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Summary

A potential new way of defining the risk of malnutrition and

its correlation with biological age

Malnutrition is a common underdiagnosed condition worldwide both in
hospital and outpatient settings. It is associated with higher levels of
complications and mortality, poorer outcomes and higher hospital costs.
Thanks to various initiatives in the field of nutrition, new screening and
assessment methods for the detection of malnutrition are constantly being
developed, which are intended to be time-saving and convenient.
However, there is evidence of them being not sufficiently implemented in
medical practice. With our pilot study, we hope to develop a new idea to
address this problem. The idea of ​​automating nutritional screening seems
attractive and could help healthcare facilities around the world not to
underestimate the importance of diagnosing malnutrition.
By analysing routinely done blood tests on patients, the results of their
nutritional screening and relying on literature data, we have developed a
pilot formula that allows us to estimate the risk of malnutrition in a patient.
While our results do not yet report the formula results being as sensitive as
existing screening or assessment methods, however, it is a promising and
prospective direction for the effective diagnosis of malnutrition.

The correlation of malnutrition not only with blood parameters, but also
with patient age, was an area of interest to me. Existing studies indicate a
more relevant biological age for predicting morbidity and mortality, which
differs from the chronological age due to changes at the cellular and
molecular level. Assuming that this indicator correlates better with the
presence of malnutrition, in the second part of the thesis an analysis of this
relationship was performed. The results obtained give the impression of a
correlation between biological age and malnutrition, which also opens up
new horizons for the research in this field.
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Introduction

Malnutrition in hospitalised patients remains a significant problem leading

to more frequent complications, poorer outcomes and increased hospital

costs.1 According to various data, it affects 19-60% of hospitalised

patients.2 Unfortunately, malnutrition and its associated risk remain a very

challenging problem in many health institutions around the world, mainly

because of being underdiagnosed and unrecognised.3 The main

consequences of malnutrition on physiological functions are the decline in

muscle function and muscle mass, reduction in cardiac muscle mass,

changes in pancreatic exocrine function, intestinal blood flow,

psychosocial effects, etc.4 All of these have a significant impact on clinical

outcome. Malnutrition in healthcare facilities can stem from a variety of

factors, some of the main reasons are disease-related problems (decreased

appetite, difficulty eating, or increased nutritional requirements), limited

choice of hospital food, malabsorption/maldigestion problems, inadequate

training or awareness of the importance of nutrition among healthcare

staff, etc.5

Many screening and assessment tools to detect malnutrition have been

created, each with its own advantages and disadvantages. However, in

practice, the importance of their performance is either underestimated or

possibly there is a lack of knowledge about malnutrition in a healthcare

facility in general, as it was mentioned above.6

The structure of screening and assessment tools (MUST, NRS-2002,

GLIM, SGA) was designed in such a way that their use was the least

time-consuming for medical personnel, although human factors plays a
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role, and it is still no tool of choice or gold standard that is recognised

worldwide as the most effective. However, there are numerous studies

comparing different screening and assessment methods and many of them

agree that SGA is the most sensitive method.7,8

However, SGA performance requires effort and time, perhaps not much

for an individual patient, but in the case of a mass assessment of the entire

ward, department or hospital, it can be very time consuming.

How else can malnutrition be detected, without taking up medical staff

time and still being strong enough to detect malnourished patients? Due to

the above, the idea of automating the detection of malnutrition could be

very helpful and perspective. Automated screening/assessment tools could

work quickly and efficiently with a large number of patients, helping

healthcare staff to identify individuals at risk of malnutrition in a timely

manner. This would lead to earlier interventions and improved outcomes.

However, the implementation of malnutrition screening scales usually

requires an interview with each patient so their performance is unlikely to

be automated and performed by, for instance, a computer or AI.

