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Abstract:

I ntroduction: While some studies have explored associations between weight change and
blood proteins, most have been intervention-based, offering limited insight into proteomic
associations with long-term weight gain. It remains unclear whether plasma proteins are
related to BMI fluctuation over time. This study investigates associations of long-term BM|
changes and fluctuations with over 1,000 plasma proteins involved in cardiometabolic and

inflammation functions.

Data and M ethods: The study included 304 Finnish adult twins (117 men) born before 1958
from the Older Finnish Twin Cohort, with BMI data spanning five time points (1975, 1981,
1990, 2011, and 2012—-2014). Proteomic data were derived from blood samples collected at
the last BMI measurement. Linear mixed-effects models analyzed individual BMI
trajectories, producing intercepts (baseline BMI) and slopes (BM1 change rates). BMI
fluctuation was calculated as the average squared deviation from expected BMI across time
points. Associations between BMI changes/fluctuation and (i) 1,231 plasma proteins related
to cardiometabolic and inflammatory functions and (ii) polygenic risk scores for BMI
(PRSgmi), as well as interaction effects between PRSgy and baseline BMI on protein-BMI
relationships were studied. Within-pair analyses using monozygotic twins were conducted to

account for shared confounding factors.

Results: A total of 135 proteins were associated with changes in BMI over 40 years, while 17
proteins were linked to fluctuation in BMI: 12 associations (10 with BMI changes and 2 with
fluctuation) remained significant in within-twin pair analyses. PRSgy associated with BMI
changes but not with fluctuations. PRSgu, -protein interactions explaining BMI changes or
fluctuation was found, though a single interaction between the CD72 protein and baseline

BMI was observed.
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Conclusion: This study highlights significant associations between plasma proteins and long-
term BMI changes and fluctuations, with no evidence of PRSgu-protein interactions
influencing BM1 trends. These findings underscore the substantial role of environmental

factors in shaping proteome-BM | associations over adulthood.
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I ntroduction

Obesity is considered a major global public health challenge, with the proportion of adults
with obesity more than doubling from 7% to 16% over the past three decades (1). While
obesity is primarily caused by energy consumption exceeding energy expenditure, the
underlying factors are multifaceted and influenced by environmental, behavioural, and
genetic factors, as well astheir interactions (2). Body Mass Index (BMI) has been widely
used to classify overweight and obesity in epidemiological studies. However, obesity isa
multifaceted concept, and the definition depends on whether it is used for epidemiological or
clinical settings. In clinical settings, the definition of obesity needs to include other
anthropometric and metabolic measures, emphasizing the need to understand how BMI is
associated with other biological traits (3). Nonetheless, the measurement of BMI remains at
the core of the diagnostic process and the results obtained based on BMI are highly likely to
be transposabl e to obesity research since not only it has been seen that it present a high
correlations with other measures of obesity such fat mass of the percentage of body fat (3),

but also it has been reported associations between BMI and the development of obesity (4).

The proteome refers to a set of proteins produced by an organism or present within an
organism or tissue at a given time. The proteome can be measured in various tissues, but it is
most commonly examined in blood in human studies. The proteome is dynamic and intricate,
undergoing changes over time in response to environmental factors that affect genome
function, with genetic makeup also playing a significant role (5). Recent developmentsin
proteomics research enable the examination of the connections between changesin BMI and

protein levels.
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The associations between plasma proteins and obesity have been extensively studied, with a
number of proteinsinvolved in cardiometabolic (6) and inflammatory processes identified (7,
8, 9). However, longitudinal proteomic studies are still rare, with the majority being
interventions (10, 11, 12, 13). These studies have compared blood protein levels before and
after weight loss, reporting various associations. Previous study have demonstrated that
certain blood proteinsinitialy fluctuated in response to the acute energy-deficient state,
returning to their original levels once weight maintenance was achieved (11). Conversely,
another group of proteins showed a declinein concentration during weight loss, with levels
remaining stable during weight maintenance (11). It also showed that the associations
between inflammatory and cardiovascular biomarkers and BMI levels before and during the
weight loss process underwent a transformation, with the emergence of new markers
associated with this period of weight loss (13). This suggests that blood proteins may exhibit
disparate responses to short-term weight changes, which can be caused by dietary alterations.
Some of these changes may reflect the weight loss process, while others may also reflect
weight status. Additionally, weight loss typically involves aloss of both fat and lean body
mass, while weight gain is primarily due to an accumulation of fat mass (16, 17, 18).
Therefore, the physiological and metabolic processes underlying weight gain and weight loss

likely differ.

However, it isimportant to consider the time span of short-term weight loss vs weight gain
over years or decades. Further investigation is needed to determine if associations between
plasma proteins and long-term changesin BMI exist, and if these proteins are influenced by
baseline weight. Finaly, long-term studies of weight change have shown that individuals may
lose weight in the short term but gain weight in the long term (19, 20). These fluctuations in

BMI (i.e.,, BMI fluctuation over time) may be due to various reasons, including dieting and
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subsequent rebound. BM1 fluctuation may also indicate a disease state, with erratic weight
changes potentially indicating poor health condition For example, studies have shown
negative effects of fluctuation in blood pressure and weight on coronary heart disease,
coronary heart disease mortality and al-cause mortality (21, 22). To our knowledge, no study

has examined how long-term fluctuation in BM| may be reflected at the proteome level.

BMI and its changes are influenced by genetic and environmental factors. Heritability estimates
have ranged between 0.47-0.90 in twin studies and between 0.24-0.81 in family studies (23, 24,
25, 26). Additionally, genome-wide association studies (GWAS) have identified multiple
genetic variants associating with BMI and its fluctuations during adulthood (27). These variants
can be aggregated as polygenic risk scores (PRS), which can be used to estimate an individua’s
genetic predisposition to traits such as BM|I (28). Furthermore, some of these genetic
associations are pleiotropic, meaning that they associate with multiple traits. Connections
between proteins and genetic variants associated with BMI have been also identified (29, 30). In
conclusion, while thereis evidence of connections between genetic variants, BMI, and the
proteome, the extent to which proteins associate with BM| changes over time remains

underexplored.

