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Monitoring Medical Interventions for
Multidimensional Evaluation of Changes in
Patient Test Results with Principal Component
Analysis

Mohammed Abebe Yimer”, Ozlem Aktas, Siileyman Seving, Ali Riza Sisman, Oktay Yildirim and
Eminullah Yasar

Abstract—Medical doctors of today are challenged with
increasingly large volumes of high-dimensional, heterogeneous,
and unstructured data from various sources that pose significant
challenges for manual analysis. However, this unstructured data
is mainly vital for decision making but there exists a shortage of
intelligent tools to extract the hidden knowledge. Given these
facts, the application of machine learning methods in healthcare
is a growing phenomenon. This paper explores machine learning
approaches for interpreting large quantities of continuously
acquired, multivariate patient-based medical laboratory data, in
intensive care unit (ICU) settings. The research hypothesizes that
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principal component analysis (PCA) can be able to capture the
changes in the outcomes after a medical intervention. We
adopted PCA as the main method, to observe and capture the
daily changes for intensive care unit patients. The approach will
be able to inform the physicians, which laboratory tests are
exhibiting variances after an intervention, and their associated
epiphenomenon. This can be used as a clue to make decisions on
which treatment or diagnosis to apply further. Experimental
analysis results indicate that PCA was able to capture patient
progression in terms of variances. Permutation tests for the
validity and stability of the model exhibit an acceptable
significance level with a p-value of 0.001. Results showed that the
approach provides promising results for interpreting large
quantities of patient data for establishing a cause-effect
relationship from medical interventions and be used as an early
warning system. The study retrospectively demonstrated the
capability of PCA to monitor and provide an alert to the
clinicians about the patient's changing conditions, thereby
providing opportunities for timely interventions. If coupled with
other machine learning models, the approach can also be able to
support clinical decision making and enable effective patient-
tailored care for better health outcomes.

Index Terms—Capture variances, Decision making, Intensive
care unit, Medical intervention, Patient Care, Principal
component analysis.

I. INTRODUCTION

Several research studies postulate that the development of
machine learning systems in healthcare is paramount both for
the healthcare industry as well as the patients. The majority of
healthcare systems nowadays use a basic visual representation
of historical data for analysis by the doctors. This type of
viewing is important however, this becomes overwhelming
with the increasing number of patients and a vast amount of
collected data. This necessitates the development of intelligent
tools or systems that can extract insight and semantics from
this bulk of data for decision-making processes.

Widanagamaachchi et al. [1], presents a system for
interactive visualization and exploration of patient progression
overtime for decision making using hierarchical clustering and
tracking graph. Wang et al. [2], also developed a web-based
visual mining system that supports explorative analysis of
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high dimensional categorical electronic medical records
(EMR) for chronic kidney disease (CKD). The proposed
method uses Ochiai coefficients to compute patient similarity-
based on seventeen CKD factors. This type of exploring and
viewing is important, however, it won't be enough to uncover
latent information. In addition, early studies such as [3 - 5] use
generic patient vital signs to compute early warning scores to
predict patient mortality for deteriorating patients. These
systems are solely based on physiological parameters of the
patient's vital signs such as heart rate, breathing rate, and
systolic blood pressure. Moreover, these systems use the sum
of assigned points of these vital signs from a subjectively
fixed normal range to identify patients that are deteriorating
but also can have their outcome changed by timely
intervention. The aforementioned studies use ordinary
methods and/or patient vital signs to monitor patient
progressions. However, recent advancements in machine
learning and EMR paves the way for the development of
intelligent tools for medical data analysis to help in decision
making. In line with this, numerous predictive and analytic
models have been presented.

