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Abstract

Background: In a neonatal intensive care unit, streaming healthcare data comes from many sources, but humans are unable to un-
derstand relationships between data variables. Data mining and analysis are just beginning to get utilized in critical care. We present 
a case study using electronic medical record data in the neonatal intensive care unit and explore possible avenues of advancement 
using temporal data analytics. 

Case Presentation: Electronic medical record data were collected for physiological monitor data. Heart rate, respiratory rate, oxy-
gen saturation and temperature data were retrospectively analyzed by temporal data mining. Three premature babies were selected 
and data de-identified. The first case of a urinary tract infection showed nursing ability to synthesize data streams coming from a 
patient. For the second case of necrotizing enterocolitis, Temporal-Data-Mining analysis of combinations of clinical events based 
on deviations from the mean showed specific heuristic biomarkers related to events before discovery of necrotizing enterocolitis. 
Specific sequences 6-event and 5-event in length were identified with nursing unease at clinical deterioration, which were 100- and 
87-times unlikely to occur randomly with 99.5% confidence. No such sequences were found in the rest of the 37 days for the second 
case and entire 133 days of stay in the third case of an uneventful premature baby. 

Conclusion: Temporal data mining is a possible clinical tool in providing useful information in the neonatal intensive care unit for 
diagnosis of adverse clinical occurrences such as necrotizing enterocolitis. There is the possibility of changing the clinical paradigm 
of episodic watchfulness to constant vigilance using real-time data gathering. 
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Background 

Early identification of clinical problems in the neonatal intensive care unit (NICU) has the most beneficial impact on patient outcome, 
much more so than in older children, adults, and the elderly. Death or major morbidity affects 49 - 60% of babies in the NICU of developed 
countries [1], while 13% of NICU premature babies die [1]. There are many diseases that occur without much warning, some of them 
being fatal, such as necrotizing enterocolitis (NEC), a condition that is akin to intestinal gangrene. NEC occurs in 7% of premature babies 
< 1500g birth weight and causes death in 20 - 30% [2]. There are presently no methods to identify or even a priori stratify as high-risk, 
premature newborns who will get NEC. Care of the sick newborn in a NICU is dependent on periodic evaluation of healthcare personnel 
with the maximum frequency of assessment being every hour; nurses usually conduct examinations every 4-hours and physicians even 
less frequently. 

Newborn babies cannot talk making the clinical care especially demanding. A clinician needs to develop a comprehensive understand-
ing of the sick deteriorating newborn quickly as the patient’s condition can change rapidly. Yet, the concept of collecting and analyzing 
all streaming data in the NICU is still in its infancy. Healthcare personnel seldom utilize real-time data streaming from various sensors in 
their decision making. Occasional numbers are heeded but a lot of data is wasted, as in adult intensive care units [3].

Three broad categories of data exist in the NICU; the first being patient description, the second being streaming data coming from 
monitors and medical equipment, and third being textual description of the patient’s condition. Data from physiological monitors is diffi-
cult to comprehend by the human mind especially the relationships between two or more variables. To gain insight, data mining is helpful 
to support decision making [4]. 

Temporal data mining (TDM) discovers implicit, previously unknown and potential useful sequential information from time-stamped 
and sequential data. The sequential information discovered by TDM can be represented as hidden Markov models (HMM) [5], which has 
been used previously in neuroscience [6-8], and public health [9]. In an HMM framework, the unobservable or hidden states of a NICU 
patient can be thought to evolve towards some final endpoint of interest, such as necrotizing enterocolitis (NEC). This concept of state-
space evolution has been introduced before for the newborn as in a state of “physiological immaturity” [10]. TDM, however, takes into 
account the evolutionary nature of the process, non-linearity of biological pathways, and naturally captures the time-evolution of the 
system. It allows the discovery of unique patterns of non-trivial events that do not occur in controls or during a period of time remote 
from the diagnosis in the same patient and gets rid of false positives by focusing on specific event-combinations occurring close in time 
to the actual diagnosis of disease. 