To gain adeeper understanding of the associations between BMI changes and the proteome, we
studied a sample of Finnish twins over a 40-year follow-up for whom plasma proteomic data
was available. Additionally, we conducted within-pair analyses on monozygotic (MZ) twin pairs
to investigate whether the identified associations persisted when controlling for shared
environmental and genetic factors between the co-twins. Finally, an association analysis

including interaction effects was carried out to study how genetic predisposition to BMI
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(PRSgwmi) modulates the associ ations between BMI change and the proteome. This analysis

reveals whether these associations are accentuated in individuals with a higher PRS-

Data and methods.

0 Cohort
The data was obtained from the Older Finnish Twin Cohort (FTC), a popul ation-based study
consisting of twins born before 1958 in Finland. The twins completed up to four survey
guestionnairesin 1975, 1981, 1990 and 2011 and reported their weight and height used to
calculate BMI (kg/m?) (31). A fifth wave of data was derived from a subset of the twins who
participated in the Essential Hypertension Epigenetics (EH-Epi) study. The EH-Epi study
focused on twin pairs discordant for hypertension, so the sample was enriched for persons
with high blood pressures and use of antihypertensive medications (32) During 2012 — 2014,
research nurses conducted interviews and measured height, weight, and waist circumference.
Fasting venous blood samples were collected from the EH-Epi twins at the mean age of 62
(age range: 55 — 69 years) to generate proteomic data. Participants with complete BMI
measurements for all five waves were selected for the current analyses. The correlation
between measured and self-reported BMI values was 0.95 for both men and women in the
EH-Epi study showing high reliability of self-reported BMI (33). The research was
conducted according to the principles of the Declaration of Helsinki, and the data collection
was approved by the ethics committee of the Hjelt Institute, University of Helsinki and the
ethics committee of the Helsinki and Uusimaa Hospital District, Finland. A linear regression
model with inclusion/exclusion as a binary independent variable was conducted to assess the
randomness of participant selection (Supplementary Table 1). While BMI was not acriterion
for selection, participants had lower BMI in the latest surveys (3%, 4™ and 5" surveys) while

in the earliest surveys (1% and 2™ surveys) their BM | was higher compared with the twins of
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the older Finnish Twin Cohort who were not selected for the current study. However, these
differences were small and not statistically significant suggesting that the EH-Epi sampleis

broadly representative of the full cohort.

0 Quantification of plasma Proteins
The proteome was measured from plasma samples of 415 twins from the EH-Epi using the
Olink platform (Olink Explore 3072, Olink Proteomics AB, Uppsala, Sweden). A detailed
description of the data and the pre-processing steps can be found el sewhere (6). Briefly, the
data are presented as Normalized Protein eXpression (NPX) values, where NPX is Olink's
unit for quantifying relative protein concentrations on alog2 scale. Proteins detected in less
than 80% of the samples were excluded. NPX values of remaining proteins that were below
the limit of detection (LoD), representing less than 1% of all data points, were replaced with
the LoD value of the corresponding plate. A small number of outlier samples were identified
and excluded (N=14). Data were extracted from this sample for the current study participants,
al of whom had complete proteomic data (n=304). In the current study, only proteins from
the Cardiometabolic (1/11) and Inflammation (1/11) panels were used (736 and 737 proteins in
Cardiometabolic and Inflammation panels, respectively). Protein descriptions are shown in

the supplementary material (Supplementary Table 2).

8 Polygenic Risk Score of BMI
PRS for BMI (PRSgy) was calculated to test its interactions with changes and fluctuationsin
BMI during adulthood. The technical details of genotyping, imputation, and PRSgw
calculations have been described elsewhere (34). The PRSgm was derived using GWAS
summary statistics for BMI (27). The total number of single nucleotide polymorphisms

(SNPs) used for the PRSgy calculations was 996,919. The number of individuals included in
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the GWAS was 692,578. The PRSgy Was regressed against the top ten genetic principal
components to correct for population stratification (35). The residuals were obtained and
scaled to amean of zero and unit variance, and subsequently used in relevant analyses
without further processing. The distribution of PRSgv values for the sample used (consisting
of individuals with BM| measurements from the five surveys conducted; N=304) was similar
to the distribution of PRSgy, values in the Older Finnish twin cohort (those not meeting the
criteriafor having BMI measurements from all five surveys; N=143) (see Supplementary

Figures 1 and 2 for PRSgy of included and excluded samples).

0 Calculation of changesin BMI

Linear mixed-effects (LME) modeling, i.e., models that include both fixed and random
effects (36), was applied to longitudinal BMI data from the five surveys (1975, 1981, 1990,
2011 and 2012 — 2014) to calculate the linear trends and changesin BMI over time. The BMI
trajectories were modelled with person identifiers as random effects to estimate baseline BMI
(intercept) and BMI trend (slope) for each participant. The analyses were performed using R
software (version 4.2.3) packages Ime4 (version 1.1-34), ImerTest (version 3.1-3),

modelsummary (version 1.4.3), dplyr (version 1.1.4) and optimx (version 2023-10.21).

0 Calculation of the fluctuation in BMI

The expected BMI for each measurement point was calculated using the formulay= xn+m,
where n is the change in BMI expressed as kg.m-2 per year (i.e. slope), mis the baseline BMI
(i.e. BMI at first measure in 1975; age range 18 — 30 years) and X is the difference between

the age of interest and the baseline age. Once the expected BMI values at each time point had
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been obtained, the difference between each of these expected BMI values and the
corresponding observed BMI values was calculated. Finally, the differences between the

observed and fitted BMI values were squared, and the resulting values were then averaged.

