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Abstract

Gestational diabetes mellitus (GDM) is one of the pregnancy complications that poses a significant risk on mothers and
babies as well. GDM usually diagnosed at 22-26 of gestation. However, the early prediction is desirable as it may
contribute to decrease the risk. The continuous monitoring for mother’s vital signs helps in predicting any deterioration
during pregnancy. The originality of this paper is to provide comprehensive framework for pregnancy women monitoring.
The proposed Data Replacement and Prediction Framework consists of three layers which are: (i) IoT Layer, (ii) Fog
Layer, and (iii) Cloud Layer. The first layer used IOT sensors to aggregate vital sings from pregnancies using invasive and
noninvasive sensors. Then the vital signs transmitted to fog nodes to processed and finally stored in the cloud layer. The
main contribution in this paper is located in the fog layer producing GDM module to implement two influential tasks which
are: (i) Data Finding Methodology (DFM), and (ii) Explainable Prediction Algorithm (EPM) using DNN. First, the DFM is
used to replace the unused data to free the cache space for the new incoming data items. The cache replacement is very
important in the case of healthcare system as the incoming vital signs are frequent and must be replaced continuously.
Second, the EPM is used to predict the incidence of GDM that may occur in the second trimester of the pregnancy. To
evaluate our model, we extract data of 16,354 pregnancy women from medical information mart for intensive care (MIMIC
IIT) benchmark dataset. For each woman, vital signs, demographic data and laboratory tests was aggregated. The results of
the prediction model superior the state of the art (ACC = 0.957, AUC = 0.942). Regarding to explainability, we utilized
Shapley additive explanation framework to provide local and global explanation for the developed models. Overall, the
proposed framework is medically intuitive, allow the early prediction of GDM with cost effective solution.

Keywords Gestational diabetes mellitus (GDM) - Deep learning (DL) - Fog computing - Healthcare system -
Effective data caching - Machine learning

1 Introduction within 5-10 years following the index pregnancy [3, 4].
Several studies reported that the high-risk complications

GDM is an irregular glucose level status that occurred  could be avoided if the medical intervention started at the

during pregnancy. It is a common pregnancy complication
that recognized in 3-10% of the pregnancies [1-3]. GDM
is usually diagnosed between 22 and 26 of gestational, may
result in high-risk complications for both women and
infants. These risks include respiratory problems, meta-
bolic complications, premature delivery, and the fetus may
gain increased weight that may hamper the birthing pro-
cess. Despite the fact that GDM usually goes away after
birth, women are still at a significant risk of developing
type 2 diabetes, with a cumulative incidence of 30-50%

Extended author information available on the last page of the article

first or the begging of the second trimesters [5].

Hence early detection of GDM is critical for avoiding a
variety of problems and it is important in issues such as:
(i) Evidence suggests that pre-diabetes treatment response
varies when GDM history is taken into consideration [5, 6].
(i1) Individualized risk prediction and treatment response
estimation could also help guide pre-diabetes treatment
selections [7, 8]. (iii) Women with a history of GDM can
learn about their diabetes risk in future and how metformin
and/or ILI might help [8, 9]. Individual risk estimation
could help doctors make better clinical decisions and make
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diabetes prevention programs more efficient, cost-effective,
and patient-centered [7, 8].

For the general population, there are a variety of models
available to estimate the risk of acquiring diabetes [10-13].
However, few people employ multivariable models to help
customize preventive treatments to specific people
[7, 8, 13, 14]. Predictors in models designed specifically for
women with prior GDM frequently incorporate measure-
ments taken during or shortly after pregnancy (e.g., insulin
use during pregnancy or breastfeeding history) [13, 15, 16].

In the last decades, several studies have been utilized
data from electronic health record (EHR) to diagnosis and
predict patient future events such as mortality prediction
[17, 18], sepsis prediction [19-21], predict heart problems
[22], and GDM complications [23, 24]. However, little
number of studies work on predicting GDM [25-27]. For
example: (i) a recent study develop formula to predict
GDM, this formula includes pregnancy body mass index
(BMI), gestational age fasting glucose. (ii) Xiong et al. [28]
decided to use support vector Machine (SVM) and light
gradient boosting Machine to create a risk prediction
mechanism for the first 19 weeks using high-potential
GDM predictors (light GBM). (iii) Using biochemical
markers and the ML method, Zheng et al. [29] presented a
straightforward method for detecting GDM in early preg-
nancy. (iv) In a study conducted by Shen et al. [30], it was
stated that the exploration of the best Al approach for
GDM prediction required the least number of clinical
devices and trainees in order to construct an Al-based
application (AD). [31, 32].

Other studies [33, 34] have attempted to develop models
based on risk factors discovered in the first trimester that
can predict an abnormal OGTT at 24-28 weeks. They
considered several factors predict GDM include scoring
methods, glucose biochemistry assays, and glycosylated
hemoglobin (HbAlc) levels have all been used in different
populations with varying degrees of success [35, 36]. GDM
can be averted, according to clinical study, if a compre-
hensive lifestyle modification is performed before the 20th
week of pregnancy [37, 38].

Unless the good performance of preciously developed
models for GDM, all of them neglecting the explainability
issue, concentering on optimizing the performance of the
ML model. Therefore, most of them are not accepted in the
medical domain. Explainability become important in ML
applications, as it help to provide transparent model that
could explain the output decision. Traditional models that
deal with hundreds of variables find it difficult to under-
stand the impact of each feature on the overall decision,
and the features that make the developed model move
toward one of the classes. Ongoing explainability of
models is another important issue, as it used to detect the
variable importance and the effect of changes in the
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developed model. Our goal is to develop a clinical diabetes
risk prediction model that is specific to women with GDM
who have already been diagnosed.

The prediction model depends on the vital signs come
from set of sensors connected to the woman. And when we
talk about sensors sending data, it leads to talking about
IoT [39]. IoT generates big data, which requires sending
these data to cloud-based Data Centers. To minimize the
latency which is very critical issue in such cases like
healthcare [40], Fog Computing (FC) is a mandatory
decision. FC is not a replacement for Cloud Computing,
but rather an extension of it that makes use of resources
from devices near the edge [41]. Hence, The FC increases
QoS parameters such as bandwidth efficiency and energy
usage while also lowering latency [42].

