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Abstract
Objective: Serum protein concentrations are diagnostically and prognostically valuable in cancer and other diseases,
but their measurement via blood test is uncomfortable, inconvenient, and costly. This study investigates the possibility of
predicting albumin, globulin, and albumin-globulin ratio from easily accessible physical characteristics (height, weight,
Body Mass Index, age, gender) and vital signs (systolic blood pressure, diastolic blood pressure, mean arterial pressure,
pulse pressure, pulse) using advanced machine learning techniques. Methods: We obtained albumin concentration,
globulin concentration, albumin-globulin ratio and predictor information (physical characteristics, vital signs) from
physical exam records of 46,951 healthy adult participants in Hangzhou, China. We trained a computational model to
predict each serum protein concentration from the predictors and then evaluated the predictive accuracy of each model
on an independent portion of the dataset that was not used in model training. We also determined the relative importance
of each feature within the model. Results: Prediction accuracies were r=0.540 (95% CI: 0.539-0.540; Pearson r) for
albumin, r=0.250 (95% CI: 0.249-0.251) for globulin, and r=0.373 (95% CI: 0.372-0.374) for albumin-globulin ratio.
The most important predictive features were age (100% ± 0.0%; mean ± 95% CI of normalized importance), gender
(34.4% ± 0.7%), pulse (25.6% ± 1.3%) and Body Mass Index (24.4% ± 2.3%) for albumin, pulse (83.7% ± 3.8%) for
globulin, and age (99.2% ± 1.0%), gender (59.2% ± 1.7%), Body Mass Index (46.1% ± 4.2%) and height (40.0% ±
3.8%) for albumin-globulin ratio. Conclusions: Our models predicted serum protein concentrations with appreciable
accuracy showing the promise of this approach. Such models could serve to augment existing tools for identifying
“at-risk” individuals for follow-up with a blood test.
Keywords:Anthropometry- blood pressure- pulse- health screening- blood biomarker prediction
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Introduction
Clinical blood panels that measure albumin and
globulin proteins in blood serum are valuable diagnostic
and prognostic tools. Albumins function to maintain
osmotic pressure (Busher, 1990) and transport materials
throughout the bloodstream (He et al., 2017a). Low
albumin levels are a symptom of cancers, as well as liver
disease, kidney disease, inflammation, and malnutrition;
they are further associated with increased risk of general
and cardiovascular mortality (Goldwasser and Feldman,
1997). Globulins function as enzymes, carrier proteins,
and immune cells (Busher, 1990). Similar to albumins,
low globulin levels are a symptom of liver disease,
kidney disease, and malnutrition (Teloh, 1978; Busher,
1990). High globulin levels are a symptom of chronic