0 Associations between proteins, changes or fluctuation in BMI and PRSgy

LME models were used to investigate the associations between BM| changes and fluctuations
with protein levels. This was achieved through the implementation of two distinct models.
We then assessed whether changes or fluctuationsin BM| were associated with PRSgy;. The
subsequent step was to examine interactions between protein levels and PRSgy in the case of
asignificant association in previous analyses (models 4 and 5, respectively). Next,
interactions between protein levels and BMI at baseline (i.e., BMI at age range 18 — 30 years)

were also examined.

Finally, we conducted sensitivity analyses. For analyses focusing on changesin BMI, we
repeated them after excluding individuals with BMI > 30 kg/m?in any of the surveys. This
was done to investigate whether the identified associations were not limited to the
participants with obesity. For analyses focusing on BMI fluctuation, BMI tragjectories (i.e.,
slope and intercept) were incorporated as covariates into the models to assess whether the
significant associations between BMI fluctuation and plasma proteins were attenuated when

the BMI trajectories were taken into account.

All the analyses were performed using the R software (version 4.2.3) and the R package Ime4
(version 1.1-34). The models used are displayed in the caption of the main and supplementary

tables.
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0 Within-pair analysis
To assess the influence of environmental factors, and to rule out the effect of genetic
differences on the significant associations between changes and fluctuation in BMI with
proteins, within-pair analyses were conducted. These analyses were carried out using MZ
twin pairsonly (N of pairs =50). Since MZ twins in a pair share, in practice, identical DNA
sequence, any differencesin their BMI, rate of BMI change, or BMI fluctuation suggest
environmental influence. For example, if MZ twins who experience greater weight gain than
their co-twins also exhibit higher levels of a specific protein, this association would likely be
unrelated to genetic factors. We calculated within-pair differences (referred to with a A
symbol below) between the changesin BMI, BMI fluctuation and the protein levels we
previously identified as significantly associated with these two variables. We a'so calculated

the mean of the baseline BMI values for each pair.

All the analyses were performed using the R software (version 4.2.3) and the R package Ime4
(version 1.1-34) and the models used are displayed in the caption of the main and

supplementary tables.

Results

00 Cohort and BMI trajectories
A total of 305 Finnish twins (118 men) with complete BMI and proteomic information were
included in the current study. The mean BMI increased over the years in both men (mean of
5.27 kg/m?) and women (mean of 5.73 kg/m?). This corresponds to an annual increase of 0.13
kg/m? in men and 0.14 kg/m? in women, equating to around 400 g weight gain per year for a
170 cm tall person. We observed sex differencesin BMI, height, and weight, as well as

changesin BMI, from the earliest stages of the follow-up and maintained throughout (Table
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1). Baseline BMI (i.e., intercept) and changesin BMI over the 40-year follow-up period (i.e.,
slope) were positively correlated in both men (r = 0.22, p-value = 0.01) and women (r = 0.23,
p-value <0.01). If classified into BMI categories, most participantsin wave 5 were of normal
weight, with overweight being more common (19% in men and 29% in women) than obesity
(11% ) and normal weight in women (23%). The proportions of participants with prescribed
antihypertensive medication were similar in men (57%) and women (56%). The longitudinal

changesin BMI areillustrated in Figure 1.

0 Associations between proteins and changesin BMI
After correcting significance levels for multiple testing using the Bonferroni method (number
of tests=1231, corrected p-value= 4,06 e-05), atotal of 135 out of 1231 proteins were
significantly associated with changesin BMI: 73/736 proteins belonged to the
cardiometabolic panel and 62/737 proteins to the inflammation panel. A negative association
with changes in BMI was observed for 31 proteins, while a positive association was observed
for 104 proteins (Supplementary Table 3). The strongest negative association was observed
with the protein apolipoprotein F (coefficient: -0.14; p=5.88e-10), indicating that one unit
increase in apolipoprotein F expression was associated with a 0.14 kg/m? decrease in changes
in BMI per year. The strongest positive association was observed between changesin BMI
and the expression of the pigment epithelium-derived factor (coefficient: 0.18; p=1.86e-11),
indicating that one unit increase in pigment epithelium-derived factor expression was
associated with 0.18 kg/m? decrease in BM I changes per year. The full summary is available

in the supplementary material (Supplementary Table 3).

In the sensitivity analyses excluding participants with BMI values greater than 30 kg/m2in

any of the surveys, the number of proteins associated with changesin BMI decreased to 40.
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Approximately half of these proteins belonged to the cardiometabolic panel and the other half
to the inflammatory panel (19 and 21 proteins respectively). Pigment-derived factor remained
the protein showing the strongest positive association with changesin BMI (coefficient: 0.11,;
Bonferroni p=9.90e-04), while serum paraoxonase/lactonase 3 was the protein with the
strongest negative association (coefficient: -0.09; Bonferroni p=8.41e-05) (Supplementary

Table 4).

0 Associations between proteins and fluctuation of BMI
Fluctuation of BMI over time was associated with 17 proteins: 10 belonged to the
inflammation panel and 7 to the cardiometabolic panel (Table 2). All proteins were found to
be positively associated with BM|1 fluctuation, with the strongest association observed for
interleukin-10 receptor subunit beta (coefficient: 1.50; p=1.61e-02). In asengitivity analysis,
where BMI slope and BMI intercept were included as covariates, the associations were non-

significant (Supplementary Table 5).

0 Associations between PRSgy with BMI changes and fluctuation of BMI.
The associations between changes and fluctuations in BMI and the PRSgy; were quantified
using LME models. PRSgm was positively associated with changes in BMI (estimate: 0.01,

p-value = 0.01) but not with fluctuation in BMI (Supplementary Table 6).

0 BMI changes-Protein associationswith interactions
After introducing an interaction term between PRSgw and proteins associated with changes
in BMI, no significant interaction was found. However, when investigating whether baseline
BMI and protein levels interact in predicting changes in BMI, one significant interaction was

identified (Table 3 and Figure 2). This interaction involved the B cell differentiation antigen
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CD72 protein with a positive estimate of 0.01 (Bonferroni p= 0.05). We did not perform
interaction analyses on BMI fluctuation, as we did not identify any associations between BMI

fluctuation and PRSgy).