The originality of this paper is to provide comprehensive
framework for pregnancy women monitoring. The pro-
posed Data Replacement and Prediction Framework
(DRPF) consists of three layers which are: (i) IoT Layer,
(ii) Fog Layer, and (iii) Cloud Layer. The first layer used
IOT sensors to aggregate vital sings from pregnancies
using invasive and noninvasive sensors. Then the vital
signs transmitted to fog nodes to processed and finally
stored in the cloud layer. The main contribution in this
paper is located in the fog layer producing GDM module to
implement two influential tasks which are: (i) Data Finding
Methodology (DFM), and (ii) Explainable Prediction
Algorithm (EPM) using DNN. First, the DFM is used to
replace the unused data to free the cache space for the new
incoming data items. The cache replacement is very
important in the case of healthcare system as the incoming
vital signs are frequent and must be replaced continuously.
Second, the EPM is used to predict the incidence of GDM
that may occur in the second trimester of the pregnancy.

The rest of paper is organized as follows: Sect. 2 gives a
background for some basic concepts. Section 3 introduces
the recent previous efforts in the field of deep learning
algorithms used to analyze and predict deterioration during
pregnancy. Section 4 introduces a proposed Data
Replacement and Prediction Framework (DRPF) with more
details about each contribution. Section 5 introduces the
implementation and evaluation. Our conclusion is dis-
cussed in Sect. 6.

2 Background and basic concepts

This section introduces some concepts in the field of
Probabilistic Neural Networks (PNN), fog in healthcare
applications, and data caching in fog.
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2.1 Probabilistic neural networks (PNN)

A probabilistic neural network (PNN) is a type of feed
forward neural network that is commonly used to solve
classification and pattern recognition tasks. A Parzen
window and a non-parametric function are used to
approximate the parent probability distribution function
(PDF) of each class in the PNN method. PNN are orga-
nized into a four-layer multilayered feed forward network
[43, 44]: (i) Input layer: is made up of nodes that each have
a collection of metrics. (ii) Pattern layer: Each example in
the training data set has its own neuron. It calculates the
test case’s Euclidean distance from the neuron’s center
point, then uses the sigma values to apply the Radial Basis
Function (RBF) kernel function. (iii) Summation layer: For
each class, executes a sum operation on the outputs from
such as the highest-scoring label node. PNN has a number
of advantages, including: [43]: (1) PNN networks predict
target probability scores with high accuracy, and (2) As the
size of the representative training set grows, it is guaran-
teed to converge to an optimal classifier second layer. (iv)
Output layer: takes all of the summation nodes’ outputs and
outputs the maximum.

In classification and pattern recognition applications,
PNNs offer a scalable alternative to traditional back-
propagation neural networks. They do not necessitate the
huge forward and backward calculations that ordinary
neural networks necessitate. They can also handle various
sorts of training data. When applied to a classification task,
these networks use the concept of probability theory to
reduce misclassifications.

2.2 Explainability and interpretability of deep
learning models

Researchers sometimes interchange the terms inter-
pretability and explainability; nevertheless, while these
terms are extremely similar, other works discriminate
between them. There is no definite mathematical definition
for interpretability or explainability, and they have never
been measured; however, several attempts have been made
to define not only these two terms, but other related notions
like comprehensibility. All of these definitions, however,
lack mathematical formality and rigor.

Explainable AI (XAI) is a framework that used to open
the black box of the machine learning, help in under-
standing the output of the machine learning models [45].
Explainability also defined as the degree in which the
human could understand the ML decision [46], provide
insights on how the ML model, discuss the logic goes to
take this decision. Applying XAI provide three main
advantages include (1) provide clear explanation increase

the trust in the developed model. (2) Enable model trou-
bleshooting, (3) specifying the source of model basis.
Explainability and accuracy considered two separate issues
that should maintained when building ML models. Gen-
erally, algorithms with high accuracy performance are not
able to give a clear explanation to their decision and vise
versa. Two main types of Al explainability include global
method that apply to understand the overall behavior of the
model and effect of each feature in the output decision,
local method that used to clarify the decision of the model
for each instance [47]. The interpretable model is very
critical, especially in medical domains to translate the
output decision to human understandable language.

2.3 Fog in healthcare applications

The cloud, on the other hand, is unsuited for mission-
critical applications. High bandwidth requirements, peri-
odic delays, and safety and security difficulties are all
issues that cloud-based applications face. Real-time mon-
itoring is required for healthcare applications. Real-time
requirements cannot be met by the cloud. Delays occur
when data are sent to the cloud and then returned to the
application.

Healthcare services and applications are delay sensitive.
They deal with private data of the patients [48]. The
patients’ data contain very sensitive and personal data so
the data location should be secured. High latency may
cause many problems in tele-health and telemedicine
applications, which makes FC a suitable paradigm in
healthcare applications. As for many applications in health
informatics, a simple sensor-to-cloud architecture is
impractical. Regulations prohibit the storage of patient data
outside of a hospital in specific instances. Because of
patient safety concerns in the event of network and data
center failures, reliance exclusively on remote data centers
is also unsuitable for some applications [49]. Fog com-
puting is one possible option for bridging the gap between
sensors and analytics in health informatics.

2.4 Data caching in fog

Reduced latency is a critical issue in the fog computing
paradigm as the number of time-sensitive applications
grows. As a result, one of the goals of an effective IoT
application is to reduce fog computing latency. This
approach uses popularity-based caching to achieve this
goal, with a strong emphasis on the users’ interests.

For boosting data availability and lowering access
latency, data caching is a critical issue in FC. Each Fog
Node (FN) is so small, therefore cache replenishment is a
critical concern. In the FC context, cache replacement
achieves load balancing by ensuring data availability.

