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Abstract: Sodium homeostasis disorder is one of the most common abnormal symptoms of elderly
patients in intensive care unit (ICU), which may lead to physiological disorders of many organs.
The current prediction of serum sodium in ICU is mainly based on the subjective judgment of doc-
tors’ experience. This study aims at this problem by studying the clinical retrospective electronic
medical record data of ICU to establish a machine learning model to predict the short-term serum
sodium value of ICU patients. The data set used in this study is the open-source intensive care
medical information set Medical Information Mart for Intensive Care (MIMIC)-IV. The time point
of serum sodium detection was selected from the ICU clinical records, and the ICU records of 25
risk factors related to serum sodium were extracted from the patients within the first 12 h for sta-
tistical analysis. A prediction model of serum sodium value within 48 h was established using a
feedforward neural network, and compared with previous methods. Our research results show that
the neural network learning model can predict the development of serum sodium in patients using
physiological indicators recorded in clinical electronic medical records within 12 h, and has better

prediction effect than the serum sodium formula and other machine learning models.

Keywords: serum sodium; structured electronic medical record; hypernatremia; hyponatremia; neu-
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1 Introduction

Sodium is the main extracellular cation and the
most active solute in human body [1]. Sodium ion
concentration is the main determinant of blood
osmotic pressure. Under normal circumstances,
although the daily intake of sodium and water
varies, serum sodium remains stable within the
Sodium metabolism is

physiological range.
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strictly regulated by the kidney through the
interaction of many neurohormone mechanisms,
including aldosterone-angiotensin-renin system,
sympathetic nervous system, atrial natriuretic
peptide and brain natriuretic peptide mecha-
nisms [2]. The normal range of human serum
sodium is 135—145 mmol/L.

Abnormal serum sodium is divided into
Medically,
hyponatremia is defined as serum sodium concen-

tration < 135 mmol/L,

hypernatremia and hyponatremia.

and hypernatremia is

defined as serum sodium concentration >
145 mmol/L [3]. Abnormality of serum sodium is
the most common electrolyte disorder in clinic,
and also one of the most common abnormal
symptoms of intensive care unit (ICU) patients

[4]. Due to pathophysiological disorder or iatro-
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genic intervention, elderly people in ICU are par-
ticularly vulnerable to sodium metabolism disor-
der, with the prevalence rate between 25% and
45% [5]. Because of its impact on incidence rate
and mortality, abnormal serum sodium has
caused a considerable burden on medical
resources [6].

Abnormality of serum sodium is often
accompanied by central diseases, which is a com-
mon feature of acute diseases, such as acute cere-
brovascular disease, acute stroke, medical dis-
eases, etc. [7] Serum sodium concentration will
affect the conformation of proteins and enzymes,
the transmission of impulses and the excitation of
nerves and muscles. Even a small range of
changes in sodium concentration may cause phys-
iological disorders in many organs, including the
heart and brain. Some studies have shown that
the occurrence of abnormal serum sodium is
related to significantly higher mortality and
longer hospital stay [8]. The mortality of mild
and severe sodium disorders in patients with
acquired sodium metabolism disorder (IAD) in
ICU is close to 30% and 45% respectively, while
the mortality of patients with normal serum
sodium level is 16%.

At present, the serum sodium test in clinic
depends on serum sampling test, and only the
current and past serum sodium status of ICU
patients can be obtained. If the development
trend of serum sodium in ICU patients can be
correctly predicted, intervention programs such
as infusion therapy can be planned in advance to
correct the abnormal serum sodium and main-

tain the patient’s electrolyte balance.

2 Literature Review

Although some researchers have proposed some
calculation formulas to evaluate serum sodium
through the input of serum sodium, whole body
water, sodium and potassium within 24 hours,
such as the Adrogu é-Madias formula, hope to

guide infusion therapy to correct serum sodium

[9-11]. However, most of these formulas are from
strict clinical controlled trials and have not been
evaluated in large-scale clinical studies, and some
studies have pointed out that the results of these
formulas in the clinical environment are not
accurate [12].

At present, in clinical practice, the monitor-
ing of serum sodium still needs regular and con-
tinuous blood sampling and test. The prediction
of serum sodium mainly depends on doctors’
judgment, which is subjective and very depen-
dent on doctors’ experience. Inappropriate liquid

management will directly promote acquired

in ICU, and

attempts to correct sodium disorder based on

sodium metabolism disorder

empirical calculation will easily lead to high fluc-
tuations in serum sodium concentration, thus
increasing the incidence rate and mortality of
patients [13]. If the development trend of serum
sodium in ICU patients can be correctly pre-
dicted in advance, it will provide help for the
design of medical intervention in advance, the
clinical correction of sodium metabolism disorder,
and the prevention of complications of infusion
treatment.