0 Within-pair analyses
Ten proteins associated with BMI change showed significant associations within MZ twin
pairs: Seven were identified as part of the cardiometabolic panel (Leptin, High affinity
immunoglobulin alpha and immunoglobulin mu Fc receptor, Insulin-like growth factor-
binding protein 2, Creatine kinase B-type, Somatotropin, BPI fold-containing family B
member 1 and Insulin-like growth factor-binding protein 1) and three as part of the
inflammation panel (Apolipoprotein F, Growth hormone receptor and Ectonucleotide
pyrophosphatase/ phosphodiesterase family member 7) (Supplementary Table 7). The protein
with the most robust positive association was growth hormone receptor (coefficient: 0.14;
p=4.00e-3), while the one with the most pronounced negative association was apolipoprotein
F (coefficient: -0.31; p=1.61e-3). Only two of the 17 proteins associated with BMI
fluctuation showed significant associations in within-pair analyses (see Supplementary Table
8). These proteins were E-selectin and Na(+)/H(+) exchange regulatory cofactor NHE-RF3

protein.

Discussion

The current study aimed to investigate (i) the associations between changesin BMI and BMI
fluctuations over time during adulthood with plasma proteins, (ii) whether these associations
persisted after controlling for shared confounding between MZ co-twins, and (iii) whether the
associations between changes and fluctuation in BMI with protein levels are modulated by

PRSswmi. Overall, 135 proteins were identified to associate with changesin BMI, while 17


https://doi.org/10.1101/2025.01.28.25321236
http://creativecommons.org/licenses/by-nc-nd/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2025.01.28.25321236; this version posted January 28, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY-NC-ND 4.0 International license .

were associated with fluctuation in BMI. When conducting within-pair analysesin MZ pairs,
10 and 2 proteins remained significantly associated with BM | changes and BMI fluctuation,
respectively. These results suggest that genetic factors are not the sole drivers of the observed
associations, but rather highlight the importance of the environment not shared by co-twins.
In addition, PRSgw was significantly associated with BMI changes. Nevertheless, no
significant interactions between PRSgv with protein levelsin explaining changesin BMI
were observed. However, we identified one significant interaction between baseline BMI and
the B cell differentiation antigen CD72 protein in explaining changesin BMI. Thisindicates
that the association between the cell differentiation antigen CD72 protein and changesin

BMI was stronger in individuals whose baseline BM | was high, independent of the direct

effect of baseline BMI on BMI change.

Several proteins were identified as being associated with BMI changes during adulthood.
Some of these proteins, including those belonging to the complement factors (specifically
complement factor I, B, D, and H), sex hormone binding protein (SHBP), galectin-3 binding
protein (Gal-3BP), afamin, and antithrombin 111, have been documented in intervention
studies focusing on proteome changes after weight loss in individuals with overweight or
obesity asa starting point (11, 12, 13, 14). The direction of associations in these intervention
studies was consistent with our results. For instance, in several studies, the authors observed
that complement factors, Gal-3BP, and afamin were negatively associated, while SHBP and
antithrombin 111 were positively associated with weight loss (11, 12, 13, 14). In contrast, our
study found opposite associations. This discrepancy can be attributed to our study design,
which primarily focused on overall weight gain in the general population, rather than weight
loss seen in these intervention studies. Our findings are thusin line with existing literature

indicating that these proteins covary with BMI changes in the same direction.
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Other proteins, such as insulin-like growth factor binding proteins (IGFBP1 and IGFBP2)
and serum amyloid P, have also been reported in the literature on weight loss, athough with
less frequency. In the case of IGFBPs, previously published studies demonstrated a positive
association between these proteins and weight loss (13, 14). Our findings indicate negative
correlations between these proteins and changes in BMI. Regarding serum amyloid P,
previous studies reported a negative associ ation between this protein and weight loss (11, 14).
However, we found a positive association with changesin BMI. In both cases (the IGFBP

and Serum amyloid P), the results are consistent, as the direction of BMI change aligns.

Finally, when comparing our results with previously longitudinal study which examined
plasma proteome changes over a 10-year period, reported severa proteins identified in the
current study as also associated with changes in BMI over a period of 40 years (37). These
proteins include leptin, tissue-type plasminogen activator, cathepsin D, and hepatocyte
growth factor (HGF), all of which exhibited a positive association with BMI changes(37).
Thisis consistent with the findings of the current study indicating that these proteins are
likely good candidate biomarkers for long-term weight gain in adults. Additionally, another
longitudinal study previously conducted where the long-term associations between BMI
changes during adolescence and protein levels was examines, found some complement
factors (I, B and H), serum amyloid P component, and SHBP to be associated with the BM|
changes (38). Those proteins exhibited similar patterns of association to those observed in the
current study. As weight gain in adultsis mainly in fat mass, this suggests that the above
proteins may be associated with changes in body fat rather than lean mass during

adolescence.
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We identified several proteins associated with BMI fluctuations. Most of them (except for
fatty acid-binding protein, adipocyte, 2-iminobutanoate/2-iminopropanoate deaminase,
aflatoxin B1 aldehyde reductase member 4 and pantetheinase), were previously reported to be
associated with weight loss (14). The majority of the proteins showed a negative association
with weight loss, except for Na(+)/H(+) exchange regulatory cofactor NHE-RF3, Coiled-coil
domain-containing protein 80 and pterin-4-alpha-carbinolamine dehydratase, which exhibited
a positive association. Previously published intervention study also identified a negative
association between pantetheinase and weight loss (13). Additionally, a few of these proteins
(leptin and E-selectin) were identified as positively associated with long-term changesin
BMI in the previously published study (14). However, to the best of our knowledge, no
previous studies have examined the associations between longitudinal BM1 fluctuation and
protein levels, which hinders our ability to compare our results with existing literature on

BMI fluctuation. Further studies investigating the proteomic associations with BMI

fluctuation are warranted.