@ Springer



7426

Neural Computing and Applications (2023) 35:7423-7442

Cooperative caching is the most frequent data caching
strategy in FC. In this case, each FN’s local cache is shared
with its neighbors, resulting in a big unified cache. Each
node in a cooperative caching system can get data not only
from its own local cache but also from the caches of its
neighbors.

As a result, the data availability is maximized, the
access delay is minimized, and the response time for the
end-user layer is reduced. FNs share data in a variety of fog
applications, including healthcare [50], smart homes [51],
industrial systems [52], and intelligent traffic signs [53]. As
a result, sharing cache contents among FNs has a lot of
advantages. By picking a suitable set of data for caching,
the cache replacement method plays a key role in lowering
response time. When the cache fills up, a data item must be
removed to make room for the data that needs to be fet-
ched. The performance will be improved if the least used
data object is chosen.

3 Related work

This section will divide in to main section as follows
(i) provide literature review of using fog computing in
reducing latency, (ii) introduces some of the recent previ-
ous efforts in the field of deep learning algorithms used to
analyze and predict deterioration during pregnancy.

3.1 Utilizing fog computing in healthcare
systems

Real-time monitoring is required for healthcare applica-
tions. Real-time requirements cannot be met by the cloud
[54, 55]. For latency-sensitive applications, the cloud is
ineffective. Fog computing has been presented as a solution
to these issues. Ahmad et al. [56] suggested a health fog
system in which fog computing serves as an intermediary
layer between the cloud and the end-user. Communication
expenses are reduced thanks to this three-layer architecture.

Shukla et al. [57] presented a smart fog computing
architecture to reduce latency and network traffic. Requests
can be processed locally before being sent to the cloud in
this three-layer design. Fog computing serves as a middle
layer that improves network services while reducing the
downsides of IoT health. In the healthcare 10T, fog nodes
are employed to reduce latency. Greco et al. [58] presented
a layered architecture aimed at solving health monitoring
issues. There are two types of health monitoring problems:
static and dynamic monitoring.

An IoT-Fog-Cloud ecosystem was proposed by Alli
et al. [59]. It is an intriguing architecture in which IoT
devices respond to user requests. End devices are on the
bottom, the fog layer is in the center, and the cloud layer is
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at the top. Localized computation, fog-edge computing,
and remote computing are all supported by this architec-
ture. Abdelmoneem et al. [60] present a system that
dynamically distributes healthcare tasks across cloud and
fog computing. This architecture will handle a wide range
of health issues and a large number of individuals.

3.2 Utilizing deep learning in predicting GDM

Predicting pregnancies deterioration considered critical
issue in medical domain. Recently, various studies utilizing
ML and DL to predict GDM and its consequence. For
example, j. Wang [61] utilizing various ML algorithms
include random forest (RF), support vector machine
(SVM), and artificial neural network (ANN) to predict
GDM. The model evaluated on a data collected from dif-
ferent hospitals in eastern China, result in accuracies ran-
ged from 81 to 86%. Another study [32] utilized patient
electronic health record (EHR) to predict GDM during
early pregnancy based. The authors first employed six ML
include (SVM, NN, logistic regression (LR), baysesin
network, and CHAID tree), then they developed cost
effective hybrid model to improve accuracy. Result in
accuracy of 86.5% and 84.7% for training and testing,
respectively. The same in [62], A.Sumathi provide voting
ensemble classifier based on various ML techniques
include (LR, SVM, RF, k-nearest neighbor (KNN))result in
accuracy of 94.24%.

In [53], Y. Liu et al first studtied the impact of different
types of features and multiclass feature combination on
predicting GDM. They devised a feature screening method
for determining the importance of traits in order to auto-
matically filter the appropriate number of features. Then,
they vectorized features using depth representation meth-
ods like network embedding, analyzed the relationship
between features using a similarity measurement method,
and finally applied it to the classification model for pre-
diction. This approach could learn some aspects automat-
ically based on both domain knowledge rather than
artificial rules, resulting in superior results. Unless the
enhanced performance of the developed model, It neces-
sitates extra time and money to manage data by humans.

When the features filtered by Wideband Bandpass Fil-
ters (WBFs) as in [54], the accuracy, F1 value, and AUC
value of logistic regression are 0.809, 0.881, and 0.825,
respectively, which was a 12 percent gain when compared
to when the feature is not used. The findings showed that a
data drive based on electronic medical records can signif-
icantly enhance the accuracy of forecasting gestational
diabetes. Y. Zhong et al. [55] created a method to assess
the risk of GDM in second-trimester pregnancy. This
model based on a variety of risk factors, that has a high
predictive value for the development of GDM in pregnant
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women in China and may be useful in directing future
clinical practice. However, In terms of liver function, there
was no significant difference between the two groups,
which is an essential indicator of visceral fat metabolism
(especially hepatic fat metabolism).

For women with past GDM, M.Schwartz et al. [63] built
and internally verified a therapeutically useful prediction
model that includes fasting glucose, HbAlc, BMI, treat-
ment arm, and BMI by treatment arm interaction. Inte-
grating personalized diabetes risk prediction into pre-
diabetes therapy decision-making should help researchers
better grasp the benefits of ILI and/or metformin in dia-
betes prevention. For personalized decision-making in the
management of prediabetes in women with past GDM, a
clinical prediction model was devised. For women with a
prior GDM, the estimated incidence of diabetes without
therapy was 37.4%, compared to 20.0 percent with com-
prehensive lifestyle modification or metformin treatment. It
is officially predicated on the presumption of a lady who
has had a previous GDM. In most circumstances, it is not
very accurate. In [64], F. Guo et al. created a simple
nomogram for pregnant Chinese women that may be used
to predict the likelihood of getting GDM during the first
antenatal visit. This method could detect GDM early
allowing more effective management to improve maternal
outcomes. On the other hand, the AUC statistic is just
concerned with prediction accuracy. A model with a higher
AUC but a little lower sensitivity might be a better choice
for clinical application. As a result, we employed decision-
analytic approaches to assess the worthiness of a model or
alternatives, using our findings and theory.