Objective of the Study

Our objective was to test the feasibility of using temporal data mining as a tool to identify early biomarkers of necrotizing enterocolitis 
in the NICU.

Case Presentation

Three cases of premature babies were retrospectively analyzed as a proof-of-principle investigation for nursing interaction with car-
diorespiratory and temperature monitors using electronic medical record (EMR) data at Evanston Hospital, NorthShore University Health 
System, Evanston, IL, which formerly employed both authors. 

Ethics, consent and permissions: The hospital’s institutional review board gave an exemption approval because of the retrospective 
anonymous single case review of the collected data. 
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Heart rate, respiratory rate and oxygen saturation were automatically entered into the EMR with a single click by the nurse. Tempera-
ture was manually entered. The definitions used in for analysis of second and third cases are given below:

1.	 Readings: Heart rate, respiratory rate, oxygen saturation and temperature were downloaded to an anonymous file and analyzed. 
Hourly readings were categorized into variables. 

2.	 Variables: The mean and standard deviation (S.D.) of the time epoch were calculated. 

3.	 Events: Variables had two possible events, one that exceeded 1 S.D. (“Hi”) or one below 1 S.D. (“Lo”). We chose one S.D. based on the 
premise that early changes would occur with only one S.D. change. Note that such a strategy is different from traditional statistics 
where possibly 95% confidence intervals could have been used. Events were then analyzed by TDM software, custom written by an 
author (KPU), to investigate for sequences of events. The data was viewed by TDM as a single long sequence of ordered pairs (Ei, ti), 
where Ei denotes the event type and ti is the time of its occurrence. Sequences are ordered temporal collections of event types. For 
example, HR-Lo→O2Sat-Lo→RR-Hi is a 3-event long sequence where an event type HR-Lo is followed some time later by O2Sat-Lo 
and then RR-Hi, in that order.

4.	 Sequences: Events occurring together or immediately following one another. For example, in the data sequence [(A, 1), (D, 2), (E, 
4), (B, 5), (D, 6), (C, 10)], the sequence (A→B→C) occurs once. A sequence is considered interesting if it occurs “often enough” in 
the data. In the discovery of all sequences that occur often, a frequency measure for sequences is defined. The task is to find all 
sequences whose frequencies exceed a user-defined threshold. For modeling frequent sequences, specialized Hidden Markov Mod-
els (HMMs) called Episode Generating HMMs are used to rigorously relate frequent sequence discovery with learning generative 
models. The likelihood a sequence did not happen by chance is given by the equation [5]: 

Γ=T/M +{(T/M)(1-1/M)}1/2 Φ-1 (1-ε), where Φ is the cumulative distribution function of a normal random variable and ε the type-II 
(false positive) error we are willing to tolerate. T is the total no: of events in the data, M is the number of channels. A good approxi-
mation for Γ is (N x f), where N is the length of the sequence (in figure 1, it would be 6) and f is its frequency. For reasonable values 
of Φ and ε, if f > T/N(M+1), that sequence is not by chance, with 99.5% confidence. The more the events in a sequence, the more 
the likelihood of reflecting a hidden state of the baby, and the less likely that was due to chance alone. In our data, sequences of 6 
events are about 100 times unlikely to occur randomly, with 99.5% confidence, and sequences of 5 events are 87 times unlikely to 
occur randomly with 99.5% confidence.

5.	 Occurrence: An occurrence was a clinical sign or clinical opinion occurring during the hospital course such as NEC.

Results

The first case was a case of positive urine culture of E. coli in the urine and urinalysis findings of white cells and positive nitrite. This 
patient was discovered after work up resulting from the nurse’s judgment of something happening. In this case, the parents were the first 
to bring the baby to the attention of the nurse for tachypnea and use of accessory muscles of respiration. The subsequent nursing note is 
illustrative of the clinical acumen of an experienced nurse. “Junior had a desat/decel episode (desaturation/deceleration) following nasal 
suctioning. After recovery I replaced ngt (nasogastric tube) into R. nare and he had another brief a/b (apnea and bradycardia spell, which 
he had not had before with similar placement). Over the course of the evening he had numerous decels to 100 - 110s with a resting heart 
rate in the 120s (his usual is the 140s). His sats (oxygen saturation) would also drift down to 88 - 90. None of these episodes were signifi-



Citation: Sidhartha Tan and KP Unnikrishnan. “Using Temporal Data Mining on Patient Data for Clinical Decision Making in the Care of the 
Sick Newborn”. EC Paediatrics 11.5 (2022): 44-56.