The rapid development of electronic medical
records makes it possible to apply machine learn-
ing data mining methods to the prediction of
serum sodium. Recently, the application of
machine learning methods in clinical electronic
medical records has established many accurate
prediction models for acute renal failure, sepsis,
diabetes and other diseases [14—19]. Moreover, it
is reported that some clinical indicators in the
electronic medical record are related to abnor-
mal serum sodium [20]. The purpose of this paper
is to develop a prediction model of serum sodium
fluctuation in ICU patients based on structured
electronic medical records, to design a prediction
software of serum sodium in order to correctly
predict the development trend of serum sodium
in ICU patients in clinical practice, and to pro-
vide reference for medical staff to arrange infu-

sion volume.
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3 Materials and Methods

3.1 Data Source
The database used for dynamic serum sodium
fluctuation of ICU patients in this study is Medi-
cal Information Mart for Intensive Care
(MIMIC)-IV database, which is a large rela-
tional database provided by the Computational
Physiology Laboratory of Massachusetts Insti-
tute of Technology (MIT). Data was collected
from MetaVision clinical information system,
which included the actual inpatient clinical
records of more than 40000 patients from Beth
Israel Deaconess Medical Center from 2008 to
2019.

In our study, patients under 18 years of age
were excluded. Among our researchers, the pro-
portion of middle-aged and elderly people over 50

years old is more than 84%.

3.2 Pretreatment

In the same process, we searched the electronic
medical record for the first time that the patient
had hyponatremia in the ICU ward (the serum
sodium value was less than 135 mmol/L), and
extracted the normal serum sodium record of the
same order of magnitude as the control.

Fig. 1 shows our strategy for building vec-
tors. We first searched through the ICU records
for the first time that the patient had hyperna-
tremia in the ICU ward (the serum sodium value
was greater than 145 mmol/L), and recorded the
time point of the occurrence of hypernatremia at
moment A. Extract the ICU test records of the
patient within 12 h before time A, take the aver-
age of the physiological index test values mea-
sured many times within 12 h, and sum the urine
volume recorded within 12 h of the patient.
Retrieve the time of the patient ’s last serum
sodium test within 48 h after time A, and record
it as time B. Extract the infusion records
between time A and time B, and take the serum
sodium detection value at time B as the target of
model prediction. Sum up the infusion volume

during this period, which is the total infusion vol-

ume for infusion treatment after the occurrence
of abnormal serum sodium. Extract basic infor-
mation such as age and sex of patients with
hypernatremia. Finally, we link tables to build

one-dimensional vectors.

Feature window Prediction window

Patient 1 Ty T icu r
Patient 2 T ij[CU B outiCU
Patient 37 ey B T
Patient4 " B T .
B
-12h 4 +48 h

Fig. 1  Schematic diagram of vector construction scheme

Fig. 2 shows the construction and process-

ing steps of vectors.

The last ergodic
normal blood
sodium point

before abnormal
blood sodium

Ergodic time point
of the first
occurrence of
hypernatremia

Ergodic time point
of the first
occurrence

of hyponatremia

Taking the normal
blood sodium point
of the same order
of magnitude

i

Merging sample
sets

|
‘v i ¥

Blood sodium and infusion volume
between time A and the time of the
last blood sodium test within 48
hours after time 4

i

Linked tables

|

Abnormal
value processing

i

Missing value
processing

Detection of various
physiological indicators
12 hours before time 4

Extracting the
basic information
of the patient

i

Dividing training
sets and data
standardization

Fig. 2 Flow diagram of vector extraction

The gender of the patient is binary, 0 repre-
sents male and 1 represents female. The missing
data may lead to deviation from the machine
learning model, so variables with missing values
greater than 40% are excluded. Use the box dia-
gram method and combine with the physiologi-
cal reality to delete the outliers. For other vari-
ables with less missing values, the average value

is used to fill in the missing values.
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3.3 Model
The structure of the fully connected feedforward
neural network established in this study is shown

in Fig. 3.

Input layer
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kernel 27x64>
bias 64>

ReLU

Dense

kernel 64x64>
bias 64>

ReLU

Dropout

Dense

kernel <64x1>
bias <1>

dense 204

Fig. 3  Structure diagram of neural network

The network consists of two dense layers
and a dropout layer. The number of hidden neu-
rons in each layer is 64. The activation function
is designated as Rectified linear unit (ReLU).
The optimizer specified by the network is root
mean square propagation (RMSProp), and the
loss function is the mean square error. The vali-
dation method of the model is tenfold cross-vali-

dation.

