotropy and heterogeneity effects were observed. For sensitivity
analyses, we performed the simple median method, weighted median
and weighted mode methods to ensure the robustness of the IVW
result. We also assessed the reverse causality by testing the effect of
depression genetic liability (using the same P value and clumping
threshold) on lifestyle similarly. Finally, we created scatter and forest
plotstovisuallyinspect the datafor astronginfluence by single variants
(Fig. 4 and Supplementary Figs.13 and 14).

Structural equation model. A structural equation model was esti-
mated for participants with lifestyle scores, depression scores, brain
structuralimaging, PRS and immunometabolic markers (implemented
in the R package lavaan 0.8). Three latent variables were estimated
using confirmatory factor analysis. The latent variable representing
depression was estimated using four PHQ-4 items. The latent vari-
able ofimmunometabolic function was calculated from the first four
significant markers correlated with lifestyle score. Finally, the latent
variable for brainstructures was derived from the first 20 cortical and
subcortical brain volumes significantly correlated with lifestyle score.
These threelatent variables were investigated to determine the direc-
tional dependencies with PRS and lifestyle via path modeling. Before
inputting into the model, we normalized the PRS, lifestyle score and
each sub-score of the latent variables, respectively, to maintain the
same scale. FDR corrections were conducted to adjust the P values
accounting for multiple comparisons of all paths.

Sensitivity analyses. In the sensitivity analyses, we further tested
the association of lifestyle with risk of three depression subtypes:
single depressive episode, recurrent depressive disorder and TRD.
The ICD-10 defines ‘depressive episode’ as F32.0-9, indicating a
singular occurrence, and ‘recurrent depressive disorder’ as F33.0-9.
The data were also retrieved from primary care by utilizing Read
codes (Supplementary Table1). According to the treatment records
in the primary care prescriptions table (gp_scripts, UKB Field ID
42039), antidepressant use was gathered utilizing British National
Formulary codes 0403010 (tricyclic and related antidepressant
drugs), 0403020 (monoamine oxidase inhibitors), 0403030 (selec-
tive serotonin reuptake inhibitors) and 0403040 (other antide-
pressant drugs). TRD was defined by at least two switches between
antidepressant drugs, each prescribed for at least six weeks®, as
well as having partially distinct genetic® and clinical-demographic
characteristics®® compared with non-TRD. As such, TRD should be
considered as a unique subtype of depression®*°. Non-response
after the second medication switch was confirmed for subjects con-
sidered treatment-resistant.

Duetothelimited samplesize scoring0andlinrecurrentdepres-
sive disorder and TRD, we combining O and 1 as the reference group
(Supplementary Figs. 7 and 8). Considering the difference between
previous smokers and current smokers, we further calculated the risk of
depressionaccording to different smoking statuses with never smoking
asreference (Supplementary Table 6). Regarding the small reference
groupissue, we also used favorable lifestyle class with alarger sample
size as reference (Supplementary Table 7). In addition, we calculated
depressionriskaccordingto genetic and lifestyle across three subtypes
of depression (Supplementary Figs. 9-11).

Considering the change of depression symptoms during the
follow-up period from baseline to imaging visit, we selected two
groups based on the PHQ-4 classifying criterion®®. One group was
severely depressed at baseline (PHQ-4 > 9) and recovered at imaging
visit (PHQ-4 > 6); this was labeled the recovered group (n=538). The
other group was suffering persistent symptoms over time (PHQ-4 > 9,
whether at baseline or imaging visit); this was labeled the persistent
group (n=809). To investigate whether the change in depression
symptoms would impact the associationbetween depression and brain
volumes, we utilized an independent-sample ¢-test to examine the
difference in brain volumes between the two groups. We found there
were only two significant brain volumes (left middle temporal and right
insula), both with P=0.04, but neither survived the FDR correction
(Supplementary Table 20). We also considered whether antidepressant
treatment wouldimpact the associationbetween depressionand brain
volumesinthese two groups. Inthe recovered group, we further classi-
fied the treated-recovered group (n =132) and not-treated-recovered
group (n =451) based on antidepressant use. We found there were
only two significant brain volumes (right cuneus and right posterior
cingulate), with P=0.03 and 0.01, but neither survived the FDR cor-
rection (Supplementary Table 21). In the persistent group, we also
classified the treated-persistent group (n = 251) and the not-treated-
persistent group (n = 558) based on antidepressant use. We found that
there was only one significant brain volume (right accumbens area),
with P=0.03, but it did not survive FDR correction (Supplementary
Table 22). As such, we suggest that the time difference between base-
line and imaging visit did not substantially influence the correlation
between depression and brain structure.