From the previously identified associations between proteins with changes or fluctuation in
BMI, several remained significant in within-pair analyses conducted in MZ twin pairs. This
suggests that some associ ations between protein levels and BM| trgjectories persist when
controlling for genetic factors, indicating either an environmental influence on these
associations or possible causal relationships. Environmental correlations between protein
levels and BMI as well as changesin BMI during adolescence have been previously reported
(35), and our study complements the literature with alonger follow-up over adulthood.
Additionally, to our knowledge, no previous study has investigated the environmental effects

underlying associ ations between the plasma proteome and fluctuationsin BMI, and we
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demonstrate that two proteins are associated (Na(+)/H(+) exchange regulatory cofactor NHE-

RF3 and E-selectin) with fluctuationsin BMI independently of genetic factors.

Finally, only one interaction between baseline BMI and protein levels was positive and
significant in predicting changesin BMI. This interaction involved the protein B cell
differentiation antigen CD72. In individuals with the same protein level, those with a higher
BMI at baseline gained more BMI during adulthood, in addition to the individual effect of
baseline BMI on changesin BMI. To the best of our knowledge, no previous studies have
reported the B cell differentiation antigen CD72 protein to be associated with changesin BMI

aone, or to interact with baseline BMI.

The current study has several strengths. The longitudinal data derived from atwin cohort
with five BMI measurements enabled the characterization of BMI trajectories with ahigh
level of depth. To date, and to the best of our knowledge, our study represents the longest
follow-up period of any proteomic study investigating changes and fluctuations in BMI.
Moreover, the data used in the study is broadly representative of the general population, even
though the sample is enriched for persons with hypertension However, it isimportant to note
that our study faces limitations. The most significant limitation is the relatively small sample
size, which may have reduced the statistical power of the study and increased the uncertainty
of the estimates obtained. Furthermore, since protein levels were measured only once, we
could not study temporal changesin protein expression. Finally, BMI isameasurethat is less
informative about a person’s obesity status than other measures such as body fat mass or
adiposity. Nevertheless, the collection of more sophisticated measurements of body fat is

challenging within the scope of long-term observational studies.
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Conclusion

The current study identified numerous associations between long-term changes and
fluctuation in BMI with various cardiometabolic and inflammation-related protein levels.
These proteins may be of interest to identify individuals whose BMI may increase sharply
over time. Finally, our findings suggest that genetic factors are not the only drivers of the
associations between the blood plasma proteome and BMI trajectories but highlight the role
of the environment in shaping the long-term BMI change and its link with older age
proteome. While this study focused on adults, more longitudinal studies of weight change and
the associated proteins in children and adolescents are needed. Follow-up studies starting at
earlier ages would enable the identification of proteins that could serve as markers for

monitoring and preventing the development of obesity from a young age.

Data Availability Statement: The Finnish Twin Cohort data used in the analysisis
deposited in the Biobank of the Finnish Institute for Health and Welfare
(https://thl.fi/en/web/thl-biobank/forresearchers). It is available to researchers after written

application and following the relevant Finnish legislation.

Code availability: All R scripts are available from the corresponding authors.

Acknowledgements: Not applicable.

Author contributions: The study design was developed and discussed by AO, GD and JK.

The statistical analyses were performed by AO. The phenotype data was processed by AO

and proteomic data processing was performed by GD. JK, XW, MO, participated in the data

collection. Polygenic risk scores were calculated by TP. AO wrote the original manuscript.


https://doi.org/10.1101/2025.01.28.25321236
http://creativecommons.org/licenses/by-nc-nd/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2025.01.28.25321236; this version posted January 28, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY-NC-ND 4.0 International license .

AO, GD, XK, XW, MO, TP and KS participated in the improvement of the manuscript by

criticaly revising it and read and approved the final version of the manuscript.

Competing interests: The authors declared no potential conflicts of interest with respect to

the research, authorship, and/or publication of this article.

Funding: AO, KS, JK have been supported by the European Union’s Horizon Europe
Research and Innovation programme under Grant Agreement number 101080117
(BETTERA4U). Views and opinions expressed are however those of the author(s) only and do
not necessarily reflect those of the European Union. Neither the European Union nor the
granting authority can be held responsible for them. The FTC has been supported by the
Academy of Finland (grants 312073 & 336832 to Jaakko Kaprio and 297908 to Miina
Ollikainen) and the Sigrid Juselius Foundation (to Miina Ollikainen). The Essential
Hypertension Epigenetics study was supported by NIH/NHLBI grant HL104125 to Xiaoling

Wang.

References

1. World Health Organization. (2021, June 21). Obesity and overweight.
https://www.who.int/news-room/fact-sheets/detail/obesity-and-overweight
2. Maes, H. H., Nede M. C,, & Eaves, L. J. (1997). Genetic and environmental factorsin
relative body weight and human adiposity. Behavior genetics, 27, 325-351.
3. Yang, R, Yu, J, Luo, C. et al. Correlations and consistency of body composition
measurement indicators and BMI: a systematic review. Int J Obes 49, 4-12 (2025).

https://doi.org/10.1038/s41366-024-01638-9



https://doi.org/10.1101/2025.01.28.25321236
http://creativecommons.org/licenses/by-nc-nd/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2025.01.28.25321236; this version posted January 28, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY-NC-ND 4.0 International license .

4. Guo, S. S, Wu, W., Chumlea, W. C., & Roche, A. F. (2002). Predicting overweight and
obesity in adulthood from body mass index values in childhood and adolescence. The
American journal of clinical nutrition, 76(3), 653-658.

5. Rubino, F., Cummings, D. E., Eckel, R. H., Cohen, R. V., Wilding, J. P., Brown, W. A.,
... & Mingrone, G. (2025). Definition and diagnostic criteria of clinical obesity. The
Lancet Diabetes & Endocrinology.

6. Drouard, G., Hagenbeek, F. A., Ollikainen, M., Zheng, Z., Wang, X., FinnGen, ... &
Kaprio, J. (2024). Twin study provides heritability estimates for 2,321 plasma proteins

and assesses missing SNP heritability. medRxiv, 2024-04.