Ye et al. [6] applied a tree-based random forest algorithm
on data collected from EMRs to predict patients at high risk of
intra-hospital mortality and achieved a c-statistics of 0.884.
On the other hand, the study by Cai et al. [7], presents a
predictive model for real-time predictions of the length of stay
(LOS), mortality, and readmission for inpatients from
electronic health records (EHR). The study employed
Bayesian network model to estimate the likelihood of a patient
being in one of the following states; at home, in the hospital,
or dead, and achieved an average daily accuracy of 80% and
an AUROC of 0.82. Furthermore, other highly investigated
categories of machine learning models in healthcare include
disease-specific predictive models. For example, the work [8],
performed experimental studies on data collected on mild
cognitive impairments (MCI). The work conducted a
comparative study on methods such as decision trees, different
statistical t-tests to predict the chance of a patient being
positive or negative. The study [9] also demonstrates the use
of machine learning methods for predicting acute kidney
injuries (AKI) from EHR for better assessment of existing and
novel interventions to provide vital treatment. Also, the
studies [10, 11] explored the use of PCA as a dimensionality
reduction technique and proved that it helps improve both
classification accuracy and model training time for
classification tasks. Moreover, the authors [11] suggest the use
of this approach as part of medical devices for non-invasive,
inexpensive decision-making tool. There are a tremendous
amount of studies and investigations conducted on predictive
models for patient mortality and disease-specific predictions.
However, there is little or no investigation conducted on
machine learning models to extract hidden knowledge or
semantics from electronic health records for decision making.
Because of these facts, this research focuses on a non-disease
specific model for observing outcome changes after a medical
intervention in ICU settings. The proposed approach can serve
as an EMR-based early warning system that can be used as
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part of a daily routine clinical practice.

I1. MATERIALS AND METHODS

The study used a subset of data extracted from the publicly
available Medical Information Mart for Intensive Care-Ill
(MIMIC-III) v1.4 database [12, 13]. Some studies conducted
using this database include [14 - 16]. The MIMIC-III dataset
contains comprehensive, granular, deidentified ICU EHRs
collected from hospital medical information systems (both
patient bedside workstations and hospital archives). The data
is collected from a single tertiary teaching hospital between
the years 2001 and 2012. The dataset includes patient
information that falls into several categories such as general,
physiological, medications, fluid balance, notes, and reports.
For our intended research, a total of 1,410 patients with a
hospital LOS greater than or equal to 30 days is selected.
Next, for each of these patients corresponding demographic
and clinical data (laboratory data) is extracted from the
original database. After careful inspection of the extracted
dataset 1,306 (out of 1410) patients having at least 10
observations were selected for further analysis. This threshold
is chosen to have extended observations and to ascertain that
the approach captures the intended changes. Table | describes
general information about the dataset used.

TABLE |
USED DATASET GENERAL INFORMATION

Gender Count Average LOS (in days)
Male 732 55.2
Female 574 57.78
Total 1306 56.33

The dataset used for this work contains laboratory tests
conducted over the specified period for multiple laboratory
tests for each patient separately. The study conducted a
detailed retrospective analysis on 1,306 ICU patients with a
minimum hospital LOS of 30 days. The selected target
patients were diagnosed with different diseases such as sepsis
and pneumonia, with a mean hospital LOS of 56.33 days. At
the end of their stay, the subjects were discharged alive or
dead to home or another healthcare unit. Table Il presents
sample data used for a sample patient. Laboratory test dates
are de-identified (from the source) according to the Health
Insurance Privacy and Accountability Act (HIPAA) privacy
rule i.e., 2/26/2191 for instance is not an error. It indicates a
de-identified date according to the HIPAA rule not to disclose
the actual patient laboratory test dates. However, date
sequences are properly maintained.

The study hypothesizes that PCA can be able to capture the
changes that may happen due to medical intervention. PCA is
commonly used for linear dimensionality reduction and
exploratory purposes through variance maximization. The
intuition behind PCA is to use a special coordinate system that
depends on the cloud of points. The axes are placed in the
direction of the highest variance of the points to maximize the
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variance along that direction [15]. This intuition can help us
determine and show the patient's laboratory result exhibiting
the highest variances after applying a certain medical
intervention. Moreover, if applied to longitudinal data, it may
help us explore patient progression from time T1 to T2. So
that appropriate treatment or therapy can be prescribed or
further diagnosis can be advised. In addition, each principal
component (PC) is a linear combination of the original
individual variables. This can be used to see the effect and
contribution of each laboratory test in that direction. The
succeeding PCs try to capture the next highest variances left
out by the preceding PCs. This may show epiphenomenon or
parallel medical events or conditions happening. Most studies
use PCA as preprocessing for classification tasks [10-11].
However, based on the intuition of how PCA works, we
believe that it can be used as part of a tool for early warning of
medical conditions by showing laboratory tests with changes.
To evaluate our primary hypothesis, a retrospective analysis
was performed using PCA to monitor patient progress.