4 The proposed data replacement
and prediction framework (DRPF)

One of the most significant applications related to the aims
of IoT is an efficient healthcare system. In this regard,
many factors should be taken into consideration such as
time, privacy of data, and accuracy. The healthcare system
should be reliable and available at any time. Accordingly,
this paper is concerned with designing an IoT-Fog based
healthcare system as shown in Fig. 1. The proposed Data
Replacement and Prediction Framework (DRPF) consists
of three layers which are: (i) IoT Layer, (ii) Fog Layer, and
(iii) Cloud Layer. The IoT layer combines the IoT devices
(pulse oximeter, ECG monitor, etc.) to observe the user
status. The fog layer is considered with handling the
incoming requests and forwards them to the suitable Fog
Node (FN). The fog layer is divided into set of fog regions,
and layer 3 is the cloud datacenters. The following sub-
sections details the roles of the proposed layers.

4.1 loT layer

IoT devices utilized as it provides wide range of flexibility,
for example, if a patient requires constant care, he or she
can remain at home rather than in a hospital and be mon-
itored on a frequent basis utilizing IoT technology. The
data transferred from the sensor to the control device and
then to the monitoring center will be affected by noise,
lowering the data quality. On the IoT, monitoring a large
number of users necessitates more storage and infrastruc-
ture, which may be avoided by keeping data in the cloud.

4.2 Cloud layer

Cloud datacenters locate at remote distance from IoT
devices which leads to high latency. This issue adversely
affects the response time for real time applications such as
critical health monitoring systems, traffic monitoring, and
emergency fire. In addition, IoT sources are geographically
extended and can generate a large amount of data sent to
cloud for processing which lead to overloading. The edge
computational resources can handle the previous men-
tioned challenges in IoT systems.

The patient data which come from the IoT sensors is
sent to the used application which uses the proposed GDM
module. The used application sends its data to be processed
in the fog layer. The main module called GDM Module is
implemented in the fog layer as shown in Fig. 2 is running
in the fog layer. GDM module is used to predict GDM with
low latency.

4.3 Fog layer

Fog can be considered as a computing paradigm which
performs IoT applications at the edge of the network. The
Fog improves the QoS metrics such as (bandwidth effi-
ciency and energy consumption) and reduces latency. The
main mission of fog is to deliver data and place it closer to
the user.

4.3.1 The proposed GDM module

The proposed GDM module is composed of two main sub-
modules: (i) Data Finding Methodology (DFM), and (ii)
Explainable Prediction Algorithm (EPM) using DNN.

4.3.1.1 (i) Data finding methodology (DFM) The DFM is
used to replace the unused data to free the cache space for
the new incoming data items. The cache replacement is
very important in the case of healthcare system as the
incoming vital signs are frequent and must be replaced
continuously. Caching in a fog environment is constrained
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Fig. 1 The Proposed Effective
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by bandwidth limitations, power limitations, and cache
space limitations. To discriminate between data items that
should be preserved in the cache and those that should be
discarded when the cache is full, a decent replacement
mechanism is necessary.

The network is divided into fog regions and each region
has a Master Node (MN) that manages the communication
in each fog region. The MN collects the required features
about each fog node such as: (i) Existing Data (ED), (ii)
Time-To-Live (TTL), and (ii) Cache Size (CS). The MN
periodically checks each data features to delete the data
items with zero TTL. If the cache of the Fog sever is full
and there is an incoming data, the MN can decide to
remove a data item according to some criteria. Each FN has
a table called Data Cache Table (DCT) which contains
information about each di in its cache memory such as:
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Monitors the patient symptoms

and sends it to be processed in
the fog layer

loT Devices
Pulse Rate
Sensor

(data item (di), Access Time (TA), Size of data (S), Access

Frequency (FA), Access Count (AC), Time-To-Live
(TTL), and Cache Free Size (CFS) as shown in Table 1.

The DFM leads to periodically update the cache and
decrease the latency. The suggestive measures have been
taken into account to measure the performance of the
cashing schemes are: (i) Hit Ratio (HR), (ii) access latency,
and (iii) power consumption. The access latency is defined
as the average packet delay over a multi-hop route. It is
used as a measure of the accessibility of the nodes.

Using PNN, algorithm can decide to remove a data item
and replace it with new incoming data according to its
features. The input to the PNN is: TA, AC, and FA. The
output of PNN is Data Replace (DR). DR can be Yes or
No. The steps of PNN-based cache replacement strategy
are shown in Algorithm 1.
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Fig. 2 Explainable Prediction Algorithm (EPM) using DNN
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Table 1 Data cache table (DCT)

Data item Access time (TA)  Size Access frequency (FA) Access count (AC) Time-to-live (TTL) Cache
(di) of free size
data (CFS)
(S
Refers to  The time at which ~ Size The value of how many Each data item maintains a TTL is a time period The free
data data item enters of times di was accessed. It count which gives the given to each di when  space
item’s the cache of the data indicates the importance of ~ number of FNs having the it is located at this in the
number FN item the di same data cache cache

PNN based cache replacement strategy

e Qutput:
o Data Replacement (DR)
o Steps:

// for training:
int MS = -1; float largest = 0;
float sump, ExSum;

for (int L=0; L<X; L++){
sum[ L ] =0;

for ((int M=0; M<Y; M++ ){
float product = 0;

for (int N=0; N<d; N++ ){

SumS[M] = sump;
ExSum+=SumS[M];}
sum[ L ] = ExSum;
sum[ L ] /=Yy;}
Target=sum[0];
for (int L=1; L<=X; L++){
\ if (sum[ L ] > largest ){
\ largest =sum[ L ];
\ MS =L;}

]
1
1
1
1
1
1
|
1
1
1
1
1
1
1
1
1
1
1
1
1
1
|
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

