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ABSTRACT

This paper describes the problem of hospital patient care data
visualization. Although a significant amount of different kinds
of tools have been created to improve health care still there is
luck of tools supports patient care decision making. We
briefly describe the method for visualization and analysis of
multidimensional data implemented in the NovoSpark®
Visualizer software (NV). An example of problem salvation
based on data of patient state observation after the
laparoscopic gallbladder removal is provided as well. The
experiment results indicate that it is possible to visualize all
the data from nurse report in single image, to identify the
anomalies, trends and regularities in it using multidimensional
visualization. The decision time, error rate and amount of
invested mental effort were analyzed. The conducted
experiments demonstrate the significant difference between
decision time and mental effort amounts for paper report
analysis and visualizations analysis in favor of the
visualizations.

General Terms
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visualization

Keywords
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1. INTRODUCTION

Many experts suggest medical data and medical systems
should become the new currency [1]. Understanding what is
the best way to visualize these data, is a significant challenge
to improving healthcare [1].

Today, visualizations help to make data analysis in different
disciplines of medicine: especially in cardiology, neurology,
genetics, emergency medicine, radiobiology, whenever
medicals are struggling with problem solving and decision
making. Most of medical data is multidimensional; datasets
contain typically more than three columns of data.

Improving the quality of patient care is the highest priority for
healthcare specialists. The problem of patient care in hospital,
especially after surgery, is to make quick and appropriate
decisions or take implementation of various Kkinds of
intervention in the limited time. The kind of intervention
depends on nurse report results. During the patient care nurse
gather the information from different sources, which should
be analyzed simultaneously. So it is significant to clarify the
decision-making process for improvement the quality of
nursing care.

A lot of scientific works have been writing about systems and
visualizations supporting patient care [2, 3], healthcare
coordination [4] and patient electronic health records [5, 6, 7].
Highly challenging for medicals is complex medical data
analysis with uncertainty and incomplete entries [8, 9].
Experts believe personal health data visualizations,
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visualizations of risk of treatments and medications, medical
communications interactive visualizations will be especially
helpful [10]. The integration of information visualization,
visual analytics, and health informatics could produce even
more benefits in personal health and care monitoring,
clinician treatment decisions, and public health policy [10].

The importance of providing informatics support to nursing
service is specialists described in “Nursing and Informatics
for the 21st Century - an International Look at Practice,
Education and EHR Trends” [11]. Authors also underline that
the role of IT in nurse services is still not appreciated enough.
Although a significant amount of different kinds of tools have
been created to improve health care still there is luck of tools
supports nurse decision making.

The patient care visualizations should reflect the dynamic
character of the data. The time-oriented visualizations are
commonly used in medicine. However, most of them focused
on creating the time-oriented plans [12, 13, 14]. Commonly
used are: lifelines, timelines, body maps, networks [10, 15,
16, 17]. Some works present other visualization types [18,
19]. The Visual Analytics [20, 21] is also relevant to this
purpose. This field is focusing on combining visualizations,
data mining and statistics to operate multidimensional medical
data.

In recent years healthcare dashboards become very popular.
Most of these dashboards focus on performance improvement
and document excellence [22, 23, 24]. Dashboards usually
provide front-line workers with real-time emergency room
metrics [24]. Regular patient dashboard presents: average
length of stay, total number of patients, lab turnaround time
[24]. The user interface is most commonly created using
intuitive analogies and is similar to car dashboard with traffic-
light color coding [24, 25]. Effective dashboards display data
within a single page and use key performance indicators, can
be easily understood by all levels of medical staff.

However specialists suggest that “simply automating a
process, however, does not contribute to patient care
quality”[26]. The IT should provide the ability to use
collected information in a new and different way to improve
the nurses’ and other healthcare professionals decision
making processes [26].

One of the ways to support nurse decision-making process is
to use traditional multidimensional visualizations. A lot of
papers have been published about multidimensional data
visualization. The most widespread visualization methods are:
parallel coordinates, 3-D parallel coordinates, line graphs,
survey plots, scatter plots, scatter plot matrix and it’s
variations, star glyphs, treemaps, Sammon’s mappining, self-
organizing maps, dendrogram, radar chart, \Voronoi diagrams,
parallel glyphs, Bertin’s permutation matrices, Chernoft’s
Faces and more other techniques. Very useful are the methods
of dimensionality reduction [27, 28]. However, most of
traditional methods and techniques of multidimensional data
visualization have some weaknesses. Many researches are still
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looking for the novel methods of multidimensional data
visualization [29-46]. One of the them is NovoSpark method
[47]. This method was successfully implemented in
NovoSpark® Visualizer software. The main aspects of the
method and system are described in the following part of the
paper.