For this analysis, first non-numeric variables and variables
with a single measured value (having no variance) throughout
the ICU stay are discarded. Since the analysis is patient-based
missing values are imputed using the most-frequent strategy
along each column. This is followed by data standardization
for PCA processing. Then the records are grouped based on
the date the laboratory test is taken. A baseline of at least four
observations should be available on a specific day to start or

apply the analysis. Otherwise, those observations are merged
with the next day's test results. This process is repeated
iteratively until we achieve the minimum (4 observations)
amount of observations for analysis. Finally, the relevant
patient data were fed into the model and principal components
were computed and visualized. Once this is complete, model
validation and stability test are conducted.

To evaluate the validity and stability of the proposed
approach, a permutation test sometimes known as
randomization test is employed without relying on a specific
probability model. Total variance accounted for (TVAF) is
computed as the statistics of interest. TVAF is equal to the
sum of the Eigenvalues of the first n principal components. In
our case n represents the number of principal components that
make up 99% of the total variance in the data. This is followed
by r number of permutation (r=1000) and statistical estimates
(estimated TVAF) for each permutation is computed. The
statistical significance between the observed TVAF and the
estimated TVAF is determined by comparing the p-value to a
significance level. A significance level 0=0.05 is adopted as a
rejection rule for this study. The alternative hypothesis that the
estimated TVAF values do not deviate significantly from the
observed TVAF value is tested against the null hypothesis that
it does. If p<a, the result is marked significant, and HO is
rejected.

TABLE Il
SAMPLE DATASET CONTENT
Date Anion Gap | Bicarbonate | Bilirubin, Direct | Bilirubin, Indirect | Bilirubin, Total Chloride
2/26/2191 16:20 18 16 0.2 4.2 4.4 114
2/28/2191 0:30 0.3 4 4.3 115
3/1/2191 4:30 19 15 0.3 3.8 4.1 106
3/1/2191 13:55 19 13 110
3/2/2191 5:20 23 14 0.7 2.7 3.4 106
3/2/2191 12:45 23 13 105
3/3/2191 4:30 17 21 0.3 4.6 4.9 99
3/3/2191 23:35 21 20 0.3 6 6.3 97
(frequently diagnosed for respiratory failure) shows the first
I11. RESULTS two PCs for the first day and the first three PCs for the next

In the PCA analysis, principal components that make up
99% of the overall variance in the data are retained for each
analysis. For example analysis results for a sample patient
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day that amount to approximately 99% of the variances
explained in the data (Fig. 1).
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Fig. 1. Sample Principal Component Scree Plot

In addition, the contribution of each variable to a PC can be
tabulated (see Table I1l) or presented using different formats
for ease of use. For instance, Fig. 2 represents a 2-dimensional

plot representation of variable loadings/contributions of the
original variables under their respective principal components.

TABLE Il
SAMPLE VARIABLE CONTRIBUTIONS/LOADINGS

PC.No Chloride Glucose Oxygen PT Phosphate Sodium pCO2 pH
PC1 0.394 0.313 0.028 0 0.394 0 -0.193 0.167
PC2 0.114 0.138 0.078 0 0.114 0 0.357 -0.397
PC3 0 0.017 -0.106 0 0 0 0.096 -0.03
PC4 -0.041 0.007 -0.439 0 -0.041 0 0.26 0.029
PC5 0.023 -0.021 0.605 0 0.023 0 0.285 -0.346

Table Il shows sample variable loadings per principal
components for a specific laboratory test date. The larger the
absolute value of the coefficient is, the more important the
corresponding variable is in calculating the principal
component. Generally, how large the absolute value of a
coefficient has to be to consider it significant is subjective. For
instance, we can see from Table 111 that PT and Sodium do not
contribute to any of the PCs, and this indicates the
insignificance of these tests on that specific day. On the other
hand, Phosphate and Chloride contribute the highest under
PC1. Moreover, this tabular information can be presented
using other representations for ease of use as depicted in Fig. 2
and show the daily changes after a certain treatment or
intervention. To interpret each principal components, we can
examine the magnitude and direction of the coefficients for the
original variables. The plot on Fig. 2(a), (b), and (c) visually
shows the component loading for day one, two, and three of
the analysis, respectively. Note that laboratory tests with zero
loadings are removed from the plots.