In contrast to malnutrition screening tools, blood tests are routinely

performed on almost all inpatients and we know that some blood

parameters can be correlated with malnutrition. Therefore, the system of

detecting malnutrition using some blood parameters could be a

time-saving and effective way to solve the problem. However, the

existence of a single parameter that reflects the risk of malnutrition is still

questionable. Therefore, we came up with the idea of considering the

combination of blood parameters that could reflect the risk or presence of

existing malnutrition.
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This thesis additionally analyses an idea of malnutrition correlates not only

with blood parameters, but also with the patients’ age. It is also worth

noting that there is currently a perspective of defining not only a

chronological age but also a biological one, and that this theory is now

widely studied. The following investigation of a possible correlation

between biological age and malnutrition is presented in Part 2 of this

thesis.

Background

Talking about biochemical markers of malnutrition, albumin is probably

the most common and well-studied. Some screening tools for malnutrition

such as the Prognostic Nutrition Index (PNI) include albumin in the list of

parameters to be determined.9 However, it is now widely reported that

albumin has a rather low specificity in detecting malnutrition and can

reflect a general inflammatory process and the severity of the disease.10 It

has been reported that not only albumin, but also other blood parameters

are correlated with the patient’s nutritional status.11 However, since a

review of the literature revealed that not only albumin is correlated with

nutritional status the idea of ​​considering several blood test parameters

simultaneously to detect malnutrition seems reasonable.

Though, the similar idea has been discussed a very long time ago, even in

1979 Seltzer et al had proposed using a combination of 2 common blood

tests to «form the basis of instant nutritional assessment»12 paralleled by a
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later similar proposal from a Glasgow oncology group.13

The key question to be discussed was the selection of valid blood

parameters that could possibly be which are potentially associated with the

presence of malnutrition. Probably, the most commonly described blood

test in this context is albumin: hypoalbuminemia is known as a possible

marker of malnutrition.

Some studies have shown a correlation between serum albumin levels and

anthropometric parameters; in geriatric patients, albumin levels have been

found to correlate with MNA risk score.14 However, as mentioned above,

abnormal levels are not necessarily indicative of malnutrition: a

meta-analysis concluded that albumin levels must be interpreted cautiously

in the presence of an inflammatory process is in presence,15 as they may be

more indicative of recent acute stress.16 Nevertheless, the presence of

inflammation and disease carries the risk of malnutrition. Again, serum

albumin levels could be useful in an automated multiparameter

malnutrition screening tool.

Talking about inflammatory markers, not only albumin is an available

parameter to reflect the inflammatory process. If malnutrition correlates

with the presence of inflammation, it is logical to assume that other

inflammatory markers could also be helpful. In addition, disease-related

inflammation with its physiological effects such as insulin resistance and

decreased appetite, is a common underlying driver of malnutrition.17

C-reactive protein as a positive acute-phase reactant, whose levels are

elevated in both acute and chronic inflammation, is used as an objective

measure to define inflammation due to its high sensitivity and
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availability18 in serum. However, the meta-analysis did not provide a basis

for the claim that CRP correlates with screening tools (MNA, SGA,

NRS-2002, GNRI), but only showed that acute disease stress affects serum

levels of some biomarkers (especially CRP).15 But there is evidence of an

association between lower dietary intake and inflammatory status as

measured by C-reactive protein levels, suggesting that the risk of

malnutrition may also be observed with elevated CRP levels.19

Talking about other signs of markers of inflammation, some correlation of

leucocyte activity and malnutrition has been described, with decreases in

the phagocytic and chemotactic activity of neutrophil, but this information

is not accessible from the routine full blood count/picture.20

There is reason to believe that red blood parameters such as haemoglobin,

hematocrit and red blood cell count are also related to nutritional status. In

addition, anaemia is a fairly common condition in hospitalised patients and

is associated with many chronic diseases. Also, red blood cell parameters

are usually included in any routine blood test, so they are interesting as an

element of an automated scale.

Haemoglobin is one of the most commonly studied blood biomarkers, but

studies disagree on whether it can accurately predict nutritional risk. Some

studies show no significant correlation between dietary risk and lower

haemoglobin levels. However, a meta-analysis concluded that

haemoglobin levels were significantly lower in individuals at high risk for

malnutrition than in those not at risk.15

Moreover, there is evidence of an association between sarcopenia and

anaemia21, and sarcopenia is a common condition in malnutrition. Also,

according to some studies,22 lower levels of red blood cells (RBC) among
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elderly were more prevalent in malnourished subjects compared to

well-nourished subjects.