Using Temporal Data Mining on Patient Data for Clinical Decision Making in the Care of the Sick Newborn

47

cant enough to set off the monitor, I was just observing him closely and noticed this. Septic w/u (workup) performed” (italics are from 
authors). The septic workup included blood and urine cultures and the urine culture was positive. What was remarkable for this patient 
was that no alarms went off and no desaturation or apnea episodes were recorded for that entire day. Figure 1 shows the graphical trend 
of the heart rate monitor. 

Figure 1: Arrow shows patient having increased work of breathing (WOB).

The average and variability of the heart rate pattern in the previous 24 hours was not helpful in identifying deterioration. The notable 
point was that had the nurse not been observing the patient, no alarms would have gone off and the urinary tract infection would have 
not been detected till complications of systemic sepsis occurred. The combination of respiratory pattern, oxygen saturation and heart rate 
changes that constituted the nurse’s decision to seek a septic workup piqued our interest. It was felt reasonable to posit that every baby 
who has a clinical deterioration probably manifests early signs that could only be detected by a discerning eye. We wondered if we could 
use combinatorial data analytics to identify patients that were about to become sick.

The second case was a stable ventilated patient being fed with full feeds. This baby was discovered to have abdominal discoloration, 
and abdominal distention on a routine examination by the nurse. The onset was deemed to have occurred suddenly as the previous ex-
amination four hours before was normal. The baby developed early shock, and findings of pneumatosis on abdominal X-ray were found, 
confirming a diagnosis of necrotizing enterocolitis (NEC). Because of the sudden onset of signs of NEC, we retrospectively went back into 
the chart to find earlier warning signs. In this patient, only two notable clinical occurrences happened before the diagnosis of NEC: 1) 21 
hours before, on evaluation of the baby, an experienced nurse felt uncomfortable but did not think her uneasiness was enough to warrant 
bringing attention of the doctor. She felt “Queasy” and this quote to one of the authors, is used to delineate this occurrence. The difference 
between this level of discomfort in this nurse and the nurse in case 1 was a judgement made on the vital signs not being as obvious. 2) 42 
hours prior, redness was noted by the nurse in the peri-umbilical area of the abdomen, subsequently dismissed by the physician-on-call 
as inconsequential. We retrospectively investigated 4 data streams of temperature, respiratory rate, oxygen saturation and heart rate 
data, collected every hour, and divided the events into 8 variables based on 1 standard deviation above or below the mean (See figure 2). 
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The entire hospital data set was investigated with TDM software in 5-day blocks. An assumption was made that the direct antecedents 
of NEC were not likely to occur more than 5 days prior to diagnosis. This assumption is reasonable in clinical practice. 

Significant sequences of events were identified by TDM, which would not occur randomly. The longest significant sequences of events 
discovered through TDM each contained 6 events in the five days prior to NEC diagnosis. What is remarkable that all 15 such sequences, 
6 events long, occurred only in the period when the nurse felt “Queasy” about the baby, not at the time or redness or after diagnosis of 
NEC (Figure 3). 

Figure 2: Eight classes of events: Temperature (Temp), respiratory rate (RR), oxygen saturation (O2Sat) and Heart rate (HR), collected at 
hourly precision; All events which were either one standard deviation below, “Lo”, or above, “Hi”, the mean was marked as one tick. Figure 

showing all ticks occurring during entire hospital course (37.6 days). NEC occurred at the end and the two nursing events chronicled “Red-
ness” and “Queasy” are shown with yellow arrows.