Finally, we estimated two possible SEMs accounting for multiple
directionalities among the latent variables. In the first model, we
changed the direction from depression to lifestyle and kept the other
paths’ direction unchanged to test the reversed effect (Supplemen-
tary Fig. 19). In the second model, we further examined the media-
tion mechanism of immunometabolic function and brain structure
underlying the path from depression to lifestyle, by changing the
directions between depression and immunometabolic function,
depression and brain structure, immunometabolic function and
lifestyle, and brain structure and lifestyle based on possible model 1
(Supplementary Fig. 20). Both of these possible models were fitted
under the same procedures as the original model and provided an
improved interpretation of our results.

Reporting summary
Furtherinformation onresearch designisavailablein the Nature Port-
folio Reporting Summary linked to this Article.

Data availability

Accesstoindividual-level UK Biobank data (phenotypic, neuroimaging
and genotype) isavailable tobonafideresearchers throughapplication
tothe UK Biobank website (https://www.ukbiobank.ac.uk). Additional
information about registration for access to the data is available at
http://www.ukbiobank.ac.uk/register-apply/. Use of UK Biobank data
was performed under application no.19542. Summary statistics from
previous GWAS of depression that were used in this study are publicly
available through the Psychiatric Genomics Consortium (Psychiatric
Genomics Consortium, PGC, unc.edu) and can be downloaded from
https://pgc.unc.edu/for-researchers/download-results/(doi10.6084/
mo.figshare.21655784; PubMed 29700475; file daner_pgc_mdd_meta_
w2_no23andMe_rmUKBB.gz)

Code availability

The code used for survival analyses is an adaptation of the R pack-
age survival (https://github.com/therneau/survival) and has been
made available through the GitHub repository: https://github.com/
yjzhaol004/lifestyle_depression. GWAS analyses were conducted
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by using PLINK 2.0 (https://www.cog-genomics.org/plink/2.0/). We
utilized PRSice-2 (https://choishingwan.github.io/PRSice/) to con-
duct PRS analysis. Two sample MR analyses was performed using the
R package TwoSampleMR (https://mrcieu.github.io/TwoSampleMR/)
and RadialMR (https://github.com/WSpiller/RadialMR/). SEM was
constructed using the R package lavaan 0.8 (https://lavaan.ugent.be).
All analyses that were run in R were run in R v.4.2.1 (https://www.
r-project.org).
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Data collection  No software was involved in data collection (data used is all directly available from UK Biobank, as described in detail in the paper )

Data analysis Freesurfer v6.0 was used to process the imaging data.
PLINK 2.0 and PRSice version 2 (www.PRSice.info) were used to perform genome-wide association analysis and calculate the polygenic risk
score respectively.
R version 4.2.1 package:
survival 3.4-0 was used to perform Cox proportional hazard regression model,
TwoSampleMR 0.5.6 and RadialMR 1.0 was used to perform Mendelian Randomization analysis,
lavaan 0.8 was used to perform structural equation model.
Scripts used to perform the analyses are available at https://github.com/yjzhao1004/lifestyle_depression
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- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

Access to individual-level UK Biobank data, both phenotypic, neuroimaging and genotype, is available to bona fide researchers through application on the UK
Biobank website (https://www.ukbiobank.ac.uk). Additional information about registration for access to the data is available at http://www.ukbiobank.ac.uk/
register-apply/. Use of UK Biobank data was performed under application number 19542. Summary statistics from previous GWAS of depression which were used in
this study are publicly available through the Psychiatric Genomics Consortium (PGC — Psychiatric Genomics Consortium (unc.edu)) and can be downloaded from
https://pgc.unc.edu/for-researchers/download-results/.