7. Liao, J., Goodrich, J.A., Chen, W. et al. Cardiometabolic profiles and proteomics
associated with obesity phenotypes in alongitudinal cohort of young adults. Sci Rep

14, 7384 (2024).

8. Festa, A., D'Agostino Jr, R., Williams, K., Karter, A. J., Mayer-Davis, E. J., Tracy, R.
P., & Haffner, S. M. (2001). The relation of body fat mass and distribution to markers

of chronic inflammation. International journal of obesity, 25(10), 1407-1415.

9. Gregor, M. F., & Hotamidligil, G. S. (2011). Inflammatory mechanisms in obesity.

Annual review of immunology, 29, 415-445.

10. Sun, B.B., Chiou, J., Traylor, M. et al. Plasma proteomic associations with genetics and
health in the UK Biobank. Nature 622, 329-338 (2023). https://doi.org/10.1038/s41586-

023-06592-6

11. Geyer, P. E., Wewer Albrechtsen, N. J., Tyanova, S., Grassl, N., lepsen, E. W.,
Lundgren, J., ... & Mann, M. (2016). Proteomics reveals the effects of sustained

weight loss on the human plasma proteome. Molecular systems biology, 12(12), 901.


https://doi.org/10.1101/2025.01.28.25321236
http://creativecommons.org/licenses/by-nc-nd/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2025.01.28.25321236; this version posted January 28, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY-NC-ND 4.0 International license .

12. Cominetti, O., NUfiez Galindo, A., Corthésy, J., Vasesia, A., Irincheeva, |.,
Kussmann, M., Saris, W. H. M., Astrup, A., McPherson, R., Harper, M. E., Dent, R.,
Hager, J., & Dayon, L. (2018). Obesity shows preserved plasma proteomein large

independent clinical cohorts. Scientific reports, 8(1), 16981.

13. Oller Moreno, S., Cominetti, O., Nufiez Galindo, A., Irincheeva, 1., Corthésy, J.,
Astrup, A., ... & Dayon, L. (2018). The differential plasma proteome of obese and
overweight individuals undergoing a nutritional weight loss and maintenance

intervention. PROTEOMICS—Clinical Applications, 12(1), 1600150.

14. Goudswaard, L. J., Smith, M. L., Hughes, D. A., Taylor, R., Lean, M., Sattar, N.,
Welsh, P., McConnachie, A., Blazeby, J. M., Rogers, C. A., Suhre, K., Zaghlool, S.
B., Hers, I., Timpson, N. J., & Corbin, L. J. (2023). Using trials of caloric restriction
and bariatric surgery to explore the effects of body mass index on the circulating
proteome. Scientific reports, 13(1), 21077. https://doi.org/10.1038/s41598-023-

47030-x

15. Figarska, S. M., Rigdon, J., Ganna, A., EImstahl, S, Lind, L., Gardner, C. D., &
Ingelsson, E. (2020). Proteomic profiles before and during weight loss: Results from

randomized trial of dietary intervention. Scientific Reports, 10(1), 7913.

16. Josse, A. R,, Atkinson, S. A., Tarnopolsky, M. A., & Phillips, S. M. (2011).
Increased consumption of dairy foods and protein during diet- and exercise-induced
weight loss promotes fat mass loss and lean mass gain in overweight and obese
premenopausal women. The Journal of Nutrition, 141(9), 1626-1634.

https://doi.org/10.3945/jn.111.139972.


https://doi.org/10.1101/2025.01.28.25321236
http://creativecommons.org/licenses/by-nc-nd/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2025.01.28.25321236; this version posted January 28, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY-NC-ND 4.0 International license .

17. Phillips, S. M., & Joyner, M. J. (2019). Out-running 'bad' diets: Beyond weight |0ss,
thereis clear evidence of the benefits of physical activity. British Journal of Sports

Medicine, 53(14), 854-855. https://doi.org/10.1136/bjsports-2018-100226.

18.Lee, H. S, & Lee, J. (2021). Effects of exercise interventions on weight, body mass
index, lean body mass and accumulated visceral fat in overweight and obese
individuals: A systematic review and meta-analysis of randomized controlled trials.
International Journal of Environmental Research and Public Health, 18(5), 2635.

https://doi.org/10.3390/ijerph18052635

19. Franz, M. J., VanWormer, J. J., Crain, A. L., et a. (2007). Weight-loss outcomes: A
systematic review and meta-analysis of weight-loss clinical trials with aminimum 1-

year follow-up. American Journal of Clinical Nutrition, 86(3), 573-581.

20. Mann, T., Tomiyama, A. J., Westling, E., et a. (2007). Medicare's search for effective

obesity treatments: Diets are not the answer. American Psychol ogist, 62(3), 220-233.

21. Kim, M. K., Han, K., Park, Y. M., Kwon, H. S,, Kang, G., Yoon, K. H., & Lee, S. H.
(2018). Associations of variability in blood pressure, glucose and cholesterol
concentrations, and body mass index with mortality and cardiovascular outcomesin

the general population. Circulation, 138(23), 2627-2637.

22. Chai, D., Choi, S, & Park, S. M. (2019). Impact of weight variability on mortality
among Korean men and women: a population based study. Scientific Reports, 9(1),

9543.

23. Obeso, A., Drouard, G., Jelenkovic, A. et al. Genetic contributions to body mass

index over adolescence and its associations with adult weight gain: a 25-year follow-


https://doi.org/10.1101/2025.01.28.25321236
http://creativecommons.org/licenses/by-nc-nd/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2025.01.28.25321236; this version posted January 28, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.

24.

25.

26.

27.

28.

29.