Figure 3: This figure now narrows the window of analysis to just 5 days prior to onset of NEC. Each tick is either one standard deviation 
below or above the mean as shown in figure 2. NEC occurred at the end and the two nursing events chronicled “Redness” and “Queasy” are 

shown with yellow arrows. The sequences of 6 events long were 15 in number and all occurred at about the time of “Queasy”. How these 
sequences are obtained is as follows: The data can be viewed as a single long sequence of ordered pairs (Ei, ti), where Ei denotes the event 
type and ti is the time of its occurrence. The temporal patterns referred to as sequences in the manuscript are ordered collections of event 

types. In the data shown above, HR-Lo→O2Sat-Lo→RR-Hi is a 3-event long sequence where an event type HR-Lo is followed some time later 
by O2Sat-Lo and then RR-Hi, in that order. Longest significant sequences are plotted, with each sequence in a different color.
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The combinatorial occurrences would support the nursing judgment of something happening. The obvious questions that arise from 
this coincidence are whether these sequences are i) only a deviation from an ongoing stable pattern, ii) reflective of some specific clinical 
syndrome, or iii) predictive of the disease of interest, NEC. TDM also allows one to examine the various combinations in the sequences 
(data not shown for brevity). 

The next longest sequence found contained 5 events. In the five days prior to NEC, most of the significant sequences consisting of 
5-events are clustered around time-points for “Redness”, “Queasy”, and the final NEC diagnosis (See figure 4). 

Figure 4: Figure showing 5 days prior to onset of NEC. Each tick is either one standard deviation below or above the mean as shown in Fig-
ure 2. NEC occurred at the end and the two nursing events chronicled “Redness” and “Queasy” are shown with yellow arrows. The sequences 

of 5 events long are now shown. Clusters are now seen before, just at “Redness”, “Queasy” and after NEC was diagnosed. 

Twenty-two significant sequences of 5-events occurred just after the X-ray diagnosis of NEC. Investigation of the sequences reveals an 
absence of high respiratory rate and low heart rate in the 5-event sequences near NEC, which was not the case with the 6-event sequences 
near “Queasy”. 

A way to look at significance with TDM is to generate random sequences based on the range of values found in human newborn pa-
tients. The possibility of even three-event sequences is so remote that one can be confident that 5- or 6- event sequences are not false 
positives. The 6-event sequences at “Queasy” can further be broken down into 5-event sub-sequences, which are different from the 
5-event sequences in figure 4. One can see the different pattern of the uni- and bi-directional arrows linking the events in a sequence. 
When these are plotted across the entire hospital stay, one finds that the 5-event sub-sequences found in figure 3 only occur at 3 other 
time points starting at 8 days prior to NEC. Developing a cumulative score based on 6-event sequences and 5 event sub-sequences shows 
the possible identification of a biomarker. Cumulative scores derived from the sub-events of the unique sequences show the predictive 
value of 6-event sequences near Queasy more so than for the 5-event sequences for NEC (Figure 5). 



Citation: Sidhartha Tan and KP Unnikrishnan. “Using Temporal Data Mining on Patient Data for Clinical Decision Making in the Care of the 
Sick Newborn”. EC Paediatrics 11.5 (2022): 44-56.

Using Temporal Data Mining on Patient Data for Clinical Decision Making in the Care of the Sick Newborn

50

There were more of the 4-event sub-sequences early on the hospital course. This would suggest that the 6-event sequences at the time 
of “Queasy” may actually be a reflection of the appearance of NEC and the 5-event sequences (after the X-ray diagnosis) of consequences 
of NEC. 

Breaking down the entire hospital course prior to NEC into 5-day segments, TDM shows none of the 22 sequences of 5-event near NEC 
were found elsewhere. There were two times where 7-event sequences were found, one immediately at birth and one 8 days prior to NEC 
(See figure 5). 