4 Result and Discussion

In this paper, MIMIC-IV are utilized to evaluate
the performance of the proposed method. The
information and the

relevant corresponding

results are as follows.

4.1 Participants

According to the vector extraction scheme
described above, 5581 samples were obtained in
this study. A total of 3 cases were screened out
through outlier processing, and a total of 5578
samples were collected in the final data set. See
Tab. 1 for the basic information of cases.

This paper selected 25 physiological indexes.
They are: gender, age, systolic blood pressure,
diastolic blood pressure, Fahrenheit temperature,
heart rate, mean arterial blood pressure, colloid
infusion, crystal infusion, arterial carbon dioxide
partial pressure, arterial oxygen partial pressure,
urea nitrogen, bilirubin, phosphate ion, chloride
ion, hematocrit, creatinine, glucose, platelet
count, blood calcium, serum sodium, blood potas-
sium, blood magnesium, and wurine volume.
Among them, the item of serum sodium includes
the initial value of serum sodium, the average
value of serum sodium and the current value of
serum sodium, with a total of 27 characteristics.
The colloidal infusion mentioned in this article
includes: whole blood, plasma, albumin, levo-dex-
tran, glycoside, etc., which are mainly used to
expand blood volume, while the crystal infusion
includes: hypotonic and isotonic physiological
saline, 5%, 10% glucose solution, balance solu-
tion, etc. It is mainly to supplement water and
electrolyte.

Tab. 2 shows the descriptive statistics and
correlation coefficients of various physiological

characteristics.

4.2 TImplementation Details

Our model is implemented on a computer
equipped with Intel Core i5-10200h central pro-
cessing unit (CPU), 128 GB random access
memory (RAM) and NVIDIA GeForce GTX 1650
graphics processing unit (GPU) using Python
language based on the open source deep learning
library Tensorflow. In the parameter adjustment
stage, the training verification and parameter
adjustment through K-fold cross-validation are
carried out. Finally, the best hyperparameters of

the model are obtained.
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Tab. 1 Statistical results of selected samples

Variable Category Person-time Proportion
Male 3354 60.13%
Gender
Female 2224 39.87%
18—49 890 15.96%
50—59 1006 18.04%
Age 60—69 1283 23.00%
70—"79 1248 22.37%
80— 1151 20.63%
Hypernatremia tendency 1033 18.52%
Normal serum sodium tendency 989 17.73%
Hypernatremia at the current moment
Hyponatremia tendency 30 0.54%
Total 2052 36.79%
Hypernatremia tendency 433 7.76%
Normal serum sodium tendency 946 16.96%
Serum sodium Normal serum sodium at the current moment
Hyponatremia tendency 449 8.05%
Total 1827 32.75%
Hypernatremia tendency 46 0.82%
Normal serum sodium tendency 1104 19.79%
Hyponatremia at the current moment
Hyponatremia tendency 547 9.81%
Total 1697 30.42%
Total 5578 100%

Tab. 2  Correlation coefficients of various physiological characteristics

Serum sodium that tends Hypernatremia tendency Hyponatremia tendency Correlation

Characteristic Characteristic .
value number value name to be normal (mean + (mean + standard (mean + standard  coefficient
standard deviation) deviation) deviation) R?
1 Na_ first (mmol/L) 142.254-3.52 139.53+4.51 136.8543.3 0.47
2 Na_ high (mmol/L) 145.354:3.7 139.4746.38 135.044+3.87 0.65
3 Gender 0.6440.48 0.5940.49 0.594-0.49 0.05
4 Age 67.02414.98 64.5416.23 64.84-15.79 0.04
5 Blood pressure h(mmHg) 153.654-14.84 153.884+15.1 154.02414.65 0.01
6 Blood pressure [(mmHg) 86.7849.9 86.84+£9.37 86.85+10.1 0.01
7 Temperature (°F) 98.854-1.94 98.75+£2.58 98.494-2.87 0.06
8 Hr_high (bpm) 126.124-18.36 125.74+15.67 125.44417.42 0.01
9 Hr_low (bpm) 53.5448.27 53.16+£6.14 54.07+£8.02 —0.02
10 Mean arterial blood 80.97+8.98 81.17£10.16 80.97+15.15 0.02
pressure (mmHg)
11 Colloid _bolus (ml) 77.64£393.45 61.794+337.01 89.384371.52 —0.01
12 Crystalloid_bolus (ml) 658.654-1430.88 536.634+1430.97 704.13+£1547.75 0
13 PCO, (mmHg) 35.2247.24 35.15+6.95 34.6246.55 0.03
14 PO, (mmHg) 98.494-32.44 97.59+£29.31 96.71432 0.04
15 Urea nitrogen (mg/dL) 42.16+26.6 32.34+24.06 34.95+29.22 0.12
16 Bilirubin (mg/dL) 3.384+4.33 3.243.99 3.545.15 —0.01
17 Phosphate (mg/dL) 3.534+1.12 3.4941.22 3.76£1.41 —0.06
18 Chloride (mEq/L) 106.734+5.25 103.5545.75 100.414+4.92 0.43
19 Hematocrit (%) 29.4245.23 29.66+5.05 29.56+5.01 0
20 Creatinine (mg/dL) 1.4741.02 1.374+1.19 1.72+1.63 —0.07
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Tab. 2 Correlation coefficients of various physiological characteristics