It is made available under a CC-BY-NC-ND 4.0 International license .

up study of Finnish twins. Int J Obes (2024). https://doi.org/10.1038/s41366-024-

01684-3

Silventoinen, K., Li, W., Jelenkovic, A. et al. Changing genetic architecture of body
mass index from infancy to early adulthood: an individual based pooled analysis of 25

twin cohorts. Int J Obes 46, 1901-1909 (2022). https://doi.org/10.1038/s41366-022-

01202-3

Elks, C. E., den Hoed, M., Zhao, J. H., Sharp, S. J., Wareham, N. J,, Loos, R. J., &
Ong, K. K. (2012). Variability in the heritability of body massindex: a systematic
review and meta-regression. Frontiers in endocrinology, 3, 29.

https://doi .org/10.3389/fendo.2012.00029

Hjelmborg, J. V., Fagnani, C., Silventoinen, K., McGue, M., Korkeila, M.,
Christensen, K., ... & Kaprio, J. (2008). Genetic influences on growth traits of BMI: a

longitudinal study of adult twins. Obesity, 16(4), 847-852.

Yengo, L., Sidorenko, J., Kemper, K. E., Zheng, Z., Wood, A. R., Weedon, M. N,, ...
& Giant Consortium. (2018). Meta-analysis of genome-wide association studies for
height and body mass index in~ 700000 individuals of European ancestry. Human

molecular genetics, 27(20), 3641-3649.

Choi, SW., Mak, T.SH. & O'Rellly, P.F. Tutoria: a guide to performing polygenic
risk score analyses. Nat Protoc 15, 27592772 (2020).

https://doi.org/10.1038/s41596-020-0353-1

Holmes, M. V., Lange, L. A., Pamer, T., Lanktree, M. B., North, K. E., Almoguera,

B., ... & Kedting, B. J. (2014). Causal effects of body mass index on cardiometabolic


https://doi.org/10.1101/2025.01.28.25321236
http://creativecommons.org/licenses/by-nc-nd/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2025.01.28.25321236; this version posted January 28, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.

30.

31.

32.

33.

34.

35.

It is made available under a CC-BY-NC-ND 4.0 International license .

traits and events. a Mendelian randomization analysis. The American Journal of

Human Genetics, 94(2), 198-208.

Pang, Y., Kartsonaki, C., Lv, J., Fairhurst-Hunter, Z., Millwood, 1. Y., Yu,C,, ... &
Chen, Z. (2021). Associations of adiposity, circulating protein biomarkers, and risk of

major vascular diseases. JAMA cardiology, 6(3), 276-286.

Kaprio, J., Bollepalli, S., Buchwald, J., Iso-Markku, P., Korhonen, T., Kovanen, V., ...
& Waller, K. (2019). The older Finnish Twin Cohort—45 years of follow-up. Twin

Resear ch and Human Genetics, 22(4), 240-254.

Drouard, G., Ollikainen, M., Mykkanen, J., Raitakari, O., Lehtiméki, T., Kédhonen,
M., ... & Kaprio, J. (2022). Multi-omics integration in atwin cohort and predictive
modeling of blood pressure values. OMICS: A Journal of Integrative Biology, 26(3),

130-141.

Tuomela, J., Kaprio, J., Spilg, P. N., Silventoinen, K., Wang, X., Ollikainen, M., &
Piirtola, M. (2019). Accuracy of self-reported anthropometric measures—Findings

from the Finnish Twin Study. Obesity research & clinical practice, 13(6), 522-528.

Kujala, U. M., Palviainen, T., Pesonen, P., Waller, K., Sillanpé4, E., Niemea, M.,
Kangas, M., Vaha Y py4, H., Sievanen, H., Korpelainen, R., Jamsa, T., Mannikko, M.,
& Kaprio, J. (2020). Polygenic Risk Scores and Physical Activity. Medicine and

science in sports and exercise, 52(7), 1518-1524.

Price, A. L., Patterson, N. J.,, Plenge, R. M., Weinblatt, M. E., Shadick, N. A., &
Reich, D. (2006). Principal components analysis corrects for stratification in genome-

wide association studies. Nature genetics, 38(8), 904-909.


https://doi.org/10.1101/2025.01.28.25321236
http://creativecommons.org/licenses/by-nc-nd/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2025.01.28.25321236; this version posted January 28, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY-NC-ND 4.0 International license .

36. Pinheiro, J., & Bates, D. (2006). Mixed-effects modelsin Sand SPLUS Springer

science & business media

37.Lind, L., Figarska, S., Sundstrom, J., Fall, T., Arnldv, J., & Ingelsson, E. (2020).
Changes in proteomic profiles are related to changes in BM1 and fat distribution
during 10 years of aging. Obesity, 28(1), 178-186.

38. Drouard, G., Hagenbeek, F. A., Whipp, A. M., Pool, R., Hottenga, J. J., Jansen, R., ...
& Kaprio, J. (2023). Longitudinal multi-omics study reveals common etiology
underlying association between plasma proteome and BMI trajectories in adolescent

and young adult twins. BMC medicine, 21(1), 508.


https://doi.org/10.1101/2025.01.28.25321236
http://creativecommons.org/licenses/by-nc-nd/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2025.01.28.25321236; this version posted January 28, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY-NC-ND 4.0 International license .

Table 1. Descriptive and trgjectories information of Older Finnish Twin Cohort by sex.