inflammation, acute infections, and some cancers
including multiple myeloma and lymphoma (Busher,
1990). Albumin-globulin ratio (AGR), which is calculated
as albumin / (total protein – albumin), is considered to be a
strong prognostic tool for many cancers, as it combines the
effectiveness of both albumin and globulin in predicting
survival outcomes, particularly where solid tumors are
involved (He et al., 2017a). Despite the immense relevance
of these biomarkers to cancers and other diseases, barriers
to blood testing (e.g., expense, discomfort, inconvenience)
limit their routine use in most people. Homeostatic
imbalances therefore go undetected until diseases progress
to more advanced stages.
This problem could be addressed by creating
computational models that predict these serum protein
concentrations from easily accessible patient characteristics
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(e.g., physical features and vital signs). Such data-driven
tools are becoming possible with the recent proliferation
of large clinical datasets of electronic health records (‘Big
Data’); such datasets have several advantages. First, they
encompass a clinically diverse sample of the overall
population rather than disease-specific patient groups
typical of clinical studies (Obermeyer and Emanuel,
2016). Findings should therefore generalize well to all
patients. Second, such datasets collect a plethora of
variables without prior specific hypotheses for their use.
This allows hypotheses to be generated and tested after
data collection has taken place, and it facilitates the
identification of new variables for explaining complex
biological systems (hypothesis-generating research)
(Hulsen et al., 2019). Third, large datasets provide the
requisite statistical power for identifying subtle relation
between variables.
Physical features and vital signs have known
associations with albumin, globulin, and AGR. In terms
of physical characteristics, albumin levels decrease and
globulin levels increase with age, and so AGR decreases
as individuals age (Bender et al., 1975; Eustace et al.,
2004; Montazerghaem et al., 2014). Furthermore, Body
Mass Index (BMI) and AGR are positively correlated.
This relation holds true in tuberculosis and cancer patients
with low BMI, as they also have lower AGR (Sultan et al.,
2012; Zhou et al., 2016). In terms of vital signs, there is
only limited research on the associations between serum
albumins or globulins with measures of cardiac health
such as heart rate and blood pressure. There seems to be
no relation between heart rate and serum albumin levels
(Uthamalingam et al., 2010). However, serum albumin
levels are elevated in patients with high blood pressure
(Salako et al., 2003; Høstmark et al., 2005; Uthamalingam
et al., 2010), even though albumin is negatively associated
with cardiovascular disease. It has been suggested that
albumin and blood pressure affect cardiovascular health
through different and unrelated mechanisms (Høstmark
et al., 2005). Little is known about the association of
globulins with heart rate and blood pressure, and further
research is required in this area.
Modeling the relation between predictive features
and serum proteins will require advanced machine
learning techniques; such techniques have become
practical given recent advances in computational power.
Advanced machine learning algorithms (e.g., multilayer
perceptron) can model complex multi-dimensional and
non-linear relationships between variables; this is not
easily accomplished with traditional statistical techniques
like regression (Mullainathan and Spiess, 2017).
Machine learning algorithms model such relationships
automatically and efficiently, even for highly complex
models with numerous predictors (Mullainathan and
Spiess, 2017). Such algorithms are therefore ideal for
modeling yet-unknown interactions among variables
in complex systems,as in the case of combining the
information contained within physical features and vital
signs to predict serum protein concentrations. In this way,
big data and advanced machine learning techniques could
enable the creation of tools that predict blood contents
with reasonable accuracy. Such tools could be used
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to recommend ‘at-risk’ patients for follow-up or more
frequent blood testing.
This study will investigate the possibility of predicting
albumin concentration, globulin concentration, and
albumin-globulin ratio in blood serum from a set of easily
accessible patient physical features and vital signs. We
will model these relationships in a general population of
Chinese adults. We will do so using advanced machine
learning techniques to facilitate efficient combination of
features. We will then evaluate the predictive accuracy of
each model on a portion of the dataset that was not used
in creating these models. We anticipate that albumin,
globulin and albumin-globulin ratio can be predicted with
reasonable accuracy from physical characteristics (height,
weight, Body Mass Index, age, gender) and vital signs
(systolic blood pressure, diastolic blood pressure, mean
arterial pressure, pulse pressure, pulse) using machine
learning. We will evaluate our findings in the context
of correlations between predictive features and serum
protein concentrations identified in other studies. This
work will help identify practical and accessible features for
inferring serum protein concentrations, which in turn will
help build diagnostic and prognostic tools for identifying
‘at-risk’ individuals who are likely to benefit from further
blood testing.

Materials and Methods
Participants
The present study included 46,951 healthy adult
participants (mean age=40; SD=13.9) as they completed
their routine physical examination at the Health
Management Centre at the Affiliated Hospital of Hangzhou
Normal University. Participants included 42.8% males and
57.2% females. The study was conducted in accordance
with NIH research ethics guidelines and was approved
by Research Ethics Review Committee at the Affiliated
Hospital of Hangzhou Normal University. Participants
provided written informed consent for the use of their
data in this study.
Data Collection Procedure
Participants were seen individually by medical
practitioners. Blood samples were collected using needles
and sample tubes. Demographic information including age
was recorded, height and weight was measured, and pulse
and blood pressure assessed.
Calculations
Age was calculated in years, from the date of birth to
the date of examination. Height was measured using a
stadiometer and recorded in meters. Weight was measured
using a weighing scale and recorded in kilograms.
Measures of height and weight were then used to calculate
Body Mass Index (Equation 1).