(Continued)

Serum sodium that tends

Characteristic Characteristic

to be normal (mean +

value number value name

Hypernatremia tendency Hyponatremia tendency Correlation

(mean 4+ standard (mean + standard coefficient

standard deviation) deviation) deviation) R
21 Glucose (mg/dL) 151.564-49.53 145.31462.2 142.67445.48 0.06
22 Platelet count (K/pL) 198.074+125.53 216.894125.23 218.63+135.77 —0.05
23 Calcium (mg/dL) 7.014£1.71 7.13+£1.73 6.8641.85 0.03
24 Sodium (mmol/L) 143.214£2.69 139.57+4.19 136.214+2.55 0.65
25 Potassium (mmol /L) 44-0.43 4.024-0.45 4.1240.49 —0.1
26 Magnesium (mg/dL) 2.2440.41 2.1440.31 2.14+40.31 0.12
27 Urine output (ml) 4199.444-3095.02 3358.554-2790.2 3216.64+3110.99 0.16

4.3 Model Results

In this study, the extracted data are put into
multiple linear regression, Lasso regression, Ridge
regression, decision tree regression, ensemble
model and feedforward neural network model for
training according to the ratio of training set:
test set=8 : 2. The performance of the algorithm
is evaluated by five indicators: average absolute
error, root mean square error, average relative
error, correlation coefficient, and sample propor-
tion of error within 5 mmol/L. Tab. 3 shows the
results of feedforward neural network and other
machine learning methods on the test set, and
compares them with the prediction results of tra-
ditional formula method. The results of the tradi-
tional formula method come from Gregor Lind-
ner’s study, and the data comes from 681 sam-
ples from 66 ICU patients who have been strictly
screened and included in the clinical prospective

experiment [12].

It can be seen from Tab. 3 that machine
learning and deep learning methods are better
than traditional formula methods in predicting
serum sodium. The feedforward neural network
has the best prediction performance. Its average
absolute error and root mean square error are
3.29 and 4.41 respectively, the relative average
error is 2.33%, and the correlation coefficient
between the predicted value and the true value is
0.727. Among the traditional machine learning
methods, bagging classifier has the best perfor-
mance. Its average absolute error and root mean
square error are 3.36 and 0.02 respectively. The
results confirmed that the correlation features of
serum sodium extracted in this paper can be used
to predict the fluctuation of serum sodium in
ICU patients, and also confirmed the superiority
of neural network prediction model in prediction
performance compared with traditional formula
method and traditional machine learning method.

Tab. 3 Prediction effect of traditional formula method, machine learning method and deeplearning method in test set
Mean absolute Average ~ Error<5 mmol/L
. Correlation
Category Method Dataset error 4+ root mean relative . sample
coefficient .
square error (mmol /L) error proportion
- Adrogué-Madias formula 681 samples 4.564-4.36 3.23% 0.52 —
Traditional . ]
: . Barsoum-Levine formula from 66 patients 3.37+4.41 2.39% 0.57 -
ormula .

Kurtz-Nguyen formula during ICU [12] 3.93+4.76 2.79% 0.54 -
Decision tree regression 4.2245.72 3.00% 0.61 62.70%
Multiple linear regression 3.43+4.45 2.43% 0.7 77.50%
Ridge return 3.424+4.45 2.43% 0.7 77.50%

5578 samples
. Least absolute shrinkage and
Machine octi tor (LASSO) extracted from 3.43.04 46 9449 07 77.60%
Jlearning selection opera ?r MIMIC-IV 4344, .44% . .60%
regression
dataset

AdaBoost classifier 3.58+4.76 2.55% 0.72 69.98%
Bagging classifier 3.364-0.02 2.39% 0.7 72.67%
Feedforward neural network 3.29+4.41 2.33% 0.73 78.20%
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Fig. 4 shows the scatter diagram of the pre-
dicted value and the true value of the neural net-
work model on the test set, and the points
between the green dotted lines are the samples
with the difference between the predicted value
and the true value of the test set less than
3 mmol/L.