Another group of parameters that are routinely checked in blood tests are

the blood electrolytes. Their relationship with nutritional status is not well

known in the literature. However, correlations have been demonstrated

between a simplified creatinine index and nutritional risk in older people.23

Associations have also occasionally been shown between abnormal serum

electrolytes and nutritional status, such as from the malnutrition

inflammation score in chronic kidney disease24, or in outcomes from

severe acute malnutrition in children.25

Thus, many of the blood parameters that are normally determined during

routine tests can serve as a good basis for the creation of a new automated

score that can be used to quickly and effectively determine the risk of

malnutrition in patients. However, as shown in the literature, no blood

markers can reflect the presence of malnutrition specifically enough, but

they mostly reflect general morbidity. Given that malnutrition is often

underdiagnosed, the primary goal of screening methods is sensitivity

rather than specificity: this applies both to existing screening scales (e.g.

MUST) and to our idea of developing an automatic scale.

It is possible that the idea of screening based only on blood parameters is

not specific for malnutrition, but it is worth considering that at least the

risk of malnutrition may be associated with certain changes in blood

counts. Therefore, screening for malnutrition risk may be an even more

important goal of our pilot project than screening for malnutrition itself.
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Methodology

This study and data analysis were carried out using information on 300

patients of the Internal Medicine Clinic of Tartu University Hospital,

collected over a 7 month period from September 2021 to March 2022.

Patients of an emergency admission and planned admission were both

included.

The study was approved by the Research Ethics Committee of the

University of Tartu and the Tartu University Hospital Reference 340/T-15.

It is registered with http://clinicaltrials.gov/ as Protocol PKL-127 reference

NCT 0554 6034. All participants received an information sheet together

with the consent form about the study and contact details of the research

team. Data was gathered with full regard to confidentiality of the

individual patient.

Patients were enrolled from the Gastroenterology, Rheumatology,

Endocrinology and Nephrology departments, the information about their

admission and presence was known from the electronic hospital database.

Also their diagnosis was taken from the database using the ICD-11 code.

The first plan was to collect approximately the same number of patients

from each department, but in Rheumatology and Endocrinology, the total

number of patients was recruited as in Neurology and Gastroenterology

separately, so 3 batches with relatively the same number of patients were

formed.

Surely, during 7 months the number of admitted patients in these wards

was much bigger than 300, so the exclusion criteria were also followed.
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Exclusion criteria were:

1)6 days passed from hospitalisation

2)Pregnant

3)Lactating patients

4)Younger than 18 years

5)Surgery, dialysis or other procedures that would change the blood tests

before 48 hours of the current hospitalizations first blood tests

6)Isolation patients put into contact isolation (COVID, ESBL, VRE,

MRSA) were removed from potential interview list, but were entered into

it again if their isolation ended and they still had less than 6 days from

hospitalisation

After defining which patients meet the criteria to be included, the

interviewing process was initiated. Patients were asked if they consent to

the usage of their personal data for the study and signed a consent form

with the option of having its copy, also their questions were answered.

Refusal to participate was an acceptable answer and the total number of

refusals was written down in the notes. Patients were asked about having

any of the aforementioned exclusion criterias.

Language barriers were not encountered.

During the interview patients were asked open-ended questions to gather

data, which included their overall state of health, age, gender, weight, and

height, severeness of illness and their own understanding of their

diagnosis, dietary changes before admission, and weight loss. During the

interview there were determined NRS-2002, Malnutrition Universal

Screening Tool (MUST) and Subjective Global assessment (SGA) scores.

These three provided the screening data necessary for Global Leadership
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Initiative on Malnutrition (GLIM) score. Questionnaire components were

pre-set before enrolment into the study was started.