Equation 1
Pulse (beats-per-minute) was measured using a
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stethoscope. Blood pressure was measured using a
stethoscope and sphygmomanometer. Measures of blood
pressure were then used to calculate mean arterial pressure
(Equation 2).

Equation 2
Pulse pressure was calculated as the difference
between systolic and diastolic pressures.
Blood Analysis
Blood samples were sent for total serum protein Test,
which measures the amount of protein in each blood
sample including albumin and globulin. This then allowed
for calculations of albumin-globulin ratio.
Data Analysis
Outliers that were 3 standard deviations above or
below the mean were removed from the dataset. Three
independent prediction models were created for albumin,
globulin, and AGR using a multilayer perceptron neural
network (MLPNN). The inputs of this machine learning
algorithm (SPSS, Version 24) were age, Body Mass Index
(BMI), pulse, height, weight, gender, pulse pressure,
mean arterial pressure (MAP), systolic blood pressure,
and diastolic blood pressure. In order to develop the
models, the participant sample was randomly divided into
a training set (70%), testing set (15%), and validation set
(15%). The training and testing sets were used as their
name suggests to train and test prediction models. An

independent validation set was selected to evaluate the
models’ ability to predict serum protein concentrations.
The procedures for training, testing, and validating models
were repeated for 100 iterations for each serum protein to
generate statistical estimates of model performance and
normalized feature importance.
Model performance was calculated as explained
variance (R2) on the validation set. An overall Pearson
correlation (r) was calculated by taking the square root
of the mean explained variance and its 95% confidence
interval across all 100 iterations of each model. In each
iteration, the feature importance function of SPSS was
used to determine the importance of each feature. This
value was normalized against the best-performing feature
to obtain a relative importance (%) for each feature. The
mean normalized importance and its 95% confidence
interval was calculated across all 100 iterations for each
model. A scatterplot was created to plot observed versus
predicted albumin, globulin, and AGR using in the 100th
iteration of each model.

Results
Our study tested the hypothesis that the physical
features and vital signs of age, BMI, gender, systolic
blood pressure, diastolic blood pressure, pulse, height,
weight, MAP, and pulse pressure predict albumin
concentration, globulin concentration and AGR using
MLPNN. The scatterplot in Figure 1 shows the observed
versus predicted albumin levels (g/L) using MLPNN
prediction models. The regression line shows the
correlation between the observed and predicted results
(r=.540; 95% CI: 0.539-0.540; Pearson r). Importance for

Figure 1. Observed and Predicted Albumin Levels (g/L). Each point represents a participant’s albumin level and the
predicted albumin level using age, Body Mass Index, pulse, height, weight, gender, pulse pressure, mean arterial
pressure, systolic blood pressure, and diastolic blood pressure as predictors. A line of best fit is drawn through the
points to illustrate the significant positive correlation between the observed and predicted globulin levels using a
multilayer perceptron neural network. This plot depicts predictions from the 100th iteration of the model.
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Figure 2. Albumin Model Feature Importance. For each of 100 model iterations, feature importance was calculated
and then normalized to the most important feature and expressed as a percentage. Values are the mean normalized
feature importance and its 95% confidence interval across 100 model iterations. BMI, Body Mass Index; MAP, Mean
Arterial Pressure.
the variables in predicting albumin levels are shown in
Figure 2. Across the 100 iterations, age is by far the most
important (contains the most information about albumin
concentration) (mean ± 95% CI: 100% ± 0.0%), followed
by gender (34.4% ± 0.7%), pulse (25.6% ± 1.3%) and BMI
(24.4% ± 2.3%), which were less than half as important.
The scatterplot in Figure 3 shows the observed versus

predicted globulin levels (g/L) using MLPNN prediction
models. The regression line shows the correlation between
the observed and predicted globulin levels (r=0.250; 95%
CI: 0.249-0.251). Contrary to the previous models, the
most important features for predicting globulin was pulse
(a physiological feature) which accounts for the most
information (83.7% ± 3.8%). Gender (63.3% ± 3.2%),