170 =
R=0.727 st
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Fig. 4 The scatter diagram of the predicted value and the true

value

4.4 Model Interpretation
We used Shapley Additive exPlanations (SHAP)
for model interpretation, and Fig. 5 reflects the

weights of various features in our neural network.

Platelet count
Na_high
Na_first

CO,

Bilirubin

Mean arterial blood

pressure_(MABP)
Ureanitrogen

Phosphate
Creatinine
Gender
Glucose
Sodium
Albumin
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Crystalloid_bolus
Hematocrit
PO,

Chloride

R high
Colloid_bolus

mm Class 0
0 0.25 0.50 0.75 1.00 1.25 1.50 1.75 2.00

Mean ([SHAP value|)(average impact
on model output magnitude)

Fig. 5 Importance of independent variable

As can be seen from Fig. 5, platelets and
current and past blood sodium values have the

highest weight, indicating the impact of platelets

and current and past blood sodium values on
future blood sodium fluctuations. At the same
time, partial pressures of carbon dioxide, biliru-
bin, mean arterial blood pressure, and urea nitro-

gen also have important effects on blood sodium

fluctuations.
4.5 Effect of Changing the Time Intercept
Length on the Results

The interception of time length in this study is to
take the physiological index information within
12 h before the patient’s serum sodium concen-
tration point to construct a vector. The length of
the time window in the vector construction
method described in section 3.1.1 is now changed
from 12 h to 4 h, 8 h, 24 h and 48 h respectively
to analyze the impact of the time intercept
length on the prediction performance of the
model, as shown in Fig. 6.

It can be seen from Tab. 4 that when the
time intercept length increases to 24 h or 48 h,
the prediction performance of the model on the
test set decreases, which shows that the informa-
tion reflecting the latest physiological condition
of the patient is diluted with the time period.
However, when the interception time is reduced
to 8 h or 4 h, the prediction performance also
decreases. This may be due to the short time
window and the lack of effective detection
records of patients, resulting in the increase of
missing values, which reduces the prediction per-
formance of the model. Based on the above rea-
sons, this paper selects 12 h as the time inter-
cept length.

Our research results show that models such
as full connection network can solve the predic-
tion problem of serum sodium in ICU. Moreover,
we believe that these models can be applied to
more clinical prediction problems. The limitation
of this study is that we only analyzed patients
with acquired serum sodium abnormalities in
ICU, and our data are incomplete. In our study,

due to the complexity of the type and inconsis-
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Feature window

Prediction window

—48 h —24h —12h -8h—4h 4 B +48 h T
T‘m]CU TouIICU
Fig. 6  Changing the time intercept length to construct a vector
Tab. 4  Effect of changing the time intercept length on predic- ReferenceS:
tion performance [1] A Mente, M O’donnell, and S Yusuf, “Sodium
Time Average Root mean Root mean intake and health: What should we recommend
interception absolute error square error square error based on the current evidence? ” Nutrients, vol. 13,
length (h) (mmol /L) (mmol/L) (mmol /L) no. 9, pp. 3232, 2021.
4 3.41 4.52 2.41%
[2] S. P. Juraschek, L. C. Kovell, L. J. Appel, E. R.
8 3.43 4.49 2.43% . ..
o Miller Iii, F. M. Sacks, A. R. Chang, R. H.
12 3.29 4.41 2.33
; Christenson, H. Rebuck, and K. J. Mukamal,
24 3.38 4.51 2.39
7 ! “Effects of diet and sodium reduction on cardiac
48 3.59 4.69 2.54%

tent size, we were unable to collect complete
information about drug information and patient 3]
fluid input/output. This has a certain impact on
our analysis and model performance. However,

we have achieved satisfactory results.

5 Conclusion

To sum up, the research generated by this
hypothesis shows that the physiological indica- 4]
tors recorded in the clinical electronic medical
record within 12 h can be used to predict the
development of the patient’s serum sodium, and (5]
the neural network learning model can accu-
rately predict the patient’s serum sodium status
and serum sodium value within the next 48
hours. And it has better prediction effect than (6]
other machine learning models. Further epidemi-
ological studies will help us verify our results and

determine the risk of serum sodium imbalance in

ICU patients.
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