If the patient had no recollection of current weight or the weight given was

too old to be of any use in calculating weight loss, then the weight was

measured using the scales used in the respective wards. No calibration of

the ward scales was done as this was assumed to be done by the wards.

Each patient was recorded to the dataset using a study identification

number that was used to make the dataset anonymous but still trackable

for the researchers. The consent forms were also marked with the same

study identification number in a removable fashion, so that after the

removal of them no way remained of identifying the patients in the dataset

and anonymity could be guaranteed, all the patients were also informed

about that.

No additional interventions were performed. 

No revisits were performed after initial interviews.

Statistical analysis

We recruited 300 patients, this set was then divided using Excel Microsoft

office into two groups: a training set of 200 patients and a final set of 100

patients. Blood tests had been performed in all 300 patients, mostly simple

haematological and biochemical parameters, which are common to be

done as a standard blood tests among all inpatients.  In total 88 different

blood test parameters were recorded.

Choice of exact blood tests for the following work and study was one of
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the key questions. Since one of our main ideas was to use those tests that

are routinely performed on most patients, we first excluded all parameters

from the training set that were performed infrequently, choosing only those

which were performed in at least 60% of the patients, thus leaving us with

37 of tests. The remaining variables were then subjected to factor analyses

to examine whether these could be reduced to less dimensions.

For this the missing data was imputed with the median of the variables,

which is considered a robust imputation method and in order to allow for

the production of a factor score that could be tested in a repeat clinical

practice, the variables were normally standardised.

Statistical characteristics of these blood tests for the training and validation

sets can be found in the Appendix.

The next step was to develop a suitable multivariate logistic regression

(MLS) model that would be able to predict each nutrition screening tool.

We decided that the best method was to run stepwise logistic regression

with backward elimination based on the likelihood ratio. A backward

elimination (based on p-value of the predictor removed) was chosen over

forward selection, based on our preference to be able to include as many

variables as possible in any possible model developed, of course also

satisfying the principle of parsimony. The variables chosen for MLS were

based on the variables that had more than 60% of values available and

were significant in the univariate logistic regression analyses, to remain

consistent with the approach in the factor analysis.

For the secondary outcomes we made the simple comparison of SGA

being the dependent variable and the binary variables of NRS-2002 and

MUST being the predictors.

14



Results

From 337 patients approached, 300 were eligible as a final sample with

52% female. Average age was 60 ±17.7 SD y.o., average BMI was 27.8 ±

6.32 SD. Average weight was 80.1 ± 20.1 kg. Their diagnoses were

categorised by ICD-11 with following codes (groups of diseases): K

(29%), M (20%), E (13%), D (10%), N (9%).

By using univariate and then, multivariate analysis, as it was said above,

37 of the most common blood tests were analysed, compared to SGA

results as the “reference” method for assessing malnutrition. Stepwise

logistic regression method was used, as a result, it turned out that In

patients with every increase in 1 unit of monocytes and neutrophils (%),

patients were 12.36 and 1.09 more likely to have moderate or severe

malnutrition. Next, in patients with every increase in 1 unit of neutrophils,

potassium and albumin, patients are 0.77, 0.33, and 0.87 less likely

respectively to have moderate or severe malnutrition. The predictive

equation of the model and the formula to calculate the new score was

Hereby is a ROC plot for the model trained on training set vs SGA:
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Figure 1. ROC plot for the model trained on training set vs SGA

The model as a whole explained between 16% (McFadden’s Adjusted R2)

27.4% (Cox and Snell R square) and 36.5% (Nagelkerke R squared) of the

variance in nutritional risk, and correctly classified 78.4% of cases having

an area under the ROC of 0.810 .

The model has largely a satisfactory fit. The Hosmer–Lemeshow or

Pearson χ2 goodness-of-fit tests were non-significant and AIC 1.165 and

BIC -492.263 indicating satisfactory fit.

Using the above calculation formula, our new score value was obtained, in

most cases, from 0 to 1. Next, the question arose of what value in this

range would be the threshold for determining the risk of malnutrition. For

this, the analysis of different sensitivity and specificity indexes was used.