Figure 3. Observed and Predicted Globulin Levels (g/L). Each point represents a participant’s globulin levels and
predicted globulin levels using age, Body Mass Index, pulse, height, weight, gender, pulse pressure, mean arterial
pressure, systolic blood pressure, and diastolic blood pressure as predictors. A line of best fit is drawn through the
points to illustrate the significant positive correlation between the observed and predicted globulin levels using a
multilayer perceptron neural network. This plot depicts predictions from the 100th iteration of the model.
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Figure 4. Globulin Model Feature Importance. For each of 100 model iterations, feature importance was calculated
and then normalized to the most important feature and expressed as a percentage. Values are the mean normalized
feature importance and its 95% confidence interval across 100 model iterations. BMI, Body Mass Index; MAP, Mean
Arterial Pressure.
diastolic blood pressure (54.7% ± 6.1%), height (51.7%
± 5.1%), BMI (50.5% ± 5.0%), systolic blood pressure
(50.3% ± 6.1%), MAP (49.7% ± 5.5%), age (45.8% ±
4.0%), and weight (35.4% ± 5.0%) were about half as
important (Figure 4).
The scatterplot in Figure 5 shows the observed
versus predicted AGR using MLPNN prediction models.

The regression line shows the correlation between the
predicted and observed AGR (r=.373; 95% CI: 0.3720.374). Similar to albumin alone, age was once again the
most important (99.2% ± 1.0%). Gender (59.2% ± 1.7%)
and BMI (46.1% ± 4.2%) were also top features, as is
height (40.0% ± 3.8%); they were approximately half as
important as age. Unlike with albumin, pulse (24.9% ±

Figure 5. Observed and Predicted Albumin-Globulin Ratio (AGR). Each point represents a participant’s AGR and
the predicted AGR using age, Body Mass Index, pulse, height, weight, gender, pulse pressure, mean arterial pressure,
systolic blood pressure, and diastolic blood pressure as predictors. A line of best fit is drawn through the points to
illustrate the significant positive correlation between the observed and predicted AGR using a multilayer perceptron
neural network. This plot depicts predictions from the 100th iteration of the model.
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Figure 6. Albumin-Globulin Ratio (AGR) Model Feature Importance. For each of 100 model iterations, feature
importance was calculated and then normalized to the most important feature and expressed as a percentage. Values
are the mean normalized feature importance and its 95% confidence interval across 100 model iterations. BMI, Body
Mass Index; MAP, Mean Arterial Pressure.
2.1%) is no longer a top feature (Figure 6).