In these results, for day one of the ICU stay (Fig. 2(a)), the
first principal component has large positive associations with
MCHC, Potassium, White Blood Cells, and PTT. The second
component has large positive associations with MCH, MCV,
Red Blood Cells, Hematocrit, and Hemoglobin. The loading
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plot visually shows the results for the first two components.

The third component has large negative associations with
Base Excess & pH and large positive associations with
Hematocrit (Calculated), Potassium (Whole Blood), and
Hemoglobin (see Table 1V). Moreover, we can observe that
there are changes in magnitude and direction on the second
and third days of the ICU stay (Fig. 2(b) and (c)). This may
mean that the condition of the patient is either getting better or
worse. Or it may also show if medical treatment is working or
not. The plots show comparison and progression of successive
daily based contributions (negative or positive) of the
laboratory tests under different PCs for a patient i.e. daily
changes. They depict what changes happened on a specific
day based on or in relation to a treatment applied on the
previous day. This can be used to decide on further steps that
need to be carried out. Based upon this, a trained physician
can be able to easily infer the implication and make an
informed decision.

The corresponding coefficient values for Fig. 2 are
presented in Table IV below only for the top five variables for
the first three PC along with changes for three consecutive
days. As it can be seen from the table, MCHC, Potassium,
White Blood Cells and PTT equally contribute the highest
under PC1. On the other hand, MCH, MCV, and Red Blood
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Cells equally contribute the highest under PC2 for day 1.
Besides, Hematocrit (Calculated), Base Excess, and pH

contribute the highest under PC3 for the same
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Fig. 2. Magnitude and direction of the coefficients for the original variables
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day.
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TABLE IV
TOP THREE PC DAILY CHANGES

Day PC1 PC2 PC3
MCHC 0.43 | MCH 0.45 | Hematocrit, Calculated 0.46
Potassium 0.43 | MCV 0.45 | Base Excess -0.45
1 | White Blood Cells 0.43 | Red Blood Cells 0.45 | pH -0.40
PTT 0.43 | Hematocrit 0.39 | Potassium, Whole Blood 0.28
Platelet Count 0.26 | Hemoglobin 0.38 | Hemoglobin 0.26
PTT 0.42 | Oxygen Saturation 0.38 | Hemoglobin 0.56
PT 0.42 | Calculated Total CO2 | 0.37 | Free Calcium 0.52
2 INR(PT) 0.41 | Platelet Count 0.36 | Hematocrit, Calculated 0.49
Calculated Total CO2 -0.33 | Glucose 0.31 | Magnesium -0.21
Glucose -0.31 | Magnesium 0.29 | pH 0.20
Red Blood Cells 0.34 | Anion Gap 0.37 | PTT 0.34
Bicarbonate 0.34 | Chloride 0.37 | MCV 0.33
3 Calcium, Total 0.34 | Creatinine 0.37 | RDW 0.30
INR(PT) -0.34 | Sodium 0.37 | pH -0.29
Vancomycin 0.34 | Urea Nitrogen 0.37 | MCH 0.29

Finally, the dimensionality suggested by the scree plots of
the analysis is variant depending on the number of variables
and samples we have in the dataset, corresponding to 99% of
the explained variance in the data. In the end, the stability and
validity of the model for the overall analysis were confirmed
by the p-values of estimated TVAFs. The estimated statistics
achieved a significance level of 0.001 which is much less than
the predetermined . This proves that the alternative
hypothesis is accepted which posits the approach's stability
and validity.