The process of it is shown in Table 1.
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true

positive

false

positive

sensitivity true

negative

false

negative

specificity acc

0.53 10 17 37% 39 11 78% 0.49

0.45 26 26 50% 31 17 65% 0.57

0.5 24 24 50% 33 19 63% 0.57

0.55 23 16 59% 41 20 67% 0.64

0.6 21 14 60% 43 22 66% 0.64

0.65 17 13 57% 44 26 63% 0.61

0.7 17 12 59% 45 26 63% 0.62

Table1. Cut off values of validation set

However, when this model was tested on the training and validation set,

ROC curves showed less sensitivity and specificity (Figures 1 and 2).
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Figure 2. ROC curve for SGA and the new score

Figure 3. ROC curve for SGA and the new score (100 validation set)

Also the performance of MUST and NRS-2002 to predict SGA was studied:
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SGA

yes no

NRS cut off values 3 yes 40 5

no 3 52

sensitivity 93%

specificity 91%

acc 92%

SGA

yes no

MUST cut off value 2 yes 27 5

no 16 52

sensitivity 63%

specificity 91%

acc 79%

SGA

yes no

MUST cut off value 1 yes 35 7

no 8 50

sensitivity 81%

specificity 88%

acc 85%

Table 2. Performance of MUST and NRS-2002 to predict SGA in the validation set
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Discussion
In general, it can be said that the following work and investigation of our

model is needed. However, our results are promising and there is a

perspective of the future using of it and integrating into a global clinical

practice.

Based on our results, the model's performance in predicting SGA is worse

overall when analysing the ROC curves.

The sensitivity compared to the MUST cut-off value 2 is 16% better in the

training set but 3% worse in the validation set. For the MUST cut-off

value 1, sensitivity is 9% better in the training set and 21% better in the

validation set.

In comparison, the sensitivity for NRS-2002 is 10% worse in the training

set and 33% worse in the validation set. Despite this, the model's

specificity for SGA results in lower overall accuracy compared to MUST

and NRS-2002, as SGA remains a crucial indicator for identifying

malnutrition.

There may be several reasons for this result: first, our sample size is

relatively small: most nutritional screening studies have a much larger

number of patients recruited. Also, even the most frequently performed

blood tests (37 parameters) were not completely collected from all patients

in this sample. In this case, the missing data was replaced by the mean

value. This can potentially severely affect the final result; for the best

possible result of the experiment, it is necessary to use only “real”

parameter values.

Nevertheless, the potential of a new automatic screening tool is promising.

Even with our current results, if this score were a universal method for

detecting malnutrition or its risk, it would save a lot of time: If it takes at
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least 4 minutes (often more) to perform the SGA, it would take 1200

minutes to screen all patients, totaling 20 hours. Our new score can

potentially be calculated automatically in a few seconds using a computer.

If this function is performed by default, e.g. after receiving the test results

into the hospital’s internal electronic system, such screening will be

performed for all patients without exception, whereas currently nutritional

screening can easily be overlooked in some patients for various reasons.

he strengths of this study are: a completely new approach to screening for

malnutrition (combining blood tests to produce an automatic calculation is

a new way to define malnutrition), the use of several established screening

methods to obtain and validate the data, and the comparison of the test set

with the validation set.

However, there are some limitations: The method should be used with

caution in certain categories of patients in whom one or another blood test

indicator used in the calculation formula deviates unusually from the

norm: For example, in a patient diagnosed with acute leukaemia, the new

score value was over 100, whereas in most patients this value is between 0

and 1. Certainly, even this approach is not yet applicable in paediatric

practise. Future studies could help to solve these problems.
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Conclusions:

1)The use of a new score is a very promising approach in determining the

nutritional status of hospitalised patients. Even with the current statistical

analysis, sensitivity and specificity of it are comparable to existing

malnutrition screening scales and can be used in the future as a new

approach to screening malnutrition.

2)This study is a pilot one, though, future studies with bigger patient

samples and more centres involved are required to develop and improve

our new approach. This could potentially help with the recognition of

malnutrition globally and make screening time-saving and simple.