2. METHOD

The NovoSpark method of multidimensional data
visualization is clearly described in [46]. The main idea is the
integration and transformation of numerical and linguistic
data into color curves. “The image of a multidimensional
observation A in N-dimensional affine point-vector space of

A=(a,,8,..ay ;)

the originals is treated as a linear

combination of PO} functions, where P (t) are Legendre
orthogonal polynomials with weight = 1 defined on the
segment t = [0, 1]” [47, 48, 49]:

f,0=""aP(t
A= aP 0 "
The image of a point is created using the spectrum color
palette in accordance with the function values. Such

representation of an image fa®) was called a “spectrum” of
this point [47, 48, 49].

The image of a multidimensional segment AB is an image of
the point X at a position z, corresponds to a surface F [47, 48]:

X = X(2) & () = XX (DRWO = F,(t.2)

O]

The image of a multidimensional interval called a “cloud" is a
two-dimensional area between the “minimum” and
“maximum” images in the coordinate system {f, t} [47, 48,
49] (Figure 1). The process of “cloud” image creation is
described in [46]. The observations, lying outside the cloud
(even partially) are treated as abnormal with respect to the
selected interval [47, 48, 49]. The system also provides the
possibility of creating the image of a multidimensional
process for dynamic data (Fig 2).

Fig 1: Image of multidimensional interval -“cloud”

The system interface is easy to use. Figure 2 illustrates the
main components of the visualization window, which include:
the main menu and tools, the image window, data window,
and image presentation/transformation panel. The user has the
possibility to modify the image settings changing the palette,
view, curve type and interval options.
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Fig 2: The NovoSpark® Visualizer main window. (1)
Image window. (2) Data windows. (3) Image view settings.
(4) Curve settings. (5) Image presentation/transformation
options. (6) Interval settings. (7) Palette settings. (8) Main

menu and tools panel.

There is a possibility to create the following visualizations:
“NovoSpark Curves” [47], Andrews Curves [50] and Parallel
Coordinates[51], linear plots, multiple linear plots, scatter plot
matrix, polar coordinates, histograms and SOM maps.

It the following part of the paper we provide the description of
the experiment of nurse report visualization. The main
purpose of the experiment was to check the medic’s ability to
identify the anomalies, trends and regularities in patient
dynamic data with NV tool.

The example presents the data of patient observation after the
laparoscopic gallbladder removal. The nurses carried for the
patient in the hospital recovery room observe the state of
consciousness and basic life functions and introduced
information into the system every hour. In case of disturbing
symptoms, they should make intervention or inform the
doctor who choose the treatment method. The nurses worked
according to shift schedule. The patient was observed by
several nurses, but they create one common nurse report.

The following parameters were tacked into consideration [52]:

1. Awareness control. To assess patient awareness the
coma scale was used. The scale is composed of
three parts: eye, verbal and motor responses. The
three values separately as well as their sum are
considered.

= Generally, brain injury is classified as
following:
= Severe, <09;
=  Moderate, 9-12;
=  Minor, >13.
The lowest possible sum is 3 (deep coma or death),
while the highest is 15 (fully awake person).

2. Blood pressure. The test was carried out every hour.
More frequent measurement is recommended if the
patient's condition is not very stable or deteriorates.
The pressure up to 140/90 mmHg was treated as
normal pressure.

3. Pulse. Normal heart rate is within 60-100 beats per
minute. The frequency of the heart rate determined
by doctor depending on the patient's condition, it is
mostly a one-hour interval. Both post-operative pain
and hypovolemia may cause rapid pulse.

4. Respiratory rate. Nurse should worry both slow and
shortness of breath. The normal rate is between 6
and 34 breaths per minute. Anomalies may indicate
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the occurrence of a patient cardio-respiratory
disorders.

Diuresis. The nurses observe the daily amount of
excreted urine. It should also be monitored hourly
diuresis (0.5 ml per kg / h), an adult should be
hourly diuresis about 30-60 ml.

Skin and mucosa. In the assessment of patient state
is also important to control the color of the skin and
mucous membranes.

The following mucosa state scale was used:

«  White (abnormal) - 1

e Pink (normal) - 2

* Red (abnormal) - 3

The following skin state scale was used:

«  Normal -1
« Alittle bit abnormal- 2
«  Abnormal - 3

Temperature. Patient's body temperature was
measured as often as every hour. The increase of the
temperature may be a signal of post-operative
complications. Normally, when the temperature
rises to 38 ° C or above, steps are taken to lower a
fever. But often the doctor or nurse take the decision
to give the pill if temperature rises to 37.0 - 37.3° C
and other disturbing signals also are observed.

Postoperative wound. The nurse in the early
postoperative period leads observation of the wound
and the bandage: whether it is dry or saturated with
content and what color. It also controls the volume
and type of content coming from drains established
during the operation (especially the amount of bile).
Very soaked bandage and a large amount of
discharge, especially bloody, it may be a signal of
danger of the  patient's life-threatening
complications. The nurse make drain control every
hour at the first day after operation.