Human research participants

Policy information about studies involving human research participants and Sex and Gender in Research.

Reporting on sex and gender Both male and female subjects from UK biobank study were included in the study. Summary statistics on sex distributions
were reported in Table 1. All statistic models were adjusted for sex.

Population characteristics We utilized a total of 502,409 participants from UK Biobank cohort to perform survival analysis, correlation analysis, and
structural equation model. For survival analyses, we retrieved 287,282 individuals (mean age 57.52, with 50.70% female)
who participated in the assessment of lifestyle factors at baseline (2006-2010) and had linkage to clinical diagnosis records.
The number of participants in healthy or unhealthy lifestyle in each factor was listed in Table 1. The mean score of 7 lifestyle
was 4.75 (s.d., 1.36), of which 1.25% were categorized as following an unfavorable lifestyle (scores ranging from 0-1), 38.90%
followed an intermediate lifestyle (scores ranging from 2-4), and 59.85% followed a favorable lifestyle (scores ranging from
5-7). Of the 287,282 participants, 12,916 of them had an onset of depression during a median follow-up of 9.01 years.
Demographic characteristics of the participants and distribution of lifestyle factors were provided in Table 1. The polygenic
risk scores for depression from 197,344 participants (mean age 57.81, with 49.82% female) were normally distributed (see
Supplementary Fig. 5) and categorized into three levels, low risk (25.09%), intermediate risk (49.97%), high risk (24.94%).
Brain structural imaging data were collected in 2014, containing T1-weighted structural MRI from 32,839 participants used in
the correlation analysis. Blood chemistry and cell count indicators from about 480,000 participants and NMR metabolic
biomarkers from about 120,000 participants were collected at baseline. The sample size of each biomarker in correlation
analyses were presented in Supplementary table 18 and 19. We additionally used data from a total of 448,849 participants
with completed Patient Health Questionnaire-4 (2006-2010) score. Combining the data of lifestyle score, PRS,
immunometabolic markers, brain structural imaging and depression, the final analysis included 18,244 participants (mean
age 55.20, with 48.79% female) to estimate the structural equation model. Fig. 1 showed the research guideline of the study.
Supplementary Fig.1 and Supplementary table 4 presented the sample size utilized in each analysis.

Recruitment The UK Biobank is a prospective, population-based cohort that recruited more than 500,000 participants aged 37 - 73 years
who attended 1 of 22 assessment centers across the United Kingdom between 2006 and 2010. Previous investigation
showed UK biobank subject to a healthy sample bias.

Ethics oversight The UKB has received approval from the National Information Governance Board for Health and Social Care and the National
Health Service North West Centre for Research Ethics Committee (Ref: 11/NW/0382). All participants provided informed
consent through electronic signature at the baseline assessment.

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Sample size No statistical methods were used to predetermine sample sizes and all currently available sample in the UK Biobank were used including
394,053 subjects with lifestyle factor data, 287,282 subjects with depression diagnosis record, 32,839 subjects with imaging data, about
480,000 subjects with blood chemistry data, about 120,000 subjects with metabolic markers data and 337,151 subjects with genotype data.
The sample sizes were provided in the method section.
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Data exclusions  For cox proportional hazard regression model, we excluded patients with missing lifestyle factor data, baseline depression, unavailable
baseline data, missing follow-up data and those with self-report depression. Flow chart of the sample size selection in survival analyses and
structural equation model were presented in Supplementary Fig.1.

For genome-wide association analyses on lifestyle score, we excluded single-nucleotide polymorphisms (SNPs) with call rates < 95%, minor
allele frequency < 0.1%, deviation from the Hardy—Weinberg equilibrium with p < 1E-10 and selected subjects that were estimated to have
recent British ancestry and have no more than ten putative third-degree relatives in the kinship table, consistent with the previous study.

Replication All available data were used to maximize statistical power of the analysis therefore we did not repeat the analysis.

Randomization  All models were adjusted for age at baseline, sex, Townsend deprivation index, body mass index (BMI) and education levels. Association
analyses involving neuroimaging data were additionally adjusted neuroimaging scanning sites and estimated total intracranial volume.
Association analyses involving genetic data, PRS components (first 20 principal components of ancestry) were further added as covariates. Full

details of covariates utilized in the statistical analyses see Supplementary Fig.2.