22
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Part 2

Biological versus chronological age and the presence

of malnutrition

Introduction

During this academic year, I have not only been involved with the new

automatic screening tool, but also with research into another parameter

that is also important for malnutrition. During my internship in Rome

under the supervision of Prof. Alessandro Laviano, Associate Professor of

Internal Medicine at the Department of Clinical Medicine of the Sapienza

University of Rome, Italy, I conducted a side project looking at the

correlation of malnutrition and biological age of patients. It is not yet

ready to be formalised as an independent work or project, but nevertheless

these thoughts deserve to be shared in this paper, as they can serve as a

promising vector for the development of this topic in the future.

It is well established that malnutrition is more common in older patients

due to various physiological and social aspects as well as the high

prevalence of comorbidity and disease-related malnutrition.26 Not only

nutritional status but also morbidity in general is mostly age-related and

can be explained at the cellular level: altered gene expression,

mitochondrial dysfunction and metabolic variattions. However,

chronological age itself may not be the only and not the best reason for

this: Kwok M. et al. (2023) reported that biological age is superior to

chronological age in predicting mortality and morbidity.27 Biological age

can influence how individuals respond to medical treatments and

23
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interventions. People with an older biological age may have a lower

capacity for repair and recovery, which affects the effectiveness of

therapies and interventions to improve health. DNA methylation-based

estimators correlate well with chronological age and are also a potential

predictor of accelerating biological age.28 However, analysis of differently

methylated DNA regions is not a common test to be performed globally

and routinely. Morgan E. Levine et al. (2018) suggested an estimation of

biological age based on selected clinical blood test parameters and

chronological age.29

We hypothesise that the presence of malnutrition might correlate better

with biological rather than chronological age. One of our aims was to

investigate the correlation between the presence of malnutrition and

biological age acceleration. To assess the risk of malnutrition, we used 4

well-known screening and rating scales: MUST, NRS-2002, GLIM and

SGA in 300 patients. For the estimation of biological age, we used a

calculation based on clinical blood test parameters and chronological age

from Levine et al. In general, the correlation between biological age and

the presence of malnutrition was either significantly mildly positive or

significantly moderately positive. The choice of a screening scale for

malnutrition is still a question that requires further research and discussion.

However, the risk of malnutrition defined by using the NRS-2002 scale

shows a slightly higher correlation with the presence of biological age

acceleration.
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Scientific background

Older human age is widely associated with higher morbidity. Age is a

common risk factor for many diseases:30 chronological age is included in

many medical scores and calculations which predict risk of various events,

conditions and states (SCORE, HEART, CHA2DS2-VASc, etc). Ageing is

also correlated with malignant processes in human organisms: most

cancers arise in individuals over the age of 50-60.31 Declining cognitive

function, changes in hormonal status, increased inflammation — all these

factors increase the risk of chronic and acute diseases.

The correlation of nutritional status with age is also one of the key issues

in clinical nutrition practice: malnutrition is much more common in older

patients, both due to the physiological characteristics mentioned above and

to psychosocial factors.26 Age also is a part of some existing malnutrition

screening tools, e.g., NRS-2002.

The reason underlying the physiological decline and higher morbidity lies

in changes in tissue, cellular and molecular processes in the body. A

number of them have been discovered in the last 100 years: telomere and

mitochondrial dysfunction, loss of proteostasis, stem cell exhaustion, and

epigenetic alterations like spontaneous mutations.32 Many pathways of

ageing are also associated with chronic oxidative stress.