The patterns of these sequences were different from each other and to the subsequent sequences of interest around NEC. Except for 
one sequence that coincided with the later 7-event sequence, the 6-event sequences found near “Queasy” were also unique to that time. 
At 5 other times, two after birth, and the rest later, 6-event sequences were found but none of these were similar to the sequences at 
“Queasy”. There is thus, a suggestion that certain sequences can be found that are predictive of clinical occurrences. 

Figure 5: A. Investigating the entire hospital stay for other events that look like the 6-event sequence shown in figure 3. All the 15 sequences 
in figure 3 generated 5-event sub-sequences and we investigated if these could be found in any time of the hospital stay. There were only 3 
other times that such sub-sequences were found, all of them within approximately one week from the “Queasy” episode, again showing the 

time-dependent nature of the illness. B. If the cumulative scores of 6-event sequences are plotted one can see that most of the events occur at 
the “Queasy” period just before NEC. C. For the cumulative scores of 5 event sub-sequences, again numerically one can see that the predomi-

nant number of events occurred at the “Queasy” period. This property fits the definition of a biomarker predicting a clinical event. 
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TDM analysis of 133 days’ worth of data from our third case, another premature baby that had only one episode of urinary tract infec-
tion (diagnosed by only positive urine culture of E. coli without urinalysis findings), showed that the entire hospital course contained no 
significant 5-event, 6-event, or 7-event long sequences. 

Generating a random data set with thousand days’ worth of data also did not generate 3-, 4- or higher event sequences, implying that 
the 6-event sequences may have been unique to that patient of NEC.

Discussion and Conclusions

We present a case study that confirms the validity of nursing clinical acumen using Big Data Analytics. Clinical acumen as defined by 
us may involve an intuitive understanding of the temporal relationships of various physiological readings in the dynamic assessment of 
a newborn infant. It is humanly impossible to comprehend the combinatorial relationships of real time data that is being collected. TDM 
could potentially provide early biomarkers for devastating illness such as NEC. Methods based on TDM are especially useful in n=1 stud-
ies in humans as every patient is somewhat unique. This single-case experimental design can be used as empirical evidence because of 
the time-sensitive nature of the data proximal to the event of interest and reviewed elsewhere [11]. Even though we took the approach 
of retrospective analysis of EMR data, the implications of our study go beyond just retrospective combinatorial analysis of data that has 
already occurred. The future would be real-time Big Data Analytics of combinatorial relationships. A recent poll of 20 neonatologists 
showed that a biomarker needs to satisfy a certain degree of false positives and sensitivity. In future, with Big Data analysis of real-time 
data of millisecond frequency, the experienced nurse in our case could have insisted on earlier septic work up and earlier stoppage of 
feeds, which may possibly have prevented NEC or saved a portion of intestines from cell death. However, more cases and controls need to 
be investigated before there is wide acceptance of the TDM’s predictive capabilities.

Big Data is thought to need four characteristics that can be represented by four keywords starting with the letter “V”: “Volume” (huge 
size of data), “Velocity” (speed at which data is generated), “Variety” (number of sources and attributes), and “Veracity” (reliable data) 
[12]. A review of Big Data usage and analytics in the NICU has not been published before. 