Blinding Blinding was not applicable to this study as this study is observational.
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system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
|:| Antibodies |Z |:| ChiIP-seq
[] Eukaryotic cell lines XI|[] Flow cytometry
|:| Palaeontology and archaeology |:| MRI-based neuroimaging

|:| Animals and other organisms
|:| Clinical data

|:| Dual use research of concern

XXXXNXNX s

Magnetic resonance imaging

Experimental design

Design type Structural MRI

Design specifications UK Biobank designed the imaging acquisition protocals including 6 modalities, covering structural, diffusion and
functional imaging. The collection order is T1-weighted structural image, resting-state functional MRI, task functional
MRI, T2-weighted FLAIR structural image, Diffution MRI and susceptibility-weighted imaging. T1-weighted structural
image was acquired using straight sagittal orientation for 5 minutes.

Behavioral performance measures  Lifestyle assessments were first administered via touchscreen interface in the UK Biobank assessment center at the
baseline visit (2006-2010). Seven aspects of lifestyle factor assessments including alcohol consumption, diet, physical
activity, sleep duration, smoke, sedentary behavior and social connection were utilized to calculate lifestyle score in the
current study (n = 394,053). Measurement of depressive symptoms via 4-item Patient Health Questionnaire-4 (PHQ-4)
was first assessed in the UK Biobank assessment center (2006-2010, n=448,849).

Acquisition

Imaging type(s) T1-weighted structural imaging

Field strength 3T

Sequence & imaging parameters The EPI-based acquisitions utilize simultaneous multi-slice (multiband) acceleration. Biobank uses pulse sequences and
reconstruction code from the Center for Magnetic Resonance Research (CMRR), University of Minnesota https://
www.cmrr.umn.edu/multiband. The resolution is 1x1x1 mm and field of view is 208x256x256 matrix. Straight sagittal =
orientation is used. TR and TE are 2000ms and 2.01ms respectively. The flip angle is 8 deg. Detailed sequence and §
imaging parameters are openly available here: https://biobank.ndph.ox.ac.uk/showcase/showcase/docs/ brain_mri.pdf f

Area of acquisition Whole brain

Diffusion MRI [ ] used X] Not used




Preprocessing

Preprocessing software

Normalization
Normalization template
Noise and artifact removal

Volume censoring

T1 images were processed with FreeSurfer; surface templates were used to extract imaging-derived phenotypes referred to
as atlas regions’ surface volume76. Subcortical regions were extracted via FreeSurfer’s aseg tool. FreeSurfer aparc (Category
ID 192) and aseg (Category ID 190) atlas corresponding to 68 cortical regions76 and 14 subcortical regions were used in this
study. We used the Qoala-T approach to check FreeSurfer outputs and excluded those failed to pass quality control from the
FreeSurfer imaging-derived phenotypes.

see above

fsaverage

see above

see above

Statistical modeling & inference

Model type and settings

Effect(s) tested

1) Cox proportional hazard regression model was used to examine the association of lifestyle with risk of depression. 2)
Mendelian randomization (MR) analysis was used to examine the causal relationship between lifestyle and depression. 3)
Structural equation model was used to analyze the association between lifestyle, polygenic risk score, brain structure,
immunometabolic function and depression.

For cox proportional hazard regression model, MR analysis and structural equation model, Wald tests were utilized to derive
the two-sided p value. Additionally, for survival analysis, the proportional hazards assumption was assessed using the
Schoenfeld residuals method and satisfied. For MR analysis, we used inverse variance weighted method, simple median
method, weighted median method and weighted mode method to estimate the causal effect.

Specify type of analysis:  [X] Whole brain [ | ROI-based [ | Both

Statistic type for inference
(See Eklund et al. 2016)

Correction

Models & analysis

n/a | Involved in the study

voxel-wise association, voxel-wise Bonferroni correction

Bonferroni

|:| Functional and/or effective connectivity

|:| Graph analysis

|:| Multivariate modeling or predictive analysis
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