Recently, however, the terms «chronological» age and «biological» or

«phenotypic» age have often been used. Chronological age is only a

simple calendar parameter, whereas biological age is determined at the

molecular level (based on the above-mentioned signs of tissue and cellular

ageing) and may differ upwards or downwards from chronological age.
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The concept of «epigenetic clocks», which are supposed to reflect the

«true» biological age of humans, has become widespread among

researchers. DNA methylation is a key factor that reflects the functioning

of the aforementioned biological epigenetic clock. Therefore, many

models for determining biological age have been created based on this

indicator: the model by Bocklandt et al. in 2011, by Hannum et al. and

Horvath et al. in 2013, etc.33,34 However, these «clocks were relatively

weak in mortality prediction, which should have been a reasonable

reflector of «biological» age. Thus, more functionally relevant molecular

changes have been explored. Zhang et al. used LASSO Cox regression to

identify 10 DNA sites that were highly correlated with mortality risk,35

and, based on this study, Levine et al. created the DNAm PhenoAge

clock, which uses predicts a composite biological age score based on a

linear combination of chronological age and nine clinical parameters

associated with mortality risk.29 DNAm PhenoAge is a pilot synonym for a

«biological» age, as it was reported in the reference. Predicted estimates

from the Levine et al. model represent a person’s epigenetic age, which

they refer to as ‘DNAm PhenoAge’.

For this reason, the concept of this clock was interesting for my thesis, as

it uses the model of predicting age status based on commonly performed

blood tests. This was not the only reason, but also the fact that age and risk

of malnutrition correlate with each other, and it is reasonable to assume

that not only morbidity and mortality can be better predicted with

PhenoAge, but also the risk of malnutrition. Since we have a database of

300 patients and their nutritional screening and assessment results, we can

even test different malnutrition scales for their correlation with biological

and chronological age.
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Thus, writing this part of the thesis, the following aims were set:

1) Determine and evaluate the relationship of the presence of malnutrition

to the age of patients (both chronological and biological).

2) Determine which of the screening/assessment tools used was more

strongly associated with patients’ chronological and biological age.

Methodology

After analysing the scientific background, it was decided that the primary

database of 300 patients (training+validation set) used for the

abovementioned «Tartu score» (or new score) study is suitable for

primary analysis of the correlation of biological age with the presence of

malnutrition. For the detection of PhenoAge of each patient following

inputs (described by Levine et al.) are required: chronological age and 10

following blood test parameters: albumin, creatinine, glucose, C-reactive

protein, lymphocyte percent, mean cell volume, red cell distribution width,

alkaline phosphatase, white blood cell count. These inputs were known for

all 300 patients in the database. The missing data was imputed with the

median of the variables, which is considered a robust imputation method

and in order to allow for the production of a factor score that could be

tested in a repeat clinical practice, the variables were normally

standardised. If any of the required blood test parameters result was

missing, it was replaced by the median of existing results.

All the calculations of the PhenoAge estimation were performed according

27



to the Levine et al. study, including the main PhenoAge estimation

formula:

CDF. univariate(t, age) = 1 − e {−e (age∗b 1+b 0)γ −1(e γt−1)}

This formula was put into Excel dataset Version (Build 16227.20258

Click-to-Run) so the estimated PhenoAge was able to be calculated

automatically. After fixing all the PhenoAge results it was decided to

compare the correlation of presence of malnutrition (according to the

result of each of the scales) with PhenoAge and the correlation of

malnutrition with the generally used chronological age.

The total patient dataset was 300, which was also randomly split using

randomly generated numbers by Excel Version (Build 16227.20258

Click-to-Run) into 200 for training and 100 for validation of generated

algorithms (as in the main part of this thesis). For the correlational analysis

the Spearman correlation coefficient was chosen and online software for

its calculation was used

(https://www.socscistatistics.com/tests/spearman/default2.aspx). Two sets

of patients (100 and 200) were analysed separately from each other.

No additional interventions or interviews were performed.

28

https://www.socscistatistics.com/tests/spearman/default2.aspx


Results
By analysing the whole sample of 300 patients, the percentage of female

gender was 52%. Mean chronological age was 60±17,6 y.o. Their mean

PhenoAge was 76±28,2 y.o.. Mean difference between two values

(PhenoAge and chronological age) was 16,05±22,3.

By using Levine et al. PhenoAge calculation, the maximal possible

PhenoAge value was 123,83 y.o., as their system produces a technical

error when working with larger numbers.

214 of 300 patients (71%) had the value of PhenoAge bigger (older) than

their chronological age.