4.3.1.2 (ii) Explainable prediction algorithm (EPM) using
DNN This section proposed EPA model that aimed to
detect the incidence of GDM among pregnancies. In
addition to provide understandable explanation to the pre-
dicted output. We evaluated our model based on MIMIC III
dataset. As shown in Fig. 3, The proposed EPM consists of
four main steps: (a) Data Collection: collecting the required
dataset using PostgreSQL, extracting data from various
tables include (patients, chartevents, D_itmes, lab-events,
and input_events), (b) Data Preprocessing: The output from
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o Accessing Time (TA), Accessing Count (AC), Accessing Frequency (FA)

int PNN(int X, int Y, int Z, float S, bool test_example[T], float Examples[Y][T]){
float sum[ X ], Product[ d ], sump[ d ], SumS[ Y. ];
// The OUTPUT layer which computes the Gaussian functions (G) for each class X

// The SUMMATION layer that accumulates the Gaussian functions (G)
/I for each example from the particular class L

/I The PATTERN layer that computes eculidean distance
/I for each parameter from the particular class

Product[N] = test_example[N] - Examples[M][N];
Product[N] = (product[N]* product[N]) / (S * S);
Product[N] = exp( product[N] );

sump += product[N];}

the first step cleaned and preprocessed using different steps
include (removing outliers, standardization and balancing),
(c) Feature Extraction: utilizing DNN to build classification
model that could detect the incidence of GDM. (d) Devel-
oping DL model: The output decision then utilized SHAP
explainer to provide understandable explanation to the
developed decision. The performance of our model eval-
uated using unseen data to ensure the efficiency the pro-
posed model is promising, accurate, and explainable.
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Fig. 3 Selected Data
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(a) Data collection: Medical Information Mart for
Intensive Care III (MIMIC III) is a benchmark dataset that
developed by MIT Lab. It includes HER data for patients
inside ICU. MIMIC III accessible by getting confirmation
from Physionet Organization. MIMIC III includes the data
for 53.422 distinct patients. 4750 measurement and 390
laboratory tests included in MIMIC III dataset. As shown
in Fig. 3, in this study we extract the data from MIMIC III
dataset include patient’s demographics (i.e., age, gender,
BMI), vital signs (i.e., heart rate, respiratory rate, glucose
level, etc.) and laboratory test (i.e., Albumin, Creatine,
Cholesterol, sodium, etc.) The present study was conducted
on 8740 pregnant women.

according to inclusion criteria includes: (i) female gen-
der that was adult (age > 20). (ii) Recorded as pregnant in
mimic iii database (item_id (pregnant = 225,082, pregnant
due date = 225,083). Gestenail age between 6 to 26 weeks.
Existing of required vital signs and laboratory tests. Fea-
tures used in EPM is detailed in Table 2.

(b) Data preprocessing: The output from the first step
cleaned and preprocessed using different steps include
removing outliers, standardization and balancing [65]. The
steps of data preprocessing are as follow: (i) Data balanc-
ing: Class imbalance is a common problem, especially with
medical dataset. In MIMIC III a minor number of pregnant
women have GDM which may lead to the problem of
imbalanced dataset. Two main techniques commonly used
to handle this issue include oversampling [66] and under-
sampling [67]. Oversampling techniques used to increase
number of samples in the minority class such as synthetic
minority oversampling technique, where under sampling
used to remove samples from the majority class such as
Tomek link and random under sampling. In this study we
used the random under sampling technique to keep the data
balanced. The main advantage of using under sampling
technique is that it does not add any noise to the dataset.

(i) Handle missing values: MIMIC dataset includes
about 15-20% of missing data. Several statistical tech-
niques used to impute the missing values such as expec-
tation maximization [68], hot decking encoding [69], etc.
in this study we removed data with more 50% missing data.
We only selected patients that have at least one record for
each vital signs per day. Then, forward and backward
filling used to fill patient’s data. (iii) Scaling data: The
extracted features have different values which may vary in
their value. These variations usually affect classifier per-
formance. Therefore, in this study we scaled all features to
be ranged from 0 to —1 using Minmax scaling [70]

(c) Feature extraction: In this section we extracted two
feature subset A, and B as shown in Table 3. Feature set A:
include the main vital signs include (heart rate, glucose
level. SPo2, blood pressure, etc.), and some laboratory tests
include (PCT, total burlibun, etc.). feature set B: include all
features in feature A, in addition to some features related to
pregnancy such as Gestenail age, weight change, and other
laboratory features such as Lymphocyte, Sodium, Vitamin
E, and Neutrophil these features have a critical effect of
GDM detection. For example, Vitamin E is a critical
measure to maintain the metabolic of the body and scav-
enging radical activities. The deficiency of Vitamin E
among pregnancies may lead to vascular endothelial,
incidence of GDM, and hypertension, in addition to pla-
cental and premature birth [51]. Therefore. Considering
vitamin E is important in GDM prediction. The same for
Lymphocyte, the count decreases during the first and the
second trimesters and increased during the third one.
Increasing lymphocyte may also contribute to irregular
glucose level.

(d) Developing DL model: DI model includes 20 input
dimensions using dense and dropout layers. Dense layers
considered a neural network that connected deeply. Each
neuron in each layer receives the output from the previous
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Table 2 Features used in EPM

Feature_ID Feature_name UOM Average for GDM Average for non-GDM P_value
BMI - 28 + 6.2 21.66 £ 3.2 < 0.05
3692 Weight Change kg 12 + 12.8 10 £ 7.9 < 0.05
3583 Previous Weight Kg 75 £ 153 66 + 7.2 < 0.05
3446 gestenail age 244 + 1.2 18 £23 < 0.05
1127 WBC (4-11, 000) (*103 / pm) 948 + 2.6 8.87 £ 1.3 < 0.05
626 Neutrophil % 69.21 + 8.9 71 £ 8.7 < 0.05
220,635 PCT % 0.20 £ 0.05 0.17 + 0.61 < 0.01
220,645 Sodium mEq/L 142 £ 3.2 135 £ 42 < 0.05
223,830 PH (Arterial) - 745 £ 0.2 735+ 22 < 0.01
223,751 Noninvasive Blood Pressure mmHg 125 4+ 5.8/90 &+ 5.6 115 + 3.8/75 = 3.4 < 0.05
2381, 220,045 Heart rate Bit per M 70 £+ 23 60 + 22 < 0.05
646, 5820 Spo2 % 95 + 42 95 +5
1126 Platelet (x 103 / pm) 231.0 + 62.6 198.0 £ 62.6 < 0.05
783 lymphocyte % 259 + 74 248 +£ 6.9 < 0.05
772,227,456 Albumin (> 3.2) (g/L) 44 £ 9.8 3412.2 < 0.05
1529 Glucose mg/dL 100 £ 25.3 90 + 22.7 < 0.05
1525 Creatinine mg/dL 0.7 £ 0.5 .06 +£0.2 < 0.02
1523 Chloride (mEq/L) 100 £ 3.2 96 + 4.4 < 0.05
3684 Vitamin E mg/l 9.20 + 2.37 10.80 £ 5.01 < 0.05
1522 Calcium mg/dL 93+ 18 8.6 £22 < 0.05