Discussion
In this study, we created computational models for
predicting albumin concentration, globulin concentration,
and AGR using the physical features and vital signs of
age, BMI, pulse, weight, height, systolic blood pressure,
diastolic blood pressure, pulse pressure, and MAP. Based
upon the results of the present study, it is reasonable to
suggest that albumin and AGR can both be predicted well
using these variables.
We were best able to predict albumin levels in this
study. Since albumin is produced in the liver, it is not
surprising that physical features and vital signs associated
with liver health, namely age, weight, and gender held
greater weight in the model. External stressors begin
taking a greater toll on the body as people age (Kim
et al., 2015), and this is associated with increased risk
for major diseases including cancers, cardiovascular
disorders, and neurodegenerative diseases (López-Otín
et al., 2013). Liver volume and blood flow decrease
with age (Wynne et al., 1989; Zoli et al., 1999); hence,
production of albumin decreases with age. Furthermore,
there is a relation between albumin levels and weight.
For instance, albumin concentration is associated with
weight loss in cancer patients (McMillan et al., 2001) and
serum albumin levels collected at admission to a hospital
can predict weight loss in children during their stay
(Quadros et al., 2019). Albumin is also a useful indicator
of nutritional status. As such, the strong link between
weight and albumin is not surprising. Furthermore, it has
been suggested that the immune response during illness
uses amino acids from available proteins (including
albumin) to synthesize acute-phase proteins (McMillan
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et al., 2001). Hence, serum albumin levels may decrease
during illness. The present study found that gender was
important for predicting albumin levels. Although there
is limited research in Chinese adults, a study conducted
in the United Kingdom may explain why gender impacts
albumin levels. It appears that females between the ages of
20 and 50 in the United Kingdom tend to have lower serum
albumin levels than males; researchers have attributed this
to the use of oral contraceptives (Weaving et al., 2016).
However, the applicability of this finding to the Chinese
females in our study may differ, since pharmaceutical
and oral contraceptive use may differ between the two
countries.
The model predicting globulin concentration was less
successful than models predicting albumin concentration
and AGR. Since globulin is comprised of many different
proteins including enzymes, carrier proteins, and
immunoglobins, its’ roles within the body are much
more diverse. We did not have additional indicators (e.g.,
indicators of immune status) that could help us account
for these factors in our work, and so accurately predicting
immunoglobin levels was a challenge. There is evidence
that in rare cases, immunoglobin therapy can result in
arrhythmia, hypotension, and renal impairment (Guo et al.,
2018). However, this link is not well understood. Further
research may be warranted in this area.
AGR is calculated from albumin and globulin
concentrations, and so the predictability of AGR from the
same physical features and vital signs should be within the
range of predictability as indicated through the albumin
and globulin models. Previous research has shown that
AGR is a better predictor of mortality than albumin level
alone (Azab et al., 2013), so the utility of this measure
is high compared to albumin alone. In fact, healthy
individuals with low AGR as a result of underproduction
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of albumin and over production of globulin have a
higher risk for major cancer types, especially liver and
hematological cancers (Suh et al., 2014). In cancer
patients, low AGR predicts poorer survival outcomes (He
et al., 2017a) and is associated with older age (Bi et al.,
2016; He et al., 2017b; Wang et al., 2019) and lower BMI
(Bi et al., 2016; Zhou et al., 2016; He et al., 2017b; Wang
et al., 2019). In rare cases, AGR may be high, indicating
an underproduction of immunoglobulins typically
characteristic of leukemia patients. However, this may also
simply reflect dehydration. AGR is further associated with
other health conditions such as heart failure, cirrhosis, liver
malfunction, nephrotic syndrome, autoimmune diseases,
chronic inflammation (Duran et al., 2014), and rheumatoid
arthritis (Lefkovits and Farrow, 1955).
Overall, our research shows that physical features and
vital signs are useful predictors albumin concentration,
globulin concentration, and AGR, which in turn are useful
predictors of health status and outcomes. These predictors
can be obtained quickly, easily and non-invasively with
readily available tools; such models could therefore be
useful tools for inferring health status and prognostic
outcomes. ‘At-risk’ patients could then be referred for
more in-depth follow-up with a medical professional.
The present study uniquely employs larger sample
size than previously used (He et al., 2017a; Wang et al.,
2019), and this has likely contributed to the creation of
robust models in the current study.
Although this research has clear benefits, there are
some limitations to the study. Firstly, the participants
were recruited from a specific hospital associated with
Hangzhou Normal University in China. Further, the
majority of participants were ethnically Chinese. To
ensure generalizability of the present study beyond this
population, it will be important to reproduce these results
using participants from other ethnic backgrounds and
socio-cultural settings. Future studies could also validate
these models in specific disease populations to ensure that
they generalize.
There is significant opportunity to further increase
the prediction accuracy of these models. One way is by
adding features containing additional information about
serum protein concentrations. Novel digital ‘biomarkers’
like continuous physiological information measured by
wearables or contactless technologies (Luo et al., 2019)
could constitute at least one non-invasive yet robust source
of information to investigate in future studies. Prediction
accuracy could be further improved by optimizing the
machine learning algorithm that is used to create the model.
While a specific algorithm type (e.g., neural network,
random forest, support vector machine) may be well suited
to a certain prediction task (Marsland, 2015), the optimal
algorithm for any task (and its ‘hyperparameters’) must be
determined empirically. Future studies should determine
the algorithm and hyperparameters that maximize model
performance.
List of Abbreviations
AGR
albumin-globulin ratio
BMI
Body Mass Index
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standard deviation

MAP
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mean arterial pressure
multilayer perceptron neural network
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