Handling of Big Data has already begun in some NICUs, but analytics of high-sampling rate variables are still rudimentary. Newborn 
heart rate variability and respiratory rate arrhythmia from 3-minute electrocardiography is somewhat prognostic of Bayley Scales of 
Mental Development at 8 months but not at 12 months of age [13]. Initial Big Data analytical studies in NICU emphasized one parameter 
of heart rate. Heart rate variability in a 2-hr recording correlated with pain scores after a surgical procedure [14]. Extubation failure in 
premature infants was associated with decreased heart rate variability in a 60-minute recording before extubation [15]. Using 25 min 
recordings, reduced heart rate variability was linked to sepsis and heart rate changes included a decrease in sample entropy, all based on 
altered sensitivity to adrenergic and cholinergic stimuli resulting in fewer accelerations and exaggerated decelerations [16]. Mathemati-
cal algorithms based on heart rate variability, moving point average, sample asymmetry, entropy, percentiles and moments led to an index 
linked to newborn mortality [17] and necrotizing enterocolitis (NEC) [18]. The index was commercialized, called HeRO (MPSC; Charlot-
tesville, VA) using “heart rate characteristics” (HRC). HeRO targets the need for early identification of sepsis in newborn. This need arises 
because babies deteriorate rapidly, much more rapidly than older children or adults. The HRC index developed from using HeRO has a 
score ranging from 1 to 5, 1 being normal and 5 indicating a five-fold increased risk of sepsis in the next 24 hours [16]. An increase of > 
1 - 2 points over baseline triggers suspicion of underlying late-onset sepsis [16], but is less useful for early-onset sepsis. In some units, the 
HRC index is used as a deciding piece for clinical workup of sepsis and antibiotics [19]. For ruling out sepsis, HRC index shows a positive 
predictive value (PPV) of 48% and negative predictive value (NPV) of 57%, and for gram negative sepsis, HRC > 2 has PPV of 4% and NPV 
of 96% [20]. The increase from baseline of 1 was often reached by the time of diagnosis of surgical NEC but not for medical NEC, with 
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most of the increase occurring after the diagnosis was made for both types of NEC [18]. Anecdotally, clinical utility is less for new admis-
sions with respiratory distress syndrome, persistent pulmonary hypertension or congenital anomalies requiring surgery, because of high 
scores. Sick babies with severe lung [21] and brain injury often manifest frequent large increases or spikes of HRC index. The spikes are 
also observed in 8% of non-septic infants [16]. Greater than 7 days prior to sepsis, spikes are observed in 16 - 17% compared to 22-34%, 
2 - 7 days prior to sepsis [16]. Monitoring patients with HeRO reduced relative mortality by 22% and absolute mortality by 2% compared 
to a non-monitored group in a trial of 3,003 premature infants <1500 gram [22]. The exact mechanism of this improvement is not known 
as there was no decrease in sepsis, nor an increase in blood cultures, nor days on antibiotics [22]. There was no difference in the length 
of stay amongst all survivors [23]. 

The disadvantages of only looking at heart rate is that heart-rate variability is affected by hypoxic-ischemic encephalopathy (HIE). 
Low heart rate variability alone shows a better association with death and EEG/MRI severity in HIE than high HRC index [24]. Variability 
alone is associated with 2-year neurodevelopmental outcome, with NPV being higher than PPV at 24 hours (90 vs 53%), but reversed at 
48 hours of life (63 vs 100%) [25]. Heart rate variability is also decreased with hydrocephalus [26]. Variability in low and high frequency 
is affected by right and left brain injury respectively [27]. Heart rate variability also changes with sleep [28], massage [29] or kangaroo 
care [30], and matures with age during sleep in term infants [31]. Cardiorespiratory interaction has been shown [32], is intermittent and 
increases with age [33]. Thus, it is not surprising that in a study of 2384 NICU infants over 3 years, significant elevations of HRC index 
by HeRO (≥ 5) were most often not attributable to documented blood stream infection > 3 days of life, suggesting that the HRC index is 
neither very sensitive nor very specific for late onset sepsis [34]. 

The use of real time Big Data analytics in the NICU may change the culture of the front-line caretakers into looking at a patient in a 
more dynamic, more comprehensive and timely manner. Presently the model for patient care in the NICU is episodic care and assessment. 
Nurses recorded time at the maximum in hourly intervals, with the standard of care being examination every 4 hours. Many of the entries 
were rounded to the nearest hour. To change the perspective of looking at data from episodic intervals to real-time would require a para-
digm shift in outlook of caretakers. This process from evaluating at 4-hourly, hourly, minute or second to millisecond resolution is going 
to be the future way of taking care of NICU babies. Analysis of real-time data will allow hidden associations to appear that may not only be 
predictive of adverse events but may shed light on pathophysiological streams. These are likely to become quantitative biomarkers, or at 
the very least help the frontline caretakers augment their clinical judgment. 