The following wound appearance scale was used:
e Verybad-1

- Bad-2

*  Normal -3

« Good-4

Verygood-5

Postoperative pain. The symptoms reported by the
patient orally. The numerical rating scale has been
used in the assessment of pain intensity. On this
scale, O represents no pain and 10 the highest
intensity of pain.

Mental state. An important place in patient care
takes mental state and positive attitude towards
done surgery.

The following mental state scale was used:
 lnert-1

e Quite-2

*  Nervous - 3

+ Panic-4
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The Table 1 (Appendix) shows the patient life parameters
have been observed from 12 a.m of the first day to 12 am
next day after surgery. System provides the possibility of
introduction the parameter limits by establishing the
confidence interval based on user settings. Thus, at the end of
the table the maximum, minimum and optimal parameter
values are presented.

We introduced the table into the data window and created the
images using NovoSpark curves, Andrews’s curves and
Parallel coordinates. We used the standardization operation
for all the data.

3. RESULTS

The Figure 3a illustrates the 3-dimentional visualization
created using NovoSpark curves. Using this visualization type
we concluded that the selected 5 (14:00) and 27-th (01:00)
observations are abnormal (Table 1). In system image is
connected with table and every selected observation show us
the row with relevant data. This image is interactive; the user
can rotate it in order to increase the precision of anomalies
identification. It is also possible to present it in two
dimensions creating the “cloud”.

Fig 3: a) 3-D visualization with NovoSpark curves b)
Abnormal observation front view 2-D visualization with
“cloud”

The abnormal observations were identified using the “cloud”
as shown in the Figure 4b. The curves, lying outside the cloud
have been seen as abnormal with respect to the interval with
confidence rate, which is equal to 3.0. According to this
image the 5 and 27 observations show the most danger
moments. However, this visualization gave us the possibility
to identify the anomalies without taking a look at the whole
situation.

The Figure 4 shows the 2-dimentional visualization created
using Andrews curves. The x-axis presents the time intervals
from left to right and the y—axis presents the Andrews curves.
It was concluded that patient state is not stabile and there were
some moments then the intervention of nurse was needed.
Especially disturbing moments were observed immediately
after surgery (1) and at the night from 22:00 to 02:00 (II).
Next morning there were also some deviations, but not so
distressing. From 7:00 to 9:00 some parameter values were
increased but they are do not exceed much the normal values
(11). At the end of the observed period (about 11:00) we also
found some disturbing changes (V).
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Fig 4: 2-D visualization using Andrew curves (spectrum
view)

System also allows building images on the basis of parallel
coordinates. The Figure 5 illustrates the x-axis with
parameters and y-axis with time intervals. The violet and blue
color indicates the points there the parameters values are
below the minimum, the orange and red colors indicate the
values which are above the maximum. Green and yellow
mean that the values are in normal boundaries and not require
special attention.

staleof pressre respiratoryrate  skin  temperatwre  WoUNd  pin  mental state
j _— K~ condition

Fig 5: 2-D visualization with parallel coordinates
(spectrum view)

It was observed that at the first hours after surgery 5 life
functions was too low: both values of pressure, state of
consciousness, temperature and respiratory rate. The
respiratory rate rose four times in one day in combination with
pain. From 22:00 to 02:00 the temperature increases slightly
and the wound state is changes to bad. That inquired
immediate intervention.

At the next step compared the results obtained on the basis of
visualizations with results obtained on the basis of nurse paper
report were compared. The whole experimental sample is
formed by 8 nurses and 3 doctors.

The number of errors was calculated as the as the difference
between the number of actual anomalies (regularities or
trends) and the number of identified anomalies (regularities or
trends). Error rate was calculated as the ratio of all errors
number to sum of all possible anomalies (regularities or
trends) identification cases.

To measure the amount of mental effort, a 9-point
symmetrical category scale was used. This scale is a
subjective. It asks medics to report the amount of mental
effort that they invested in understanding visualizations and
table report. The scale is ranging from o to 150 mm and every
10 mm is indicated. Word ratings intervals are indicated by a
cross of the line from “absolutely no effort” to “extreme
effort” [53].
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Fig 6: Representation of the average decision time

It is clear from Figure 7 that the most problematic for medics
was regularities identification. Vanishingly small error rate
was noticed in the case of anomalies detection in Figure 3a
and Figure 5. The Figure 4 was not the appropriate choice for
medics to present the anomalies. It was more useful for data
trends identification. The similar error results for visualization
and for paper report in the case of trends identification were
obtained.

Error rate
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Fig 7: Average error rate

Finally, it was noticed a significant difference between mental
effort amounts for paper report analysis and visualizations
analysis (Figure 8).