V. DISCUSSION

Many variables must be considered when interpreting the
results of any medical laboratory test. In clinical medicine,
physicians use normal reference ranges as guidelines of what
is normal or abnormal. However, using normal reference
ranges for ICU patients may not be the most sought out
strategy [16]. Furthermore, we believe that even if minor
changes of successive measurements of patient vital signs are
within normal reference ranges, in conjunction with other
laboratory test results, those changes may reveal significant
information. This in turn can be used to make informed
decisions on a drug, therapy, or further diagnosis. In this
study, we presented a model for observing changes in outcome
after clinical interventions in ICU settings. To the best of our
knowledge, this is a novel non-disease specific model that can
observe and capture clinical changes and is built to provide
non-disease specific analysis of patient progress over time.
The results can be used to decide what treatment or therapy to
prescribe or which diagnosis to perform further. From the
results, we can be able to see which laboratory tests are
contributing more and their combined directions. This insight
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can be used to decide; 1) on which laboratory tests to perform
further analysis and/or omit from further analysis so that
redundant and anomalous tests will be avoided and 2) it can
also be used to decide what prescription to provide or avoid,
for the benefit of the patient. Moreover, each principal
component is a linear combination of the original individual
variables. With a closer look at this, a physician can be able to
know or judge the combined effects of those variables and
make medical inferences. Sometimes it may also be necessary
to see which laboratory test is having a change more often
than the others so that precautions can be taken, and this can
also be achieved with the proposed approach. However, it is
worth noting that we did not and cannot address the issue of
whether the change happened due to the introduction of a
treatment or by chance in this setting.

In any statistical model, where PCA is not an exception,
model validation is imperative to generalize the results of a
proposed model. However, Lebart [17] points out that
conventional analytical approaches are both unrealistic and
analytically intricate for computing precision estimates of
models such as PCA. Parametric methods have been tried for
PCA model validation [18], alternatively, the study [19]
advocates nonparametric methods as theoretically better
matches for the nonparametric nature of PCA. By applying
nonparametric methods such as permutation tests or bootstrap
tests, different matrices can be generated by permutation or
resampling of the data, and their Eigen values and Eigen
vectors will no longer be the same. In view of these facts, the
study used permutation testing for model validation. Given all
the bulk of data, the physician has to make the most out of it
and try saving the lives of the patients. With this in mind, we
proposed a model that can help the physicians as part of their
daily routine clinical practice. The approach can be used to
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look at the results of an ICU patients' treatment from different
perspectives. Furthermore, results showed that the approach, if
coupled with other machine learning models, can be able to
provide a promising future for real-time, non-invasive patient
monitoring and early warning system in ICU settings.
However, it is worth mentioning that, the medical protocols
used, prescriptions provided and input events recommended to
the patients during the ICU stay were not taken into
consideration in this study. We believe that if included, any
one of these inputs can cause certain variables to change.

Based on the research results, we can point out that with the
appropriate selection of relevant algorithms, applying machine
learning models on EMRs can provide key insights for
medical practitioners to facilitate the decision making
processes. With the aid of the proposed model, inexpert
physicians may feel better confidence about their decisions.
Nevertheless, this approach cannot replace or undermine the
diagnostic skills and professional instincts of medical
practitioners. The results of this research can provide an
alternative means for the medical practitioners to consider
only the significant factors instead of going through the whole
patient data. Moreover, since the study used ICU admissions
data from a single tertiary teaching hospital, there is no
guarantee that similar results would be obtained in other
locations, clinical settings, or specific patient groups.
Although the study has done retrospective analysis, we are
confident that the system can be implemented as a real-time
early warning system. Finally, the proposed model should not
be regarded as the sole solution for detecting patient
progression over time. Rather, it should be used as part of the
daily routine clinical practice.

V. CONCLUSION

Given longitudinal data, numerous machine learning
approaches can be applied to extract different semantic and
latent knowledge, so that informed decisions can be made. The
advantages of machine learning approaches in healthcare are
multifold. It can be used to make timely, lifesaving, and
effective decisions. On the other hand, it can save unnecessary
wastage of resources both for the patient, healthcare industry,
and medical practitioners.

Early studies such as [3 - 5] use the sum of assigned points
of generic vital signs from a subjectively fixed normal range
to compute early warning scores to identify patients that are
deteriorating but also can have their outcome changed by
timely intervention. These types of systems are solely based
on physiological parameters of the patient's vital signs such as
heart rate, breathing rate, and systolic blood pressure. In this
study, we showed that PCA can be used as part of a tool for
early warning of medical outcome changes and
epiphenomenon in ICU settings. It can be used as a novel non-
disease specific tool that can observe patient daily clinical
changes and provide non-disease specific analysis of patient
progress over time for proactive actions. Given the facts, the
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user can be able to decide what treatment or therapy to
prescribe or which diagnosis to perform further. However,
additional investigation is required with other machine
learning models to provide a full-fledged and more robust
support for the medical practitioners.
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