Table 3 Features used in model A and model B

Model  Features

Model  Age, BMI, Respiratory rate, Heart Rate, Glucose level,
A SPO2, blood pressure, Calcium, Sodium, PH (Arterial),
Total Bilirubin, PCT

Model  Age, BMI, Weight change, Gestenail age, Respiratory rate,
B Heart Rate, Glucose level, blood pressure, BUN, PH
(Arterial), SPO2, PTT, Vitamin E, Neutrophil,
Lymphocyte, Glucose, Creatinine, Creatinine, Calcium,
Sodium, PCT

layers. Dense layers also utilized to change the vector
dimension. Dropout layer is regularization approach that
used to randomly ignoring some neurons during training

@ Springer

process to avoid overfitting [71]. As shown in Fig. 4, in the
hidden layers, we used activation function rectified linear
activation function or “ReLU,” it is a liner activation
function that out the input directly if it is positive, other-
wise, it will output zero. Learning process done using
backpropagation algorithm [72]. This method helps cal-
culate the gradient of a loss function with respect to all the
weights in the network. In the last layer, we utilized the
sigmoid activation function for binary classification [73].
This result in a robust network that have a good general-
ization ability and less likely to overfit.
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e Deep learning model

1 .
;® Defintion:

5’;": bias for neuron ! in layer [,

h " product sum plus bias i in layer /.

0;“': Output for node i in layer [,

73: number of nodes in layer ;.
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0% : output vector for layer [,,

o Steps:
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the vectors x = { xy,...,x .}

For k from 1to m — 1

a. Compute i:f"Z wr.0F

3-  Compute the output y for output 7,

\ equation

5 Results
5.1 Evaluation metrics

The performance of the proposed intrusion detect method
has been evaluated using the confusion matrix consisting
of: True Positive (TP), True Negative (TN), False Positive
(FP), and False.

True Positive (TP): # of records successfully recognized
as injection attack.

e True Negative (TN): # of records classified as a normal
class.

e False Positive (FP): # of records wrongly classified as
injection attack

e False Negative (FN): # of injection attacks undetected
by IDS

For our proposed model, we used various metrics
include accuracy, Accuracy, Precision, Recall, and FI

W% : weight for neuron j in layer [, for incoming node i (aneuronif X = 1) in laver [,

Set the values of the outputs 0? for nodes in input layer [ jto their associated inputs in

2- Calculate the product of sums and outputs of each hidden layer in order from [, I,,—;

Lpk = p¥ 4+ Sf;]lu'fof"—l fori=1,...,%:

b. Compute 0 = g(h¥)fori=1,...,

a. Compute h{" = w)".0m — 1+ b" = b{" + X I w{ 0F1

b. Compute o= 0,"= go (h]")
Learning process

Given a set of N input-output pairs X = { (x,v),. . ..
updating the values of ',4,':;" and b¥ to minimize the cost function.in our model, we used the cross-

entropy cost function that derived from the maximum likelihood principle through the following

(%, ,V,,)} learning consists of iteratively

metrics, and AUC. The cross-validation (CV) results are
calculated based on the training data, and the generaliza-
tion performance is measured based on the testing data.
Table 4 details the used evaluation metrics.

5.2 Results of DL model

In model A, we used the basic feature set such as patient’s
age, heart rate, blood pressure and other vital signs to
predict GDM. EPM achieves adequate performance
(Accuracy = 0.902%, AUC = 0.912%). Model B used the
same features in model A, in addition to other features
include gestenail age, weight change and other laboratory
tests such as Albumin, vitamin E which have impact on
GDM incidence. The results demonstrate that the perfor-
mance increased when adding weight-change and gestenail
change (Accuracy = 0.957%, AUC = 0.942%). From the
previous experiments, we observed the following: (i) pa-
tients with GDM ranged from 25 to 45 years (average
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Fig. 4 Deep learning model

32.12 + 5.6). (i) GDM usually appeared in gestenail age
between (19-26 weeks). (iii) Both BMI and weight change
during pregnancy is highly associated with GDM (GDM
average for BMI was 28 & 6.2 and for non GDM was
21.66 + 3.2). (iv) GDM pregnant women associated with
significance difference (P < 0.05) in liver and kidney
functions that reflected in high values for Albumin, BUN,
SBP, TC, etc. The overall results are illustrated in Table 5
and Fig. 5.

5.3 Statistical analysis
To ensure the superiority of the developed DNN model,

both model a and b are compared using Freidman test [74].
Freidman test is non-parametric test that is used to

Table 4 Evaluation metrics

Table 5 Features used in model A and model B

DL Model Accuracy Precision Recall F-score AUC
Model A 0.926% 0.9321% 0.8431% 0.902% 0.912%
Model B 0.957% 0.949% 0.892% 0.937% 0.942%

determine if there is significant difference between models.
In order to choose the best performance model according to
statistical test, the average rank for each model is calcu-
lated based on the Nemenyi test [75]. Results of the
Nemenyi test could be visualized using the critical differ-
ence diagram. Figure 6 shows a comparison between
classification models based on the critical difference cal-
culated based on the results of the Nemenyi test for all
models. The test shows a significance difference between
the developed models (Statistics = 9.855, P <0.005). Fig-
ure 6 shows that model B give the improved performance
over model A (i.e., AUC = 0.942, P <0.005) followed by
the same feature set after.