Caption: Age, height, weight and BMI mean values for each wave among with BMI
tragjectories (i.e Slope and Intercept) are displayed along with the standard deviation, and the

Males (n=118) Females (n=186) p value
Mean SD Mean SD
Wave 1 (1975)

Age 24 3,65 24 3,73 0,57
Height 1,78 0,06 1,63 0,05 <2,00E-16
Weight 70 10,82 55 6,9 <2,00E-16

BMI 22,34 2,84 20,24 2,53 1,10E-09

Wave 2 (1981)

Age 30,11 3,6 30,13 3,75 0,95
Height 1,78 0,06 1,63 0,05 <2,00E-16
Weight 75,5 11,67 56 7,18 <2,00E-16

BMI 23,63 31 21,06 2,79 3,41E-09

Wave 3 (1990)

Age 39,34 3,54 38,92 3,75 0,22
Height 1,78 0,06 1,63 0,05 <2,00E-16
Weight 80 13,01 60 8,82 <2,00E-16

BMI 24,89 3,5 22,22 3,39 1,92E-10

Wave 4 (2011)

Age 60,15 3,59 60,14 3,81 0,86
Height 1,78 0,06 1,62 0,05 <2,00E-16
Weight 84,5 14,44 67 11,43 <2,00E-16

BMI 26,75 4,01 24,91 4,31 3,78E-05

Wave5 (2015)

Age 62,19 3,83 62,41 3,83 0,08
Height 1,77 0,07 1,61 0,05 <2,00E-16
Weight 86,25 15,27 68 12,96 <2,00E-16

BMI 27,61 4,51 25,97 511 4,34E-03

BMI trajectories
Slope 0,13 0,06 0,14 0,08 4,28E-04
Intercept 22,54 2,84 20,73 2,53 4,79E-08

p value obtained from t-test to assess sex differences. Abbreviations: SD= standard
deviation.
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Table 2: Proteins showing a significant association with fluctuation in BMI after carrying

out smple linear mixed effects.

p value Protein
Protein Description Protein ID Estimate| SE | Nominal | Bonferroni panel
Leptin P41159 0,46 |0,08| 2,30E-08 = 2,84E-05 | Cardiometabolic
Interleukin-1 receptor antagonist protein P18510 0,7 0,12| 2,41E-08 | 2,97E-05 | Inflammation
Fatty acid-binding protein, adipocyte P15090 0,8 |015| 3,61E-07 @ 4,45E-04 | Cardiometabolic
Angiopoietin-related protein 4 Q9BY 76 1,13 |0,23| 9,69E-07 | 1,19E-03 | Inflammation
Disintegrin and metalloproteinase domain-
containing protein 12 043184 094 |0,19| 1,99E-06 @ 2,45E-03 | Inflammation
Na(+)/H(+) exchange regulatory cofactor
NHE-RF3 Q5T2w1 059 |0,13| 3,55E-06 | 4,37E-03 Inflammation
Growth/differentiation factor 15 Q99988 1,03 |0,22| 3,85E-06 | 4,74E-03 |Cardiometabolic
Bile salt sulfotransferase Q06520 0,51 |0,11| 8,00E-06 @ 9,86E-03 | Inflammation
2-iminobutanoate/2-iminopropanoate
deaminase P52758 0,62 |0,14| 8,24E-06 | 1,02E-02 | Inflammation
Coiled-coil domain-containing protein 80 | Q76M96 1,03 |0,23| 8,33E-06 | 1,03E-02 |Cardiometabolic
Interleukin-10 receptor subunit beta Q08334 15 0,34| 1,30E-05 | 1,61E-02 | Inflammation
Aflatoxin B1 aldehyde reductase member
4 Q8NHP1 0,43 01| 1,41E-05 1,74E-02 Inflammation
Pterin-4-alpha-carbinolamine dehydratase | P61457 0,67 |0,15| 1,71E-05 | 2,11E-02 | Inflammation
Scavenger receptor cysteine-rich type 1
protein M130 Q86VB7 0,85 |0,19| 1,74E-05 | 2,14E-02 |Cardiometabolic
Pantetheinase 095497 0,53 |0,12| 2,05E-05 | 2,52E-02 | Inflammation
Glutathione S-transferase A1 P08263 0,34 |0,08| 2,27E-05 | 2,79E-02 | Cardiometabolic
E-selectin P16581 0,68 |0,16| 3,60E-05 | 4,43E-02 |Cardiometabolic
Caption: Significant association results displayed from the use of LME model:

BMI_fluctuation ~ Sex + Age at blood sample + Protein + (1|Family I1D) with the fluctuations
in BMI as an outcome, the protein level, sex and the age when the blood sample was taken as
fixed effects. Estimate, standard error, nominal p value and p value after Bonferroni
correction are displayed for the proteins (characterised by the protein ID, protein description

and belonging panel) that showed significant association with BMI

Abbreviations; SE: Standard error.

fluctuation.
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Table 3: Linear mixed-effects models to assess associations of BMI changes with
interactions between the BMI baseline and the proteins previously appeared to be
significantly associated with the changesin BMI.

Protein description BM | baseline
Estimate SE p value Bonferroni
B-cell differentiation antigen CD72 0,004 0,001 7,47E-03 1

Caption:  Significant association results displayed from the use of LME model:
Change BMI ~ Sex + Age a blood sample + Protein + Protein:Baseline BMI +
Baseline BMI + (1|Family ID) where changes in BMI is the outcome and the protein level at
PRS~62 years old, the age of blood sampling the baseline BMI (~24 years old) and the
interaction between protein level and the baseline BMI were fixed effects. Abbreviations:
SE: Standard error.
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Figures

Figure 1: Spaghetti plot of individual BMI changes over time. Caption: BMI has been self-

reported in 5 different waves comprising a 42-year period

Figure 2: Graphica illustration of interactions between plasma protein levels with BMI
baseline in predicting BMI changes during adulthood. Caption: Graphical illustration of the
association between changes in BMI during adulthood (from ~24 to ~62 years old of age) and
the interaction between protein B cell differentiation antigen CD72 and BMI baseline (at ~24

years old) (interaction coefficient: 0.01, p=0.05)

Supplementary Figure 1: Graphical illustration of the distribution of Polygenic risk score of
body mass index of the samples included in the study (N=305). Caption: Density plot of the
Polygenic risk score of BMI of the individuals of the older Finnish twin cohort included in the

study (N=305). Abbreviations: BMI: Body mass index; PRS: Polygenic risk score.

Supplementary Figure 2: Graphical illustration of the distribution of Polygenic risk score of
body mass index of the sample not included in the study (N=175). Caption: Density plot of the
Polygenic risk score of BMI of the individuals of the older Finnish twin cohort not included in

the study (N=175). Abbreviations. BMI: Body mass index; PRS: Polygenic risk score.
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