Then, starting with the first sample (200 patients), Spearman’s correlation

analysis gave the following results:

Chronologic age PhenoAge

R p value R p value

MUST 0.0523 0.471 0.155 0.032

NRS-2002 0.3 <0.001 0.298 <0.001

GLIM 0.0612 0.399 0.164 0.023

SGA 0.16 0.027 0.203 0.005

Tab.3 Correlation between the presence of malnutrition according to different

screening/assessment tools and chronological with biological age (200 test set).

The next test sample of 100 patients was also analysed by using

Spearman’s correlation with the following results:
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Chronologic age PhenoAge

R p value R p value

MUST 0.053 0.601 0.215 0.032

NRS-2002 0.231 0.021 0.317 0.001

GLIM 0.0608 0.548 0.169 0.092

SGA 0.016 0.874 0.21 0.036

Tab.4 Correlation between the presence of malnutrition according to different

screening/assessment tools and chronological with biological age (100 test set).

It has been suggested that it is not the value of chronological or biological
age itself that may be associated with the presence of malnutrition or its
risk, but rather the difference between these two values ​​in a particular
patient. This parameter was also calculated and its relationship with the
presence or absence of malnutrition was analysed according to all tested
tools.

PhenoAge value - Chronologic age value

R p value

MUST 0.256 <0.001

NRS-2002 0.263 <0.001

GLIM 0.219 0.002

SGA 0.223 0.002

Tab.5 Correlation between the presence of malnutrition according to different

screening/assessment tools and two types of age numerical difference (200 test set)
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PhenoAge value - Chronologic age value

R p value

MUST 0.265 0.008

NRS-2002 0.275 0.006

GLIM 0.144 0.153

SGA 0.272 0.006

Tab.6 Correlation between the presence of malnutrition according to different

screening/assessment tools and two types of age numerical difference (100 test set)
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Discussion

When analysing the mean chronological and biological age, the percentage

of patients with a PhenoAge greater than the actual age was quite high

(71%). This can be explained after a careful evaluation of the parameters

used in the PhenoAge calculation formula. In general, it can be said that

the PhenoAge calculation can be considered similar to the calculation of

the severity of the patient's condition. Higher values for creatinine,

glucose, C-reactive protein, mean cell volume, red blood cell distribution

width, alkaline phosphatase, white blood cell count, and lower values for

percentage of lymphocytes and albumin are associated with a higher

PhenoAge score. It should also be remembered that chronological age is

factored into the formula, i.e. two patients with the same blood values but

different ages will have different PhenoAge values. The fact that

biological age was widely used in our sample is explained by the fact that

the calculation of PhenoAge is based on biochemical parameters that are

often due to disease-related changes in hospitalised patients, and is

absolutely consistent with the idea that PhenoAge can serve as a good

predictor of worse outcomes and higher mortality. However, it is still

unclear how large the increase in biological age should be to predict

possible worse outcomes.

It is worth noting that the results of the statistical analysis of the two

samples (200 and 100) are statistically relatively similar. In the correlation

analysis, both age groups (chronological and biological) mostly have a

weak positive relationship with the results of the screening tools for

malnutrition. However, most of the relationships with biological age
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(MUST, NRS-2002, SGA) were significant (which is usually not the case

for chronological age).

The relationship between screening results using the NRS-2002 deserves

an additional discussion. The correlation coefficient and p-value when

comparing the results of this scale with both types of ages turn out to be

statistically more strong and significant than similar indicators obtained

when comparing with the results of other tools. Perhaps it can be explained

with the age parameter included into the NRS-2002 criteria.

The correlation of the presence of malnutrition or its risk with the presence

of an increase in biological age is also positive and statistically significant

(except for the correlation with the GLIM scale).

Conclusions

In conclusion, while the use of biological age as a complementary measure

to chronological age can provide valuable insights into general health and

ageing processes, it is important to consider the complexities, limitations,

and potential psychological implications of relying solely on biological

age assessments. Considering both chronological and biological age can

lead to a more holistic understanding of a person's health and current

condition.
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