5.4 Evaluation of explainability of DL model
5.4.1 Global explainability

In this section, we used SHAP summary plots to show
the behavior of the developed model in terms of dif-
ferent values of several features. As shown in Fig. 7,
each horizontal line represents one feature and the
number of dots represent the correlation between the
feature and the overall decision. Color of the dots rep-
resent the nature of correlation (Red for high, and blue
for low). From Fig. 7, we make the following observa-
tions. (i) Albumin and weight change have a significant
correlation with GDM prediction, higher values have a
positive impact of predicting GDM. (ii) High values of
PTT have negative effect of predicting GDM. (iii)
Summary plot allows specifying the effect of the out-
liers. For example, weight change is not the most critical

Metric Abbreviation Equation Definition
Accuracy ACC % The percentage between number of cases that are correctly classified and the total number of cases
Precision P m‘_ffp The percentage of the negative class cases that classified correctly
Recall R m’ﬁﬁl The ratio of the number of positive records that are classified correctly to the total number of
' classifications in the actual class. This means that the higher the FN rate
Fl-score Fl1 2531’*11;) Measure is known as the harmonic mean of the precision and the recall measures. It is considered a good
+

evaluation measure for imbalanced data

@ Springer



Neural Computing and Applications (2023) 35:7423-7442 7435
Loss Loss
15 1 —— frain ] —— train
— test 10 — test
10 A
5
0.5 1
0.0 T T T T T T T 0 1 ; ] T T = T T I—L T
0 50 100 Acclmacy 200 250 300 10 0 50 100 ACC].B@CY 200 250 300
09 1 0.8 1
0.8 1 0.6 1
| - ftrain
0.7 —— test 0.4 1 — test
0 50 100 150 200 250 300 0 50 100 150 200 250 300
(a) (b)

Fig. 5 Results of DL model a accuracy and loss results for model A, b accuracy and loss results for model B
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feature, it impacted for some cases. This appeared
long tail that distrusted in both directions.

Fig. 7 Global explainability of
proposed DL model
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Model B

5.5 Local explainability

In this section, we utilized SHAP plots to show explanation
for the output decision for each case (local explainability.

Figure 8 shows a GDM case with probability of 73% to

have GDM. It also shown the most impact feature values
that move the result toward positive class such as gestenail
age = 19, albumin = 56.75, Neutrophil = 96.47 and other

in the

weight change = 2.31.

factors that move the decision to not have GDM include

The all-previous mentioned abbreviations are listed as

shown in Table 6.

- — SO——
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Fig. 8 Local explainability of
proposed DL model

Creatine = 16.16 ' Neutrophil =96.47 ' Calcium = 9.05613

Table 6 List of abbreviations

Term Description

GDM Gestational diabetes mellitus
DL Deep learning

AUC Area under the roc curve
PHR Patient health record

HER Electronic health record

PA Predictive analytics

PNN Probabilistic neural networks
FC Fog computing

CC Cloud computing

10T Internet of things

Table 7 The Performance metrics to evaluate the proposed DSP
scheme

Metric Definition

Hit Ratio (HR) The number of successful requests per time interval
T to the total number of requests during the same

time interval

Access Defined as the average packet delay over a multi-
Latency hop route. It is used as a measure of the
accessibility of the nodes
Power The average power consumed over a multi-hop
Consumption  route

5.6 The performance metrics for DFM

The common performance metrics which are used to
measure the performance of the cashing schemes are:
(i) Hit Ratio (HR), (ii) access latency, and (iii) power
consumption. Table 7 summarizes the definitions of the
performance metrics.

Assume the four data items located at the DCT have the
parameters values shown in Table 8. And a new incoming
data item (di,.,,) needs to be located at the DCT. The size
of dipew is 0.204 MB.
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The performance of DFM comparing with the top state-
of-the-art caching strategy is shown in Table 9.

From Table 8, it is shown that DFM has achieved the
highest HR, the lowest access latency, and the lowest
power consumption due to the high accuracy of using the
PNN.

6 Study strengths and limitations
6.1 Study strengths

The key strengths of the present study could be summa-
rized in the following points. First, the methodology used
to predict the GDM and the clinical criteria for choosing
the appropriate features for prediction, including vital
signs, laboratory tests and biomedical abnormalities that
contribute to increase the predication accuracy. Second,
Utilizing IoT sensors, fog, and cloud computing provide
real time system for GDM monitoring with low latency.
Utilizing SHAP library to explain the decision of the model
and determine the effect of each feature. These contribu-
tions provide significant step over state of the art.

6.2 Study limitations

Although our proposed model adds promising achieve-
ments to sepsis prediction, we still have many limitations
that need further handling. First, because MIMIC III
dataset is extracted from one institution, we cannot claim
the generalization of our results. Second, predicting GDM
may fail due to the unavailability of the required features.
Third, the imputation process in which we average all
measurement per hour may lead to loss of some temporal
values which may negatively affect model performance.
Therefore, we intend to work on better imputation tech-
niques that could capture this missing data is a main point
of future exploration. Fourth, summarizing time series data
and working with feed forward neural networks may dis-
card many temporal features in these multivariate series.
Utilizing other deep learning models such as LSTM and
CNN are expected to improve the performance. These
limitations will be handled in our future studies.
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Table 8 Four data items parameters located at DCT

Data item  Access time Size of data  Access frequency  Access count  Time-to-live Energy  Distance  Cache free size
(di) (TA) () (FA) (AC) (TTL) (B) D) (CFs)
d1 0.936 0.213 0.769 0.0455 0.245 0.0818 3 0.120
d2 0.5 0.0833 0.324 0.264 0.748 0.136 2 0.0005
d3 0.155 0.824 0.287 0.973 0.985 0.791 5 0.610
d4 0.5 0.62 0.528 0.973 0.145 0.482 2 0.487
'\I;/aiglleﬂ?e E)%ﬁf::;{lffi}f];?;ltw Algorithm Year Hit ratio (HR) % Access latency Power consumption
caching strategy DFM 2022 92.11% 1.007 3747
DSP [73] 2019 91.54% 1.541 3815