Novel approaches to comprehensive hemodynamic monitoring and data acquisition may help in better understanding of physiology in 
neonates [35]. Looking at more physiological parameters, a study investigated 138 preterm neonates that were 34 weeks gestational age 
or less and < 2000g in weight, and incorporated in a scoring algorithm, heart rate, respiratory rate and oxygen saturation characteristics 
in the first 3 hours after delivery [36]. This score predicted high morbidity defined by moderate or severe bronchopulmonary dysplasia, 
> stage 2 retinopathy of prematurity, > grade 3 intraventricular hemorrhage, NEC or death with 86% sensitivity and 96% specificity [36]. 
These studies underscore the importance of looking at more than one variable (hence Big Data), not being restricted to a commercially 
secret mathematical algorithm, and taking into context the condition and time of data-gathering. 

Data mining approaches are different from traditional statistical approaches [4]. A simple way to look at data is to take descriptive 
statistics [37] such as standard deviation and variability [25]. Combining variability with other statistical elements forms the HeRO HRC 
index, but the mathematical algorithm is fixed once you buy the commercial device. Temporal data mining takes into account the fact that 
intestinal death in NEC is affected by events that are close to the time more so than the events that are far away in time. The only variables 
that are far away in time influencing the final event of intestinal death are prematurity and antibiotic usage. Linear models assume binary 
outcomes that may not be true, where outcomes are either present or absent. NEC, for instance, is affected by ischemia that is in turn 
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affected by hypoxia and the period(s) under hypoxia may have aggregate, evolving, and cumulative effect, which would be impossible to 
tease out using linear models that do not explicitly account for time. Other methods, such as clustering of data, a form of descriptive data 
mining, has also been used in adult ICUs [38]. Various mathematical algorithms involving decision tree and other optimization formulas 
have been used to predict jaundice in newborns [39]. 

TDM looks at time, in the analysis of databases. TDM discovers useful sequential information from time-stamped data taking into ac-
count the time-sensitive nature of pathophysiological processes, allowing for non-linearity and time-evolution of biological pathways. 
The ability to distinguish between trivial and non-trivial nature of events is a distinguishing feature of TDM. Events remote in time to 
the clinical occurrences are discounted and the sequential nature of events are considered unique biomarkers, thus getting rid of false 
positivity of biomarkers. 

Similar to the HeRO score, the degree of alarm may be gleaned from the sequences that TDM generates. We can get an idea of the 
chronological order of the events by TDM. The type of events in each sequence are different between the 6-event and 5-event sequences. 
Looking at the 7-event sequences, the one at birth is much different from the one at 8 days before NEC. Each sequence possibly has a sig-
nature. The uniqueness of the sequence to a hidden state of the baby will be enhanced by real-time data collection of many more variables 
and the number of events in the signature. It is speculated that the more the variables and the more granular the data (as in millisecond 
frequency collection), the more likelihood that we will find a multi-event sequence that is unique to a particular hidden state of the baby. 
Furthermore, real time data collection will overcome shortcomings of hourly collection of physiological data by nurses, as there is always 
some heuristics in the need to express the overall course of the patient in that hour of observation, making it somewhat qualitative data. 
Our study did not have that much of a bias as the physiological data was entered into the electronic medical record as a package electroni-
cally and the nurses were unlikely to manually change the data. This problem of selection of data from streaming big data exists with all 
medical record keeping, especially those entered manually on paper.

In summary, real-time Big Data usage is its infancy in the NICU. Our case study suggests Big Data analytics in the NICU could in future 
provide smart and quantitative tools to augment clinical acumen. More research needs to be done for developing biomarkers for early 
diagnosis and prediction of adverse events in the NICU. Implementing a culture of Big Data processing and analytics in the NICU or other 
intensive care units will empower caretakers in changing the clinical paradigm of care from that of episodic observations to real-time 
continuous observations. 
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