Average amount of mental effort
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Fig 8: Representation of the average amount of mental
effort

The mental effort amount for Figure 3a and 3b was between
“a little effort” and “some effort” according to word scale; for
Figure 5 -between “almost no effort” and “a little effort”; for
Figure 6 — “rather much effort”; for Table 1 — between “great
effort” and “very great effort”.

30



4. DISCUSSION

The conducted experiment revealed 5, 6, 27, 28 were most
danger moments of the patient state. These moments were
observed immediately after surgery and at the night from
00:30 to 02:30. The “cloud” images allowed us to identify the
abnormal observations. The 3-D and 2-D visualization using
NovoSpark curves and Andrews’s curves provided us with
analysis of the patient’s integral state. These two types of
visualization also helped us to observe regularities in data
sets. In this way Figure 6 shows the connection between
respiratory rate and pain.

Unfortunately, medics have had some troubles with using
multidimensional visualizations at the beginning of the
experiment, but after a short consultation they were able to
use the system without expert’s help. It should be noticed that
the luck of practice with NV tool may be a reason for obtained
amount of invested mental effort results. More practice likely
contributes to better results.

5. CONCLUSION

It was concluded the NV visualizations enabled not only look
at the situation in its entirety, identify the general trends and
immediately see the source of the problem, but also make
detailed analysis of selected aspects, for example to compare
patient state at specific hours, to find regularities and
anomalies. The system also can be used in similar situations
than medics operate on different types of data and need
multidimensional dynamic data presentation.

Unfortunately, some authors suggest that the comparisons
with multi-colored bands to compare rows at a whole have
long been known to be very perceptually difficult [54].
Regardless the number of medical systems uses color coding
to visualize the data analysis results.

It is clear from experiment that the use of the NV tool by a
medics requires initial training. However, every Visual
Analytics tool require the portion of IT knowledge. For NV
tool this portion appears to be not so significant. The future
work will be based on making further experiments on medical
data analysis and evaluation of visualizations efficiency.
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8. APPENDIX
Table 1. The patient daily observation data.
Time State of Pressure| Pulse Respiratory Diuresis | Skin |[Mucosa|Tempetature Wound condl_tlon — Pain Mental
consciousness rate Appearence | Drain | Bile state

12:00 13 90/60 88 18 45 2 2 36.25 3 3 0 1 2
13:00 14 90/60 85 20 50 2 2 36.3 3 5 0 2 2
14:00 15 95/60 87 24 45 2 2 36.65 3 8 0 5 3
15:00 15 100/60 | 82 25 42 2 2 36.75 3 5 0 5 2
16:00 15 100/60 | 77 22 40 2 2 36.6 3 3 0 2 2
17:00 15 100/60 | 76 22 55 2 2 36.6 3 7 0 2 2
18:00 15 100/60 | 76 22 55 1 2 36.65 3 3 0 2 2
19:00 15 105/60 | 77 23 45 1 2 36.75 3 23 0 4 2
20:00 15 115/70 | 91 29 48 1 2 36.8 3 0.7 0 6 2
21:00 15 115/70 | 81 22 47 1 2 36.95 3 0.1 0 2 2
22:00 13 110/70 | 75 21 35 1 2 37.0 3 0 0 2 2
23:00 13 110/70 | 77 20 31 1 2 37.1 3 0 0 1 2
00:00 13 105/70 | 76 20 37 1 2 37.1 3 0.1 0 1 2
01:00 15 110/70 | 94 27 38 1 2 373 2 0.5 0 6 3
02:00 15 120/70 | 85 24 42 1 2 37.0 2 0.05 0 4 2
03:00 13 120/70 | 75 22 45 1 2 36.9 2 0 0 1 2
04:00 13 120/70 | 75 22 47 1 2 36.85 3 0 0 1 2
05:00 13 120/70 | 74 22 42 1 2 36.85 3 0 0 1 2
06:00 13 120/70 | 75 22 44 1 2 36.8 3 0 0 1 2
07:00 14 120/70 | 78 26 44 1 2 36.8 3 0 0 5 2
08:00 15 125/75 | 92 28 54 1 2 36.85 3 0 0 6 2
09:00 15 120/75 | 84 23 58 1 2 36.8 3 0 0 2 2
10:00 15 120/75 | 79 22 62 1 2 36.8 3 0 0 2 2
11:00 15 115/70 | 79 21 61 1 2 36.8 3 0 0 2 2
12:00 15 90/60 77 21 62 1 2 36.55 3 0 0 3 2
min 3 90/60 55 6 5 1 1 355 1 0 0 0 1
max 15 140/90 | 105 34 60 3 3 38.0 5 20 10 10 3
optim 15 120/80 | 75 17 45 1,2 2 36.4-36.8 3 0 0 1 2
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