7 Comparison with literature

As shown in Table 10, we make a comparison of our model
with the recent literature according to different criteria such
as number of weeks, number of features, and model per-
formance. Note that we choose to compare with studies
that not only depend only on the MIMIC dataset due to the
small number of studies that used mimic III dataset. As
show in Table 9, most of the-state-the-art [63, 76-78]
depend on large number of features in predicting GDM.
Even though they achieved adequate results, these studies
considered not medically accepted. They did not take in
consideration the unavailability of such features in most
cases. Furthermore, most studies depend on the data
aggregated from the first (18-22) weeks to predict gesta-
tion typically diagnosed at 24-28 weeks of gestation, but
earlier detection is desirable as this may prevent or con-
siderably reduce the risk of adverse pregnancy outcomes.
Therefore, in our study we depend on the data aggregated
from the first 12 weeks to make the prediction. Compared

Table 10 Comparison with other work

with [79], this study depend on small number of features
(12 features) and large sample of 6092 women. However,
they achieved result 0.750 in terms of AUC. This returns to
depending on logistic regression model that that could not
consider the changes in several important features. The
same in [80], this study also depended on logistic regres-
sion algorithm with sample size of 6444 patients, result in
0.721 in terms of AUC. In [62] authors use DL model
techniques for predicting, result in AUC = 0.889, 0.849,
respectively, but these studies neglected the role of time in
predicting gestation and its affect in patient progression. As
in our study, authors in [81] DL to predict GDM using only
data from the first 14 week. unless their acceptable result
AUC = 0.880, the chosen features considered insufficient
in the medical domain. One of the strengths of our pro-
posed model is the ability to predict GDM using only the
data from the first 12 week of gestation, Result in the most
superior model over the state-of-the-art (AUC = 0.906).
Overall, our models not only allow early-stage intervention
in high-risk women, but also provide a cost-effective

# Sample size Data source Features Nu of weeks AUC  Accuracy
[76] 588,622 Pregnancies in Israel 134 features 20 0.68 0.67
[77] 487 Women’s Hospital, School of Medicine, 52 features 22 0.727 69.9
[78] 1385 71 features 21 0.728 0.716
[63] 317 UIC Department of Medicine 111 features 16 0.82 0.68
[82] 1000 Provincial Administration of Traditional Chinese Medicine 83 features 22 0.825 0.809
[79] 6092 university-affiliated tertiary medical center between 2007 to 2014 12 features 20 0.74 0.85
[80] 6444 collected longitudinally using self-administered questionnaires 23 feature 21 0.710  0.712
[62] 25 medical centers and maternity hospitals 22 0.889  0.849
Our work 8740 MIMIC III dataset 22 0.942  0.957
pregnant
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screening approach that could avoid the need for glucose
tolerance tests. Future prospective studies and studies on
additional populations are needed to assess the real-world
clinical utility of the model.

8 Conclusion

In this study, we provide comprehensive framework for
pregnancy women monitoring. The proposed Data
Replacement and Prediction Framework (DRPF) consists
of three layers which are: (i) IoT Layer, (ii) Fog Layer, and
(iii) Cloud Layer. The first layer used IOT sensors to
aggregate vital sings from pregnancies using invasive and
noninvasive sensors. Then the vital signs transmitted to fog
nodes to processed and finally stored in the cloud layer.
The main contribution in this paper is located in the fog
layer producing GDM module to implement two influential
tasks which are: (i) Data Finding Methodology (DFM), and
(i1) Explainable Prediction Algorithm (EPM) using DNN.
First, the DFM is used to replace the unused data to free the
cache space for the new incoming data items. The cache
replacement is very important in the case of healthcare
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system as the incoming vital signs are frequent and must be
replaced continuously. Second, the EPM is used to predict
the incidence of GDM that may occur in the second tri-
mester of the pregnancy. The first DL model (model A)
based on vital signs, laboratory tests, and patient’s demo-
graphics. The second DL model (model B) used the same
features, in addition to other pregnant features include
weight change, gestenail age, Lymphocyte, Sodium, Vita-
min E, Neutrophil, etc. Our study reported that patient’s
age, BMI, blood pressure, Lymphocyte vitamin E are
mainly associated with GDM diagnosing. The proposed
model achieves accurate and promising result for academic
perspective. However, we are still need to close from real-
world secaris. Therefore, in future, we intend to apply our
model on a large scale of pregnant patients to ensure the
generalization ability of our study.

Appendix
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Appendix a

Step 1 — Data collection
1.1 collected data = Querying (MIMIC III)

Step 2- Data Preprocessing
2.1: RawDataset = ReadDataset(Path(collected data))
2.2: procedure Cleaning Preprocessing(RawDataset)
2.3: Features, Labels = split dataset to fearures and labels
2.4: Encode(Labels)
: dataset = Replace(Features,”?””,None)
: for each column col in dataset do
: if nullvalues > 50% then
: delete(col)
:end if
: end for
: for each row r in dataset do
: for each value vinr do
:if v =null then
delete(r)
:end if
: end for
: end for
: for each data instance in dataset do
cast into integer value
: end for
: scaling(dataset)
: split dataset to training and testing subsets using 70:30 percentage

Step 3- feature extraction (Extract the average the feature value per day)
3.1 extract the required features from the collected dataset
3.2 for each data instance in dataset N do

For each column S do
Average( S for each N)

Step 4 deep neural network building
4.1 providing extracted features
4.2 add dense layer 1 (conv layer)

4.3 add dropout layer 1

Step 5 model learning
5.1 learn on training data (70% of the total data)

5.2 test the model on test data ( 30% of the total data)

Step 6 model evaluation
6.1 calculate accuracy metric
6.2 calculate F1 score metric
6.3 calculate precision metric
6.4 calculate recall metric

Step 7 interpreting deep neural network model and results
7. 1 provide local explainability
7.2 provide global explainability
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